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LEANING WITH THE WIND: LONG-TERM ASSET OWNERS
AND PROCYCLICAL INVESTING

Bradley A. Jonesa

This paper seeks to shed light on the systematic investment patterns of long-term asset
owners. Based on a sample of representative portfolios (totaling $24 trillion) for global
central banks, U.S. public and private pension funds, U.S. insurers and U.S. endowment
funds, four main findings are established. First, asset allocation decisions appear to
reflect pro- rather than countercyclical tendencies. Second, procyclicality takes two forms
of roughly equal importance—contemporaneous drift (in the sense that portfolio weights
are allowed to inherit relative annual returns), and more active multi-year performance
chasing. Third, there is little evidence that asset owners lean against time-varying risk pre-
mia. Fourth, procyclicality appears most evident in private pension funds. In reconciling
these portfolio characteristics with stylized patterns in asset class returns and financial
theories, I suggest the long-term asset owners examined in this study do not avail of their
long-horizon edge.

1 Introduction

How do the portfolios of long-term institutional
asset owners – pension funds, endowment funds
and the like – systematically respond to past
returns and valuations?1 Characterized by a long
duration liability profile, few liquidity demands
and relatively stable risk preferences, it might be
expected that long-term institutional asset owners
have a natural edge in countercyclical investing
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designed to exploit the multi-year mean revert-
ing properties of asset returns (Ang, 2014; Jones,
2016).2 But is this an accurate reflection of how
the portfolios of asset owners tend to respond in
practice?

Relatively little has been documented as to the
year-to-year investment practices of large insti-
tutional asset owners. The related literature on
asset owner portfolio behavior has often had
a qualitative and anecdotal flavor, concentrated
on high-frequency flows around specific events,
notably recessions. Papaioannou et al. (2015) and
Ang and Kjaer (2011) discuss select examples of
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procyclical herding by asset owners during the
global financial crisis. Similarly, Pihlman and
Hoorn (2010) find central bank reserve managers
to have pulled more than $500 billion of deposits
from the commercial banking sector between
December 2007 and March 2009. Impavido and
Tower (2009) point to evidence of procyclical
selling by insurance companies during the equity
market fall of 2001–2003. The Bank of England
(2014) qualitatively infers procyclical investment
behavior at the multi-year horizon among life
insurers in the U.S., UK and France.

Among the most relevant formal analyses of asset
owner portfolio changes, Ang et al. (2014) find
evidence of multi-year procyclicality based on
surveys of investment intentions of U.S. corpo-
rate pension funds, while Blake et al. (2015) find
that UK defined benefit pension funds display
strong peer-group herding behavior, consistent
with the notion of ‘reputational’herding. Tangen-
tially related, others have documented the timing
of hiring and firing decisions of external managers
by institutional pension plan sponsors to be pro-
cyclical at the multi-year horizon (Heisler et al.,
2007; Goyal and Wahal, 2008; Stewart et al.,
2009). This procyclicality tends to destroy rather
than add value in light of multi-year reversal
patterns in relative manager performance.

Against this backdrop, key questions remain. As
Ang et al. (2014) note, while there have been
many studies on tactical vis-à-vis strategic return
attribution for long-term institutional asset own-
ers, none have directly examined the drivers of
changes in portfolio asset allocations. Do changes
in portfolio weights tend to reflect a passive drift
in response to inheriting current year (relative)
returns? Or is there a more active multi-year
return chasing element? And how do portfolio
weights move in response to valuations? Broadly
stated, do long-term asset owners tend to lean
with or against the wind? And are these patterns

consistent across different types of asset owners?
This study attempts to shed some light on these
questions.

If it is the case that a procyclical rather than
countercyclical orientation tends to best describe
the longer-term portfolio behavior of asset own-
ers, the implications extend beyond just indi-
vidual asset owners to the public policy realm.
To the extent that the willingness to bear risk
diminishes in periods of stress and increases in
upturns, procyclical investment can amplify mar-
ket movements, decrease the resilience of the
financial system, and contribute to feedback loops
between the financial and real sectors that are
detrimental to economic stability and long-term
growth (Financial Stability Forum, 2009; Bank
of England, 2014; Jones, 2015). Viewed another
way, the World Economic Forum (2011) cites
three constituencies that stand to benefit from
a greater emphasis on long-term countercyclical
investment: asset owners who might enjoy bet-
ter returns by accessing risk premiums the rest of
the market eschew; corporations who can more
easily obtain financing for strategic initiatives
with large upfront costs but significant long-term
payoffs; and broader society by mitigating the
volatility and dislocations wrought by intense
boom—bust asset cycles.

And although dampening procyclicality in the
banking sector has emerged as a key area of focus
for policy makers in recent years,3 the issue as
it relates to institutional investors has received
much less attention. Related analysis has tended
to concentrate almost exclusively on asset man-
agers rather than underlying asset owners and the
consultants who advise them (see for instance,
Financial Stability Oversight Council, 2013; Fer-
oli et al., 2014; IMF, 2015; Financial Stability
Board, 2015). In this respect, the paucity of atten-
tion paid to institutional asset owners is somewhat
surprising: asset owners have at their disposal a
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pool of assets larger than banks, and the gap is
widening (Jones, 2015)4; only 25–35 percent of
financial (excluding real estate) wealth worldwide
is estimated to be managed via asset manage-
ment firms—the majority is invested directly by
asset owners themselves (McKinsey & Company,
2013; Jones, 2015; IMF, 2015); and large strate-
gic shifts in capital are the purview of asset
owners and the consultants advising them, not
asset managers.

Indeed, often lost in the discussion of financial
stability risks posed by asset managers is that
most have limited input in the strategic asset
allocation of asset owners. Asset managers typi-
cally have discretion only over tactical deviations
vis-à-vis pre-set benchmarks pertaining to a sin-
gle asset class and region, with this discretion
constrained by pre-agreed tracking error lim-
its. Funds in which asset managers are afforded
considerable discretion over allocations to asset
classes and geographies represent a minority of
invested assets.5 It would therefore seem ineffec-
tive for asset managers to be viewed as responsi-
ble for actions that are essentially just the passing
through of end-investor decisions (Elliott, 2014).

More broadly, the need to deepen understanding
of institutional investment behavior has arguably
never been more pressing. At the time that the
capital asset pricing model was first developed in
the mid–1960s, around 85 percent of U.S. equi-
ties were directly held by domestic households
(Brennan and Li, 2008), a far cry from today.
The proportion of U.S. stocks held by institu-
tional investors oscillated around 5 percent in
the first half of the twentieth century, before ris-
ing to 45 percent in 1991, and 67 percent by
2010 (Allen and Gorton, 1993; Blume and Keim,
2012). The trend toward a larger institutional
presence has been observed more widely, notably
in Anglo-Saxon countries, continental Europe
and Japan (Davis and Steil, 2001). And it is almost

certainly set to continue as the fastest growing
economies globally are those where holdings of
financial assets and the penetration of institu-
tional investors are lowest (Haldane, 2014; Jones,
2015).

The closest related analysis to the present study
is Ang et al. (2014), who examine patterns in
U.S. corporate pension fund asset allocations.
I build on this research in various ways, by:
examining the behavior of many types of asset
owners (global central banks, U.S. private and
public pension funds, U.S. life insurers, and U.S.
endowment funds) who collectively oversee a
very large pool of assets ($24 trillion as of Decem-
ber 2014); analyzing actual portfolio shifts rather
than intended shifts based on investor surveys;
mapping changes (rather than levels) in asset allo-
cation weights onto relative (rather than absolute)
asset returns; and adjusting for valuations when
examining the response of asset class weights to
contemporaneous and past returns.

The main findings are as follows. First and
most broadly, the asset allocation decisions
of various types of asset owners appear to
reflect pro- rather than countercyclical tenden-
cies. Second, this procyclicality takes two forms
of roughly equal importance—contemporaneous
drift whereby portfolio weights move in the direc-
tion of relative annual returns, and longer-term
performance chasing. Third, there is little evi-
dence that asset owners lean against time-varying
risk premia. Fourth, the portfolios of private pen-
sion funds tend to display the greatest degree
of procyclicality, though the broad patterns just
described are evident among all asset owners
examined. In reconciling these portfolio char-
acteristics with stylized patterns in asset class
returns and financial theories, I suggest that the
long-term asset owners examined in this study
do not appear to avail of their long-horizon
edge.
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The rest of the present paper is organized as
follows. Section 2 provides a taxonomy of long-
term institutional asset owner characteristics and
describes the data used in the study. The empiri-
cal analysis is presented in Section 3. In Section
4, the empirical results are qualitatively recon-
ciled with competing financial theories. Section 5
concludes.

2 Institutional asset owners – taxonomy and
data description

Though nominally considered ‘long-term’ inves-
tors, there can be significant diversity across the
universe of non-bank institutional asset owners.
This is reflected in various ways, not limited to
investment objectives, liability structure, liquid-
ity needs, regulatory constraints, and financial
stability responsibilities (Table 1).

The analysis in this study is based on a set
of asset owners overseeing a combined total of
$24.2 trillion in assets (as of December 2014):
global central banks ($6.6 trillion), U.S. pri-
vate pension funds ($7.0 trillion), U.S. public
(state and local) pension funds ($3.8 trillion),
U.S. life insurers ($6.3 trillion), and U.S. univer-
sity endowments ($0.5 trillion). For each class
of asset owner, portfolio weights are based on

end-of-period aggregate data (broadly represen-
tative time series portfolio data of comparable
length for individual investors within and across
these asset owner groupings do not exist). Asset
class weights, benchmark returns and investment
yields are compiled for each asset owner as below.

• Global central banks—asset allocation data are
based on foreign official portfolio holdings of
long-term U.S. securities sourced from the US
Treasury Department’s International Capital
(TIC) System, covering the period June 1989–
June 2014. Official sector gold holdings are
sourced from the IMF’s International Finan-
cial Statistics database, covering the period
June 1983–June 2014. Benchmark returns and
investment yields are based on the follow-
ing: Barclays 7–10 year maturity Treasury
index (fixed income), Barclays U.S. Aggre-
gate Agency index (agency debt), Barclays
U.S. Aggregate Credit index (corporate debt),
S&P500 index (equities), and the London gold
fix in $/troy ounce (gold)6;

• Private and public U.S. pension funds, and
U.S. life insurers—asset allocation data from
December 1989 to December 2014 are sourced
from the U.S. Federal Reserve’s Z.1 ‘Financial
Accounts publication. In terms of the defined

Table 1 Taxonomy of long-term institutional asset owners.

Short-term Financial
Nature of liquidity Regulatory Peer staility

Asset Owners liabilties needs constraints pressure responsibilities

Central banks Explicit Med/high Low Med/High High
Macro-stabilization SWFs Contingent Medium Low Low High
Intergenerational-savings SWFs Implicit Low Low Medium Med/low
Defined-benefit pension funds Explicit Low High Med/high Low
Defined-contribution pension funds Implicit Med/low Med/high Med/high Low
Life insurers Explicit/Contingent Med/low High Medium Low
Endowments Implicit Low Low Med/high Low
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contribution-defined benefit split among pen-
sion funds, defined contribution plans com-
prised 64 percent of private U.S. pension fund
assets (as of December 2014), vis-à-vis 10 per-
cent of public (state and local government)
pension fund assets. Benchmark returns and
investment yields are based on the Barclays
U.S. Aggregate Index (fixed income), and the
MSCI All Country World index (equities);

• U.S. Endowment Funds—asset allocation data
from June 1993 to June 2014 are sourced from
the National Association of College and Uni-
versity Business Officers—Common fund sur-
vey of endowment funds. Benchmark returns
and investment yields are based on the fol-
lowing: the Barclays Global Aggregate index
(fixed income), the MSCI All Country World
index (equities), the National Council of Real
Estate Investment Fiduciaries Property index
(real estate), the Cambridge Associates Pri-
vate Equity index (private equity), and the
Hedge Fund Research Fund-Weighted Com-
posite index (hedge funds).7

Figure 1 shows the evolution of fixed income and
equity portfolio weights for each type of asset
owner.8 Descriptive statistics for portfolio weight

changes for the full set of asset classes examined
(which differ from one asset owner to the next)
are shown in Annex 1.

3 Empirical analysis

3.1 Regression specification

The analysis attempts to reveal the extent to
which representative portfolio weights of large
asset owners change from one year to the
next in response to relative asset returns (mea-
sured across different periods) and relative val-
uations. Portfolio weights that respond posi-
tively to asset returns could reflect the impact
of either ‘passive drift’—where a fund eschew-
ing rebalancing its portfolio by year-end will
have asset class weights that inherit relative
asset class returns during the year—or ‘active
return chasing’ in response to returns in past
years. Alternatively, where portfolio alloca-
tions respond directionally to relative valuations
(expressed in real yield terms), it may be evi-
dence of countercyclical investment behavior.
To ascertain the impact on portfolio allocations
of contemporaneous relative returns, past rel-
ative returns, and relative valuations, the fol-
lowing time series regression is estimated (with

Figure 1 Asset owner portfolio weights, 1989–2014.

Source: US Treasury Department, U.S. Federal Reserve, NACUBO—Commonfund.
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annual data) for each asset class and asset
owner:

d(AssetAllocationWeight)a,t:t−1

= β0 + β1
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where d(AssetAllocationWeight)a,t:t−1 is the
annual change in portfolio weight for asset class
a between year t and t − 1; β0 is a constant. The
terms associated with the coefficients β1, β2, β3

and β4 represent the relative return between asset
class a and the average of other j asset classes
in the portfolio, measured over different time
horizons (β1 picks up contemporaneous relative
returns; β2 picks up relative returns with a lag of 1
year, i.e., from year t −1 to t −2; β3 picks up rel-
ative returns from year t −2 to t −5, and β4 picks
up relative returns from year t − 5 to t − 10).9

Finally, the coefficient β5 captures the effect of
real yield differentials between asset class a and
the average yield across other j asset classes at
year t − 1.10 Intuitively, a positive β1 term sug-
gests that portfolio weights move directionally
with contemporaneous relative asset class returns
(i.e., the asset owner does not rebalance back to
previous year weights); the terms β2 to β4 reflect
the impact of past relative returns (measured with

Figure 2 Coefficients from regressions of annual asset allocation changes on past returns and real yields.
Notes: Black bars depict the coefficient from regressing annual changes in asset class weights on contemporaneous relative asset class
returns. Gray bars depict the cumulative coefficients from regressing annual changes in asset class weights on past relative asset class
returns measured over different time horizons (from year t − 1 to t − 2, t − 2 to t − 5, and t − 5 to t − 10 respectively). A positive
number can be interpreted as evidence of return-chasing, where portfolio weights move in the same direction as relative asset class
returns over prior years. White bars depict the coefficient from regressions of annual changes in asset class weights on relative asset
valuations (expressed as real yields). A positive coefficient is indicative of countercyclical investment, where portfolio weights moving
directionally with relative real yields. The sample period is from December 1989–December 2014.
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different lags) on changes in portfolio weights;
and the term β5 indicates whether relative real
yields drive subsequent changes in portfolio
weights.

3.2 Empirical results

A high level summary of the key empirical results
is presented in Figure 2 and Table 2. The results
reported in Figure 2 suggest that directional
changes in asset allocation weights (both for equi-
ties, left panel, and fixed income, right panel) are
positively related to contemporaneous and past
relative returns, and negatively related to relative
real yields. Irrespective of investor type, the asset
allocation weight for stocks tends to rise when
equities outperform other asset classes in the port-
folio in the current and prior years (black and
gray bars respectively), but is inversely related
to the real yield on equities vis-à-vis other asset
classes (with the sole exception for central banks).
A broadly similar pattern is evident in fixed
income allocations: portfolio weights respond
positively to contemporaneous and past rela-
tive returns, but inversely to relative real yields.

Table 2 Characterizing the annual portfolio behav-
ior of long-term asset owners.

Asset allocation
traits Intuitive explanation

Contemporaneous
drift

Portfolio weights (at least
partly) inherit relative
asset class performance
during the year

Multi-year return
chasing

Portfolio weights chase
after relative asset class
performance over past
years

Risk premia aversion Failure to harvest risk
premia countercyclically

These characteristics are broadly summarized in
Table 2.

A more detailed set of results across asset own-
ers and asset classes is broken out in Figure 3
and Tables 3–5. Figure 3 plots the Newey–West
adjusted t-statistics for each regression coeffi-
cient across asset owners and asset classes (to aid
in the visual interpretation, negative t-statistics
reflect negative coefficients). Tables 3–5 report
the regression results in more detail. The main
results are as follows:

• Relative Contemporaneous and Past Returns.
Of the 56 estimated coefficients capturing rela-
tive returns as a driver of portfolio changes, 22
are statistically significantly positive (at higher
than the 10 percent level), broadly evenly
divided between contemporaneous11 and past
year returns. By contrast, just 4 estimated coef-
ficients are statistically significantly negative.
These results suggest both a passive and active
dimension to changes in asset allocation. That
is, portfolio weights drift directionally with rel-
ative returns in the current year, with more
active return chasing occurring in response to
prior year relative returns.

• Relative Valuations. Of the 16 estimated coeffi-
cients measuring the impact of real yield differ-
entials (i.e., relative valuations) on changes in
portfolio weights, 5 are positive (4 of which
are statistically significant at higher than 10
percent), while 11 are negative (though only
1 is statistically significant). These results,
in conjunction with those cited above, sug-
gest countercyclical motives are not a key
determinant of portfolio changes.

• Differences across Asset Owners. Although
evidence of procyclicality can be found in each
of the asset owner categories examined, on the
basis of the percent share of coefficients that
are statistically significantly positive, it appears
strongest in U.S. private pension funds.
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Leaning with The Wind: Long-Term Asset Owners and Procyclical Investing 23

Figure 3 t-Statistics from regressions of annual asset allocation changes on past returns and yields.
Notes: The Newey–West corrected t-statistics for the slope coefficients pertaining to the regression of annual changes in asset class
weights on past relative returns and valuations are displayed above. To aid in the visual interpretation, negative t-statistics reflect
negative coefficients.
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Table 3 Time series regression results—Global central banks.

Global Central Banks U.S. Treasuries U.S.Agencies U.S. Credit U.S. Equities Gold

Explanatory Variables for Annual Changes in Asset Allocation:
Intercept β0 −0.01 0.01 0.00 −0.01∗ −0.01∗∗

t-stat (0.57) (0.36) (0.84) (1.72) (2.52)

Relative Return(t:t-1) β1 0.08 −0.07 0.00 0.05∗∗∗ 0.00
t-stat (0.93) (0.61) (0.19) (2.89) (0.10)

Relative Return(t-1:t-2) β2 0.22∗∗ −0.05 0.00 0.03∗ 0.00
t-stat (2.13) (0.36) (0.19) (1.79) (0.31)

Relative Return(t-2:t-5) β3 −0.10 −0.06 −0.01 0.02 0.02
t-stat (0.41) (0.35) (0.45) (0.91) (1.42)

Relative Return(t-5:t-10) β4 0.50∗∗∗ −0.43∗∗∗ −0.08∗∗∗ −0.01 0.05∗∗∗
t-stat (2.62) (3.10) (3.23) (0.25) (3.21)

Relative Yield(t-1) β5 −1.48 1.94∗ −0.13 0.53∗∗∗ −0.13
t-stat (1.39) (1.84) (0.69) (2.74) (1.47)

R2 0.68 0.62 0.29 0.56 0.48
Adjusted R2 0.59 0.51 0.11 0.44 0.38
Probability(F-statistic) 0.00 0.00 0.21 0.01 0.00
Durbin Watson Statistic 2.28 1.98 2.19 2.84 1.10
Total Observations 25 25 25 25 32
Start of Sample Jun-1989 Jun-1989 Jun-1989 Jun-1989 Jun-1989
End of Sample Jun-2014 Jun-2014 Jun-2014 Jun-2014 Jun-2014

Notes: Table 3 reports the slope coefficients and their Newey–West corrected t-statistics in parenthesis pertaining to the regression
for each separate asset class on page 6. Coefficients marked with stars indicate significance at 1 percent (***), 5 percent (**) and
10 percent (*) respectively. With respect to the relative return coefficients (β1, β2, β3 and β4), a positive sign indicates the asset
class weighting increases (decreases) when that asset class generates a higher (lower) return than the average of other asset classes
in the portfolio. With respect to the β5 coefficient, a positive (negative) sign indicates that the asset class weight increases with the
relative yield differential between the asset class and the average of other asset classes in the portfolio. In the regression for gold,
the independent variable is the annual percentage change in official sector gold holdings (in tonnes) rather than the percentage
point change in the overall portfolio weight for gold as per the other asset classes – this slight difference reflects data limitations
associated with aggregate data on central bank gold holdings.

3.3 Model fitness

Scatter plots of the actual vis-à-vis model-fitted
annual changes in portfolio weights for each
investor type and asset class are presented in
Annex 2. Notwithstanding the relatively small
sample size (between 21 and 32 years of annual
data), the regression models appear useful in
explaining the aggregate portfolio behavior of dif-
ferent types of asset owners. Across the sixteen

regressions (representing five asset classes for
central banks, two each for private pension, public
pension, and life insurers, and five for endow-
ment funds), thirteen produce f -statistics that are
statistically significant (at higher than 5 percent),
and the adjusted-R2’s are relatively high, ranging
from an average of 0.41 across the different asset
classes for global central banks, up to an average
of 0.79 for the asset classes in U.S. life insurance
portfolios.
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Table 4 Time series regression results—Pension funds and life insurers.

U.S. Private Pension Funds U.S. Public Pension Funds U.S. Life Insurers

Fixed Income Equities Fixed Income Equities Fixed Income Equities

Explanatory variables for annual changes in asset allocation:
Intercept β0 0.00 −0.01 −0.01 0.01 −0.01∗∗∗ 0.00

t-stat (0.66) (0.94) (1.60) (0.68) (3.61) (0.61)

Relative Return(t:t-1) β1 0.19∗∗∗ 0.16∗∗∗ 0.19∗∗∗ 0.15∗∗∗ 0.23∗∗∗ 0.15∗∗∗
t-stat (2.76) (4.38) (2.91) (4.57) (7.23) (11.40)

Relative Return(t-1:t-2) β2 0.07 0.05∗ −0.08 −0.05 0.09∗∗ 0.03
t-stat (1.02) (1.74) (1.14) (1.33) (2.47) (1.33)

Relative Return(t-2:t-5) β3 0.15∗ 0.15∗∗∗ 0.15 0.07 0.04 0.05
t-stat (1.76) (2.63) (1.25) (0.78) (0.63) (1.07)

Relative Return(t-5:t-10) β4 0.24∗∗ 0.19∗∗∗ 0.16 0.10 0.00 0.03
t-stat (2.00) (3.00) (1.07) (1.24) (0.03) (0.54)

Relative Yield(t-1) β5 −0.36 −0.17 −0.03 −0.34 −0.30 −0.22
t-stat (0.53) (0.74) (0.03) (1.35) (0.84) (1.29)

R2 0.43 0.65 0.48 0.73 0.77 0.89
Adjusted R2 0.28 0.56 0.34 0.66 0.71 0.86
Probability(F -statistic) 0.04 0.00 0.02 0.00 0.00 0.00
Durbin Watson Statistic 2.39 2.10 2.17 1.94 1.88 1.25
Total Observations 25 25 25 25 25 25
Start of Sample Dec-1989 Dec-1989 Dec-1989 Dec-1989 Dec-1989 Dec-1989
End of Sample Dec-2014 Dec-2014 Dec-2014 Dec-2014 Dec-2014 Dec-2014

Notes: Table 4 reports the slope coefficients and their Newey–West corrected t-statistics in parenthesis pertaining to the regression for
each separate asset class on page 6. Coefficients marked with stars indicate significance at 1 percent (***), 5 percent (**) and 10 percent
(*) respectively. With respect to the relative return coefficients (β1, β2, β3 and β4), a positive sign indicates the asset class weighting
increases (decreases) when that asset class generates a higher (lower) return than the average of other asset classes in the portfolio. With
respect to the β5 coefficient, a positive (negative) sign indicates that the asset class weight increases with the relative yield differential
between the asset class and the average of other asset classes in the portfolio.

As a robustness check, the Breusch–Godfrey
serial correlation LM test was performed on the
residuals up to the third order. The null hypothesis
of no serial correlation could not be rejected (at
the 5 percent or higher level) in any of the sixteen
regressions (see also the Durbin–Watson statis-
tics reported in Tables 3–5). Regressions were
also re-estimated with autoregressive terms (up
to the third order), and by dropping the valua-
tion terms, but these specifications were not found

to add value or change the interpretation of the
results.

4 Reconciling the results: A brief qualitative
interpretation of the implications for
portfolio performance and competing
financial theories

The qualitative discussion below offers an inter-
pretation of the implications of the empirical
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Table 5 Time series regression results—Endowment funds.

U.S. Endowment Funds Fixed Income Equities Private Equity Hedge Funds Real Estate

Explanatory Variables for Annual Changes in Asset Allocation:
Intercept β0 −0.02∗∗∗ 0.01 0.00 0.00 0.00∗∗∗

t-stat (3.13) (1.34) (0.19) (1.00) (3.99)

Relative Return(t:t-1) β1 0.08∗∗∗ 0.20∗∗∗ 0.00 0.01 0.04∗∗∗
t-stat (3.90) (7.67) (0.46) (0.56) (3.79)

Relative Return(t-1:t-2) β2 −0.08∗∗∗ −0.03 0.00 −0.05 0.00
t-stat (2.71) (1.06) (0.06) (1.12) (0.48)

Relative Return(t-2:t-5) β3 −0.03 0.05 0.01 −0.07∗∗ 0.02∗
t-stat (0.74) (0.85) (0.52) (2.46) (1.90)

Relative Return(t-5:t-10) β4 0.06 0.21∗∗∗ −0.03 −0.11∗∗∗ 0.03∗
t-stat (0.90) (4.84) (1.58) (3.42) (1.72)

Relative Yield(t-1) β5 −0.25∗∗ −0.12 0.06∗ 0.37∗∗∗ 0.17
t-stat (2.51) (0.69) (1.80) (3.62) (1.49)

R2 0.68 0.86 0.28 0.39 0.63
Adjusted R2 0.58 0.81 0.04 0.18 0.51
Probability(F-statistic) 0.00 0.00 0.37 0.15 0.01
Durbin Watson Statistic 2.45 1.38 1.92 1.56 2.80
Total Observations 21 21 21 21 21
Start of Sample Dec-1993 Dec-1993 Dec-1993 Dec-1993 Dec-1993
End of Sample Dec-2014 Dec-2014 Dec-2014 Dec-2014 Dec-2014

Notes: The Table 5 reports the slope coefficients and their Newey–West corrected t-statistics in parenthesis pertaining to the regression
for each separate asset class on page 6. Coefficients marked with stars indicate significance at 1 percent (***), 5 percent (**) and 10
percent (*) respectively. A positive sign on the relative return coefficients (β1, β2, β3 and β4) indicates that the asset class weighting
increases (decreases) when it generates a higher (lower) return than the average of other asset classes in the portfolio. With respect to
the β5 coefficient, a positive (negative) sign indicates the asset class weight increases with the relative yield differential between the
asset class and the average of other asset classes in the portfolio.

findings reported in Section 3. Section 4.1 recon-
ciles these findings with the existing literature on
asset owner portfolio performance (as it pertains
to short-term momentum and long-term reversal
patterns in asset returns) and earlier findings on
procyclicality in the hiring/firing and portfolio
behavior of delegated asset managers. A discus-
sion of the empirical results in the context of
financial theories of investment behavior is pre-
sented in Section 4.2. In short, when reconciling
the portfolio characteristics identified in Section
3 with stylized patterns in asset class returns and

financial theories, I suggest that the long-term
asset owners examined in this study do not avail
of their long-horizon edge.

4.1 Implications for portfolio performance –
Asset owners and their competitive edge

While differences in underlying data preclude
directly tying the results reported in this study
to the broader literature on the relative impor-
tance of strategic asset allocation, market timing
and security selection on portfolio outcomes (see
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Brinson et al., 1986, 1991; Jahnke, 1997; Ibbot-
son and Kaplan, 2000 for early examples),12 it
is possible to infer what the results might imply
for asset owner portfolio performance more gen-
erally. Of particular interest is the following: how
should two of the key characteristics of investor
behavior identified in Section 3 – multi-year
performance chasing, and the unwillingness or
inability of long-term asset owners to lean against
time-varying risk premia13 – be reconciled with
stylized properties of asset returns (such as persis-
tence and subsequent reversal effects as holding
periods lengthen)?14

To help address this question, Figure 4 reports
short-term momentum and long-term reversal
effects in a range of financial asset classes, con-
sistent with similar patterns reported elsewhere in

the literature.15 Simply put, what has done well
over recent months tends to do well in subsequent
months, but what was done well over recent
years tends to do poorly in the years that fol-
low. As the all-asset panel results in Figure 4
suggest (black columns), momentum effects in
asset returns begin to gradually dissipate beyond
(look-back and holding) periods of 1 year, before
eventually giving way to reversal effects at longer
multi-year horizons.

That return persistence tends to breakdown and
eventually reverse sign at multi-year horizons
might not be an issue, were it not for the ten-
dency of long-term asset owners to reallocate
portfolios procyclically at this very horizon. In
linking the evidence of multi-year procyclical
asset allocation shifts with multi-year reversal

Figure 4 Short-term momentum and long-term reversal in asset class returns.

Source: Author’s calculations, Haver, Bloomberg.

Notes: Columns depict the correlation of non-overlapping observations of realized and subsequent one-period returns. For each time
horizon, the holding period and look-back reference period are the same (i.e., the figures reported under the 3 month horizon pertain to
the correlation between the most recent 3 month realized return and the subsequent 3 month return). Asset classes are represented by the
following series: the S&P500 for stocks, 10 year (constant maturity) US Treasuries for bonds, the Barclays US Credit Aggregate Index
for credit, the gold price based on the London fix, and the FTSE NAREIT All Equity Index for REITs. Figures represented in the black
columns are based on a panel of all asset class returns and thus represent the broader pattern (and also help to address the limited sample
of non-overlapping 10-year returns). All returns are measured in excess total return terms (vs. 3 month treasury bills) in US dollars. The
sample period runs from December 1969 to June 2016.
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patterns in asset returns, it is possible therefore
to infer that the asset owners examined in this
study pursue a momentum-like strategy at time
horizons where reversal effects tend to be more
pronounced. Put another way, while trend chas-
ing might be wealth-enhancing at the multi-month
(look-back and holding period) horizon, this is
most unlikely in the multi-year domain.

These results are therefore similar in spirit to
those reported in the narrower study of Ang et al.
(2014), who document evidence of multi-year
procyclicality in asset allocations among U.S.
corporate pension plans coupled with long-term
reversal patterns in asset returns. From these twin
findings the authors conclude that “return chas-
ing at horizons beyond 1 year has a deleterious
effect” on portfolio performance and that multi-
year procyclicality in portfolio changes occurs at
“the likely detriment of long-term wealth.”

The empirical results reported in this paper can
also be linked to the prior literature which estab-
lishes multi-year return chasing by asset owners
with respect to their hiring and firing of dele-
gated asset managers (Heisler et al., 2007; Goyal
and Wahal, 2008; Stewart et al., 2009). This
points to asset owners displaying procyclicality
in two dimensions – at the asset class level (the
focus of this paper), and the asset manager level.
Moreover, to the extent that asset managers are
procyclical themselves,16 it could be a response to
the performance appraisal terms imposed on them
by asset owners (and their consultants). Because
asset owners have imperfect knowledge about
the ability of investment agents (as managers
operate in a high-noise, low-signal environment
which makes it difficult to distinguish skill from
luck), they can interpret a period of short-term
underperformance – when asset managers are
unsuccessfully leaning against the wind – as a sign
of manager incompetence (Vayanos and Woolley,

2013, 2012). As the underperformance grows,
asset owners conclude their agents are unskilled
and thus terminate them in favor of outperforming
peers holding securities with strong momentum.
The “output short-termism” of delegated man-
agers might therefore be explained by the “heat”
they feel from the “input short-termism” of asset
owners (Jin, 2005).

4.2 Reconciling the empirical findings with
competing financial theories

Asset pricing theories typically attempt to explain
observed investment behavior as reflecting the
rational compensation for risk taking, irrational
behavioral errors, or limits to arbitrage. Though
a formal assessment of the underlying causes of
procyclical investment behavior by asset own-
ers is beyond the scope of this study and thus
left for future research, the following discussion
presents a brief qualitative interpretation of the
applicability of these competing theories with the
aforementioned empirical findings.

4.2.1 Rational compensation for risk

Rational compensation for risk arguments is the
most difficult of the three competing financial the-
ories to square with the empirical results reported
in Section 3. Long-term institutional asset own-
ers are endowed with a natural investment edge,
the result of relatively stable risk preferences
and a higher-than-usual tolerance for accepting
short-term discomfort. This reflects the relatively
stable, long-dated nature of asset owner liabilities.
Put another way, these investors are best placed
to countercyclically bear the risks that other mar-
ket participants – those with relatively short time
horizons, runnable liabilities and/or a low toler-
ance for pain – wish to avoid. Who else is better
placed to accept such risks by leaning against the
wind?
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4.2.2 Irrational behavioral errors

By contrast, it is not possible to rule out
the prospect that the return chasing pattern
documented in Section 3 could be consistent
with widely documented behavioral errors. The
extrapolation bias looms large in this respect,
where subjective investor expectations of future
returns (as measured in surveys)17 are posi-
tively related to past returns and negatively
related to objective measures of future returns
implied by asset pricing models (see most
recently, Cochrane, 2011; Greenwood and
Shleifer, 2014). The tendency for asset owners
to display momentum-like investment tendencies
at the (multi-year) reversal frequency could be
symptomatic of irrational behavioral errors such
as extrapolation and herding.

4.2.3 Institutional limits to arbitrage

While behavioral models offer much promise in
enriching our understanding of various aspects of
economic life (see most recently, Thaler, 2015),
they also leave open key issues. To name but
a few: if all investors are irrational due to our
biological hardwiring, who is on the other side
of the irrational trading activity? If widespread
irrationality leads to financially ruinous behavior,
shouldn’t the process of natural selection wipe
out such investors, and thus bias markets toward
a more rational and efficient state over time? And
if irrationality is so pervasive, shouldn’t it be
straightforward to outperform the market?

Investment characteristics that might seem to
reflect poor judgment when viewed through the
prism of behavioral irrationality—such as multi-
year performance chasing—could also be a quite
‘rational’ response to institutional frictions as
they pertain to incentive design, institutional cus-
toms and regulation (each of which are discussed
below).18 These frictions give rise to an element
of forced behavior.

A countercyclical orientation relies on the slow
burning, mean reverting properties of asset
returns, a process that can take many years to
be borne out. Where compensation incentives are
based on shorter term evaluation periods, leaning
against the wind can simply entail too much career
risk (Lakonishok et al., 1992; Lux, 1995; Das-
gupta et al., 2011; Vayanos and Woolley, 2013).
Reflecting on a four decade long institutional
investment career as a value-centric practitioner,
Grantham (2012, p. 1) similarly observes,

“The central truth of the investment business is that
investment behavior is driven by career risk. The prime
directive, as Keynes knew so well, is first and last to keep
your job. To do this, he explained that you must never,
ever be wrong on your own. To prevent this calamity, pro-
fessional investors pay ruthless attention to what other
investors in general are doing. The great majority ‘go
with the flow,’either completely or partially. This creates
herding, or momentum, which drives prices far above or
far below fair price. There are many other inefficien-
cies in market pricing, but this is by far the largest . . .

Ignoring (long-term fundamental value) may be the cor-
rect response on the part of most market players, for
ignoring the volatile up and down market moves and
attempting to focus on the slower burning long-term real-
ity is simply too dangerous in career terms. Missing a
big move, however unjustified it may be by fundamen-
tals, is to take very high risk of being fired. Career risk
and the resulting herding it creates are likely to always
dominate investing.”

Evidence of procyclical investment behavior
could also be consistent with standard institu-
tional customs where asset owners and consul-
tants evaluate historical performance and make
corresponding portfolio adjustments over look
back periods of 1–5 years. The infrequent and
slow moving nature of institutional decision mak-
ing, and the need to build consensus among a
range stakeholders (with varying levels of invest-
ment expertise), makes agreement on portfolio
changes an easier undertaking in the realm of
past returns, which are certain, as compared to
forward-looking prospects, which are uncertain
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and thus more likely to invite disagreement or
career risk for dissenters (Jones, 2016). As Swen-
son (2009, p. 297) points out, “Because large
bureaucratic organizations use groups of people
(investment committees) to oversee other groups
of people (investment staff), consensus build-
ing behavior permeates the investment process.
Unless carefully managed, group dynamics fre-
quently thwart contrarian activities and impose
shorter than optimal time horizons.” As the multi-
month momentum effect, declared the “premier
anomaly” by Fama and French (2008, p. 1653),
can demand a frequency of portfolio turnover
that is beyond the (in-house) capabilities of many
large asset owners, and the internal approval
process for portfolio changes is typically slow
moving, it may be that asset owners try to resolve
the tension by buying multi-year winners and sell-
ing multi-year laggards. The unfortunate result is
the pursuit of a momentum strategy at the wrong
(reversal) frequency.

Finally, the capacity for certain types of asset
owners, principally defined benefit pension funds
and insurers, to engage in countercyclical,
market-stabilizing investment can also be com-
promised by the interaction of accounting stan-
dards and regulatory requirements. This is par-
ticularly the case when investment actions are
induced by regulations based on funding ratio lev-
els determined under fair value accounting stan-
dards, without forward-looking expected return
adjustments to smooth responses. Where the
equivalent of a stop loss level applied to a marked-
to-market funding ratio is in effect, it can be
especially difficult for asset owners to lean against
the wind as risky asset prices decline and lia-
bility discount rates plummet. (With the notable
exception of U.S. public pension plans, most large
defined benefit pension fund systems now require
plans to discount liabilities at point-in-time bond
yields, either government or high-grade corpo-
rate bonds). Indeed the decline in funding ratios

for corporate defined benefit pension funds in the
U.S., UK, Europe and Japan during the global
financial crisis was broadly equally attributable
to the reported decline in assets and rise in liabil-
ities (Impavido and Tower, 2009), and corporate
defined benefit pension funds in the U.S. and UK
were found to be net sellers of equity over the
global financial crisis (Papaioannou et al., 2015).

To summarize, there are multiple channels
through which institutional frictions could poten-
tially encourage procyclical investment by long-
term asset owners, or at a minimum, impede their
ability to invest with a countercyclical orientation.

5 Concluding remarks

This paper seeks to shine a light on the systematic
investment tendencies of long-term asset own-
ers. Little empirical evidence is found to suggest
that long-term asset owners avail of their natural
countercyclical edge. Instead, leaning with rather
than against the wind typically appears a more
appropriate characterization of their investment
behavior.

The results point to potentially fertile ground
for further research along two main lines. First,
as the principal focus of this study is on the
question of ‘how’ asset owners invest, not the
‘why,’ deepening our understanding of the moti-
vational causes of procyclicality for different
types of asset owners would seem an inter-
esting line of enquiry. Though indications of
procyclicality appear widespread, the heteroge-
nous nature of the asset owners examined in
this study (Table 1) mean it could well be the
case that underlying causes differ from one cat-
egory of asset owner to the next. For instance,
the interaction of fair value accounting and reg-
ulatory requirements are almost certainly more
consequential for defined benefit pension funds
and insurers than endowment or sovereign wealth
funds. Analysis of the extent to which differences
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in the accounting treatment of liabilities for pri-
vate vis-à-vis official sector institutions manifest
in divergent investment behavior – and subse-
quent portfolio outcomes – would likely be of
widespread interest.

Second, in instances where a greater degree of
long-term, market-stabilizing investment could
confer benefits to both the individual asset owner
(by harvesting above average risk premiums) and
the wider public (by financing activity or provid-
ing liquidity in instances where capital is in short
supply), it raises the issue of what can be practi-
cally done to encourage more of it. To the extent
that an enabling environment along these lines
could be in both the private and the public inter-
est, responsibility for its creation will likely need
to be shared across a variety of stakeholders.
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Notes

1 For the purposes of this paper, reference to “long-term”
investment is made in the context of liabilities maturing
more than a year in advance (in practice, rebalancing
needs, liquidity management, risk-management, and
ensuring portfolios remain compliant with investment
policy guidelines, can all result in a holding period
shorter than originally intended).

2 For studies on short-term momentum effects giving way
to long-term reversal effects as holding and look-back
periods lengthen beyond 1 year, see most recently Fama
and French (2008), Moskowitz et al., (2012), Asness
et al. (2013), Ang et al. (2014), and Jones (2016).

3 Because standard capital provisioning practices can lead
banks to ease (tighten) lending standards in a boom
(bust), the Basel Committee on Banking Supervision
has, for instance, proposed measures (such as counter-
cyclical capital buffers) explicitly designed to lean in
the opposite direction.

4 Assets held by the world’s largest 500 banks stood at
US$97.1 trillion as of December 2013, while non-bank
institutional asset owners oversee almost double this
amount.

5 Just 8 percent of assets under management (or $1.2
trillion) in the U.S. mutual fund industry are invested
through ‘hybrid funds’ (a mix of stocks and bonds),
some of which have fixed or predetermined asset allo-
cation weights independent of market conditions (i.e.,
target date retirement funds, which increasingly allo-
cate capital to bonds as the maturity date approaches).
Even in the hedge fund industry, which accounts for
5 percent of worldwide assets managed via collective
investment vehicles, funds operating across multiple
asset classes and regions collectively oversee just $450
billion, around one-fifth of hedge fund assets under
management.

6 For the investment yield on gold, the 12-month gold
forward offered rate recorded by the London Bullion
MarketAssociation is used. It represents an international
standard rate at which dealers lend gold on a swap basis
against US dollars, providing the foundation for the pric-
ing of gold derivatives. Broadly speaking, it tends to
track LIBOR over time.

7 Only two asset classes in the data set—the hedge fund
and private equity allocations of endowment funds—
do not have observable investment yield data. In the
case of hedge funds, these were computed using a
rolling regression (based on 5 years of monthly returns)
of Hedge Fund Research Fund-Weighted Index returns
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on a constant and world equity and bond returns. The
constant terms capture ‘hedge fund alpha,’ while the
coefficients on the terms for world equity and bond
returns are multiplied by the expected real yield for
the respective asset class. Prospective yields are re-
estimated each year. For private equity yields, we follow
a similar methodology using the Cambridge Associates
Private Equity index, where the explanatory variable is
the U.S. equity risk premium (i.e., the difference in the
cost of leverage and return on equity).

8 Equity and fixed weights do not sum to 100 percent as
the portfolios include other asset classes, but equity and
fixed income allocations are the largest and only asset
classes to feature in the portfolios of all asset owners.

9 Long look-back periods are included to capture the noto-
riously slow-acting nature of investment committees.

10 Real prospective yields are defined as the nominal
yield less 10-year ahead measure of inflation expecta-
tions from the median Consensus Economics forecast.
For equities, the cyclically adjusted earnings yield is
used. Real yields for other asset classes are based
on their nominal yield, minus 10-year ahead inflation
expectations.

11 The impact of ‘contemporaneous drift’ may have been
expected to be constrained by institutional rebalancing
bands that trigger automatically.

12 For instance, the asset allocation data employed in this
study utilize aggregate rather than individual fund-level
data, and this study does not utilize ‘target’ asset allo-
cation data that would permit a return decomposition
analysis across strategic asset allocation, market timing,
and security selection sources. Recent studies building
on the original framework in Brinson et al. (1986, 1991)
can be found in Brown et al. (2010) in the context of
endowment funds, and Andonov et al. (2012) in the
case of pension funds.

13 I do not focus here on the third investor trait identified
in Section 3 – that asset owners do not rebalance back
to previous year weights – because the impact on port-
folio performance of annual rebalancing is now widely
regarded as ambiguous depending on the wider context.
For instance, while the modest degree of return per-
sistence documented at the annual frequency suggests
that an annual rebalancing strategy could impose a drag
on portfolio returns, failing to rebalance at the annual
horizon can also result in lower risk-adjusted returns by
virtue of higher risk-and-return asset classes increas-
ingly dominating overall portfolio volatility as they
assume ever larger weights (see for instance, Plaxco

and Arnott, 2002). Empirical studies show that the
reported impact of a rebalancing strategy on portfolio
outcomes depends heavily on asset return correlations
and whether asset returns displayed mean reverting
or mean fleeing behavior over the sample period in
question (Tokat and Wicas, 2007). And as Perold and
Sharpe (1995) note, the desirability of any rebalancing
strategy also depends critically on the individual pref-
erences of investors – there is no reason to believe that
any particular type of dynamic rebalancing strategy is
best for all investors. The impact of taxes and transac-
tion costs further complicates the analysis of relatively
high-frequency rebalancing strategies. These are not of
paramount importance to the discussion in this section.

14 As described in Section 2, the private and public pen-
sion fund assets examined in this study include both
defined benefit (DB) and defined contribution (DC)
funds (DB funds comprise 64 percent of private pension
fund assets and 10 percent of public pension fund assets,
the rest comprising defined contribution (DC) funds).
This commingling makes it difficult to directly derive
inferences from the performance of DB vs. DC pension
funds. However, it is notable that there is firmer statisti-
cal evidence of multi-year procyclicality among private
pension funds, where DC schemes are more prevalent.
If multi-year procyclicality exerts a damaging impact on
long-term portfolio performance, then one could infer
that DC funds feel these effects more than DB funds.
This would be consistent with the recent analysis of
Munnell et al. (2015), who find that over the 1990–
2012 period, U.S. DC funds underperformed DB funds
by 70 basis points on an unweighted fund basis, and 90
basis points on a weighted fund basis. The authors find
this performance gap in favor of DB funds has gener-
ally increased over time, and cannot be explained by
size effects or a higher structural allocation to higher
risk investments in the case of DB funds.

15 Short-term momentum and long-term reversal effects
have been identified in time series and cross-sectional
form, in different asset classes, across geographies and
in and out of sample tests. In what is now a large lit-
erature, see most recently Fama and French (2008),
Ilmanen (2011), Moskowitz et al. (2012), Asness et al.
(2013), and Ang et al. (2014).

16 Performance chasing has been established among
mutual and hedge funds. For a recent review, see Jones
(2015).

17 Historically, survey data were dismissed as noisy, unrep-
resentative, and overly-sensitive to language, framing
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and interpretation. But the benefits of survey data, such
as timeliness and the fact they can be measured directly
from actual investors rather than derived from a com-
plex theoretical model (long after the fact), are gradually
swaying researchers in this direction, particularly as
survey methods improve.

18 For a recent review of the (frictional and institutional)
limits to arbitrage literature, in the context of the
traditional rational–irrational divide, see Jones (2015).
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Annex 1. Descriptive statistics for annual changes in asset allocation weights.

Global Central Banks

U.S. Treasuries U.S. agencies U.S. credit U.S. equities Gold

Annual changes in asset allocation weights for:
Average −0.5% 0.2% 0.1% 0.3% −0.3%
Median −0.6% 0.5% 0.0% 0.4% −0.3%
Standard deviation 3.3% 3.0% 0.5% 1.6% 1.0%
Maximum 8.9% 5.5% 1.1% 2.7% 1.8%
Minimum −5.2% −6.7% −1.0% −3.7% −1.9%
Skew 0.85 0.03 0.03 −0.74 0.28
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(Continued)

Global Central Banks

U.S. Treasuries U.S. agencies U.S. credit U.S. equities Gold

Kurtosis 3.87 2.78 3.56 3.24 2.53
Jarque-Bera 3.82 1.21 0.33 2.35 0.72
P-value 0.15 0.55 0.85 0.31 0.70

Total observation 25 25 25 25 25
Start of sample Jun-89 Jun-89 Jun-89 Jun-89 Jun-82
End of sample Jun-2014 Jun-2014 Jun-2014 Jun-2014 Jun-2014

U.S. private pensions U.S. public pensions U.S. life insurers

Fixed Income Equities Fixed Income Equities Fixed Income Equities

Annual changes in asset allocation weights for:
Average −0.2% 0.6% −1.0% 1.1% −1.0% 0.9%
Median −0.1% 1.3% −1.2% 0.5% −1.5% 1.5%
Standard deviation 2.9% 3.5% 3.3% 3.6% 2.5% 2.7%
Maximum 8.7% 5.7% 8.2% 7.5% 5.9% 5.0%
Minimum −4.3% −10.4% −8.2% −9.4% −4.5% −7.4%
Skew 0.99 −1.30 0.36 −0.55 1.10 −1.31
Kurtosis 4.41 5.26 4.59 4.41 4.03 4.66

Jarque-Bera 6.18 12.30 3.16 3.34 6.14 10.07
P-value 0.05 0.00 0.21 0.19 0.05 0.01

Total observation 25 25 25 25 25 25
Start of sample Dec-89 Dec-89 Dec-89 Dec-89 Dec-89 Dec-89
End of sample Dec-14 Dec-14 Dec-14 Dec-14 Dec-14 Dec-14

U.S. Endowments

Fixed Income Equities Private equity Hedge funds Real estate

Annual changes in asset allocation weights for:
Average −0.9% −0.1% 0.3% 0.5% 0.1%
Median −1.3% 0.0% 0.2% 0.5% 0.0%
Standard deviation 1.7% 2.7% 0.5% 0.8% 0.4%
Maximum 2.0% 4.0% 1.9% 2.3% 0.8%
Minimum −3.8% −5.9% −0.4% −0.8% −1.0%
Skew 0.39 −0.59 1.54 0.17 −0.58
Kurtosis 2.15 2.82 5.11 2.96 4.74

Jarque-Bera 1.17 1.26 12.23 0.10 3.83
P-value 0.56 0.53 0.00 0.95 0.15

Total observation 21 21 21 21 21
Start of sample Jun-93 Jun-93 Jun-93 Jun-93 Jun-93
End of sample Jun-14 Jun-14 Jun-14 Jun-14 Jun-14

Notes: See Section 2 for a description of the underlying data series for each class of asset owner.
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Annex 2. Actual vs. model-fitted annual changes in asset allocation weights.

Notes: Model coefficients and standard errors presented in Table 3.
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Notes: Model coefficients and standard errors presented in Table 4.
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Notes: Model coefficients and standard errors presented in Table 5.
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