
Portfolio Tilts Using Views on 
Macroeconomic Regimes
Redouane Elkamhi, Jacky S. H. Lee, and Marco Salerno

KEY FINDINGS

n We provide a methodology to tilt a portfolio according to investors’ views on the likelihood
of economic regimes rather than expected returns.

n We compare the stability of our methodology with the Black–Litterman model for different
levels of errors in expected returns and likelihood of economic regimes. We find that our
methodology is more robust to input errors.

n Our methodology ensures consistency across asset classes and leads to less extreme
asset weights, which is a desirable feature in practical applications.

ABSTRACT

Long-term investors tilt their portfolios given their views on the evolving investment land-
scape. In the literature, portfolio tilting is often implemented with methodologies that 
use investors’ views on point estimates of conditional assets’ expected returns. These 
conditional return expectations are notoriously difficult to estimate, and using them 
often results in unstable portfolio weights when existing methodologies are applied. 
We avoid such shortcomings by providing a methodology that incorporates views on the 
likelihood of economic regimes (e.g., growth and inflation surprises) instead. Using data 
on equities, bonds, and commodities, we show—both in simulation and empirically—that 
our approach generates stable portfolio weights and outperformance that is minimally 
affected by forecast errors.

Strategic asset allocation refers to the set of decisions that aligns a portfolio’s 
asset mix (e.g., weights of bonds, equities, and commodities) with the investors’ 
long-term investment goals and objectives.1 Strategic asset allocation is the key 

driver of portfolio returns for long-term institutional investors, such as pension and 
sovereign wealth funds. These investors often thrive to build portfolios that are well 
diversified. However, occasionally their views on the investment landscape change 
substantially that necessitate material portfolio shifts. How to translate investors’ 
views on economic covariates to asset allocation decisions is the central question 
addressed by this article.

There exist several methodologies that allow investors to tilt their portfolios. 
Black and Litterman (1992) (BL hereafter) was the first methodology of its kind that 

1 Differently from tactical asset allocation, strategic asset allocation does not change frequently 
(e.g., once or twice a year maximum) because the goal is not to chase trends in the market but rather 
to position the portfolio to achieve the desired goal.
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sparked a myriad of extensions (e.g., Jones, Lim, and Zangari 2007; Qian 2011).2 
Notwithstanding these advancements, existing methodologies require investors 
to express their views as point estimates of expected returns or covariances, or 
both.3 Although covariances can be estimated reasonably well, it is known that 
estimating expected returns is subject to large estimation errors (Merton 1980), 
which lead to unstable portfolio weights (Best and Grauer 1991; Britten-Jones 1999; 
DeMiguel, Garlappi, and Uppal 2009). Even more importantly, views expressed as 
point estimates of expected returns across asset classes could imply inconsistent 
risk premiums when analyzed by asset pricing models. Such inconsistencies and 
estimation biases represent the Achilles’ heel of most existing methodologies.

Our main contribution to the literature is to develop a novel methodology to 
incorporate investors’ views on the likelihood of economic regimes, instead of point 
estimates of returns or covariances, to enhance the investment decision process. 
Our approach may be more aligned with what chief investment officers and asset 
managers consider for asset allocation, which often are related to the degree that 
asset prices have reflected the current or projected macroeconomic environments. 
Our work contributes to the literature on regime-based asset allocation (e.g., Sheikh 
and Sun 2012; Nystrup et al. 2015, 2017; Nystrup, Madsen, and Lindström 2018; 
Schmieder and Kollár 2020; Zheng, Xu, and Zhang 2021), but we differentiate from 
previous studies in two major ways: (1) our framework requires investors to provide 
their views in terms of probabilities of economic regimes, rather than point estimates 
of assets’ expected returns and covariances; (2) our framework separates investors’ 
views from the methodologies for portfolio construction.

Although it is necessary that investors need ways to come up with views on eco-
nomic regimes that they define, such discussion is not the focus of this article. Our 
aim is to provide a framework for tilting portfolios given views on the likelihood of 
economic regimes, similar to how BL provided a framework for tilting portfolios given 
views on assets’ expected returns.

The benefits of our approach can be summarized as follows. First, although our 
methodology requires the calculation of historical returns and covariances, different 
from existing methodologies our approach does not necessitate investors to provide 
forecasts on expected returns or covariances. Second, our framework greatly reduces 
or eliminates the curse of dimensionality because the number of economic regimes 
is much smaller than the number of assets for which investors can have views on. 
Last, by separating investors’ views from portfolio construction, our methodology 
allows investors to use their preferred portfolio construction rule. The latter feature 
is a notable improvement in flexibility over existing methodologies, which are tied to a 
specific allocation rule. For instance, BL and its extensions are tied to mean–variance 
optimization.

Our methodology consists of four steps: Investors (1) define the economic regimes 
based on their preferred market or macroeconomic variables and determine their 
likelihood (prior probabilities), which can be done using historical estimates; (2) form 
their views on the probabilities of being in each regime in the future; (3) compute the 
posterior probabilities of economic regimes by combining their views with the prior 
probabilities; and (4) calculate the conditional historical moments required by their 
preferred allocation strategy (e.g., mean–variance, risk parity, etc.) and combine them 
using the posterior probabilities across economic regimes. For our methodology to 
work well, the characteristics of asset returns across those economic regimes need 
to be considerably different.

2 More recently, the literature has extended further to provide ways to allow investors to incorporate 
views using forecasts of factor returns and covariances (e.g., Figelman 2017; Kolm and Ritter 2020).

3 Throughout this article we refer to views, estimates, and forecasts of expected returns inter-
changeably.
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We start our analysis by comparing the theoretical performance of our framework 
with the BL model using Monte Carlo simulations. Our goal with this controlled 
experiment is to analyze how portfolio performance is affected by forecast errors on 
expected returns (and consequently the BL model) versus forecast errors on the like-
lihood of economic regimes (and consequently our approach). To focus on the effects 
of forecast errors, we let investors have correct forecasts on average across simula-
tions, but the forecasts made in each simulation are subject to forecast errors with 
respect to the true values. We demonstrate that our approach outperforms BL on 
two fronts. First, our model produces higher out-of-sample portfolio Sharpe ratios 
(SRs) on average. Second, the distribution of out-of-sample SRs for our model has 
significantly less variance. In other words, for our model the information ratio of the 
out-of-sample portfolio SRs is higher.

Our findings show that even small forecast errors in BL can lead to large vari-
ation in portfolio weights. Our approach leads to relatively more stable portfolio 
weights, which contributes to the higher average out-of-sample SR. For both models, 
we compute the levels of estimation error associated with different out-of-sample 
portfolio SRs. We find that, for a given portfolio SR, the BL model requires much 
more precise views in order to perform as well as our framework.4 These simula-
tion results suggest that, if investors have prescient views, using our methodology 
should lead to a more robust out-of-sample performance compared to BL. This is 
our key analytical result.

Next, we provide a simple example to demonstrate a practical application of our 
methodology. We define economic regimes based on two fundamental macroeco-
nomic variables: inflation and real gross domestic product (GDP) growth because 
they are well-documented systemic factors that affect asset returns (see Campbell 
and Viceira 2001; Bansal and Yaron 2004; Bansal and Shaliastovich 2013; Kung 
2015; Boons et al. 2020). Critically, we highlight that (a) our choice of variables is 
meant as an example only and may not span all relevant future economic regimes, 
and (b) investors, depending on their beliefs and utilities, may define their regimes 
differently. We consider four different regimes based on rising and falling inflation 
and economic growth combinations.5 To apply our framework, investors form views 
on the probabilities of these four economic regimes. Our framework endogenously 
translates such views to changes in the portfolio weights without imposing an addi-
tional structure to link assets and macroeconomic factors.

We use data on US equities, US fixed income, and a commodity index to conduct 
our empirical example. Our demonstration shows that, when investors have prescient 
views on the probability of economic regimes one-year ahead, a mean–variance port-
folio with views outperforms that without views. Our example shows that, if investors 
have prescient views on economic regimes (but not expected returns), they can 
improve the SR of their portfolio by applying our methodology.

A FRAMEWORK BASED ON THE LIKELIHOOD OF REGIMES

Key Differences between Our Framework and the Existing Literature

Our framework differentiates from the existing literature (e.g., Black and Litterman 
1992; Jones, Lim, and Zangari 2007; Qian 2011; Figelman 2017; Kolm and Ritter 2020) 

4 As an example, for a BL view that has an uncertainty of 1/264 of the asset covariances, our 
model achieves the same average portfolio SR with a 10% error in a view for the regime probabilities.

5 We define our regimes based on surprises with respect to the expected value. For example, rising 
growth and rising inflation is defined as the regime in which both inflation and economic growth are 
higher than expected.
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because investors are not asked to forecast expected returns or covariances in 
order to embed their views in portfolio construction. We develop a methodology that 
allows investors to incorporate their views on the likelihood of economic regimes. For 
ease of exposition, we choose to use economic growth and inflation as an example 
throughout this article.6

For a given set of macroeconomic factors (e.g., economic growth and inflation) 
investors can have views on the likelihood of observing a particular regime (e.g., 
rising/falling economic growth or inflation or any combination of them). In other words, 
we shift the paradigm from forecasting expected returns to forecasting likelihood of 
regimes. Our article is relevant for all those investors that cannot (or are not confident 
to) forecast point estimates of expected returns but are confident in their ability to 
express the likelihood of certain economic regimes to happen.

There is another potential reason why our approach might be preferred by some 
investors. While using the BL model, investors could provide views that are inadver-
tently not consistent with each other. For example, private equity, public equity, and 
infrastructure are three different asset classes that are all positively exposed to 
economic growth. Investors might have views on one asset class (e.g., private equity) 
that imply a higher economic growth forecast, whereas their view on a different asset 
class (e.g., infrastructure) implies a lower economic growth forecast. This inconsis-
tency could lead to unrealistic portfolio weights (e.g., a large positive private equity 
weight versus a low or negative infrastructure weight). As we explain in detail later 
in the article, using our methodology investors would avoid such concerns because 
the relations between assets classes (e.g., private equity and infrastructure) are 
consistent because they are anchored to their historical estimates.

This article presents one example of how these regimes can be defined but var-
ious alternative definitions can be employed. Investors can apply a different model 
in splitting the world into regimes. Our framework would work as long as (1) assets 
exhibit different characteristics in the various regimes historically (e.g., higher returns 
in one regime versus the other), (2) these characteristics are believed to persist into 
the future, and (3) investors have the ability to forecast the likelihood of these eco-
nomic regimes. The following sections describe how the prior likelihood of regimes, 
investors’ views, and the posterior likelihood of regimes are computed. Finally, we 
describe how these likelihoods translate into asset allocation.

Prior Probabilities on Regime Likelihood

We elect to use surprises of inflation and real GDP growth against their market 
expectations to define our macroeconomic regimes. Our choice for this example is 
guided by evidence that both inflation and real GDP growth are main drivers of asset 
returns (see, e.g., Campbell and Viceira 1999; Campbell and Vuolteenaho 2004).  
In addition, it is well-known that investors consider both the levels and future possible 
trajectories of real GDP growth and inflation in their investment decisions, as is clear 
from the amount of time that financial news and commentators spend on discussing 
these two topics daily. In other words, asset returns have different characteristics in 
regimes characterized by different inflation and growth surprises.

Let xt and πt denote the actual real GDP growth rate and inflation rate, respec-
tively. We define ≡ −x x I tt tˆ ( | ( 1))E  and π ≡ π −I tt tˆ ( | ( 1))E  the expectations about xt and 

6 Economic growth and inflation are not the only variables that can be used to define economic 
regimes. Our framework can be applied to any set of variables that allow investors to discriminate returns 
across different economic regimes and for which investors are confident in their forecasting abilities. 
For example, if economic regimes defined on the Industrial Production Index discriminate returns well 
(i.e., there is variation in average returns across regimes), then this variable could be used.
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πt of an investor conditional on the information available until time t − 1. We define 
S x xx t t tˆ, ≡ −  as the surprise for the real GDP growth rate at time t; similarly, define 
S t t tˆ, ≡ π − ππ  as the surprise for the inflation rate at time t. For ease of notation, we 
drop the subscript t for the remaining of this section.

We assume the prior probability distribution of the surprises s = [Sπ Sx]′ is a 
bivariate normal

	 s( ) ,P N ( )= µ Σ 	 (1)

where m is the vector of prior means of surprises and S is their variance-covariance 
matrix. Based on the distribution defined in Equation 1, we can calculate the prob-
ability of being in each of the four economic regimes based on the direction (e.g., 
positive or negative) of the surprises. For example, the probability of being in the 
regime in which both inflation and GDP surprises are negative is

S S Fx sPr( 0 & 0) = (0,0)< <π

where Fs(⋅) is the cumulative density function of the bivariate normal with mean m and 
variance-covariance matrix S. The probabilities of being in the other three economic 
regimes are

S S S S S F F

S S S S S F F

S S S S S F F

x x x s s

x x s s

x x s s

Pr( 0& 0) = Pr( 0) – Pr( 0& 0) = ( , 0) – (0, 0)

Pr( 0& 0) = Pr( 0) – Pr( 0& 0) = (0, ) – (0, 0)

Pr( 0& 0) = 1 – Pr( 0) – Pr( 0 & 0) = 1 – (0, ) – (0, 0)

≥ < < < < ∞
< ≥ < < < ∞
≥ ≥ < < < ∞

π π

π π π

π π π

When we demonstrate our framework in the section “Empirical Examples,” we 
define the prior distribution for these economic surprises based on historical esti-
mates. More details on how we defined those surprises are provided in that section.

Investors’ Views on Regime Likelihood

We allow investors to express views on probabilities of being these regimes and 
find a distribution that is consistent with those probabilities. Let the investors’ views 
on probabilities be denoted as follows

S S v Q

S S v Q

S S v Q

S S v Q

x HGHI

x LGHI

LGLI

x HGLI

Pr( 0 & 0| )

Pr( 0 & 0| )

Pr( 0 & 0| )

Pr( 0 & 0| )
x

≥ ≥ ≡
≥ < ≡
< < ≡
< ≥ ≡

π

π

π

π

where Pr(Sπ ≥ 0 & Sx ≥ 0|v) is the probability of being in the regime with positive 
inflation and growth surprises according to investor’s views v. We assume that the 
distribution associated with the investors’ views is

	 v v( ) , ( )P N ( )= µ Ω ρ 	 (2)

	 diag diag( ) ( )
1

1
( )Ω ρ = Σ

ρ
ρ













Σ 	 (3)
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where mv = [mπ mx]′ is the mean of surprises associated with the investors’ views and 
Ω(r) is the variance-covariance matrix as a function of r, which is the correlation 
between the surprises. mv and ρ need to be calibrated.7

Let Fv(⋅) be the cumulative density function of the bivariate normal with mean mv 
and variance-covariance matrix Ω(r). Given mv and r, the probabilities associated with 
the distribution in Equation 2 can be calculated as follows:

S S F

S S S S S F F

S S S S S F F

S S S S S F F

x v

x x x v v

x x v v

x x v v

Pr( 0 & 0)= (0,0)

Pr( 0 & 0)= Pr( 0) – Pr( 0 & 0) = ( , 0) – (0, 0)

Pr( 0 & 0)= Pr( 0) – Pr( 0 & 0)= (0, ) – (0, 0)

Pr( 0 & 0)= 1 – Pr( 0) – Pr( 0 & 0)= 1 – (0, ) – (0, 0)

< <
≥ < < < < ∞
< ≥ < < < ∞
≥ ≥ < < < ∞

π

π π

π π π

π π π

We find the parameters mv and r such that the probabilities associated with the 
distribution in Equation 2 are the same as the investors’ views. Formally, we solve 
the following problem using standard numerical procedures:

	
− − ∞ − + − ∞ −

+ − + − ∞ −
µ ρ

Q F F Q F F

Q F Q F F

HGHI v v LGHI v v

LGLI v HGLI v v

v

min[ (1 (0, ) (0, 0))] [ ( ( , 0) (0, 0))]

[ (0, 0)] [ ( (0, ) (0, 0))]

2 2

2 2

,

	 (4)

Posterior Distribution on Regime Likelihood

The prior distribution is denoted by P(s) (see Equation 1) while investors’ views 
imply a conditional distribution P(v) (see Equation 2). To combine the investor views 
and the prior distribution, we consider a mixture of the two distributions. Specifically, 
we calculate the posterior distribution as

	 = − γ + γs v s v( | ) (1 ) ( ) ( )P P P 	 (5)

where g is a parameter that allows investors to determine how confident they are in 
their views. The confidence parameter g varies from zero (least confident) to 1 (the 
most confident). We elect to use the posterior distribution specified in Equation 5 
because of its clear interpretability: When investors are very confident in their views, 
their posterior should be closer to the distribution consistent with their views.8

Exhibit 1 provides a visualization of our framework. Panel A shows the prior distri-
bution of growth and inflation surprises that, in this example, places equal weights to 
the four economic regimes. In Panel B, we assume that investors have views about 
the probabilities of the four economic regimes that differ from the prior distribution.

We estimate the distribution that is consistent with investors’ views as explained 
earlier and we plot in Panel B of Exhibit 1. Using Equation 5, we combine the distribu-
tion implied by investors’ views and the prior distribution. Panels C and D show the 
resulting distributions for two different levels of investors’ confidence, g = 0.2 and 
g = 0.5, respectively. The effect of γ is intuitive. When investors are more confident 
in their views (i.e., higher gamma), the posterior probabilities are closer to investors’ 
views. Furthermore, the two panels show that a mixture of normal distributions can 
generate nonnormal distributions.

7 Equation 3 implies that Ω(·) can have a different correlation coefficient compared to the prior 
distribution from Equation 1, but it keeps the same volatilities.

8 We would like to point out that the prior, conditional, and posterior distributions defined in 
Equations 1, 2, and 5 have been assumed to be normal in this article but different distributional 
assumptions are possible. That is, our framework is flexible and can be applied to various definitions 
of economic regimes, priors, and conditional distributions.

Au
th

or
 D

ra
ft 

fo
r R

ev
iew

 o
nl

y



The Journal of Portfolio Management  |  7February 2023

Portfolio Allocation Given Posterior Probabilities

The final step of our approach is to design the optimal portfolio taking into 
account the posterior probabilities. In our approach, changes in the regime prob-
abilities lead to changes in the optimal portfolio allocation as asset returns have 
different characteristics across regimes. By using a regime-switching model, our 
framework allows for any type of allocation rule; that is, investors can use their 
preferred allocation rule (e.g., risk-parity, mean–variance, etc.) to build a portfolio. 
As noted, this offers more flexibility than traditional methodologies (e.g., BL) which 
are built around mean-variance.

To simplify, we discuss our methodology using mean–variance as an example, 
but our framework can be extended to other allocation rules. Assume that there are 

EXHIBIT 1
Visualization of Our Framework for Views on Economic Regimes

NOTES: This exhibit provides a visualization of our framework that proposes views on economic regimes (i.e., growth and inflation). 
Panel A plots the distribution of growth and inflation surprises that investors can estimate using historical information (the prior dis-
tribution). In Panel B, we plot the distribution that is consistent with investors’ views on probabilities of economic regimes (the views 
distribution). Panels C and D show the resulting distributions that combine the prior and views distributions for two different levels of 
investors’ confidence, g = 0.2 and g = 0.5, respectively.
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S economic regimes. Investors know the historical conditional expected returns ms 
and covariance matrices Ss for all s ∈ S as well as the probability that each of these 
regimes happen ps. Define ws be the vector of optimal weights if regime s were to 
happen with probability 1, and let w ≡ Ss∈S wsps. We can define a portfolio on the 
efficient frontier as follows:

	 ∑= ′ Σ
∈∈

w p w w
w s

s S
s s

s s S
s

arg min
1
2

*

{ }
	 (6)

subject to the following two constraints:

	 ∑ ∑′ µ = µ ′ =
∈ ∈

p w p w Is
s S

s s s
s S

s Nand 1 	 (7)

where µ is the required return and N is the number of assets. Solving Equation 7 
yields the following tangency portfolio (i.e., highest SR)

	
1

wu
u u

u u| |
*

1

1=
Σ µ
′Σ µ

−

− 	 (8)

where mu = Ss∈S psms, Su = Ss∈S psSs, and 1 is a vector of ones with the same dimension 
as mu.

Equation 8 is the standard solution for the optimal mean–variance portfolio 
using the probability-weighted expected returns mu and covariances Su. It follows 
that applying this methodology to other strategies (e.g., mean–variance with short 
sales constraints, maximum diversification, risk-parity, etc.) boils down to calculating 
the required probability-weighted statistics before applying optimization. That is, for 
mean–variance we required the calculation of both expected returns and covariances, 
for risk-parity investors should calculate only the covariances, and so on.

Our approach relies on investors knowing μs (conditional historical returns in our 
framework), Ss (covariance matrices) and ps (probability of regime s) for all economic 
regimes. In the section “Empirical Examples,” we used historical estimates for these 
variables. It is important that the differences of these estimates across regimes his-
torically are also representative of that in the future. There is large empirical evidence 
documenting that asset returns behave consistently through time in various economic 
regimes.9 On this basis, our setup—although simplistic—would demonstrate the 
benefits of our methodology.

EXAMPLE: A COMPARISON WITH BL

We compare the performance of our methodology and the BL model using Monte 
Carlo simulations. Our goal is to examine how forecast errors affect the performance 
of the respective methodologies. Specifically, we assume investors’ views are correct 
on average but are subject to forecast errors in each simulation. To apply our proposed 

9 For example, equity returns are more correlated and lower in bear markets than that in bull markets 
(e.g., Longin and Solnik 2001; Ang and Bekaert 2002; Ang and Chen 2002; Patton 2004), periods of 
high volatility are associated with low excess equity returns and high excess long-term bond returns 
(e.g., Turner, Startz, and Nelson 1989; Hamilton and Susmel 1994), and real rates tend to drop during 
recessions (Ang, Bekaert, and Wei 2008). The literature on the topic is vast and beyond the scope of 
this article.
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methodology outlined in the previous section, we use four economic regimes based 
on inflation and economic growth.

For each regime, we calibrate the annualized covariances and expected returns 
to empirical data on an equity index, long-term Treasuries, and an index of commodi-
ties.10 For this exercise, we set the true expected returns and covariances equal to the 
average of the historical conditional values in the rising growth scenario (i.e., average 
of rising-growth/rising-inflation, and rising-growth/falling-inflation) or equivalently that 
the probabilities of those two regimes are 50% each.11

The forecast errors are defined as follows. For BL, the expected returns’ forecasts 
are drawn from a very narrow multivariate normal distribution with means equal to 
the true expected returns and covariance equal to the true covariance (i.e., annual-
ized historical covariances) times 1/50, representing very precise forecasts. For our 
framework, we draw from a uniform distribution centered around the true values of 
probabilities and with a range of 20% (i.e., +/- 10% around the true value), repre-
senting nonprecise forecasts. The parameters chosen are admittedly arbitrary but 
they possess an important feature. The error we set in the BL model is very small 
while we allow for a considerable larger error in our framework. As we discuss in the 
following, we also consider various combinations of such parameters and show the 
implications for the relative performance of the two methods.

In order to evaluate the performance of the two approaches, we use the ratio 
between the SR of the strategy with views and without views. When investors have no 
views, the average ratios are equal to one for both our approach and BL. For either 
approach, an average ratio greater than one means the portfolio performs better 
with views on average.

We present our results in Exhibit 2. Panel A plots the distribution of SR ratios with 
views over SR without views. The blue and orange lines show the results for our model 
and the BL model, respectively. Both our model and the BL model have averages of 
SR ratio greater than one. This is expected because the views are on average correct 
for both methodologies. However, our framework generates a distribution that has a 
higher mean and is considerably more positively skewed. Panel A clearly shows that 
our approach generates more robust results.

To further show that our approach is more robust, in Exhibit 3 we plot the dis-
tribution of weights allocated to equities, fixed income (10-year government bonds), 
and commodities from the 1,000 simulations discussed earlier. Panels A and B show 
the distribution of weights when the BL and our approaches are used, respectively.

Exhibit 3 shows clearly that the dispersion of the weights is considerably larger for 
BL. For instance, the weights for equity are widely distributed between 0% and 60%, 
while the weight distribution for our model is smaller between 8% and 30%. For fixed 
income and commodities, we observe qualitatively similar patterns. Our results show 
the relative stability of our approach. This is a noteworthy result especially because 
the views (on expected return) used for BL are much more precise than the views (on 
probabilities) used for our approach.

The results presented in Panel A of Exhibit 2 and of Exhibit 3 are a function of 
our chosen parameters. To create an equivalence between the error in the BL model 
and the error in our framework, we conduct the following analysis. We fix the error 
range in our framework (e.g., 20% in the example described earlier in Panel A), and 
we seek the error in the BL model that generates the same average SR from 1,000 

10 We describe the data in detail in the section “Empirical Examples”.
11 Making an assumption on the true expected returns and covariances is required for the exer-

cise, but we point out that the results are independent from the assumption made. In other words, the 
results presented here are not affected by the assumption made about the true expected returns and 
covariances.
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simulations using the same methodology described earlier. We repeat this exercise 
for various levels of the error in our framework. Panel B shows that, when we use 
an error range of 20% for the error in our framework, investors using the BL model 
should have the error covariances of the expected return views equal to 1/264 of the 
annualized historical covariances of expected returns. When the error covariances 
in the BL model is 1/50 (as is the case in Panel A) of the historical covariances, it 
corresponds to an error range of approximately 55% in our framework.

In summary, our results clearly show that our methodology—which uses views on 
probabilities—can likely generate more robust results than BL because our approach 
is less sensitive to errors in views.

EXHIBIT 2
Distribution of Out-of-Sample SRs under Error

NOTES: Panel A plots the distribution of SRs implied by both our framework and BL. We use 1,000 simulations in this exercise. We 
assume that investors have views that are correct on average but subject to forecast error. For BL, the forecast error entails drawing 
expected returns from a multivariate normal distribution centered around the true values and covariance equal to the true covariance 
times 1/50. For our framework, we draw from a uniform distribution centered around the true values of probabilities and with a range 
of 20% (+/- 10%). For ease of readability, we report the distribution of the ratio between the SR using the views and the SR without 
views. We calibrate the covariance matrices and expected returns to empirical data on equities, fixed income, and commodities. Panel 
B shows the mapping between the error in our framework that leads to the same average SR using BL. For example, a +/- 10% range 
in our framework is equivalent to having a precision in BL approximately equal to 1/264 of the true covariance matrix (i.e., 264 times 
more precise than the actual distribution of returns).
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EMPIRICAL EXAMPLES

Data Description and Setup

We provide an empirical example to demonstrate 
our framework using returns of the S&P 500 (equity), 
the 10-year US government bonds (fixed income), and 
the Bloomberg Commodity Index (commodities). 12 We 
calculate excess returns using the three-month T-bill 
rate.

For our empirical example, we define economic 
regimes in terms of inflation and economic growth sur-
prises. We define inflation as the year-over-year (YoY) 
change in the Consumer Price Index and economic 
growth rate as the YoY change in the US real GDP. For 
both of these two variables, we use vintage data when 
available and realized values otherwise. The vintage 
data are sourced from the Philadelphia Fed. For esti-
mates of inflation expectation, we use the Survey of 
Professional Forecasters published by the Philadelphia 
Fed. For estimates of economic growth expectation, we 
use a simple five-year rolling average of YoY real GDP 
growth rate.13 We define economic surprises as the 
realized value minus its expectation. For brevity, in this 
article we also refer positive and negative surprises as 
rising and falling, respectively (e.g., a positive surprise 
in inflation can be referred to as rising inflation).

We report the summary statistics for average 
excess returns, volatilities, and correlations across 
the four regimes in Exhibit 4. Results are generally 
intuitive. For example, one would expect equities to 
perform the best in the rising growth and falling infla-
tion environment. As for (nominal) government bonds, 
they perform best in falling inflation environments 
and worst in rising inflation environments. Finally, 
commodities are commonly thought to perform well 
when the economy is growing and inflation is high. Our 
results are consistent with these intuitions.

It is important that assets have a considerably 
different behavior in the various regimes for our frame-
work to be effective. The appendix provides the results 
of a formal test for the difference in means and volatil-
ities of the assets across regimes. Our analysis shows 
that returns for equities, fixed income, and commod-
ities are (in most cases) statistically different across 
regimes, whereas only the volatilities of equities and 
fixed income are statistically different from each other 
in the various regimes.

12 Our approach can be extended to international countries. For brevity, we choose to focus on US 
data in this article, and we leave the analysis for international countries for future research.

13 We set the expected growth rate at time t equal to the average economic growth rate for the 
past five years. We also evaluated the Survey of Professional Forecasters for real GDP but found that 
they would not discriminate returns as well as using the five-year moving average. Because this is only 
an example, we elected to use the five-year moving average for real GDP.

EXHIBIT 3
Distributions in Portfolio Weights between 
Methodologies

NOTES: This exhibit compares the distribution in weights 
between our framework and BL’s from 1,000 simulations. 
The distributions of weights are generated using the same 
simulations as in Exhibit 2. Investors’ views are drawn from 
a distribution centered around the true value (i.e., their views 
are on average true but subject to error). Expected returns and 
covariances are from Exhibit 4. Panel A shows the distribution 
of weights when the BL approach is used. Panel B shows the 
distribution of weights when our framework is used. The colored 
boxplot (red for equity, blue for fixed income, and green for 
commodities) shows the distribution of weights. Specifically, 
for each asset class, the median is shown by a vertical line 
segment, and the innermost box covers the interquartile range 
(50% of the probability mass from the 25th to the 75th percen-
tile); the two incrementally smaller boxes cover additional 25% 
of the probability mass (i.e., together with the innermost box, 
they cover 75% of the probability mass); the next narrower box 
covers an additional 12.5% of the distribution, and so on until 
0.1% of the probability mass is left. All remaining observations 
are considered outliers and are drawn as individual points.
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Demonstration of Our Framework with Prescient Views

The goal of our empirical example is to demonstrate the historical benefits of 
tilting a portfolio using our approach when investors have prescient views on the 
future probabilities of different economic regimes. More importantly, our approach 
is without the use of forward-looking expected returns and covariances. Of course, 
if investors had reliable forecasts of expected returns, they could use BL directly 
instead. However, when investors do not have confident views of expected returns 
but have confident views in the likelihood of various economic regimes, our approach 
would allow them to include their views in portfolio decisions.

Although it is necessary that investors need ways to come up with those pre-
scient views, such discussion is not the focus of this article. Our aim is to provide 
a framework for tilting portfolios given views on the likelihood of economic regimes, 
similar to how BL provided a framework for tilting portfolios given views on assets’ 
expected returns.

Our demonstration procedure is as follows. We rebalance the portfolio yearly 
at the end of January for each year t. On every rebalancing date, we compute the 
monthly economic surprises from 1947 up to the end of December of the previous 
year (t minus one year) and use them to define historical economic regimes. We 
use the historical frequencies of those regimes to calibrate their prior probabil-
ities (see Equation 1). We then calculate the conditional expected returns and 

EXHIBIT 4
Conditional Excess Returns, Volatilities, and Correlations

NOTES: This exhibit shows the conditional excess returns, volatilities, and correlations for the assets used in this study. Equity indi-
cates the S&P 500 Index, 10Y Govt Bonds indicates the constant maturity index of 10-year US Treasuries, and commodities indicates 
the Bloomberg Commodity index. The four conditional regimes are: rising growth and rising inflation, rising growth and falling inflation, 
falling growth and rising inflation, and falling growth and falling inflation. For details on the estimation of conditional regimes, see 
“Data Description and Setup”.
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covariances for various assets under those economic 
regimes. When investors have no views, prior prob-
abilities are used to calculate the optimal portfolio 
weights denoted as wprior. When investors have pre-
scient views, we assume their views are equal to 
the probabilities of economic regimes in the follow-
ing 12 months and use them to derive the posterior 
probabilities of economic regimes.14 Based on those 
posterior probabilities, investors compute portfolio 
weights wview, which are tilted with respect to wprior.

We start our demonstration in 1999, which is 
the first full year for which we have vintage data for 
inflation expectations.15  For simplicity, we use the 
sample-based estimates of both expected returns 
and covariances. We use the standard mean–variance 
with short-sale constraints (MVO). Given the estimated 
probability-weighted expected returns µ̂ and covari-
ances Σ̂, the weights according to the MVO strategy 
are calculated by maximizing the SR subject to non-
negativity constraint16

	  ∑′µ

′Σ
= ≥ ∀











=

w
w

w w
w w iMVO

w
i

i

N

i: max
ˆ

ˆ
s.t. 1 and 0

1

	

		

(9)

where N is the number of assets.
Exhibit 5 displays the cumulative total returns for our demonstration using the 

strategies described earlier. We test our strategy from 1999 to 2019, and weights 
are rebalanced yearly.17  Exhibit 5 shows that, using MVO, our proposed methodology 
with prescient views leads to a portfolio strategy (shown in orange dashed line) that 
outperforms a portfolio built with no views (shown in blue solid line).

Over the demonstration period, the portfolio with and without views has an annu-
alized monthly excess return of 4.5% and 2.8%, respectively. The realized volatilities 
(annualized) of the portfolios with and without views are 6.6% and 6.3%, respectively. 
The outperformance achieved by our methodology with prescient views is 1.7% per 
year, and the SRs with and without views are 0.68 and 0.44, respectively. The port-
folio with prescient views also consistently outperforms the portfolio without views in 
five-year subperiods: 1999–2004, 2004–2009, 2009–2014, and 2014–2019. The 
outperformance (measured as excess return of the portfolio with views versus the 
portfolio without views) is 2.0%, 1.6%, 1.8%, and 1.0%, respectively.

To further analyze the sources of outperformance, we examine the portfolio tilts 
as a result of having views on probabilities of economic regimes, we compare the 
weights with and without views in Exhibit 6. The shaded areas in this exhibit depict 
the four economic regimes. The exhibit shows that, given prescient views, our meth-
odology intuitively underweight equities and overweight bonds through the Dot-com 

14 For this exercise, we assume a value of γ = 0.5.
15 For the calibration of the prior probabilities until 1999, we used realized data.
16 For ease of notation, we omit the subscript t for the vector of expected returns, covariances, 

and assets’ weights.
17 We use monthly data starting in 1947 with our demonstration starting in 1999 so that we have a 

long history to estimate the historical economic regimes and their assets’ statistics. Because strategic 
asset allocation tilts are meant to be infrequent, we elect to rebalance the portfolio annually.

EXHIBIT 5
Demonstration for Our Framework: Total Returns

NOTES: This exhibit plots the total returns for the demonstra-
tion of our framework using mean–variance. The assets used 
for this exercise are the S&P 500 Index (equity), the 10-year 
Treasury returns (fixed income), and the Bloomberg Commodity 
index (commodities). We assume that investors have prescient 
views on the probability of future economic regimes (growth and 
inflation) one year ahead. The orange dashed line and the blue 
solid line show the performance of a portfolio with and without 
views, respectively. We test our strategy from 1999 to 2019, 
and weights are rebalanced yearly.
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bubble of the early 2000s and the Global Financial Crisis of 2007–2008, both of 
which are falling growth environments. Our methodology overweights equities after 
2010 during the post–Global Financial Crisis recovery (e.g., rising growth). There is 
also an overweight on commodities from 2004 to 2008 during which inflation was 
elevated (e.g., rising inflation) and commodities performed well.

The demonstration suggests that our simple choice for the definitions of economic 
regimes leads to intuitive portfolio tilts given correct macroeconomic outlook (e.g., if 
investors’ views are correct and that the likelihood of falling economic growth is increas-
ing, our methodology will likely tilt their portfolio away from equities and into bonds).

EXHIBIT 6
Change in Weights over Time

NOTES: This exhibit plots the allocation to S&P 500 (equity), 10-year Treasuries (fixed income) and the Bloomberg Commodity index 
(commodities) for the demonstration described in Exhibit 5. Panels A, B, and C show the weights allocated to equity, fixed income, 
and commodities, respectively. Weights are rebalanced yearly, and the demonstration period is from 1999 to 2019. The shaded areas 
show the four economic regimes. The abbreviations R, F, and Inf stand for rising, falling, and inflation, respectively.
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CONCLUSION

BL (1992) is arguably the most known approach to incorporate investors’ views 
on asset returns in portfolio construction decisions, and many have improved upon 
BL’s seminal idea to allow for views on assets’ volatilities, correlations, or factor 
returns and covariances. A common characteristic of all these methodologies is that 
they require views to be expressed directly on expected returns or covariances, but 
this poses a serious limitation: Investors need to provide point estimates of either 
expected returns, which are notoriously difficult to forecast, or covariances.

In this article, we bypass this problem by providing a novel methodology that 
requires investors to instead express their views in terms of probabilities of eco-
nomic regimes, which—for some investors—could be more intuitive to determine. 
Our approach could be more readily applicable for investors because asset manag-
ers often discuss the future economic outlook by analyzing the likelihood of various 
macroeconomic scenarios. Using our methodology, asset managers can input their 
macroeconomic views directly into our framework without the need to translate them 
to expected returns and covariances as required by existing methodologies. Last, our 
methodology endogenously translates views on economic regimes to the portfolio 
weights using investors’ preferred portfolio construction method.

Although our methodology is flexible and can be applied to any definition of eco-
nomic regimes, we focus on two macroeconomic variables—inflation and real GDP 
growth—in our empirical demonstration. Using four economic regimes based on 
inflation and economic growth surprises, we demonstrate empirically that our meth-
odology can improve portfolio performance when investors have prescient views on 
the likelihood of economic regimes. Our simulation results show that our approach 
is robust against forecast errors, which is important for practical applications.

APPENDIX 

TESTING RETURNS AND VOLATILITIES ACROSS  
DIFFERENT REGIMES

This appendix provides a formal test for the difference in means and volatilities 
of the assets across regimes. In Panel A of Exhibit A1, we test whether the mean 
expected returns of the three asset classes—equity, 10-year bonds, and commod-
ities—are different across regimes using the Tukey Honest Significant Difference 
(HSD) test at the 5% significance level. 18  Panel A shows that the null hypothesis is 
rejected most of the time for our asset classes, suggesting that their means are 
likely different across regimes.

To test whether the volatilities of equity, 10-year bonds, and commodities vary 
across economic regimes, we use Levene’s test. The null hypothesis is that the 
volatilities of a given asset class across economic regimes are jointly equal: sX,HGHI = 
sX,HGLI = sX,LGHI = sX,LGLI, where sX,r is the volatility of asset class X in economic regime r. 
HGHI denotes positive surprise (H) to growth (G) and positive surprise (H) to inflation 
(I), while HGLI denotes, positive surprise (H) to growth (G) and negative surprise (L) 
to inflation (I), vice versa. Panel B of Exhibit A1 shows that the test rejects the null 
hypothesis for both equity and 10-year bonds because both asset classes exhibit 

18 We elect to use the HSD test rather than pairwise t-tests because the HSD test was developed 
to adjust to the significance level for individual tests when simultaneous statistical inference for several 
tests is being performed. It is well-known that, when testing multiple hypotheses, the chance of observing 
a rare event increases, which also increases the Type I error (i.e., incorrectly rejecting a null hypothesis). 
Our null hypothesis is that all means for a given asset class are the same across economic regimes.
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very low P-values. For commodities, the test cannot reject the null hypothesis of 
volatilities being equal across regimes.

Overall, because our definitions for economic regimes are able to discriminate 
asset returns and risks reasonably well, they are appropriate for the empirical demon-
stration of our framework, which is described in the section “Demonstration of Our 
Framework with Prescient Views”.
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