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Abstract
We investigate the role of sectors on the performance of smart beta products during
the COVID-19 crisis. Cross-sectional differences in excess returns (versus a market
capitalized portfolio) are driven by strong exposures to COVID-19-related industry
rotation, rather than to long-term structural causes.
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1 Introduction

The arrival of COVID-19 created significant stress in equity markets and led to consid-
erable underperformance of smart beta products that often have been sold to investors
as cheap alpha as noted in (Amenc 2016). We document smart beta and ESG returns
during different stages of the still ongoing crisis and relate them to the underlying
(unprecedented) industry rotation induced by the COVID-19 pandemic. The objective
of our paper is to find evidence for our conjecture that smart beta returns have been
heavily impacted by a crisis specific industry rotation, that cannot be generalized. Rel-
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ative winners (loser) might just have been coincidentally exposed to the right (wrong)
sectors.1

Where do we derive our conjecture from? Industries differ with respect to the
products they produce (business risk) as well as to their capital structure (financial risk,
funding risk). We would therefore expect that industries display different sensitivities
tomacroeconomic factors, i.e., business cycle risks. As every crisis unfolds differently,
it leaves its specific marks in the underlying shifts in relative industry performance.
(Lamont 2001) and (Hong et al. 2007) show that industry returns can be used to build
economic tracking portfolios (i.e., portfolios that track macroeconomic variables like
gdp, inflation or consumption). (Hou and Robinson 2006) find that the industry return
premium for industry concentration moves systematically with the business cycle and
(Chou et al. 2012) show that returns on HML (Fama-French value factor) are driven
by inter-industry exposures.

In order to test our conjecture, we follow the work by Paganao et al. (2020) and
define incubation, outbreak, fever and (a new) treatment period in Sect. 2. For the two
most volatile periods (fever and treatment) we compute ex-post optimal long/short
industry portfolios to compute best case industry exposures. We take these weights
and backcast them through time to calculate return series for both portfolios. This
allows us to explain the variation in excess returns as a function of hidden risk drivers:
industry portfolio and market portfolio exposure2 in Sect. 3. Given exposures (betas),
we employ (Black et al. 1972) two-stage regressions to attribute the performance of
smart beta and ESG returns to exposures to market beta and industry rotation in Sect.
4. In Sect. 5 we validate our results using traditional performance attribution. Section
6 concludes.

2 The year of the virus: from incubation to treatment

2.1 Time frames and data

Our main analysis focuses on the reaction of smart beta portfolios on the perfor-
mance differential between crisis resilient vs. not resilient sectors during and before
the COVID-19 outbreak. We focus on the US market for reasons of data availability,
importance in investment portfolios (large weighting of US stocks in global market
indexes) as well as academic comparability. In order to be consistent with the latest
academic research on the stockmarket response to the COVID-19 crisis, we follow the
taxonomy by Paganao et al. (2020). We study factor returns in the first half of 2020 by
closely analyzing three sub-periods: incubation (January 2, 2020, through January 17,
2020), outbreak (January 20, 2020, through February 21, 2020) and fever (February
24, 2020, through March 20, 2020). These periods have been initially identified by
Ramelli and Wagner (2020), who document the chronological ordering of events that
were crucial in the development of the virus. In contrast to other studies we consider
a fourth period (March 23, 2020, through June 30, 2020), that we call the treatment

1 We regard our paper as a case study (and reminder) on the importance of industry risk in equity portfolios.
2 See (Auget et al. 2018) on the impact of sector and market risks on smart beta returns.
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period. From February 26, 2020, onwards, investors received a constant stream of
announcements regarding vaccine developments and treatment options. The Biotech
company Gilead Sciences, Inc. announced the initiation of two Phase 3 clinical studies
to determine the safety and efficacy of Remdesivir as a potential treatment for COVID-
19. Weeks later, on March 16, 2020, it was the clinical biotech companyModerna, Inc
who announced that the first participant had been dosed in the Phase 1 study of the
company’s RNA vaccine. In addition, an unprecedented fiscal and monetary stimulus
has been provided provided by governments and central banks.3

We obtain daily MSCI data for the six smart beta indices: multi-factor, value,
momentum, quality, size and minimum volatility (for January 2000 to June 2020).
The MSCI factor indices incorporate a long only implementation, use transparent
construction methodology, and are (to some extent subject to debate) backed by aca-
demic research. They can be directly accessed by investors via exchange traded funds
(ETFs). MSCI factor indices are widely used in the investment industry which gives
them quasi-benchmark status. Approximately, USD 236 billion in assets are estimated
to be benchmarked to MSCI Factor indices.4

We also retrieve daily risk free rates from the FRED (Federal Reserve Economic
Data - St. Louis FED) database. For the industry representation, we use the S&P Dow
Jones sector indices. S&P organizes US companies based on their principal business
activity in 11 sectors. These sectors represent the Global Industry Classification Stan-
dards (GICS) which were introduced by S&P and MSCI in 1999. The standards seek
to offer an efficient investment tool to capture the breadth, depth and evolution of
industry sectors. S&P Indices enjoy great popularity in the investment industry as
well. S&P DJI licenses indices to more than 550 financial institutions worldwide to
build investment products linked to their indices.5

In the final section of our analysis, where we analyze sector effects on ESG invest-
ments, we retrieve four versions of MSCI ESG indices.

1. The ESG Screened Index, which represents a “light” version of ESG integration.
It excludes companies of common concern to investors while seeking to maintain
a profile similar to market cap indices.6

2. The MSCI ESG Enhanced Focus index, which seeks to maximize its ESG profile
and reduce its carbon exposure while maintaining risk and return characteristics
close to the underlying parent index.7

3 The Federal Reserve announced its excessive bond buying program on March 23, 2020, to support the
economy with a significant impact on equity market performance and sentiment: www.federalreserve.gov/
newsevents/pressreleases/monetary20200323b.htm
4 Source: MSCI: www.msci.com/factor-indexes. Total expense ratio of the investable ETFs related to these
indices are not taken into account in the performance of the MSCI indices
5 Source: S&P Dow Jones Indices (www.spglobal.com).
6 Source: MSCI (www.msci.com/esg-indexes). The screened index is a low tracking error index and aims
to exclude companies associated with controversial, civilian, nuclear weapons and tobacco, that derive
revenues from thermal coal and oil sands extraction or that are not in compliance with the UNGC principle.
7 The index is constructed through an optimization process, that subject to a low tracking error, aims to
maximize its exposure to companies with strong ESG profiles, reduces Carbon Exposure by 30% compared
with the parent index and excludes exposure to Controversial Weapons and Tobacco Producers.
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3. TheMSCI ESGLeaders Index, which uses a best-in-class approach by only select-
ing companies that have the highest MSCI ESG Ratings in each sector. Overall
the indices target a 50% sector representation vs. the parent index.

4. The MSCI SRI Index, which currently offers the largest exposure to the highest
ESG rated companies by targeting only a 25% representation versus the parent
index.8

The data are chosen to resemble the current practice of smart beta and ESG investing
in the asset management industry.

2.2 Industries

We document the dispersion of industry returns in reaction to the COVID-19 spread in
Fig. 1. We start with the fever period. Industries are sorted with respect to their relative
performance to build winner and loser portfolios. Loser portfolios consisted of energy
stocks (fall in output), financials (low rates and credit exposure), industrials (disruption
of supply chains) and real estate (reduced estimates for office space or high end city
apartments). Energy stocks had to bear the largest adjustment of −32% (rerating
of global growth and energy demand). While consumers cut back on discretionary
spending (restaurants, vacation, cars,...), expectations on economic growth have been
rescaled and the most growth sensitive sectors were repriced. Winners during the
fever period have been health care (vaccination and treatment hopes), information
technology (business with little client interaction) and consumer staples (stocking up
home supplies).

With the advent of monetary policy support and fiscal policy hopes, a new pat-
tern emerged (called K-shaped recovery in the public press). Clear winners were
information technology (working from home), discretionary consumption (home
improvements including home office infrastructure) and energy (rebound of global
growth). Clear losers during the treatment period were defensive, low beta sectors
(utilities, consumer staple) as well as financials (rising credit loss provisions).

During fever and outbreak period (absolute) return movements have been elevated
and dispersion remained high. This was not the case during incubation and outbreak
period. The market moved quickly within the fever period and shifted its focus into
the treatment period. It did not anticipate these movements in (the earlier) incubation
and outbreak periods.

How does the long-term performance of COVID-19 winner minus loser portfolios
look like? To answer this question we build long/short industry portfolios for the fever
and treatment period. Portfolios are long the top 5 industries (equal weighted) based on
their cumulative performance ranking and short the bottom 5 industries. Once we have
the membership lists for our specific portfolios, we can compute their daily returns for
the period January 1, 2000, to June 30, 2020. The cumulative performance for ex-post
optimal fever (R f ) and treatment (Rt ) portfolios are given in Fig. 2. Looking at the data
we make two important observations. First, both portfolios offer no long-term reward,
i.e., the average return of both portfolio across the last 20 years is close to zero. As

8 The best-in-class indices SRI and ESG Leaders both offer higher ESG profiles but also show a higher
tracking error and portfolio concentration.

123



Covid-19 and smart beta 519

Fig. 1 Industry dispersion. We plot active cumulative industry returns (GICS S&P classification), i.e.,
performance relative to market returns for all four non-overlapping periods, from incubation to treatment.
Industries are sorted with respect to their relative performance within the fever period

such they are two typical industry long/short portfolios, offering no systematic reward
for taking on industry risk. Second, we find the fever period (winner minus loser)
portfolio to offer some form of crisis hedge (it performed well in 2008, but lost almost
all performance in 2009). However, since the end of the great financial crisis in 2011,
this portfolio has performed remarkablywell and recovered all its earlier losses.Almost
the reverse is true for the treatment portfolio that displays strong performance in the
first half of our sample and weak thereafter. The fact that both portfolios performed
badly during the 2000 to 2003 tech bubble burst, supports our conjecture, that each
crisis unfolds differently and hence creates different sector winner and loser.9 Over
the whole sample, both portfolios display almost zero correlation (equal to −0.02),
while in 2020 (January to June) the correlation dropped to −0.43. Both portfolios
experience annualized volatilities of 12.5% (fever) and 11.5% (treatment) for the full
sample period (January 1, 2000, to June 30, 2020). The purpose of defining both
portfolios is to understand the impact of industry rotation on smart beta and ESG

9 “Appendix A” elaborates on this point by showing that indeed industry movements during the COVID-19
crisis have been highly unusual as well as historically unique.
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Fig. 2 Industry Rotation Portfolios. We plot the cumulative wealth of two long/short portfolios defined as
fever and treatment winner minus loser portfolios. Each portfolio is defined ex-post, i.e., by going long the
top (bottom) five industries for the respective time period. Long and short positions each add up to one. All
positions are equally weighted

returns. We will use both portfolios in the following sections, to better understand the
variation in active smart beta returns.

2.3 Factors

Howdid factors perform during the COVID-19 crisis?We start with smart beta factors.
In order not to handpick product providers, we use daily, quasi-benchmark MSCI data
(MSCI Multifactor, Value, Size, Quality, Minimum Volatility and Momentum) for
the time periods defined above. Figure 3 displays active factor returns (factor return
minus market return), where factor returns are sorted with respect to their relative
performance within the fever period. We find that quality and minimum volatility
investing performed well within the global market sell-off labeled as fever period.
This is due to the flight to quality (profitable stocks with limited leverage) and the low
beta characteristic of minimum volatility investing. The reverse is true for a period of
ample liquidity and rising markets (treatment period), where quality and low volatility
are less important stock characteristics. Not surprisingly, small caps and momentum
performwell in this scenario. Value stocks did not perform in either fever period (value
company typically expose investors to default risk), or treatment period (capital stock
of value firms is difficult to adjust to a still pandemic world). We also find in the data
what many investors experienced in their portfolios. Diversified multifactor offerings
could not outperform in any scenario. Finally, we add ESG data to our analysis, for
two reasons. First, asset inflows in products targeting environment (E), social (S) and
governance (G) themes are at historical highs, while there is still a big confusion
regarding the definition on what ESG represents. Part of this is due to the arrival
of preference-based investors, but parts are also due to the ex-post (out)performance
results, that seem to attract new investors. Second, the academic literature suggests
that ESG represents factor exposures in disguise as argued in (Ang et al. 2020). We
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Fig. 3 Factor dispersion. We plot active cumulative factor returns (MSCI factor definitions), relative to
market returns for all four non-overlapping periods from incubation to treatment period. Factor returns are
sorted with respect to their relative performance within the fever period

plot the active ESG performance (performance relative to market returns) in Fig. 4.
In contrast to traditional factors, ESG portfolios outperformed in literally all periods,
with the exception of ESG leaders in the treatment period. Performance differences
are also a function of risk taking. The ESG SRI index only targets a 25% market
capitalization, which results in large active risks and hence in potential large out- or
underperformance.10

3 Industry rotation

How much of the variance of active returns can be attributed to the industry rotation
in 2020? In order to find out, we run a standard OLS-regression in the form of Eq. (1)
where we regress factor returns (Ri ) against the market return (in excess of the risk
free rate, c) and the long/short period winner portfolios Rfever and Rtreat.

(Ri − Rmkt) = α + βm (Rmkt − c) + βfeverRfever + βtreatRtreat + ε (1)

10 The persistent underperformance of the value factor and the simultaneous outperformance of ESG is
striking. It is well known that ESG must display risk adjusted underperformance in equilibrium as proven
in (Pastor et al. 2020). However, the authors also showed, that an unexpected shift in ESG preferences can
lead to transitory ESG outperformance. (Ardia et al. 2020) find confirming evidence. Could this be the
reason for values demise?
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Fig. 4 ESG dispersion. We plot active cumulative ESG returns (MSCI ESG definitions), relative to market
returns for all four non-overlapping periods from incubation to treatment period. ESG returns are sorted
with respect to their relative performance within the fever period

The dependent variables (left hand variables i) are daily active returns of factor indices
(measured in excess of market returns). We start with Panel (a) in Table 1 for the
precrisis period up to December 31, 2019. We find that on average 26% of their excess
return variation is explained by passive exposure to market and industry portfolios.
Clearly, there is a substantial portion of hidden (unintended) sector exposure within
the set of factor indices. What is the rationale behind these exposures?

We start with the value factor. Despite the fact that MSCI addresses the pitfalls of
value investing by using a more diversified definition of value (other than only using
book to price), the value factor in the US has been performing poorly since the global
financial crisis in 2008.11 In our case the value factor’s loadings on both industry
rotation portfolios are significantly negative. This is not surprising. Value stocks are
typically cyclical, high beta, high leverage and low cash companies. Investors have
been avoiding those companies not only during the COVID-19 outbreak in 2020 but
also prior to the crisis.12 The momentum factor shows small and positive exposures on
both portfolios. However, only the beta to a backcasted fever portfolio is significant
and the explanatory power of our model for momentum is negligible. Momentum

11 MSCI uses three descriptors to build the value factor: book value to price, 12-month forward earnings
to price and dividend yield. Recent research shows that book-to-price has been an incomplete model of
defining the intrinsic company value as argued in (Lev and Srivastava 2019).
12 Ramelli and Wagner (2020) show that especially during the fever period investors saw corporate debt in
value firms being more problematic.
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follows many themes depending on their prevalence in the data, rather than a time
invariant industry exposure.13With its defensive character (targeting companies with
low leverage, stable earnings and high profitability) the quality factor displays a highly
significant and large (0.186) exposure to the fever portfolio, which essentially is a
quality portfolio.14 Minimumvolatility is by construction a defensive factor. It displays
a lack of beta (−0.14) and will perform well when defensive sectors shine.15 Finally,
we find size to underperform in periods of market stress (beta of −0.24), i.e., when
a defensive mix of industries in the fever portfolio does well. The “alpha” for all
regressions is either significantly positive or insignificant at worst supporting the long-
term value of factor investing.

After having established a baseline for the industry exposure of factors in normal
times, we repeat the above regression analysis for the crisis period starting January
1, 2020, through June 30, 2020. Table 1, Panel (b) reports regression results for
individual factor indices in 2020. All betas increase considerably and so does the
explanatory power of our regression. Between 33% and 76% of (active!) return vari-
ation is explained by our parsimonious model. Only momentum and quality factor
are positively exposed to a fever portfolio. Interestingly the momentum factor has
performed well during this crisis, because it has been loading up on quality stocks for
quite some time before (given the persistent outperformance of those stocks in the run
up to the crisis). The value factor instead has been hit hardest. It did neither perform
on the way down (exposure to cyclical sectors), nor on the way up as typical value
industries rely on physical capital stocks that are hard to recalibrate to the changing
composition of consumer demand (in the treatment period). Minimum volatility dis-
plays a negative loading on the treatment portfolio. This does not surprise. However,
the equally negative loading on the fever portfolio deserves some explanation. Why
did a low volatility portfolio underperform the market, when the fever portfolio was
outperforming? Even though the fever portfolio has a defensive character, it com-
prises not only the defensive (bond proxy) sectors but also high beta - growth sector
(stocks) like technology. Hence, the fever portfolio contains the major sectors that
the minimum volatility strategy includes, but it goes beyond that having exposure to
the sectors that have gone through a regime change in their profitability profile (e.g.,
glamour stocks) as argued in (Agrawal and Nigro 2020). The size factor loading on
a fever portfolio during the crisis is negative, economically large (twice as large as in
the pre-crisis period) and statistically significant (beta value of −0.53 with a t-value
of around 10). Together with a positive loading on the treatment portfolio we interpret
this as evidence that excess returns on size are likely to be driven by liquidity. Our
results are consistent with academic findings claiming that size is a proxy for a liquid-
ity effect and any size premium can be well captured by a direct liquidity measures as
in (Israel et al. 2018). The multifactor portfolio results are self-explanatory, since this

13 MSCI uses two descriptors to capture the momentum factor: 6 and 12months risk adjusted excess return.
14 MSCI uses three descriptors to capture the quality factor: return on equity, debt to equity and earnings
variability. There is no commonly accepted definition of quality as argued in (Hsu et al. 2017). Within the
MSCI methodology the quality factor selects companies, that sit on the short leg of the value factor. This
explains the performance differential between both factors.
15 MSCI constructs a minimum volatility portfolio using an optimization designed to produce an index
with the least overall volatility within a given set of sector, country, and factor constraints.
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factor simply blends all specific factors.16. During the COVID-19 crisis onlyminimum
volatility and quality factor have significantly positive alphas. This is consistent with
their crisis hedging properties.

In summary: factors periodically load on (unintended, non-priced) industry risks.
This might frustrate investors at times, but should be treated as noise relative to the
well documented long-term rewards of factor investing.

4 The cross section of smart beta returns

In this section, we want to explain the cross section of smart beta returns. We include
ESG returns for economic as well as statistical reasons. Economically, ESG portfolios
showed significant outperformance versus US benchmark returns during the COVID-
19 crisis (see Fig. 4). In addition ESG portfolios are shown by (Ang et al. 2020) to be
driven by factor allocations (short small caps and value, long quality and low vol) as
well as structural industry positions (long technology, short consumer discretionary
and energy). After all ESG portfolios have been the clear winner during the COVID-19
crisis and hence have seen large inflows. Statistically, we increase both the number of
cross sectional data points (more degrees of freedom) aswell as addingmore dispersion
across betas. In particular, the latter point is important for reduced estimation error as
shown in Ang et al (2020b).

Can different exposures to industry rotation portfolios (fever and treatment) explain
the cross section of (out)performance? To analyze this conjecture, we borrow two pass
regressions introduced by Black et al. (1972) from the asset pricing literature. First,
we regress (first-pass regressions) active asset returns against market excess returns
as well as our factor rotation portfolio returns using separate (univariate) regressions.
Second, we regress (2nd-pass regression) average outperformance versus betas, to
investigate howmuch of the cross-sectional variation in performance can be attributed
to exposures to COVID-19-related industry rotation. We either predict returns, using
market betas alone (“CAPM”) in Panel (a)

r̂ = βmkt̂λmkt (2)

or using market betas as well as sector rotation portfolio betas (“CAPM plus factor
rotation) in Panel (b).

r̂ = βmkt̂λmkt + βfever̂λfever + βtreat̂λtreat (3)

Figure 5 graphically summarizes our results. We plot average outperformance (y-
axis) versus model fitted return (x-axis). Panels differ with respect to beta exposures.
The 45◦ (blue) line represents the location where predicted model returns and average
realized outperformance coincide. If all points would plot on this line, themodel would
perfectly explain the cross section of returns and the cross-sectional r -squared would
equate to one.17

16 We use the MSCI USA Select factor mix as a representation for multifactor investing
17 While two pass regressions have been first applied to large cross-sectional equity data sets, they are
now commonly to much smaller numbers of cross-sectional units as shown in (Lettau et al. 2020). Even
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Fig. 5 Cross-sectional return differences: From Fever to Treatment period (February 24 to June 30, 2020).
We regress individual betas (fromfirst-stage univariate regressions) against realized average outperformance
and plot fitted returns (model expected outperformance) versus realized average outperformance. The 45◦
line defines a perfect fit where model expected outperformance equals average outperformance. Return
figures are annualized

Using market and industry betas works well for the crisis period in Fig. 5 Panel
(b). Average returns are nicely stretched and aligned with model returns, while relying
on market beta alone does not explain the dispersion of returns at all in Panel (a).
However, we must be careful with eyeballing, as fitted returns also differ with respect
to the number of regressors. We need a more formal measure.

It iswell known that the adjusted R̄2 (adjusted for degrees of freedom, i.e., number of
regressors) represents an invalid measure of quality for time series asset pricing model
as it measures how much variance of a time series is explained by a set of factors.
This is of interest for risk models (it measure the time series variation of returns),
but not for modeling the cross section of returns. However, in a cross-sectional model
(regress average returns across factor exposures, i.e., betas), the R̄2 remains useful.
It directly measures how much a model (generating conditional returns) explains the
cross-sectional variation in (unconditional) returns. We will hence look at R̄2 for
above regressions to arrive at a quantitative measure for the improvement of fit (rather
than eyeballing). For the heart of the COVID-19 crisis we find R̄2 = −0.11, when
regressing average returns againstmarket betas alone (and no intercept). Excessmarket
betas do not explain the variation in average outperformance at all. However, when
adding betas on fever and treatment portfolios we find R̄2 = 0.66. Loadings to fever
and treatment portfolios explain the relative performance of smart beta andESG returns
well,. This confirms the much tighter dispersion seen in Panel (b) of Fig. 5, but now

though our sample size is small (10 cross-sectional units) the regression coefficients on fever and treatment
portfolio betas are significant at the 1% respective 5% level. Adding betas to ESG indices does not change
the slope coefficients but materially increases statistical significance.
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adjusted for the increase in the number of regressors (from one to three).18 We cannot
recover these result for the full sample period.19

5 Validation via performance attribution

So far our central claim has been that sector movements have dominated the cross-
sectional return differences across smart beta products during the COVID-19 crisis.
The methodology used in the previous sections has many advantages. We did not need
to directly observe sector weights within smart beta products. These data are often
difficult and expensive to obtain. As we used long/short zero investment portfolios of
traded assets we were also able to make use of well-established asset pricing theory.
In addition, we did account for different industry rotations across time. Finally, it
allowed us to perform risk adjusted performance analysis with respect to betas rather
than traditional performance attribution.However, a potential problem for our previous
method is spurious correlation between long/short sector portfolios and active returns.
If these long/short portfolios proxy for other risk factors, it would make the industry
interpretation difficult to maintain.

To tackle this issue, we use traditional (Brinson-type) performance attribution. For
this purpose, we gather times series of daily sector weights for the previously ana-
lyzed smart beta products as well as for their benchmark (MSCI US). This allows us
to approximate the contribution of sector allocation to the benchmark relative perfor-
mance of smart beta products. We compute returns to sector allocation for a particular
smart beta product at time t (r smart−β

allocation,t ) as the sum of active industry weights multi-
plied by market weighted industry returns, ri,t

r smart−β
allocation,t =

11
∑

i=1

(

w
smart−β
i,t − wmkt

i,t

)

ri,t (4)

Active industry weights are the difference between industry i’s weight in a particular
smart beta index (wsmart−β

i,t ) minus the corresponding weight in the MSCI US bench-

mark index (wmkt
i,t ). On the 24th of March 2020 the MSCI Value smart beta index was

−21% underweight the information technology sector (relative to the MSCI USA).
At the same time it was about 8% overweight financial stocks. We can see that returns
to sector allocation during COVID-19 can be material.

We provide amore complete picture of differences in active industry weights in Fig.
6. For each smart beta index (color code in legend) and each industrywe show boxplots
for active industry weights to provide an impression on the cross sectional differences
in sector weightings. We use daily data from MSCI for the period February 24 to

18 We also test, whether the unbiasedness assumptions (zero intercept) of our regressions are satisfied, but
found all regression intercepts statistically irrelevant, when included. In other words our “asset pricing”
model consists only of random, but not systematic mispricing.
19 Adding betas for fever and treatment portfolios for the period January 2000 to June 2020 did not improve,
but rather lower the models ability to explain unconditional returns. The explanatory power dropped from
26% to 19% after adding fever and treatment portfolio betas as explanatory variables for the cross section
of returns.
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Fig. 6 Distribution of active industry weights For each smart beta index (color code in legend) and each
industry we show boxplots for active industry weights to provide an impression of the cross-sectional
differences in sector weightings. We use daily data fromMSCI for the period February 24 to June 30, 2020.

June 30, 2020. Active industry weights across smart beta concepts are considerably
different in every sector, but the most striking difference takes place in information
technology, where minimum volatility, size and value display the largest deviations
across all sectors and smart beta indices. The same is true for the quality factor. While
almost all activeweightings are stale, i.e., activeweights do not update due to the arrival
of new information this is not true for the momentum index. Momentum weights have
been updated aggressively due to changes in relative performance as we can see from
the width of boxes. This effect has been largest in health care, information technology
and utilities.

We already know the active returns for each smart beta product

r smart−β
active,t = r smart−β

t − rmkt
t (5)

and therefor define the impact of security selection as the difference between active
returns and returns arising from differences in sector allocation.20

r smart−β
selection,t = r smart−β

active,t − r smart−β
allocation,t (6)

20 This is an approximation. In the absence of smart beta specific sector returns, we allocate the entire
cross-term (difference in weights times difference in sector performance) to security selection.
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Table 2 Performance attribution Performance attribution as derived from Eqs. (4) to (6)

Multi-factor Minimum volatility Value Momentum Quality Size

Panel (a): February 24, 2020, to June 30, 2020

r smart−β
active −5.65 −6.71 −10.84 3.58 3.23 −5.80

r smart−β
allocation −0.75 −3.51 −6.21 1.52 5.48 −3.52

r smart−β
selection −4.90 −3.19 −4.64 2.05 −2.25 −2.28

R̄2 17.62% 63.15% 87.51% 77.07% 61.39% 62.68%

Panel (b): February 24, 2019, to June 30, 2019

r smart−β
active −3.90 1.98 −2.37 2.08 1.60 −1.91

r smart−β
allocation −0.45 −0.16 −1.14 −0.22 1.50 −0.45

r smart−β
selection −3.45 2.13 −1.23 2.30 0.10 −1.46

R̄2 10.36% 86.87 78.99% 66.45 60.75% 27.73

We use daily data for market weighted industry returns, smart beta sector weights andmarket sector weights
for the period from24th of February to the 30th of June in 2019 and 2020.All data are fromMSCI, employing
the GICS framework (11 industries)

In addition, regressing r smart−β
allocation,t against r

smart−β
active,t provides us with a measure of how

much of the variation of a smart betas active returns is due to variations in sector driven
return differences.

The results from our analysis are given in Table 2 panel (a) for fever and treatment
periods in 2020. We see that minimum volatility underperforms quality by about
10% (3.23%+6.71%), but this difference is mainly due to sector driven performance
differences. Sector allocation accounts for around 9% (5.48%+3.51%) while security
selection (choosing quality stocks versus min vol stocks, instead of choosing quality
sectors versus min vol sectors) only adds up to 1% (−2.25%+3.19%). These results
repeat itself for virtually all smart beta pairs with the exception of momentum. Here,
the results are less clear cut as momentum involves more frequent updating, i.e., less
static sector exposures. Finally, we see that sector risks explain a large fraction of
active return variance for all smart beta indexes apart from multi-factor. The reason
for this deviation are the much smaller sector differences of a diversified smart beta
product. Smart beta specific sector biases net out after aggregation. We see this from
the data in Fig. 6.

How do these results compare with previous periods? For a quick comparison we
employ the same time period for 2019 in panel (b). Here, minimum volatility and
quality perform almost identical, while sector allocation and security selection show
opposite signs.Multi-factor underperforms quality by 5.5%, but only 1.95% arise from
sector allocation. In general, we find that sector allocation returns are considerably
smaller in panel (b) than in panel (a), not only in an absolute sense, but also relative
to security selection.
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6 Conclusion

We find that a substantial fraction of smart beta and ESG returns (as well as their
variance) can be attributed to the unprecedented industry rotation that occurred dur-
ing the COVID-19 fever and treatment period. Covid-19 induced industry rotations
explain both the cross section of returns as well as factor variance. Each crisis creates
its own industry rotation. Smart beta relies on the identification of systematic risks
that investors don’t want to hold and therefore those risks demand a risk premium.
Investors need to realize that smart beta products expose them to coincidental sec-
tor risks that can have dramatic impacts on their performance. Benchmark relative
investors that cannot bear the additional volatility arising from mainstream smart beta
products, should invest into sector neutral versions of the same smart beta style. Recent
(underperformance) is uncomfortable but a poor guide to decide upon the long-run.

Appendix A: Extremeness and similarity

How unusual have the COVID-19-related events around March (fever period) been
relative to previous periods? We employ the framework by Cznois et al. (2020)and
compute both a measure of extremeness and of similarity on the sector data. Is this
time different? Extremeness (how unusual is a given month’s industry return vector
given the history of returns as summarized via their historical means and covariance)
is defined as

extremeness (rt , r̄) =
√

(rt − r̄)T �−1 (rt − r̄) (7)

where rt denotes the return in month t , while r̄ represents the average full sample
return (monthly returns from January 2000 to June 2020). The covariance matrix of
monthly returns is given by�. Amonth is classified as extreme, if returns in thatmonth
are significantly different from average returns in a way that is inconsistent with the
covariancematrix. Extremeness is simply theMahalanobis distance to average returns.

We define similarity (how similar is each individual historical return vector relative
to a given month) as

similarity (rt , rfever) = −
√

(rt − rfever)T �−1 (rt − rfever) (8)

It represents the negative of the Mahalanobis distance between a given month return
and the month in question (rfever, i.e., March 2020). A value of zero describes an
identical monthly return profile. Large negative values describe very different return
patterns.

The results of our computations are shown in Fig. 7. Panel (a) plots extremeness.
March and April, 2020, are highly unusual (i.e., extreme) relative to the history of
industry returns. Only September 2008 is equally extreme (in other words: unprece-
dented). However, we cannot conclude that March 2020 and September 2008 are
similar. Both months can be unusual, yet in their own way. We therefore plot our sim-
ilarity measure in Panel (b). Here, we see that no month comes close to being similar
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Fig. 7 Extremeness and Similarity We plot measures for extremeness and similarity as defined in Eqs. (7)
and (8) for monthly returns between January 2000 and June 2020

to March 2020 (by definition the distance between March 2020 and itself is zero). In
other words, the industry rotation seen in March 2020 was both highly unusual as well
as unique. The most dissimilar month was April 2020.
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