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Good Diversification is Never Wasted:

How to Tilt Factor Portfolioswith Sectors

Abstract
Using large-cap exchange-traded funds (ETFs), ghjger provides guidance on enhancing the
performance of long-only factor portfolios througlctor-based blending. The blending method
builds ETF portfolios that optimize the factor egpee of sectors. We use the original factors of
Fama and French as benchmarks. The results showbtbaded portfolios combine the
diversification benefits of sector investing withet risk premia of factor investing, and so

constitute a promising extension of pure factor £TF



1. Introduction

After Fama and French (F&F) (1992) demonstratedettistence of factor-based preniasset
managers started developing factor investing tegles, including ETFs, with the aim of
capturing these premia by holding assets with pes@xposure to the F&F factors (Ang, 2014).
Yet, factor exposures turned out to be both diffido replicate (Ang et al., 2009) and
transaction-intensive (Frazzini et al., 2014), niegrthat transaction costs could significantly
hamper the financial performance of factor invest{iNovy-Marx & Velikov, 2016). These

issues probably explain why only a few F&F factars available as ETFs.

Since few ETF factors are available, diversifyiagtbr-based portfolios can be challenging. In
this paper, we circumvent the problem by increasireguniverse of ETF factor portfolios thanks
to the portfolio blending method developed by Ghagti al. (2018). Intuitively, blending
composite sector portfolios consists in seasorfiegitwith sector exposure, thus enhancing their
diversification potential. Our results suggest thattor-blended factors manage to capture some
of the diversification benefits of sectors while imtaining the premia associated with sector

investing.

2. Data and M ethods

The original F&F factors are not easily replicableTFs are surrogate factors available to
investors. A notable advantage of ETFs is thafdbtor rebalancing costs are incorporated in the
market prices (Brown et al., 2010). In practicewhwer, duplicating sophisticated factor

investing strategies with ETFs can be tedious.tFasly a few F&F factor indices—small, big,

! There is a debate about whether the factors qmnesto the remuneration of risk, and hence beeddltisk
factors," or alternatively result from abnormalctgricing, and then be referred to as "anomal{®Lean, and
Pontiff, 2016).



value, growth, and high momentum- are availabl¢henETF market. Second, hardly any long-
short ETFs exist, except for those shorting theketaaind some sectors. This further restricts risk
reduction opportunities for portfolios made up aftbr ETFS.

To address the limitations of pure factor ETFs, uge sector ETFs. We adapt the
blending method proposed by Ghayur et al. (2018yroer to build portfolios that optimally
exploit the factor exposure of sectors. The apgraaeasy to implement since it requires only
sector and factor ETFs, and therefore avoids tled te@rebalance the stock composition of these
indexes. To construct sector-blended factor refiina and compare their performance with that
of their original pure-factor benchmark, we procéedwo steps. First, Section 2.1 presents the
data, which include both the original F&F factorsldiquid ETFs. Second, Section 2.2 explains
how we constructed blended factor portfolios. Twesspace, we will restrict the approach to two
factors (value and momentum), but extensions tdiphalfactors are straightforward. Value and
momentum were chosen for their great popularityn@ss et al., 2013) testified by the high

liquidity of the corresponding ETFs.

2.1. ETF Market Data

The ETF data were retrieved from the CRSP survbras-free US mutual fund database. We
filtered away manually non-US and non-equity ETRd then selected the relevant ETFs based
on their designation. We retained the value and emtom ETFs with the largest capitalization.

Next, we chose ten sector ETFs based on the 1&rs&d€CS classification from which, like

F&F, we excluded real estate. The twelve ETFs veel @se presented in Appendix A.

2 While the option of shorting long-only ETFs is &ed in recent literature (Li & Zhu, 2017), it islisfar from
standard. The feasibility and costs of shortingdaE&TFs still deserve further investigation. Sem @t al. (2018) for
more details on the smart-beta ETF market.



Table 1. The 12 ETFs and their F&F benchmarks: Descriptive Statistics - Jan 2013-Jun

2018
ETE Net asset First offer Annualized Volatility F&F F&F ann. F&_F_
Benchmark return  volatility

value* date return

Panel A: Sectors

Cons disc 98.60  12/1998 17.37 11.87 Non dur 11.27 10.28
Cons stapl 56.86  12/1998 10.28 10.92 Durable 11.21 15.58
Industrial 147.29  06/2000 14.37 11.51 Manuf 13.36 11.40
Energy 72.15  12/1998 5.19 17.51 Energy 5.19 18.37
Tech 162.67  05/2000 18.86 12.90 Tech 19.36 12.24
Telecom 29.39  05/2000 10.43 11.72 Telecom 10.39 12.59
Health 174.12  06/2000 15.94 12.19 Health 15.79 11.42
Utilities 132.88  06/2000 11.88 13.29 Utilities 15.51 12.97
Basicmat  102.11  06/2000 9.33 14.96 Shops 10.19 11.91
Financials ~ 130.36  06/2000 16.80 15.53 Other 15.84 12.17
Panel B: Factors
Value 114.08  05/2000 12.07 10.01 Value 14.64 13.23
Momentum 114.07  10/2012 14.64 9.75 High mom 16.11 11.68

*in USD million at end 2017

We carried out the empirical analysis of ETF montréturns on the longest available
period, i.e. January 2013 to June 2018. In parallelduplicated the analysis on the same-period
F&F indices retrieved from Kenneth French’s websitable 1 displays the descriptive statistics
for the ETFs and their F&F benchmarks, while Figureshows that both the value and
momentum ETFs follow their F&F benchmarks reasonatll, while slightly damping their
volatility. This movement, particularly visible dog 2016, could be due to the ETFS’ managers
wish to curtail transaction costs during periodshagh volatility, implying frequent factor
rebalancing. Over the sample period, the two fa&dfFs were less volatile (the average
volatility spread is 2.57%) but also less profieafthe average annualized return spread is 2.02%)

than their F&F benchmarks.



Figure1: Valueand Momentum ETFsand Their F& F Benchmarks - Jan 2013-Jun 2018

220 220
200 200
180 180
160 160
140 140

120 120

100 100

80 : : e : : 80 -

201404
- 201408 |
01604
01608
201612
201704
201708

=
o
-2
3
[=]
3
-
-

201304
201308
201404
201408
201412
201504
201508
201708
201712
201804
201304
201308
201312
201412
201504
201508
201512
201712
201804

201312
2
2

<

alue FF = ===Value ETF ====MomETF

For sector ETFs, Table 1 delivers a less cleapattire: There is no systematic trend in
the spreads between the ETFs and their F&F bendsmiar either the annualized return or the
volatility statistics. Still, sector ETFs and th&Fbenchmarks move accordingly over the 2013-
2018 period, with a remarkably profitable technatagsector and a poorly performing, but very

risky, energy sector.

2.2. Sector-Blended Factor Portfolios

Ghayur et al. (2018) construct long-only multifactmart-beta strategies by combining either
individual-factor signals (signal blending) or imitiual-factor portfolios (portfolio blending).
The idea in both cases is to come up with a paotiolade up of securities selected for their
exposure to target factors, thus building exposoaéched portfolios. Ghayur et al. (2018)
compare the two blending methods and show thatgiorblending delivers higher information
ratios for moderate levels of tracking error wisignal blending performs better at high levels of

tracking error.



To supplement factors with sector-based divergibhioa we use blending methods based
on exposure matching. We adapt the two methodsopeap by Ghayur et al. (2018) to build
sector-blended factor portfolios and exploit se&®Fs to gain factor exposure at limited cost. In
both cases, the ten sectors are first ordered @diogpto the average z-score of their exposures to
value and momentufm.Then, for the signal blending method, we retaia tbhp 50% of the
universe, i.e. the five sectors with the highestrage exposures to value and momentum. The
resulting portfolio gives equal weight to the figelected sectors. By contrast, in the portfolio
blending approach, the exposures to value and mmeare considered separately. The final
equal-weight portfolio includes the three sectoith wop exposures to value and the three sectors
with top momentum exposure. Any sector that is "tgp both value and momentum has double

weight in the portfolio composition.

3. Empirical Results

Blending is applied yearly to both the selected &£&Rd their F&F benchmarks. Table 2 shows
the annualized returns, volatilities, alphas anarfé ratios, and the results of equality tests
between sector-blended and pure factor portfolld® performances of both types of blended
portfolios are compared with those of their “puaetbr’ counterpart, equally divided between the

value factor and the momentum factor.

To draw meaningful comparisons, we use bootstrgeddests, which are often more
appropriate to financial time-series than usuakte=quiring Gaussian iid assumptions. Given the

relatively short time-span covered by our datapptd for a simple bootstrap approach (Ruiz &

3 Exposures are measured with usual betas obtaioad fegressions including the risk-free rate anel ¢kcess
market return, while z-scores are obtained by deimgathe corresponding betas and dividing the tesulthe
standard deviation of the beta distribution.



Lorenzo, 2002). Most tests fail to detect significeesults at the 5% level. This again may be due
to the short observation period. Yet, Table 2 ptesiinsightful intuitions. First, the negative, but
low, values of alpha obtained for the F&F factors attributable to the well-performing market
in the very large F&F universe of more than 4,0@®lss. Over the sample period, the return of
the F&F market index was 10.70%. By contrast, teeirns of its corresponding portfolio-
blended and signal-blended alternatives were 8.326869.42%, respectively. Moreover, in the
F&F universe, signal blending produces optimal fotids that are significantly less volatile than

those obtained with its pure-factor counterpart.

The point estimates derived for the alphas andSiRe are well aligned, suggesting that
both sector-based blending methods can outperfbein pure factor benchmarks in the ETF
universe, but not in the corresponding cost-bligdFramework. A possible interpretation is
that exploiting the factor exposure of sectoresslexpensive in terms of rebalancing costs than
trading on individual stocks in a pure-factor pextpe. Note that sector-blended ETF factors
manage to surpass the already excellent Sharpe Ragilal to 1.00) obtained by the pure ETF
factors. Figure 2 confirms visually that the twatee-blended factor portfolios outperform their
pure-factor counterpart in the ETF universe butltenunderperform it during the second half of
the sample period in the F&F universe. Since onlyfF& are readily investible and the F&F

factors are not, our findings bring good news i@stors attracted by factor investing.



Table 2: Annualized Returns, Volatilities, Alphas and Sharpe Ratios

This table reports the average return, volatilitjghas and Sharpe ratios of sector-blended faetodspure factor
portfolios (value and momentum, equally weightdd)e computation is run for both the F&F and ETRdas. We
provide the p-values of bootstrapped equality teetaieen the characteristics of blended and paterfaortfolios.

Sector Sector
blended FF  Pure FF  Bootstrapped blended ETF Pure ETF  Bootstrapped
Blending method factors factors p-value factors factors p-value
Ann. return (T test)
i 9 0.26 9 0.37
Portfolio blend 8.26% 10.70% 11.14% 9.92%
Signal blend 9,47% 0.54 11.72% 0.26
Volatility (F test)
i 0 0.80 0 0.17
Portfolio blend 11.97% 11.81% 10.10% 9.53%
Signal blend 10,55% 0.05 10.47% 0.03
Alpha (Wald test)
i - 0.42 0.59
Portfolio blend 0.28 -0.09 0.08 0.00
Signal blend -0.11 0.94 0.10 0.44
Sharpe Ratio (Ledoit and Wolf test)
i 0.44 0.79
Portfolio blend 0.66 0.87 1.06 1.00
Signal blend 0.86 0.96 1.08 0.64

An additional rationale for our results is that teedlended factors provide—at least
partly—the diversification qualities of sector istag while maintaining the relevant factor
exposure. If so, our findings would be consisteith\those of papers showing that some factors
exhibit redundancy (F&F, 2015). Several explanaiaould help understand why sector
investing is better than factor investing for dsiffing risk away (Briere & Szafarz, 2018).
Sector-specific returns may involve more idiosyticrasks than factor-specific returns. Factors
alone combine typically more individual assets ttarsectors alone. There can be a considerable
amount of overlap between factor compositions, evbiverlaps between sectors are impossible
by construction. All the sectors cover the wholeestment universe of interest, while all the
factors typically leave some stocks aside becahey tare built from quantiles of given

characteristics.



Figure 2: Sector-Blended Factor Portfolios and Pure Factor Portfolios - Jan 2014-Jun 2018
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Sectors that trigger relevant factor-exposure angranising field for building cost-
conscious trading rules aiming at capturing therpaeassociated with factors. At the same time,
thanks to the good diversification properties aftses, refraining from trading individual stocks
is almost costless. Although encouraging, our tesare still preliminary. They call for a larger-

scale empirical investigation on sector-blendedofiscbuilt from ETFs.

4, Conclusion

The diversification potential of factor investing+the lack of it—is still poorly understood
(Sayili et al.,, 2017), while the diversification ridits brought by sector investing to same-
country stock portfolios are well recognized (De avic& Sercu, 2011). This paper takes
advantage of these facts to open promising oppitigarfor long-only investors. The trading
rules we suggest are built with easy-to-implemdanding techniques. Factor investing is often
criticized for its high transaction costs, as omgabs more passive styles. This is why we use
traded ETFs, whose returns incorporate rebalarmsts. From the standpoint of fund managers,
factor-based portfolios require frequent, and tloees costly, rebalancing in individual stocks.

Sector-blended factors circumvent the problem hyiting portfolio readjustments to annual

10



sector-based rebalancing driven by sector exposoiréhe factors of interest (value and
momentum in our exercise). The first, and stilllippngary, results obtained show that sector-

blended factor ETFs offer a valuable alternativpuce factor ETFs.
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Appendix A: ETF Selection

Table Al: List of Selected ETFs

ETF ETF Name

Panel A: Sectors

Cons disc  Consumer Discretionary Select Sector SPDR Fund
Cons stapl Consumer Staples Select Sector SPDR Fund

Indus iShares US Industrials

Energy Energy Select Sector SPDR Fund
Tech iShares US Technology

Telecom iShares US Telecommunications ETF
Health iShares US Healthcare

Utilities iShares US Utilities

Basic mat  iShares US Basic Materials
Financials iShares US Financial Services

Panel B: Factors

Value iShares S&P 500 Value
High mom SPDR S&P 1500 Momentum TILT
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