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Abstract

Economists and practitioners have long recognized that investors treat
downside and upside risks differently. People put higher weights on the
downside risks will usually demand higher compensation for bearing them.

In this research we found that only correlation coefficient close to the left tail
can explain the return behavior in cross section, not the full sample correlation.
In other words, only the downside correlation between a stock/portfolio and the
market return matters in asset pricing. The assets with higher returns among the
class with similar market betas are usually those assets with higher volatility.
We use these finding to sort stocks and form new risk factors, and use H-J
bound to test they are in fact superior to the CAPM.

Keywords: Downside risk; Copula; Asset Pricing; Dependence Structure



Downside Risk Final Report: Brief Version

Ching-Chih Lu

October 31, 2007

1 Introduction

It has been recognized that investors react differentijhéormarket gain or loss. The se-
curities co-moves with the market heavily in the downsideusth acquire higher return to
compensate this un-welcoming characteristic.

Various approaches have been proposed to deal with thizestyfact. Harvey and
Siddique (2000) incorporate conditional skewness in theimg model as a risk factor,
while Ang, Chen, and Xing (2006) uses a downside beta to shateixtra risk premium
can be obtained.

In this research, we first apply a through anatomy on thettoadil market beta to see
if the mis-pricing exists and how it behaves in order to ipooate the downside measures.
Ang, Chen, and Xing (2006) are the first to use all individuatks to examine the cross
sectional behavior of the downside risk, and they find an @pprately 6% per annum
premium on the downside risk. We take a step further to seeaxthe mis-pricing comes
from by dissecting the beta into several components, that is

p(ris )y Var(rf)

= Var(re,)

For each beta, we can decompose it into three parts: thelatiwrebetween the excess
returns of the stock and the market portfolio, the standaxdladion of the excess return of
the stock, and the market portfolio.



If the market portfolio is efficient and the CAPM holds for atbcks, the risk-return
trade-off can be perfectly depicted by the following eqoiati

(B[R] = Ry) = Gi(E[Rm] — Ry) (1)

Therefore, the excess return of the stock in the cross sesktiould be proportional to its
correlation to the excess market return or its own standevéhtdon.

We take log on the both sides of the equatidn (1),

log(E[R:] — Ry) = o + v1e10g(pism) + v2elog(os) + & 2)

and conduct a Fama and MacBeth (1973) regression on liméeghles, where the cor-
relation is positive and bottE[R;| — Ry) and (E[R,,] — R;) are with the same sign. If
They are both negative, then we take absolute value of batesexreturns. To estimate
the correlation coefficient and the standard deviation efekpected excess return of the
individual stock, we use two year weekly data in each timeseaegression then run the
cross-sectional regressions. If the individual stock dusshave full observations during
the whole two-year sample period, we also leave them outeo$#mples.

If CAPM holds true for each and every security in cross sectt the time, then
71 = Y2 = landy, = —log(E[R,,] — Ry). Therefore we can test whether
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are both insignificantly different from 1.

The estimation results are 0.0837 (0.1958) fprand 1.0753 (0.4414) fot,. This
apparently shows that the correlation does a very poor joéxplaining excess returns of
security in cross section, while the standard deviatiomdividual stocks still has certain
explanatory power cross-sectionally, though not perfect.

In light of Ang, Chen, and Xing (2006)’s finding on the dowresibleta being able to
explain part of the expected stock returns, we go a stepdusth show the effect is mainly
the downside correlation. That is, the full sample correfatioes not provide the risk to



be compensated for. Investors loathe strong comovemewebattheir investment with
the market only when the market moves downward, not when bbthem work well.
The same thing can be said to the individual stock volatilityt we can show that this
characteristic of a stock or a portfolio is more symmetrecassub-sample volatility does
not provide extra information of the risk a stock carriesislif different from the downside
beta Ang, Chen, and Xing (2006) propose since it can providera detailed idea of what
really affects the cross-sectional behavior of the stotirns. Our strategy of showing
downside correlation is a source of downside risk as follows

First we discuss portfolios sorted by realized risk chanastics. For these risk mea-
sure being able to explain part of the cross-sectional hehawve should see significant
returns spread between portfolios. We first divide beta sitacategories: the full sample
beta (5), the downside betas("), and four quartile betasi( to 5,, where3; represents
the beta when the market portfolio return is below its firsargle, 3, is calculated using
the sub-sample where the market return is between its ficsisanond quartiles, and so
on). We also form portfolios basis on the standard deviabiothe correlation with the
market portfolio of individual stocks. Second, we examih#éese contemporaneous re-
lationship between risk measure and expected returns @sidbe correlation to other
widely discussed phenomena, such as book-to-market natidilam size, to determine if
the downside risks we discuss are only another facet ofiegissk loading.

Third, we check if the risk characteristics in the past cadfmt future expected returns.
The return spread for portfolios sorted with different re$laracteristics shows mixed mes-
sage because its high volatility. The regressions of sqtetiolio on the excess market
return (CAPM) and size, B/M factors (FF-3) show the existen€ significantalpha is
most cases, which means the needs for another risk factaplaie the downside risk and
the failure to predict future with current risk measures.

2 Pre-Ranking Results

We include all the stocks traded in the NYSE, AMSE and NASDAGhT 1963 to 2005
with share code 10 or 11 in the CRSP datalﬁasmlike the Fama and French (1992) or

1We only include common stocks in the study. All other doneestided assets, like ADRs, closed-end
funds or REITs are excluded.



their later works, the finance sector is included in our s@splkecause the leverage effect
is not our biggest concern.

From Table[dl Panel A we see a very clear pattern on ejther downsides, 5.
For the quartile cases only H works well, which further suggests that people care more
about their losses than potential gain or any tranquil pecdemovement. This effect is
not a coincidence because the only quartile portfolio witl elear pattern or significant
difference between the returns of the portfolios with thghleist and lowest risk measures
is the first one, which is estimated with, less than its first quartile.

As suggested earlier we separate the effects of individaeksolatility and correlation
to the market from a single statistj¢, and see if they tell a different story. Portfolios sorted
by individual stock’s standard deviation display a unanisipattern in cross section no
matter how we dissect the sample. It always shows biggedatdrdeviation will bring
bigger expected return, which is consistent the the ti@uhdi wisdom on the return/risk
tradeoff. The correlation does not fare so well as trad@giomisdom imply. One might
assume a stock moves more often to the same direction as tketwdl be less adored and
demand a higher compensation in return. We find that only datorrelation plays such
a significant role in determining the cross-sectional diffee of average stock returns. The
evidence is that the full sample correlation or the corretatletermined by sub-samples
other than the lowest quartile do not have any influence ossesectional expected returns.

We further examine if the risk measures we examined are imfkeek by other well-
known risk characteristics, such as book-to-market ratgize. Tabl€R shows the average
book-to-market ratio from the aforementioned sorted ptid§. Although we can see a
pattern in portfolios sorted by some of the risk charadiesgor example, the lower the
beta or correlation, the higher the B/M ratio, the differems not significant because the
variability of the B/M ratios is quite large.

Unlike the book-to-market ratios, the size factor mightypdamore significant role in
determining the cross-sectional return behavior of theesigortfolios here. As suggested
by Fama and French (1992), the size factor is almost indegpend the market beta, and
thus constitute another risk source. However, it is not teedor the portfolios sorted by
the volatility or the correlation alone. In both Panel B andv@ see the difference in size
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are significant for high-low return difference in all volati based portfolios and two cases
in correlation based portfolios. The direction of the ageraeturns are exactly opposite
for these two risk characteristics. The explanation coeldhiat smaller firms tend to have
higher volatility, while bigger firms takes higher weightsthe market and usually comove
with the market more closely.

We also conduct a two-way sorting with standard deviatiah@nrrelation as two sort-
ing criteria. The table is not presented in this brief repout the results are consistent with
Table[1. For eaclr;-sorted portfolio, average returns go up with the correfagxcept
for the portfolios ranked in the highest volatility grouplsA for each correlation-sorted
portfolio, averages returns increase as the volatilinesgase.

We also ranked the portfolios with its tail dependence @efivom the dependence of a
rotated copula model to see if it has a similar effect of themkide correlation. The results
are not so promising until we exclude the negative corrdlaturities from the sample.
Such models work much better in the portfolio level, not omgkcurity level.

3 Post-Ranking Results

In an asset pricing model we care not only about the conteamgaus connection between
variables but also the ability to predict the future. At timel ®f June of each year, we sort
stocks with their risk characteristi¢’é, o;'s, andp;,,’s in Table[l) from their past two
year weekly returns. We then calculate equal-weightedgm weekly return from July
of the same year to June of the next year, and then reform titilgm for the following
year. The procedure is very similar to the Fama and Frenc®2)l@ortfolios, only we use
two year weekly data instead of five year monthly data. We raekealger sample size to
accommodate the downside and quatrtile betas since thegiagganly a fraction (one-half
or one-quarter) of the total observations. On the other hdradrisk measures are hardly
persistent over time, we can not freely extend our pre-rangeriod way back to the past.
Between tradeoff of the number of observations and a shettionary sample period, we
decide to work on two year weekly data.

The portfolios formed on the basis of the rank of risk chaastics in Tabld4 show
mixed results in the return patterns. The average returmdugily decrease with the in-
creasing beta or increasing downside beta, which is omptsithe direction in TablEl 1,



but the difference is not significant and can be assumed nagelsa The relationship be-
tween the return changes and other two risk measures are sathe direction but also
insignificant. The different behavior between the post- predranking portfolios is that
the returns of these post-ranking portfolios are too vigatver time, which lead to huge
standard deviations and thus very lesstat. This may need more scrutiny because the risk
exposure or the price of risk itself can be time-varying anadight be overlooked in this
scenario.

Ang, Chen, and Xing (2006) shows that there is a premium otltvenside beta/{~)
after controlling for the past volatility. This and the magde of the effect from downside
beta are consistent with our findings.

In an unreported table, we show that the aforementioneddpurtfolios all have large
alphas in either CAPM or FF-3 left unexplained, which als@lyrthere are risk factors
regarding downside risks not account for in these models.

We also use the post-ranking portfolio to establish a mirro zost portfolio in order
to track the effect of these risk measures on security retu@mly marginal improvement
has been achieved over the dynamic CAPM with market retutheakne risk factor. We
use the Fama-French 5-by-5 portfolios as testing portadiod the H-J bound in Hansen
and Jagannathan (1997).

4 Conclusion

When we sort stocks with contemporaneous risk charadgteyiste find that the standard
deviation of individual stocks is the most important comg@oiin the traditional market
beta to drive the cross-sectional return difference. Theetation between stocks and
market returns does not have pronounced effect as we exymegyver, the downside cor-
relation does, especially the correlation conditional loa first quartile market returns. It
implies that investors only care about the correlation wihermarket performs poorly, and
do not consider the correlation between individual stocidstae market a “risk” when the
market is doing well. The pattern of volatility changes ings section is very similar for
the whole sample or in each sub-sample, so we do not see egedite on the downside
only The downside risk defined by the downside beta in Ang,nClaed Xing (2006) is
likely be the effect of downside correlation.



The post-ranking portfolios do not preserve the full effetthe contemporaneously
sorted portfolios. However, the ones sorted by the corglaind the standard deviation
basically display the same pattern.

It is widely discussed that low stock returns are usuallyoeisded with increased
volatility, as in Bae, Kim, and Nelson (2007),this timeiesrphenomenon could be the
driving force of the inconsistency in our model. To improlie post-ranking portfolio be-
havior, we probably should change the trading strategy ft6410/52 strategiyto a shorter
holding strategy. As in Fama and French (2007) discussi@securities may change their
characteristic and move across portfolios over time.

Note: The reference listed are those included in this brief report. Please see the
research proposal for more detailed reference list.

SWe use 104 week window to estimate the risk characteristd, far 0 week, then hold the stock in the
portfolio for another 52 weeks. See Ang, Hodrick, Xing, afthdg (2005) for detalils.
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Table 1:Returns of Stocks Sorted by Realized Risk
Characteristics

Panel A: Returns of Stocks Sorted by realized 3

Portfolio B B &5} B B3 Ba
Low-1 811 786 8.31 1356 1451 12.98
2 837 811 811 9.60 1065 9.81
3 10.15 10.18 9.95 950 991 9.98
4 1292 1289 12.84 10.99 10.04 11.03
High-5 19.24 19.75 1958 15.14 13.66 14.98
High-Low 11.13 11.89 11.27 158 -0.85 2.00
t-stat 3.62 434 431 174 -0.73 1.15
Panel B: Returnsof Stocks Sorted by realized o;
Portfolio o o~ o1 o9 o3 o4
Low-1 6.63 696 7.03 715 7.15 7.29
2 896 885 887 926 924 9.22
3 10.35 10.16 10.11 10.39 10.32 10.38
4 11.03 11.24 12.04 1156 11.75 12.15
High-5 21.82 21.58 20.75 20.42 20.34 19.74
High-Low 15.19 14.63 13.72 13.28 13.19 12.46
t-stat 3.85 4.02 391 385 3.65 342
Panel C: Returns of Stocks Sorted by realized p;,,
Portfolio P P~ P1 p2 P3 pa
Low-1 12.04 9.83 9.38 11.63 12.70 12.08
2 11.13 1054 10.29 1155 1232 11.79
3 1059 11.19 11.75 11.41 11.86 11.72
4 1145 12.28 1237 11.73 11.16 11.44
High-5 13.57 14.93 1499 12.47 10.72 11.75
High-Low 153 510 561 084 -198 -0.33
t-stat 075 251 284 111 -1.84 -0.21

All the numbers except thestatistics are in percentage per

annum. This table lists the equal-weighted average returns

of the portfolios ranked by realized risk characteristithe
second column which is labeled I3y o andp report portfo-
lio returns sorted by respective risk characteristics iith
sample estimation. The third column is using only downside
sample ¢, < wn,), while the characteristics used in the last
four columns are estimated with the first to the fourth qlarti

of ther,,. Thet-stat in the last row of each panel is calculated
with Newey and West (1987) standard error with 1 lag for the
high-low difference.



Table 2: Average Book-to-M arket Ratio for Real-

ized Risk Characteristics
Panel A: Stocks Sorted by realized /3

Portfolio B B &5} B B3 Ba
Low-1 114 1.10 107 105 1.03 1.08
2 103 100 099 096 095 1.01
3 097 09 095 094 094 0.95
4 089 092 093 094 094 0.9
High-5 081 086 090 095 0.98 0.89
High-Low -0.33 -0.23 -0.17 -0.10 -0.06 -0.19
t-stat -1.44 -156 -1.15 -0.49 -0.32 -0.85
Panel B: Stocks Sorted by realized o;
Portfolio o o~ o1 o9 o3 o4
Low-1 091 091 092 090 090 0.91
2 090 090 091 0.89 0.90 0.9
3 096 09 095 096 096 0.94
4 100 100 099 100 1.00 0.99
High-5 1.07 1.08 1.07 109 109 1.09
High-Low 0.16 0.17 0.15 0.20 0.19 0.18
t-stat 030 0.34 032 039 038 034
Panel C: Stocks Sorted by realized p;.,
Portfolio PP P1 p2 P3 pa
Low-1 121 1.14 108 1.02 1.02 1.08
2 109 106 103 099 0.98 1.04
3 097 098 098 098 097 0.98
4 086 090 092 095 095 0.92
High-5 0.71 0.77 082 090 092 0.82
High-Low -0.50 -0.37 -0.26 -0.13 -0.09 -0.26
t-stat -1.37 -1.28 -1.16 -0.60 -0.64 -0.94

Numbers reported in the table are average book-to-market
ratios for portfolios sorted by a specific risk charactérist
The definition of the risk characteristics to constituteteac
portfolio follows the same rule in Tabl@ 1.
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Table 3: Average Size for Portfolios Formed by
Realized Risk Characteristics

Panel A: Stocks Sorted by realized /3
Portfolio g B S B2 Bs Ba

Low-1 3.76 4.08 417 390 397 3.62
2 458 483 487 484 485 453
3 489 494 497 508 505 5.02
4 495 480 477 493 497 516
High-5 476 429 416 4.18 410 4.61

High-Low 1.00 0.21 -0.01 0.28 0.13 0.99
t-stat 0.77 0.21 -001 044 025 191

Panel B: Stocks Sorted by realized o;
Portfolio o o~ o1 o9 o3 o4

Low-1 592 599 590 6.01 6.03 5.89
2 549 543 537 541 540 543
3 467 465 466 464 463 4.67
4 392 391 396 389 391 3.93
High-5 294 295 3.05 298 297 3.02

High-Low -2.98 -3.04 -2.85 -3.03 -3.06 -2.87
t-stat -4.19 -4.48 -4.46 -4.58 -4.83 -4.56

Panel C: Stocks Sorted by realized p;.,
Portfolio PP P1 p2 P3 pa

Low-1 3.04 361 395 420 431 3.76
2 377 410 428 4.44 447 411
3 446 452 452 457 456 4.49
4 522 497 483 472 470 4.95
High-5 6.44 575 537 501 490 5.62

High-Low 3.40 214 142 081 059 1.87
t-stat 3.48 197 143 124 144 3.09

Numbers reported in the table are average log(Size) for
portfolios sorted by a specific risk characteristic. The-defi
nition of the risk characteristics to constitute each pubicf
follows the same rule in Tablg 1.
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Table 4: Returns of Portfolios Formed on Pre-
Ranking Risk Characteristics

Panel A: Portfolios Formed on Pre-Rankifig

Portfolio g6 e P2 s Ba

Low-1 13.14 13.14 12.16 13.21 13.21 13.89
2 1106 10.82 10.61 10.25 10.12 10.89
3 1159 1148 11.04 10.23 10.21 10.33
4 1095 10.93 11.63 10.62 10.61 10.63
High-5 10.52 10.87 11.77 13.05 13.16 11.63

High-Low -2.61 -2.27 -0.39 -0.16 -0.05 -2.25
t-stat -0.15 -0.16 -0.03 -0.02 -0.01 -0.27

Panel B: Portfolios Formed on Pre-Ranking
Portfolio o o~ o1 o9 o3 o4

Low-1 792 777 778 781 780 7.92
2 904 89 918 9.06 9.09 923
3 10.11 1040 996 10.21 1048 10.15
4 1249 1214 1256 12.27 1199 12.37

High-5 1845 18.80 1851 1859 1855 1821

High-Low 10.53 11.03 10.74 10.78 10.75 10.28
t-stat 053 058 060 059 059 0.55

Panel C: Portfolios Formed on Pre-Rankjng,
Portfolio P P~ P1 p2 P3 pa

Low-1 16.74 15.76 13.47 11.87 11.84 1294
2 1325 13.07 13.11 1200 11.25 12.30
3 11.14 1170 11.81 1159 11.65 11.95
4 919 10.07 1091 1142 1141 10.78
High-5 7.26 6.79 7.98 1040 11.06 9.32

High-Low -9.49 -8.97 -549 -147 -0.78 -3.61
t-stat -0.71 -0.81 -0.60 -0.27 -0.15 -0.48

The average return is the time-series average of the weekly
equal-weighted portfolio returns in percentage per anie.
include all the stocks which have complete two year data in
the pre-sorting period without considering if they ceased t
exist during the post-ranking period. Therefore we are im-
mune from survivor bias. The definition of the risk charac-
teristics to constitute each portfolio follows the samesrinl
Table[d.
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Self-Evaluation

Although there are a few setbacks in the application of copula dependence parameters,
this research has still achieved its original goal. We still need to do more robustness tests
to finish this paper, but it is plausible at time being.



