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Table 3

O|ZETFAMAE = S&P500 PBR (X) Retail investor demand and prior industry retums — Univariate Sorts.
6 For each month, from January 1983 to December 2000, we sort industries into quintiles based on their prior two year
return. Past Return reponts the ave

(ZUSD)
12 1

e annualized prior two year return across all industries in the quintile. Proportion

Bought captures the fraction of total small (i.e. retail) trades that were purchases. Buy Herding (BHM) is the LSV herding
measure conditional on retail investor having above average demand for the industry. Sell Herding (SHM) is the LSV
5 herding measure conditional on retail investor having below average demand for the industry. The final two columns
report the proportion bought for the subset of industry with high (above the median) and low (below the median) retail

ownership. Each month, all estimates are based on the equally-weighted averages across all industries in the quintile. The

0 1 | HIERRETF 224k A7)t
El 3200l T J|F0| 2EHTI

HH = O”O | A;I table reports the time series average across all the moths in the sample.
8 A =TT L L 4
All stocks Industries with high Industries with low
retail ownership retail ownership
Quintile Past Propaortion Buy Sell Proportion Bought Praportion Bougit
6 - = 3 Return (%) Bought  Herding (%) Herding (%)
1 (worst ind 4.89 0.477 2.85 6.59 0.471 0.481
return)
4 A F 2 2 0.77 0.498 3.60 4.69 0.506 0.494
3 1.23 0.513 424 3.90 0.514 0.511
4 3.29 0.519 4.72 3.55 0.527 0514
5 (best ind 7.50 0.546 599 227 0.560 0.532

B 1 return)
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22| - Neutral
22| - High B/M
T - Low B/M
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2E - Low B/M
2E - Meutral
27 - High B/M
=3 - Low B/M
=& - Neutral
=2 - High B/M
ZHM - Low B/M
M - Neutral
ZHMl - High B/M
- Low B/M
T2 - Neutral
=% - High B/M
ZH - Low B/M
24 - Neutral
24 - High B/M
F - Low B/M
F L - Neutral
FL - High B/M
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2.1. The Lakonishok, Shleifer, and Vishny (1992) herding measure

We first examine whether retail investor demand is contemporaneously correlated. Each
month we compute the proportion bought in each industry. We then calculate the Lakonishok,
Shleifer, and Vishny (1992) herding measure, (H;). Let pb;, be equal to the proportion bought in
industry ¢ in month ¢ and let E[pb,] be the aggregate proportion bought (across all industries)
during month r. The herding measure for industry  in month 7 is computed as follows:

Hy = |pb,—Elpb. ]| —Ellpb, —E[pb ]|}

|pb;y — E[pb.]! : EAAEO| B ECH YOI} Of40f|
K| LM =X|Q] CHOH HCHZY
E[|pb;; — E[pb¢]|] : FAI
22 Afo|7} WAyt 2t

=01 FARIZ2

Halar) 9|9t

mvestors. We average the herding measure across all 49 industries and then take the time series
average. We find that the ¢
while the average industry

erage industry herding measure amongst retail investors is 4.01%,

ierding amongst mstitutional mvestors 1s 2.09%. Both measures are
significantly greater than zero (p-value <.001). To get a sense of the economic importance of this
effect, the 4.01% herding measure implies that if the average proportion bought was 509%, then in
the average industry, 54.01% of retail trades would be on one side of the market (e.g., buying),
while the remaining 45.99% of retail trades would be on the other side of the market (e.g.,
selling).

Table 3
Retail mvestor demand and prior industry returns — Univariate Sorts.

For each month, from January 1983 to December 2000, we sort industries into quintiles based on their prior two year
return. Past Return reports the average annualized prior two year return across all industries in the quintile. Proportion
Bought captures the fraction of total small (1.e. retail) trades that were purchases. Buy Herding (BHM) is the LSV herding
measure conditional on retail investor having above average demand for the industry. Sell Herding (SHM) 1s the LSV
herding measure conditional on retail investor having below average demand for the industry. The final two columns
report the proportion bought for the subset of industry with high (above the median) and low (below the median) retail
ownership. Each month, all estimates are based on the equally-weighted averages across all industries in the quintile. The
table reports the time series average across all the moths in the sample.

All stocks Industries with high Industries with low
retail ownership retail ownership
Quintile Pasr Proportion Buy Sell Proportion Bought Proportion Bought
Renurn (%) Bought Herding (%) Herding (%)
1 (worst ind 4. 89 1477 285 6.59 0.471 0481
return)

2 0.77 0.498 3.60 4.69 0.506 0.494
3 1.23 0.513 4.24 3.90 0514 0.511
4 3.29 0519 4.72 3.55 0.527 0.514
5 (best ind. 7.50 0.546 5.99 227 (1.560 0.532

return}

1171 £0180| £HLE L2 42 HRIEARLS| H QH|QO|
CHg ko] 2Lt Lk

At&E: Industry based style investing(2013), Journal of Financial Markets

, herding measure= SASHA| 2H&HE
AtE: Industry based style investing(2013), Journal of Financial Markets
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_E g . . ped B E 8 stocks are having the biggest swings upwards or downwards.
1" " n W
= e I"ﬂ"-\)h - .-A"‘JL-"L\'._”_;-\._, o J_r\._"u"' P g
L% - - - _) @ An example you've probably heard about is the bankrupt company Hertz
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T

T T T T
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This is not an article about Hertz, but what's interesting is when a stock

_____ TAC Retail Trade ——— Rohinhood User Changes shows up on this Top Movers list, a lot of people tend to add that stock to
their portfolio.
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« YT HYQ Fots HlZaXQl AHeiot HE A vy T2 = AL, o= F7L HEEEE Yt (F-oHE 2F)
o o) o) o o
o EXARRREO| 28 el FMIE AP s WY 22 U1, 0|9 ¥E HYS 80| /T Ats0] 71EQ FAHIE HRicts T2 AR 2= US
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. 79 TE| 2|ATR QIDH 2002 F|QISHH T2 AA|7} HIZEHO|R|Z BHEO| WASSHE FQ0 4242 g Fo| Eri= o/n|
Herding event?| 2| Herding Event 24 A| 5E AUt 04~ F2FO| 441t
(n @ (3) (4) (5) (6) (0] (8) 9)
Dep var: Daily excess return on dollar-weighted calendar portfolio of herding events (%)
Entire Period Prior to March 2020 March 2020 and after
Alpha D.560%%%  _(550%%% () 53FkRK () SoEA%E () 5] |k DBIBHEE () 7774
0112 {0.110) {0.108) (0.118) (0.118) 0.305) (0.284) 0.273)
Mkt_Rf O0.811%#%  0.709%%%  (.660%**  0.646%%F  (.512%* 0.883#%#+ (. 725%#%  (.699%**
AI‘%XI‘—?— (0.111) (0.120) (0.127) (0.120) (0.130) (0.138) (0.155) (0.156)
o t . i’
AI-.Q.X'-HI_E - - v SMB 0689757 0446+ 0.467 0719%% 0399
° t AI-_Q_XI-/\ ©218) (0219 (0.308) ©317)  (0384)
o _I_t_l HML 0.103 0.355 -0.421* 0.298 0.533
(0.176) (0.217) (0.231) (0.311) (0.394)
o gl= Ul— o . HIAH =0 x4 0o MOM -0.118 -1.229 -0.511%% 0.050 -0.085
ol‘EH _75_?_5 I_I'—_'TE Dé—l— Herd|ng event = cl)'l —6—_|Q§ 6|_| . (0.158) (0.166) (0.233) (0.232) (0.266)
RMW -0.968*#* -0.961
(0.301) (0.595)
AFERIHI0] 100 014} (ALGAL 47t 2120 57151548)
1. (o) = 1 o [e) T el [e) MT (0.424) (0.749)
CIO| =< =< (o) AFO Observations 555 555 555 448 448 448 107 107 107
2- OI- = j-IEH _6_% ) A|--g-7(|-I:I|EO| OI-TI 05% OILH R-squared 0.190 0.234 0.256 0.056 0.079 0.098 0.407 0.481 0.496

Alpha?t &4 : Factor risk 4| A| & Ao} (H[Z &)
Momentum©| ¥4 - Al 2HIE m ko] 3 7[of f2f M=
Q0| 3| £ -E

At&: Attention-Induced Trading and Returns(2021) At&: Attention-Induced Trading and Returns(2021)
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« ETF £AIO[ HIE2 7|28 ApLho] YEHR HO| ot PO = E&E JHE GOl US
ETF AUM #2 FR EOt2 Q2 ETF 44 530! CHsH YO} ApAISHA| ot EAEM}?
i i £ 3 Find... Download ~
(RUSD) e O|ZETFAIATR SFAETFAFARLE (L) URA Holdings List as of apr 8. 2025 . ownloa
12 - 014 No.  Symbol Name % Weight Shares
1 cc Cameco Corporation 22.33% 14,263,399
10 4 0.12 o |
2 Uu Sprott Physical Uranium Trust Units 9.04% 16,256,238
5 0.1 3 TSX: NXE NexGen Energy Ltd. 5.38% 31,129,796
0.08 4 LON: KAP National Atomic Company Kazatomprom ... 5.13% 3,892,143
6 A 5 UEC Uranium Energy Corp. 4.24% 24,887,510
0.06
4 6 SMR NuScale Power Corporation 3.60% 6,089,813
0.04 7 OKLO Oklo Inc. 3.60% 4178172
2 7 O 02 8 KRX: 000720 Hyundai Engineering & Construction Co.,L... 3.56% 3,404,951
9 TYO: 7011 Mitsubishi Heavy Industries, Ltd. 3.09% 4,635,509
O - T T T T T T T T 0]
NN AN NN NN NN oYY 10 YCALL Yellow Cake PLC Ordinary Shares 2.90% 13,015,219
S 0858080088 oo o
O N < © © O o < O © O N 11 KRX: 034020 Doosan Enerbility Co., Ltd. 2.63% 4395413
O © O O O & v & © © & &N
At&: Bloomberg, SKZ# At&E: Stockanalysis
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e.g) ETFOll 250] 22{M ETFZ1H0| 49 552 NAV(2ATLIHA|) 2 127 EZE € NAV 70| o|of| 2} Hu}
- Z2ETFO EJHIT F7I2 Qo Aol YEB&/dol MH L2 Xote 7Hsd = EA

» Future Earnings Response Coefficient(FERC) : RET; = B,EARN;_; + B,EARN; + B3EARN;,; + controls + ¢

f3(FERC) — D|2{ A ™o| TR =Tt £ 50| HOIL} FHF2 FE=A| OjRfSH= A2, Aot 4F FI17) 0|2 A2 HHFSHA| 23
« ZIMOEZ ETF EQ H|FO| 52 F=1t X2 ETF E§ H|FO| %017 355 5 FERCZ}H SO, o|= HE &3 vt 7582 LHE
ETF7} 71 HHEA 0| FgL O|k|= A2 ETF= Fundamentalzte| 22| ZHH

Figure 1: Illustration of the Propagation of Liquidity Shocks via Arbitrage

Table 5: Regressions of current returns on future earnings and ETF ownership
Panel A: Total earnings
This table presents regression summary statistics of regressions of current annual stock returns (RET) on

- S ol= A0 i (o] == KX
(D WALl =7t 2AE0| FF 7|Y folnt 20| Q=R 57
= \ .
= 0.05, and 0.10 levels, based on a two-sided test.
{ EE ) @ O SO
| \ \_/ Fundamental Value | \_’/ Fundamental Value | v = RET| |
Figure 1a. Imtial equilibrium Figure 1b. Liquidity shock to ETF Variable type | Pred I I
ETF,, x EARN, Interaction - -3.662 ***
(-2.60)
ETF,; x EARN,.; Interaction - -0.212 ***

(-4.64)

A

/7N r ot i 9
- NAV D Covo AETF.1 x EARN .y Interaction 0.194
) A A e v y
] LA

’/ HF\X mh‘v AETF., x EARN, i Lo

| Interaction -3.636 ¢

Fundamental Value | \ \_’ / Fundamental Value {“2 58}
: N . AETF,, x EARN ., Interaction -0.195 **

Figure lc. Initial outcome of arbitrage: Figure 1d. Equilibrium reestablished: after (-2.07)

l;e SEL_}Li:k 1s propagated to the NAV, a:d some time, both the ETF price and the NAV =

the price starts reverting to the revert to the fundamental value.

funds . (0] R IITEA AO| & =C-Hd

fundamental value. ETF E-rrjlh [e) 7|-E_|_§ U:le 7|-7|- DlEH T _I O-IEE = I_I-CO):I

At&: Do ETFs Increase Volatility? The Journal of Finance(2017)

At&E: Is there a Dark Side to ETFs? Review of Accounting Studies(2017)
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o F27IY0l a0l EEl= AT BEF2 MOt BHEH Al HAIKQ! 22 Yo) 7HE Atito] FRBE[= HAH 1™ (systematic risk) S 57F
o SETFE TS0 CHEH MR YEECHS Al 22 4] TA[ol] 2HAE! XA ol Wi2A| B L =5 St DA 2AM AY
I =2+ 714 FZX2Hherding or shock propagation) 48 7t5%d ZH
e.g) 2015'd 62 ~8 Afo] D2|A FHAHA HM 712t F GREK ETF F/d3520| 7t A% AL
ot

£l U 50 7|92 ofel AR (ADR Ei HHAHA 5)2 A4 HapE

* Coca-Cola HBC, National Bank of Greece, Hellenic Telecom 52 OiE A|H H|ZF 0| 3H| O[5t} AL SAIE|= RS 2HA

1= O —=

= AR Gl=(Undiversifiable) MM 1Y, 5 HIEH] F&F22 2y AP Rt Ho{ CHE 2|YE2l 71 S22 Al

.. . . Figure 4: Greek ETF on NYSE (symbol: GREK} and its major constituents
Table 4. ETF Activity and Contemporaneous Return-Earnings Components Relation ’

Table 4 presents associations between returns and earnings components using Fama-MacBeth (1973) regressions for alternative
subgroups. Small (big) firms are those with market capitalization below (above) the 50" NYSE percentile. Low (high) analyst (Athens Exchange closed from 25Junto 02Aug, 2015)
o O 2Fo| L=olRIAE RJIO A o|{o oo|Ols *
ETFO ERF0| Zot2 o= 71O AAY Y2 |2 0[sH
= oo Uv{O 00 = (o] XeX
o7tote EHEH RlAF LR 9| 9|2 R-2[0[5H S7t5HA| & 2
E,';‘ All oithcr \lrariabllcs are ;5 dcﬁﬁcd in {hc App'cndix..l—slatiszics u;'ilh Ncwc‘y—Wcsll corrc;linn 1'0} auloccrrélatinn are rcplorlcd in
parentheses. *, **, and *** indicate significance at the 0.10, 0.05, and 0.01 levels. respectively. 10
Full Small Big Low High
1 2 5 4 5 ]
Intercept 0.055%** 0.144%%* 0.179%%* 0.056%* 0.052*
(2.77) (6.84) (7.38) (2.66) (1.72)
AETF, 0.020%** 0.042%%* -0.014%* 0.03 1 ##+* -0.006 e
(5.05) (7.03) (-2.42) (6.83) (-1.32)
Earn_Sys;, 0.361%** 0.325%** 0.649% 0.374%%% 0.579** 20
(4.15) (3.81) (1.99) (4.03) (2.44)
Earn_Firmi. 0.300%** 0.337*** 0.467* 0,353 %%+ 0.425%**
(5.05) (4.43) (1.74) (4.36) (3.20) -30
Earn_Sysi * AETF, 0.330%%% p.425%% 0.082 0.359%* 0.229 —ETF:GREK, % daily change on NYSE
{1.85) {3.39) {0.18) {2.26) (0.94) ——CocaColaHBC, %daily change on LSE
Earn Firm * AETF;, 0.066 0.062 -0.211 0.079 -0.056 Hellenic Telecom Company, %daily change on US pink sheet
(0.95) (0.92) (-0.63) (1.21) (-0.41) ——National Bank of Greece, %daily change on US ADR, NYSE

At&E: ETF Activity and Informational Efficiency of Underlying Securities (2019) At&E: Effect of Information Linkages in ETF Markets(2016)
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« O 1351 1270 £l E0| =& 22 10 714 gHEo| 3| 240t T552 ok FAl0 HY TR EAY
o 4FHQ BHIE EXLE QoAM= TI2FHQI Loss cut X Rebalancing 87 ZQ
o EO0| HIHE I HiEA| X[ATHO] 242 2013 A|7| 1, HHIFHO| OfptE|M DHIEO| GA|EN Q= CHE F30= WAl TR
Jegadeesh & Titman?| 2HIE T2t Formation period / Holding Period &
Table I

Returns of Relative Strength Portfolios
The relative strength portfolios are formed based on J-month lagged returns and held for K
months. The values of J and K for the different strategies are indicated in the first column and P
row, respectively. The stocks are ranked in ascending order on the basis of J-month lagged
returns and an equally weighted portfolio of stocks in the lowest past return decile is the sell
portfolio and an equally weighted portfolio of the stocks in the highest return decile is the buy
portfolio. The average monthly returns of these portfolios are presented in this table. The

relative strength portfolios in Panel A are formed immediately after the lagged returns are . . . .
measured for the purpose of portfolio formation. The relative strength portfolios in Panel B are Formdhon pe”Od ( J) HOIdIng pe”Od ( K)
formed 1 week after the lagged returns used for forming these portfolios are measured. The _ — _ _
t-statistics are reported in parentheses. The sample period is January 1965 to December 1989. J - 1, 3, 6, 12 monThS K - 1, 3, 6, 12 monThS
P'mc] A Pancl B > T
J K= 3 ﬁ 9 12 K= 3 6 9 12
3 Sell 0.0108 0.0091 0.0092 0.0087 0.0083 0.0079 0.0084 0.0083 7|7t =0} AQIZ20 = IO
(2.16) (1.87) (192) (187 (1L67) (164 (L7 (179) J712 52 9 E0| AE AN K212tE
3 Buy 0.0140 0.0149 0.0152 .0156 0.0156 0.0158 0.0158 0.0160 Lo =ac A 03
(3.57) (3.78) (3.83) (3.89) (3.95) (3.98) (3.96) (3.99) IT — _(I)__I = (A) I:IH_I_ E'ITO|-E|-7|- I:IHE
3 Buy-sell 0.0032 0.0058 0.0061 0.0069 0.0073 0.0078 0.0074 0.0077
(1.10) (2.29) (2.69) (3.53) (261) (3.16) (3.36) (4.00)
6 Sell 0.0087 0.0079 0.0072 0.0080 0.0066 0.0068 0.0067 0.0076
(1.67) (1.56) (1.48) (1.66) (1.28) (1.35) (1.38) (1.58)
6 Buy 0.0171 0.0174 0.0174 0.0166 0.0179 0.0178 0.0175 0.0166
(4 rﬁ\ {4 m\ (4 29 (4.132) {4 “l'\ (4 413 f/lm (413}
6 Buy-sell 0.0084 0.0085 0.0102 0.0086 0.0114 0.0110 0.0108 0.009
(2.44) (3.07) (3.78) (3.36) (3.37) (3.61) (4.01) (3.54)

3~ 127H°J EEI-IIE'IO| h:o /\E 'CSI:U' /\OIEO —I—T

At&E: Returns to Buying Winners and Selling Losers (1993) At&: At&: Returns to Buying Winners and Selling Losers (1993), SK3H 17
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Table V
Comparison of JT, MG, and 52-Week High Strategies
Each month between July 1963 and December 2001, 6 (j=2,...,
for (6, 61 and (6, 12) strategies, respectively:

Tror 12(j = 2,...,13) cross-sectional regressions of the following form are estimated

Raw Returns Risk-Adjusted Returns Raw Returns Risk-Adjusted Returns
Monthly Return Monthly Return Meonthly Return Monthly Return
from (6, 6) Strategy from (6, B) Strategy from (6, 12) Strategy from (6, 12) Strategy
Jan. Incl. Jan. Excl. [ Jan. Incl. Jan. Excl. Jan. Incl. Jan. Excl. Jan. Incl. Jan. Excl.
Intercept 362 187 258 155 342 1.66 238 1.34
(6.09) (3.57) (5.99) 14.02) i5.73) (3.17) (5.56) i3.51)
Ris s 6.50 553 594 —5.36 6.56 ~5.58 ~5.99 —541
(—14.90) {—-14.80) -14.1T) (—14.78) {—14.88) (—14.96) (—14,14) (—14.82)
Size 0.20 0.08 017 =0.09 019 =006 =016 -007
(=4.70) (=2.13) (=511) {=3.09) (-4.27) {-=1.61) {-4.58) (=2.44)
JT winner dummy 0.17 015 016 0.16 0.05 0.02 0.05 0.04
(2.07) (1.69) (2,800 {2.69) (0600 (0.22) (1.10) (0.79)
'h! ceck high winner dummy - 0.65 1.0 (.86 113 0,39 0.78 0.60 0.85
veek high loser dummy {4.08) (7.64) (7.29) (11.35) (2.63) (6.14) (5.61) (9.73)
TT winner dummy — 038 046 038 046 0,24 0.29 0.27 032
JT loser dummy {3.71) (4.39) (4,02) (5.13) (2.74) (3.25) (3.77) (4.65)
MG winner dummy 0.25 0.22 0.25 0.24 017 0.15 022 0.20
MG loser dummy (2.83) (2.45) (2.92) (2.72) 2.23) (181} (3.11) (2.66)
L=—
T MERO| 2[A3 27 £9E0| 0.86%(1=7.29)
52811 |' (e e[AI R o = olt= =
Mk =I5 K|&X0| 0 =2 R1f ol At=
A-”7|'7(| i 37 A =1 T 2T 0&

At&: The 52-Week High and Momentum Investing(2004), The Journal of Finance
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Table VI
Persistence of Profits from JT, MG, and 52-Week High Strategies—Risk-Adjusted Returns

Each month between July 1963 and December 2001, 12(j=2,..., 13} cross-sectional regressions of the following form are estimated:

Monthly Return Monthly Return Maonthly Return Monthly Return
from (6, ~12, 12) from (6, ~24, 12) from (6, ~36, 12) from (6, ~48, 12)
Strategy Strategy Strategy Strategy
Jan. Inel. Jan. Exel. Jan. Inel. Jan. Excl. Jan. Incl. dJan. Exel. dJan. Incl Jan. Exel
Intercept 173 062 16 05 141 03 128 014
13.96) 11.62) (3.69) (.29 (317 0.37) 12.96) 10.37)
Ry 6.05 5.41 6.10 5.43 616 547 625 557
(-13.85) (~14.56) (~13.86) (~14.45) (~13.98) i~14.27) (~1393) (=14.01)
Size 0.09 0.01 0.08 0.00 0.07 0oz 0.05 0.03
(—2.63) (=017} (-2.27) 10,16 =2.000 10.58) {—1.56) 11.200
52-week high winner dummy — 002 016 =007 004 41 007
52- week high loser dummy —0.23) 01.93) {-0.82) LX) 0.15) 1.11)
JT winner dummy — 0,13 0,12 =005 -0.08 0.10 014
JT loser dummy {—2.65) {—=2.66) {=1.29) {-1.85) {~2.20) {~3.16)
MG winner dummy — —0.08 -0.11 0.04 002 0.09 .08
MG loser dummy {-1.33) (=1.91) {0.91) (0.39) {1.76) {154}

SHH EIAE HEF: 2 61 E 2SR ZEEE|Q 4 ol
240 EO| R|H A EE 1270 E3517] (6, ~24, 12)

SN T=fel a2 F0| Pl A2 71 T Aol {2lofsH
BEEX| YUCH= L2 1Y It

At&: The 52-Week High and Momentum Investing(2004), The Journal of Finance 18
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. AQ|= Ao|l=
wag | FYsos
20241231 20250131 20241231 2025-01-31
AGILENT TECHNOLOGIES INC ~ -3.5026 108402 | -1071567 3330556
APPLEINC 46984  -57000| 4698400 -3.709000
ABBVIEINC 04353 11700 | 0155142 0423782
AIRBNBINC-CLASSA 23603  -26254 | -0742529  -0.828062
ABBOTT LABORATORIES ~ -0.7682 04308 | -0257470  3.246218
XYLEMINC 66167  3.8826 | -2012090  1.132646
YUM! BRANDS INC ~ -2.2179  -37642 | -D678043 -1151304
ZIMMER BIOMET HOLDINGS INC ~ -0.9567 23865 | -0289632 0723107
ZEBRATECHNOLOGIES CORP-CLA  -42315 17813 | -1280245  0.539443
ZOETISINC ~ -50504 21672 | -1862437  0.680479
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2021-  2021-01- 2021-02- 2021-03- 2021-04- 2021-05- 2021-06- 2021-07- 2021-08- 2021-09-
01-01 3 28 3| 30 K| 30 | 3 30
label  value
*9| Tow 1 1042888 1.109204 1.109204 1109204 1.109204 1.109204 1.109204 1.150672 1.150672
B/M E B : B N B : N
Neutral 1 1.011215 1.011215 1.054295 1073375 1.062886 1.061256 1.060643 1.06763 1.0851
Héﬂmh 1 1.0 1.0 1.0 1004213 1.004213 1.004213 1.004213 1.022606 1.022606
2 Low 1 10 1.02688 1.07276 1.051794 1.054322 1.016372 1.01207 097084 0.975765
A BiM - : b - - : . :
=]
Neutral 1 1025205 1.164673 1.234318 1277617 1.284031 1.278418 1.225611 1.272216 1.284072
Héﬂmh 1 00975176 0960472 0953708 0963093 0.967335 0070095 0970995 0971762 0.971782
ors} Low
a BIM 1 1.0 1.0 10 10 1.0 1.0 1.0 1.0 1.0
Neutral 1 1.0 1.032291 1.050715 1.050715 1.080715 1.050715 1.090316 1.090316 1.000316
High 1 10 10 10 1.0 10 1.0 1.022071 1.022071 1.022071
BIM . K . ! i | d .
g Low 1 1004076 1.014276 1.052102 1028757 1.057941 1.092187 1.063637 1.0682756 1.026083
B/M E B : : i B : :
Neutral 1 1040255 1.113616 1.098928 1.16771 1.249186 1.31085 1.254684 1239906 1.252627
Héﬂmh 1 1.0 1.000254 0995673 1.075116 1.075116  1.11332  1.11332  1.11332 1.106208
e LBOI': 1 1.014375 1.061351 1.144891 1.190757 1.228655 1.198274 1.18761 1.204244 1.194642
Neutral 1 1.014304 1.060932 1.120534 117317 1.183141 1.182694 1.199627 1.221913 1.205126
Héﬂmh 1 0992079 1.014152 1.030854 1097007 1.098436 1.123842 1157192 1.1738233 1173101
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Market Overview - S&P 500
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TE « B ARIH|S MDD % T « B | AHmHIZ | MDD%

A —_

ZFA -
214 0007 1 007 1009 18 M|, Neutral 0.01 114 0.96 25.2
2+, High B/M 0 0.69 0.93 ~20.9
ofo} 0.003 0.185 0.628 ~13.6 oM, High B/ |
o9t Neutral 0 0.1 0.71 -6.7
2l -0.002 1.111 0.45 -28.3 ‘
2Nl Low B/M 0 0.72 0.68 -25.8
S0 0 0.888 0.427 -33.6 ‘
231 High B/M ~0.01 0.75 ~0.62 -53.5
52 -0.003 1.088 0.425 ~29.1 ‘
Z9 Low B/M ~0.01 0.37 074  -408
A9 ~0.001 0.752 0.259 ~36.8 ‘
ok} Low B/M 0 0.05 -0.75 —6.2
H x| _ _ _ :
Bl 0.017 1.36 0.528 471 E% Neutral -0.02 0.86 -0.78 -73.9
(= ]3 _ _ _ '
=% 0.027 1.259 0.808 83.3 £ High B/M ~0.01 007 -095 317
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Market Overview — KS200+KQ150
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TE « B ARIH|S MDD % T « B | AHmHIZ | MDD%
P H —_ —
XE _
24 0.009 0.865 0.323 214 ZE, Neutral 0.018 1.061 0.590 32
Z M|, Neutral 0.0M 0.906 0.355 -31.6
oku} 0.003 0.254 0.154 -10.7 ‘
ZE LowB/M 0.003 0.127 0.261 -9.3
2a 0.000 1.130 -0.218 -50.5 \
o3} Neutral 0.002 0.183 0.232 -7.4
33 -0.000 0.878 -0.334 -31.6 \
2t Neutral -0.019 0.763 | -1.348 -65.4
2 -0.010 0.892 -0.784 -49.0 :
57l LowB/M -0.008 0.109 | -1.474 -29.9
29 -0.014 0.514 -0.897 -59.1 |
571 Neutral -0.026 1.004 -1.674 -78.8
ot - - - - ‘
0.012 0.118 1.083 46.4 Z% HighB/M | -0.004 0.009 -1.881 -8.0
H x| - _ _ ‘
T 0.027 0.997 1728 79.8 okl Low B/M -0.003 0.002 -5.136 -2.2
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Table 4. ETF Ownership and Daily Stock Volatility (Monthly Sample)

The table reports estimates from OLS regressions of daily volatility on ETF ownership, ETF mispricing volatility,
and ETF flow volatility. In Columns (1) to (3), the sample consists of S&P 500 stocks, and in Columns (4) to (6),
the sample consists of Russell 3000 stocks. The frequency of the observations is monthly. Daily stock volatility is
computed using daily returns within a month. Variable descriptions are provided in the Appendix. Standard errors
are clustered at the date and stock levels. r-statistics are presented in parentheses. =,

. and ~ represent statistical
significance at the 1%, 5%, and 10% levels, respectively.

Dependent variable: Daily stock volatility (computed within the month)
Sample: S&P 500 Russell 3000
(1) 2 (3) (1) (5) (6)
ETF ownership (average within the month) 0.144%= 0.041%*
(8.190) {7.051)
ETF mispricing volatility (within the month) 04 2o AT b
[(12.654) (10.378)
ETF flow volatility (within the month) Ao 939
(1L170) (9.953)

log(Mktcap (t-1)) -0.159%%% -0, 159%%* 0. 170%%* -0.250%%* -0.258%"* -0.261***

(-2917) (-3.069) (-3.168) (-12.444) (-12.544) (-12.666)
ETF 2930| 242 22 F25 20| $A0} ¢i4fo| HA|D
HSAE SOF (S 9l 2ieh)
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+ ATHEOE IRl A|K{ot RUR HIRIA|DH SOVHOHT 4 QU FREAUS BFOH YA HE
A m] =] o s A = N AlO . .
« A7t EOHEARE FE P2 lI-Conditioned =|H HYE A|tho] £A|HO 2 D1 EQHISHE (MRH O = H-Zo7| oY)
ot =1 o = = =
« Markowitz's curse : 55 $7t o4& BE&X XEZE|QE J1/4Jot7| @Ivt Y| 2ok 7 ohgddo| S&igt
HrpwAdxol 2|lA3 24 2 Hierarchical Risk Parity lll-conditioned & &&= U&= HIO|E{(FE2 4t HWEH) AIE-S HHA|
BUILDING DIVERSIFIED PORTFOLIOS 5 — identity ]
THAT OUTPERFORM OUT-OF-SAMPLE | |=—— Correlated
H —- - Ill-Conditioned
4 ‘\. |-=--- Singular
8 34 \
AN
ABSTRACT 8 RN
m 24 '\.
This paper introduces the Hierarchical Risk Parity (HRP) approach. HRP portfolios address three - T~
major concerns of quadratic optimizers in general and Markowitz’s CLA in particular: T e )
Instability, concentration and underperformance. 1 i ST _
TN T T —
HRP applies modern mathematics (graph theory and machine learning techniques) to build a Vr—— - T
diversified portfolio based on the information contained in the covariance matrix. However, i T e—e—
ike quadratic ontimizers \ sauire the invertibili \ covariance matet 0
unlike quadratic optimizers, HRP does not require the invertibility of the covariance matrix. In
fact, HRP can compute a portfolio on an ill-degenerated or even a singular covariance matrix, an 0 10 20 20 40
impossible feat for quadratic optimizers. Monte Carlo experiments show that HRP delivers lower Variable #
out-of-sample variance than CLA, even though minimum-variance is CLA’s optimization '
objective. HRP also produces less risky portfolios out-of-sample compared to traditional risk
ari \ ; o L
parity methods. E|genVC||U97 ET% 1 %I"%tgiﬂ Hlj% | il:l'__lL OH&l| 7|-F
EXM SLDE N =
(2237 EH SSax u?:!)
Keywords: Risk parity, tree graph, cluster, dendogram, linkage, metric space.

At&: Building diversified portfolios that outperform out-of-sample(2016) At&E: Building diversified portfolios that outperform out-of-sample(2016)
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10| Hierarchical Risk Parity(HRP)
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L —

+ 2AEY Y1250l Distance FEQ| HIOIETF CHR7| SOI3 (HIS 44, W54, ThYY 5 52 29T 24 ZUEL U5
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) 37|0|H, 2|lA

oM

D

FARZE AFAEUA E Euclidean distance 2 EH%t

1 .7 .2 0 .3873 .6325
{pij} = [.7 1 —.2] -{d;;}=1.3873 0 .7746}
2 =2 1 .6325 .7746 0
Example 1— Encoding a correlation matrix p as a distance matrix D
0 3873 .6325
=1 2873 7746] {d”]u 23
7}7<|'7-|E|7} % 25 7746
KHAH1EH 262 71| e 0 .5659 974—7]
= ].5659 0 1.1225
EEMEE = 0747 1.1225 0

Example 2 — Euclidean distance of correlation distances

_ min[0,.5659]
ul1] = (1,2) - {diyu} =| min[.5659,0] |= [ 0
min[. 9747,1.1225] 9747

Example 4— Updating matrix {d: :} with the new cluster u

= AF(1,28) 2 ARLZHZIO| AHE2| 79

A& Building diversified portfolios that outperform out-of-sample(2016)

1. The algorithm is initialized by:
a. settmg the list of 1t|3ms L={Ly},withLy={n}._,

to all items: w,, o OR|2t 22 AE{7} R}AIQ
| RIAQb AUx|sIH AN E|S ST

a. bisect L; into two subsets, LEI)ULEZJ = L;, where |L§”

= i“tl§|Li|J1 and the
order is preserved
b. define the variance of .LUj j = 1,2, as the quadratic form I/Uj = ~l‘(j)’]é(;')v—:,‘(j)'
where L@U ) is the covariance matrix between the constituents of the LE}' ) bisection,
and ﬁ"fl.m = diag [Vim]_lm, where diag[.] and tr[.] are the diagonal
S[Vi ] ] ElA:'(uAI.oloqA)i
7D ApHH|IZ A%
c. compute thefsplit factor: a; = 1 — m othit 0 < a; <
&8

and trace operators

d. re-scale allocations w, by a factor of &;, Vi € L;

e. re-scale allocations w,, by a factor of (1 — a;), ¥n € L(z)
4. Loop to step 2

At&: Building diversified portfolios that outperform out—of-sample(2016)
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import scipy.cluster.hierarchy as sch

Split factor Ol W2} H|S E7

import numpy as np

Distance
=N

Dendrogram based an Return & Turnover

1 —Q;

-
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import pandas as pd

cov, corr = xX.cov(), X.corr()

dist = ((1 - corr) / 2) ** 8.5
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link = sch.linkage(dist, method="single")
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=2 - Low B/M
22| - Neutral
29| - High B/M
S - Low B/M
F 24 - Neutral
24 - High B/M
A&} - Low B/M
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=L - High B/M
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