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motivation

» Wikipedia: commodity is an economic good, usually a resource, that
specifically has full or substantial fungibility: that is, the market treats
instances of the good as equivalent or nearly so with no regard to who
produced them.

» commodities are both production inputs and investment assets that serve
multiple investing purposes (hedging, speculation, arbitrage)

» commodity prices should reflect:

- expected stock market returns (i.e., discount rates), p;
- expected stock market cash-flow growth rates, g;

two forces at the center of leading asset pricing theories

» this paper studies how to extract the latter from commodity prices

1/62



main results

» | show that just gold and oil prices are enough to infer those states

» | show regression-based, PCA, and state-space model evidence that: (ur,
gt annualized in percentage):

1 1
log G; = const + EMH— th—i—ef (1)
1 1
|0g Ot = const — Eﬂt + th + Eto (2)
rep1 = e + Erpr1 (3)
Adiy1 = gt +€d,041 (4)

- log G; — log Oy is a return predictor (annual IS R? = 11% and OOS
R? = 14%), negatively priced in cross-section

- log G; + log O is a dividend growth rate predictor (annual IS R?> = 6% and
00S R? = 8%), positively priced in cross-section
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main results
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main results

> the paper also sheds light on the "omitted variable bias (OVB)" or
"error-in-variable bias” in time-series return predictive regressions

» suppose we want to study the relation between log gold price and expected
stock returns, and we run future stock returns directly onto log gold price:

rey1 = const + By log Gy + €441 (5)
—
1 1 1
= const + 51(@/# + th) —h th + ettt (6)
—_——

» the true relation is positive

v

but our slope coefficient 51 can be zero or negative due to the OVB
> there are two components of the OVB:

- the "attenuation bias” biases (3; toward zero
- the covariance between pu; and g; is negative, which biases 3; toward
a negative territory

> | estimate OVB equal to 100%
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main results
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the OVB helps explain the literature findings

» the literature almost agrees that oil price negatively predicts stock returns
(positively correlates with stock returns):

- Chen, Roll, and Ross (1986), Jones and Kaul (1996), Driesprong,
Jacobsen, and Maat (2008), Huang, Masulis, and Stoll (1996), Sim
and Zhou (2015), Ready (2018), Christoffersen and Pan (2018), Gao,
Hitzemann, Shaliastovich, and Xu (2022)

» the literature vastly disagrees on how gold price predicts stock returns
(correlates with stock returns):
- Barro and Misra (2016), Baur and Smales (2020): hedging asset
- Huang and Kilic (2019), Hou, Tang, and Zhang (2020): risky asset
- Erb and Harvey (2013): no relation

» | reconcile different opinions on gold
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other omitted variables?

» commodity prices are driven by other forces not captured by p., g; like
inflation, hedging demand, sentiments, extrapolation, etc

» model overfitting?

v

unlikely

» through PCA, | show that p; and g; almost span the state-space of
commodity pricing
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PCA
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> only consider metal, energy and ignore livestock, agricultural because the
latter behave a bit differently
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principal components
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> PC1 is basically g;; PC2 is basically p;
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commodities’ loadings on PCs

» Commodities’ loadings on PCs are given by

variation explained
Gold

Oil

Silver

Copper

Platinum

PC(1)

79%
0.41
0.45
0.61
0.37
0.35

PC(2)
9%
0.44
—0.62
0.49
—0.16
—0.40

PC(3)
5%
—0.05
—0.48
-0.19
0.84
0.13

PC(4)
5%
0.28
—0.36
—0.16
—0.35
0.80

PC(5)
2%
0.75
0.21
—0.57
0.08
—0.24
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the paper also contributes to return/dividend growth
predictability literature

» Cochrane (2008), Cochrane (2011), Koijen and Van Nieuwerburgh (2011),
and Van Binsbergen and Koijen (2010), Kelly and Pruitt (2013), Pruitt
(2023), De La O and Myers (2021), Li and Wang (2024), etc

> using state-space model, Van Binsbergen and Koijen (2010) find that both
returns and dividend growth rates are predictable by information contained
in PD ratio

» | show that commodity prices contain information that predicts returns and
dividend growth rates, above and beyond PD ratio
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data

v

v

Jan 1975 to Dec 2022
monthly (and daily) commodity price data from Macrotrends

monthly dividend and price-dividend ratio data from Amit Goyal's (Robert
Shiller's) website

monthly (and daily) stock market return data from Ken French's website

commodity prices are non-stationary
but log commodity prices cointegrate with log dividends

detrend using log dividends
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data

Table 1: Johansen (1988) Rank Test
We estimate an Engle and Granger (1987) vector error-correction model (VECM)

AYy=p+NYe 1 + erAYt—j+5t

and conduct Johansen (1988) rank test for cointegration based on the rank of the matrix .
The null hypothesis for the rank test is that there are no more than r cointegration relations.

p—1

J=1

statistic c-value p-value

Y; = [log Gt, log O]

Hy:r=0 126 155 0.129

Hoir=1 10 38 0454
Y: = [log Gy, log D]
Hy:r=0 168 = 155  0.031
Hoir=1 26 38 011
Y, = [Iog O, log D]
Hy:r=0 155 0.003
Hy:r=1 541 3.8 0.024
Yt = [Iog Gt/Ot Iog Dy’
Hy:r=0 155 0.001
Hy:r=1 8 1 3.8 0.005
Y = [Iog Gt O, log Dy]
Hy:r=0 155 0.013
Ho:r=1 3 0 3.8 0.083

Ho:
H, :rfl 10.5 155
Ho:

Yt = [Iog Gt log Ot, log D]’

9.8 0.018
0.269
r=2 2.3 3.8 0.129
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data

Table 2: Stock and Watson (199:2) dynamic least square

log X¢ = Bo + Bplog De + > 7ilAlog Dy + et
i=—k

estimate s.e. t-stat [95% Cl]
X=G
Bo(k=1) 062 006 10.54 [0.50, 0.73]
Bo(k=2) 062 007 858 [0.48,0.76]
Bp(k=3) 062 008 7.46 [0.46, 0.78]

X=0

Bp(k=1) 016 008 1.96 [0.00,0.32]
Bp(k=2) 016 009 162 [-0.03, 0.35]
Bp(k=3) 016 011 144 [-0.06, 0.38]

X=G/O
Bp(k=1) 046 008 564 [0.30,0.62]
Bp(k=2) 046 010 476 [0.27, 0.65]
Bp(k=3) 046 011 425 [0.25, 0.67]

X=G-0

Bp(k=1) 078 012 6.66 [0.55, 1.01]
Bp(k=2) 078 0.14 547 [0.50, 1.05]
Bp(k=3) 078 016 4380 [0.46, 1.10]

14/62



data

P estimated cointegration relation:

log G; =

log O; =
log G;/ O, =
log G; - O; =

log G; — 0.62 log D,
log O; — 0.16 log Dy
log G; — log Oy — 0.46 log D,

log G; + log O; — 0.78 log D;.
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data

Table 3: Summary statistics

Variable Std  AR(1) ADF p.val Start End
log G = log G, — 0.62 log D; 039 0992 0059 1975.1 2022.12
log O = log O; — 0.16 log D 0.45 0.976 0.005 1975.1 2022.12

log G/O = log G;/O; — 0.46log D;  0.36  0.957 0.000 1975.1 2022.12
log G- O=log G;- Oy — 0.78log D; 0.76  0.989 0.036 1975.1 2022.12

log Gi/P: 035 0.978  0.023 1975.1 2022.12
VRP; 2242 0.329  0.000 1990.1 2019.12
log PD; 0.44 0.994  0.073 1975.1 2022.12
Sentiment8W 0.87 0981 0010 19751 2022.6
Sentiment-> 096 0988  0.035 1975.1 2020.12
Risk_AversionBEX 0.67 0.788  0.000  1986.7 2022.12
VIX; 756 0.808  0.000  1990.1 2022.12
Interest_Rate, 029 0978 0005 19751 2022.12
Inflation, 0.14 0.644 0000 19751 2022.12
DFSP; 0.45 0.959  0.000 1975.1 2022.12
TMSP; 112 0952  0.001  1975.1 2022.12
ICC; 3.10 0.983  0.035 1977.1 2017.12
Skew? 0.41 0.847  0.000 1996.1 2021.12
Kurt? 1.11 0863  0.000 1996.1 2021.12

Crash__Prob; 270 0.776 0.000 1996.1 2021.12
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return predictive regressions

Table 4: Unlvarlate Return Predictability: Gold and Oil
= Bo + BxXt + €tth

Z (rt+! -

t+l

Im 2m 3m 6m 9m ly 3y 5y
X =log G/O
Bogc/o 20.03 1817 18.02 16.73 15.54 1448 8.0l 5.32
s. e [6.67] [6.53] [6.65] [6.91] [6.41] [5.88] [3.77] [2.53]
adj (%) 158 263 4.08 731 946 11.04 11.74 9.78
=logG- O
Bogco -1.25 -0.86 -0.88 -0.91 -0.95 -0.71 1.88 2.29
s.e. [3.17] [3.04] [3.00] [3.03] [2.98] [2.83] [2.10] [1.49]
Rﬁdj (%) -0.14 -0.15 -0.13 -0.08 -0.01 -0.06 3.11 9.10
X=log G
Blog G 6.15 6.10 599 539 478 480 6.63 6.37
s. e [6.06] [5.69] [5.51] [5.43] [5.51] [5.57] [4.05] [2.73]
adj (%) 0.02 020 038 074 090 127 10.57 18.72
X=log O
Blog 0 -8.18 -7.03 -7.01 -6.64 -634 -566 042 1.83
s.e. [5.42] [5.31] [5.35] [5.54] [5.28] [4.76] [3.62] [2.69]
Rﬁdj (%) 028 048 084 167 233 250 -0.13 181
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return predictive regressions

Table 5: Bivariate Return Predictability: |

h
12
m (revi— riyi) = Bo + Biog /0108 Gt/ Ot + BxXe + €ryn
i=1
Im 2m 3m 6m 9m ly 3y 5y
Beogco 1722 1484 1452 1231 1036 859 258 0.20
s.e. [8.22] [7.90] [7.87] [7.39] [6.26] [5.22] [2.36] [1.83]
Biog 6/P 5.70 6.77 7.09 887 10.18 11.48 1254 1193
s.e. [7.73] [7.34] [7.25] [7.25] [7.13] [6.26] [3.00] [1.74]
Rgd/. (%) 151 2.74 438 857 11.94 1519 28.31 31.74
Bogco 18.08 16.09 16.03 14.61 13.24 1215 720 4.48
s.e. [7.17)  [7.09] [7.19] [7.29] [6.56] [5.78] [3.53] [2.15]
Bogpp  -13.84 -14.85 -14.42 -15.29 -15.98 -16.32 -13.87 -14.12
s.e. [9.90] [9.41] [9.02] [8.02] [7.39] [6.73] [3.91] [1.59]
Rgd/. (%) 174 3.43 543 10.88 15.39 19.56 39.57 57.63
Bogc/o 2054 1865 18.46 17.14 1592 1485 893 589
s.e. [6.53] [6.39] [6.53] [6.85] [6.32] [5.75] [3.75] [2.60]
Bir. -9.42 897 -817 -7.71 -7.67 -7.61 -8.10 -4.94
s.e. [r.27) [7.12] [7.24] [7.26] [6.96] [6.06] [3.74] [4.05]
Rgd/. (%) 1.66 291 449 819 10.83 12.89 19.88 15.36
Bogc/o 19.38  17.82  17.69 16.27 1494 1394 7.86 523
s.e. [6.82] [6.75] [6.85] [6.90] [6.32] [5.79] [3.79] [2.54]
Binfiation  -20.72  -10.76 -10.58 -14.43 -20.44 -19.20 -8.57 -5.41
s.e. [17.60] [17.28] [15.87] [9.30] [9.68] [8.91] [3.74] [4.07]
Rgd/. (%) 1.69 2.61 414 799 11.77 13.77 13.72 11.21
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return predictive regressions

, Table 6: Bivariate Return Predictability: |

12
7 (reri — i) = Bo + Biog 6/0log Gt/0t+5xXt+6t+h
i=1

Im 2m 3m 6m 9m ly 3y 5y
Bogc/o 19.94 18.09 17.94 16.60 1541 1437 796 524
se. [6.77] [6.64] [6.79] [7.08] [6.53] [5.96] [3.77] [2.60]
Borse 342 285 341 512 499 456 1.83 3.35
se. [732] [6.79] [6.21] [4.87] [4.23] [3.65 [238] [1.96]
R, (%) 149 257 415 825 10.87 12.63 12.72 1647
Bogc/o 19.63 17.88 17.61 16.08 1510 14.33 7.80 4.78
se. [6.92] [6.80] [7.00] [7.35] [6.86] [6.24] [3.34] [2.40]
BTmsp 028 027 035 043 119 167 288 240
se. [2.33] [2.13] [2.06] [1.79] [1.62] [1.48] [1.09] [0.85]
adj (%) 1.48 263 410 7.13 9.96 1291 27.56 27.31
Bogcio 1762 17.90 18.28 2048 2030 2042 14.44 9.00
se. [7.19] [757] [8.13] [051] [8.77] [7.78] [2.79] [2.28]
Bvre 051 039 035 0.15 0.05 0.02 -0.04 -0.05
se. [0.09] [0.08] [0.06] [0.05] [0.05] [0.05] [0.02] [0.02]
adj (%) 726 9.63 12.96 14.11 16.58 20.88 28.79 21.00
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return predictive regressions

12
h

= (revi— i) = Bo+ Biog 670108 Gt/ Or + BxX: + €xn
i=1
Im 2m 3m 6m 9m ly 3y 5y
Biog 6/0 25.77 2429 2429 23.05 21.95 21.15 14.02 9.10
s.e. [7.85] [7.80] [8.17] [8.59] [7.67] [6.84] [2.91] [2.22]
Buix 037 050 046 044 032 027 0.06 0.02
s e. [0.55] [0.45] [0.42] [0.24] [0.22] [0.20] [0.22] [0.22]
R, (%) 303 625 961 17.16 2167 25.83 2698 21.02
Biog 6/0 3226 31.96 33.14 31.24 28.72 26.87 14.13 5.59
s.e. [7.66] [6.85] [7.16] [8.30] [7.61] [6.69] [4.21] [4.28]
Bskew 242 290 434 395 351 359 -1.67 -3.82
s e. [8.49] [7.65] [7.24] [5.76] [5.52] [5.29] [3.62] [3.18]
ad] (%) 398 7.89 1317 2248 27.24 30.42 2482 14091
Biog 6/0 32.66 32.82 33.30 31.01 28.15 26.34 14.03 5.84
s.e. [7.84] [7.16] [7.38] [8.29] [7.41] [6.53] [3.98] [4.20]
Brura -1.93 -291 -258 -1.73 -098 -1.07 0091 141
s e. [2.54] [2.38] [2.21] [1.58] [1.51] [1.46] [1.32] [1.40]
ad] (%) 410 8.46 13.67 2270 27.04 30.21 2536 14.45
Biog 6/0 32.82 30.56 31.38 30.39 27.81 25.98 14.56 6.84
s.e. [8.65] [8.32] [8.51] [8.58] [7.66] [6.90] [3.25] [3.76]
Bcrash—pProp -0.85 0.28 0.19 -0.29 -0.16 -0.19 0.45 0.16
s e. [1.35] [1.09] [0.97] [0.69] [0.65] [0.65] [0.39] [0.45]
ad] (%) 412 7.85 1292 2215 26.79 29.84 2562 10.93

, Table 7: Bivariate Return Predictability: 111
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return predictive regressions

12
h

= (revi— i) = Bo+ Biog 670108 Gt/ Or + BxX: + €xn
i=1
Im 2m 3m 6m 9m ly 3y 5y

Biog 6/0 20.03 18.13 18.18 16.93 15.78 14.73 8.01 5.32
s.e. [6.54] [6.40] [6.50] [6.72] [6.16] [5.59] [3.76] [2.53]
Bsentimentew  -5.03  -4.70 -4.67 -4.38 -425 -3.72 -0.07 0.11
s.e. [2.26] [2.09] [1.99] [1.88] [1.90] [1.99] [1.14] [0.94]
Rgdj (%) 2.06 354 559 10.19 1353 15.11 11.59 9.64
Biog 6/0 14.92 13.40 13.62 13.62 13.12 1264 7.49 559
s.e. [6.67] [6.59] [6.74] [7.19] [6.75] [6.20] [4.02] [2.37]
Bsentiment?ts  -6.46  -6.14 -5.60 -4.40 -3.73 -3.26 -0.68 0.37
s.e. [1.93] [1.74] [1.66] [1.84] [2.02] [2.07] [1.29] [0.72]
Rgdj (%) 2.60 449 647 10.78 1355 15.60 12.22 9.96
Biog 6/0 19.09 18.13 1851 18.05 1696 1573 9.31 6.15
s.e. [7.51] [7.43] [7.60] [7.81] [7.13] [6.51] [3.99] [2.64]
Brasex 489 661 527 573 485 440 153 172
s.e. [7.34] [5.99] [5.42] [2.56] [1.92] [1.60] [1.63] [1.42]
Rgdj (%) 185 412 6.34 1337 16.88 19.27 16.87 15.84
Biog 6/0 1497 13.10 13.12 13.15 1213 1134 7.27 438
s.e. [7.20] [7.30] [7.53] [7.93] [7.07] [6.28] [3.57] [2.51]
Bicc -0.00 0.16 0.13 020 024 027 041 043
s.e. [0.86] [0.87] [0.88] [0.87] [0.78] [0.65] [0.39] [0.34]
Rﬁdj (%) 0.63 1.17 196 450 6.02 7.38 14.67 14.01

, Table 8: Bivariate Return Predictability: IV
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return predictive regressions

Table 9: Daily regressions

260 &
S (revi = ) = Bo + BxXe + et

i=1

1d 2d 3d 4d 1w 2w

X =log G/O
Begeio 1826 1877 1933 1995 2038 2101
se [830] [7.79] [7.47] [7.28] [7.15] [7.09]
Rgdj (%) 0.05 0.12 0.19 0.28 0.38  0.69
X = Sentiment®W
Bew -10.74 -10.71 -10.65 -10.63 -10.64 -10.65
se. [5.26] [4.98] [4.82] [4.71] [4.63] [4.56]

Ry (%) 004 010 016 023 029 050

260

h 4

i=

(reri — i) = Bo + Biog 6/0 log Gt/ Ot + BpwSentiment?™ + e,y
1

1d 2d 3d 4d 1w 2w

Boge/o 17.95 18.44 1897 19.58 20.04 20.78

se. [8.28] [7.77] [7.44] [7.25] [7.11] [7.04]
Bew  -1054 -1051 -10.45 -10.42 -10.42 -10.43
se. [5.23] [4.95] [479] [4.68] [4.59] [4.51]

R, (%) 009 022 036 051 067 119
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return predictive regressions

Table 10: A Three-Factor Model

h
Z (resi— b)) = Bo+ Biog /008 Gt/ Or + BsontimeniewSentiment®V 4+ Be, o Skew@ + ery
=1

=5

Im 2m 3m 6m 9m ly 3y by

Bogc/o  31.6231.33 3251 30.45 27.83 25.97 13.49 5.07

se. [7.65] [6.83] [7.12] [8.15] [7.34] [6.22] [4.17] [4.00]
Bsentimenzaw -8.40 -8.39 -8.38 -10.43 -11.61 -11.80 -3.61 -3.08
se. [3.94] [3.32] [2.85] [2.27] [1.96] [1.60] [1.51] [2.59]
Bskewd 485 533 6.77 6.97 6.88 7.0l 0.05 -2.26
se. [8.68] [7.63] [6.92] [4.49] [3.12] [2.31] [3.23] [3.12]

Ry (%) 476 9.66 16.04 31.38 43.16 51.53 29.81 22.66
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uncertainty or risk-aversion?

Table 11: G/O and Other Variables
Xt = Bo + Biog 6/0 108 Gt/ Ot + €t

X = Sentiment”™ > ICC Skew® Kurt? log G/P VRP
Biog 6/0 -0.67 1.99 -033 062 049 876
s.e. [0.35] [0.66] [0.12] [0.33] [0.11] [4.79]

R2 (%) 6.12 508 867 396 2490 140
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results

» suppose we have an equilibrium model that prices gold and oil. Under
reasonable cointegration assumptions and log-linearization, the model will
imply the following two pricing equations:

log G; — c®log D; = const + ﬁfut + ngt + €€ (8)
log O; — c®log D; = const + Bﬁ)ut + ngt + €9, (9)

where 1 is expected returns and g; is expected dividend growth rate
» one can think about long-run risk models

> our goal is to determine the values of coefficients 3/ 52

/L’
» | will show regression-based evidence that largely supports the following
parameterization (u; and g; are annualized in percentage):

1 1

log G; = const + Iout + th + ef (10)
1 1

log Oy = const — — s + —g¢ + EtO, (11)

40 4
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first test

> take the difference of the two equations to get:
e = const + 20 log G;/ O; + 4, (12)

- if we run future returns (over a short period) onto log G;/O;, slope should
be 20. Confirmed in Table 4

- if we run future returns onto log G; and log O; simultaneously, slopes on
the two should be respectively 20 and -20. Confirmed in Table 12

- if we run future dividend growth rates onto log G;/ O;, slope should be
insignificant. Confirmed in Table 13
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second test

> take the sum of the two equations to get:
g+ = const + 2log G; - O; + €4, (13)

- if we run future dividend growth rates (over a short period) onto
log G; - O, slope should be 2. Confirmed in Table 13

- if we run future dividend growth rates onto log G; and log O;
simultaneously, slopes on the two should be respectively 2 and 2.
Confirmed in Table 14

- if we run future returns onto log G; - O, slope should be insignificant.
Confirmed in Table 4
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third test

» we can also derive:

pr = const + 40log G; — 20 log G; - Oy + €; (14)
pt = const — 40log O; + 20 log G; - O; + €4, (15)

- if we run future returns (over a short period) onto log G; or log Oy, but
controlling for expected dividend growth as proxied by log G; - O;, then
slopes should be 40 and -40

» Table 15 confirms this is the case
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results

Table 12: Bivariate Return Predictability: Gold and Oil

h

12

— > (e = 1) = Bo + Biog 6108 Gt + Fiog 0 l0g Ot + exi
i=1

Im 2m 3m 6m 9m ly 3y by

Biog 6 20.77 19.23 19.03 17.54 16.09 15.24 1153 09.12

se. [7.97] [757] [751] [7.56] [7.30] [7.20] [5.08] [3.19]
Bego  -19.71 -17.70 -17.58 -16.38 -15.20 -14.14 -6.42 -3.60
se. [6.901] [6.83] [6.97] [7.29] [6.70] [5.97] [3.83] [2.78]

Rﬁdj(%) 141 248 394 719 932 1095 17.51 2279
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results

Table 13: Univariate Dividend Growth Predictability: Gold and Oil

h

12

? E Adiyi = Bo + BxXt + €rrn
i—1

Im 2m 3m 6m 9m ly 3y 5y

X=log G/O
Boge/o -1.91 -1.83 -1.77 -138 -0.85 -0.17 224 0.44
se. [1.39] [1.52] [1.63] [1.96] [2.26] [2.54] [2.54] [1.81]
Rgdj (%) 077 073 0.69 039 0.05 -0.17 0.28 0.05
X=logG- 0O
Bogco 210 211 213 213 210 201 145 136
s.e. [0.67] [0.70] [0.73] [0.80] [0.88] [0.96] [1.17] [0.90
Rgdj (%) 493 520 543 587 601 589 607 1157
X=logG
Biog 6 320 326 331 348 363 374 362 276
se. [1.37] [1.45] [1.52] [1.68] [1.81] [1.91] [2.39] [1.90]
Rgdj (%) 292 316 337 405 470 537 10.03 1251
X=log O
Biog 0 362 361 361 349 327 293 149 189
s.e. [1.10] [1.16] [1.22] [1.38] [1.59] [1.82] [2.23] [1.55]

R, (%) 510 530 546 548 509 434 203 745
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results

Table 14: Univariate Dividend Growth Predictability: Gold and Oil

h

12

7 > " Ad:yi = Bo + Biog 6108 Gt + Biog 010 Ot + €r41
=1

Im 2m 3m 6m 9m ly 3y 5y

Blog G 0.88 099 1.07 152 205 268 454 241

se. [1.75] [1.89] [2.03] [2.37] [2.65] [2.90] [3.33] [2.30]
Bego 313 306 301 264 213 144 -121 045
se. [1.40] [1.51] [1.62] [1.95] [2.29] [2.63] [2.70] [1.82]

Rgdj(%) 508 531 551 579 585 584 10.66 12.58
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results

Table 15: Return Predictability: Controlling For Cash Flow Components

h

12

" E ("Mri - ’{+i) = fo + BxXt + Biog 6.0(log Gt - Ot) + €t4
i—1

Im 2m 3m 6m 9m ly 3y 5y
X=logG
Biog 6 4048 36.93 36.61 3392 3139 2938 17.94 1271
s.e. [13.61] [13.23] [13.39] [13.82] [12.93] [12.14] [8.03] [5.26]
Bogco -19.71 -17.70 -17.58 -16.38 -15.29 -14.14 -6.42 -3.60
s.e. [6.91] [6.83] [6.97] [7.29] [6.70] [5.97] [3.83] [2.78]
Rey (%) 141 248 394 719 932 1095 1751 2279
X=logO
Bogo ~ -40.48 -36.93 -36.61 -33.92 -31.39 -29.38 -17.94 -12.71
s.e. [13.61] [13.23] [13.40] [13.82] [12.93] [12.14] [8.03] [5.26]
Bogco 2077 1923 19.03 17.54 16.09 1524 1153 9.12
se. [7.97] [7.57] [7.51] [7.56] [7.30] [7.20] [5.08] [3.19]
Re, (%) 141 248 394 719 932 1095 1751 22.79
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OO0S evidence

> key insights so far: log G;/O; is a discount rate proxy, log G; - O; is an
expected cash flow growth proxy

» if this is the case, then
- they should predict returns and dividend growth rates out-of-sample

- they should be respectively negatively and positively priced in the
cross-section of stock returns
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OO0S evidence

> split sample into 1975-1999, 2000-2022

> follow Welch and Goyal (2008) to compute OOS R-squared for return
predictability by log G/O as

T-1 ~
Do (Fer1 — Mt)2
Z—:_ol(rt+1 - T’t)z

Roosr=1- ; (16)

where [i; is the filtered value of the expected return using data only up
until time t to estimate OLS model parameters. The denominator 7; is the
historical mean of returns up until time t

» similar formula for dividend growth predictability by log GO

» OOS R-squared=0.03% for daily return, 3% for monthly return, 14% for
annual return, 8% for annual dividend growth
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OO0S evidence

market buy-and-hold

gold-oil price ratio
7 cash

I I
2005 2010 2015 2020

daily cumulative portfolio values for three strategies: stock market buy-and-hold, a
strategy which sets the weight in market index proportional to the gold-oil price ratio
(scaled to maintain the same standard deviation as market buy-and-hold), and a
risk-free account.
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cross-sectional evidence

Table 16: Fama-Macbeth and Panel Regressions

Test assets are Fama-French 100 size and book-to-market portfolios. A rolling window of 180
months is used to update portfolio’s exposure to monthly AR(1) innovation in log G/O and
log G- O.

Panel A: Fama-Macbeth Regressions

AAlog G/0 -0.14 -0.12
t-stat [-3.48] [-2.90]
AAlog GO 0.10 0.07
t-stat [2.88] [2.28]

average R* (%) 823 6.74 1256

Panel B: Panel Regressions

AAlog G/0 -0.09 -0.14
t-stat [-4.91] [-4.33]
AA log GO 0.16 0.14
t-stat [8.83] [7.21]
R? (%) 48.78 49.42 49.72
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cross-sectional evidence

realized return
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cross-sectional evidence

market price of risk: log GO
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a state-space model

» so far, we've shown evidence based on short-horizon predictive regressions
- we haven't taken long-horizon predictability into account
- we haven't been able to identify the dynamics of u; and g;

> to those ends and to quantify the OVB, we proceed to estimate a
state-space model

> following Van Binsbergen and Koijen (2010), we assume p; and g;
respectively follow an AR(1)
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a state-space model

> consider the model (which we estimate via MLE. we use Kalman filter to
construct likelihood):

log G; = a® + 55(}% — i)+ Bg(gt —8) tece
log O = a® + B2 (e — 1) + B (8: — B) + 0.t
re = pe—1+€Ent
Ady = gi—1+¢€ar
pre = (1= pu)ii 4 pute—1 + €pue
8= (1 — pg)8+ pglt—1+egt

with
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estimation results

> parameter estimation (s.e. in parathesis):

log Gy = const + 0.036(p: — 12.5) + 0.228(g; — 6.?)) + et

(0.016) (4.2) (0.068) (1. ’
log O; = t —0.022(pus — 12.5) 4+ 0.244(g; — 6.3
08 M = cons (0_015)(Mt (4.2)) + (0.063)(gt (1.5)) teor

rt = pe—1+Ert
Ady = gi1+ Edt

=(1-0.972)12.5 + 0.972u;_
e = (0.010))(4.2) + (Co10) e

=(1-0.991)6.3 +0.991g;_
g = ( (0.005))(1.5)+(0.005)gt L Cat

with
30 —0.32
Cov([2]) = | 0% 047

0.22)  (0.05)
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estimation results

» The above equations further imply the following two equations:

log G;/O; = t 4 0.058(pu: — 12.5)—0.016(g: — 6.3
°8 t/ ¢ = cons +( 021)( (4‘2)) (0068)( (1. ))+8G/O’t

5
log Gy - = t—0.014 —12. AT2(g .
0g Gt Or = cons 2)‘(324)(;” (4.2?) + ?0.112)( (61 S)) tecor
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omitted variable bias

Theorem
Suppose the price of asset i follows:

log Pt = o + B, e + Pyge. (17)

Then if we run rep1 = fi + €r¢41 onto log Pi in a univariate OLS regression, the
slope coefficient is

A 1 Var(BLMt) + Cov(ﬁLNta ﬂégt)
Bos = = - (18)
B, Var(log P})
Equivalently, the "omitted variable bias” (OVB) is Var ﬁgg:\)/:rzzg(g’)m ) When
Cov(pt, gt) = 0, the OVB reduces to the "attenuation bias”:
A 1 Var(3),ut)
Bos = =+ - urt —- (19)
By Var(ﬁu,ut) + Var(Big:)
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estimation results

Table 17: Variance Decomposition

Panel A
Dis rate (u¢)  Div growth (g;) Covariance

Var(log G) 48% 154% -101%
Var(log O) % 68% 26%
Var(log G/ O) 91% 1% 9%
Var(log G- O) 1% 113% -14%

Panel B
Var(r) Expected () Unexpected (e,.¢)
100% 1.9% 98.1%
Var(Ad) Expected (g:) Unexpected (g4.)

100% 8.4% 91.6%

» gold/oil prices are both mainly driven by expected div growth news,

implying return predictive regression is strongly biased

G G G
> for gold, the OVB is Y28t ot nelie) _ (1 54— 101/2)/1 ~ 100%

Var(log P%)
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filtered states

NBER recessions||

0 I I I I I I
1975 1980 1985 1990 1995 2000 2005 2010 2015 2020

g, 11
logG+logO

s NBER recessions || 10
9
6
8
4
7

2 I I I I
1975 1980 1985 1990 1995

I I I
2000 2005 2010 2015 2020
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filtered states

> filtered states turn out to be good return/dividend growth predictors:

Table 18: Univariate Predictability Using Filtered States
122 s
n Z (revi = rhyi) = Bo + Butie + €
i=1

h

12

& E Adyii = Bo + Begt + €rin
=1

Im 2m 3m 6m 9m ly 3y 5y

Returns

By 121 110 1.09 1.01 0.94 0.88 051 0.36
s.e. [0.40] [0.40] [0.40] [0.42] [0.39] [0.36] [0.23] [0.15]
R? (%) 158 265 411 735 947 11.11 1336 12.11

Dividend growths
Be 1.00 1.00 1.01 099 095 0.88 056 0.59
s.e. [0.31] [0.32] [0.34] [0.37] [0.42] [0.47] [0.57] [0.41]
R? (%) 5.23 547 567 592 5.80

533 402 9.85
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predictive regressions under model-simulated data
» we simulate data from the model, run predictive regressions, and compare

with the real data.

results are similar

Table 19: Univariate return predictability: model-simulated data
12 ¢
n revi = Bo + BxXe + €rvn
i=1
Im 2m 3m 6m 9m ly 3y 5y
X=log G/O
Bogc/o 1583 1555 1528 1450 13.79 13.10 9.05 6.48
se. [5.40] [5.40] [5.35] [5.30] [5.25] [5.22] [5.05] [4.74]
R? (%) 182 346 493 854 11.20 13.18 17.54 15.80
X=logG-0
Bogco -498 -486 -474 -440 -410 -3.82 -227 -1.36
se. [4.04] [4.03] [4.04] [4.05] [4.06] [4.08] [4.21] [4.04]
R (%) 066 125 179 316 424 512 885 1054
X=log G
Blog 6 392 394 398 398 398 396 361 312
se. [11.4] [11.4] [11.4] [11.4] [11.4] [11.3] [10.9] [10.5]
R? (%) 035 067 099 1.87 268 341 7.88 1096
X=log O
Bogo  -10.59 -10.38 -10.16 -9.56 -9.00 -8.49 -552 -3.69
se. [5.35] [5.34] [5.31] [5.22] [5.14] [5.10] [4.99] [4.72]
R (%) 120 226 322 556 730 862 1219 12.07
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predictive regressions under model-simulated data

Table 20: Univariate dividend growth predictability: model-simulated data

h

12

n E Adir1 = Bo + BxXe + €rn
i—1

Im 2m 3m 6m 9m ly 3y by
X=log G/O
Bogc/o -2.78 -2.75 -2.73 -2.66 -2.60 -254 -2.09 -1.76
se. [1.03] [1.03] [1.03] [1.03] [1.03] [1.02] [1.01] [1.02]
R? (%) 3.46 633 875 1417 17.79 20.25 25.30 24.09
X=1logG- O
Bogco 233 231 229 223 217 211 171 139
se. [0.44] [0.44] [0.44] [0.44] [0.45] [0.45] [0.49] [0.53]
R? (%) 599 1097 1518 2457 30.70 34.87 41.61 36.34
X=logG
Biog 6 372 369 366 356 345 336 267 210
se. [1.71] [1.72] [1.71] [1.72] [1.73] [1.73] [1.77] [L.75]
R? (%) 3.18 578 7.97 12.78 15.86 17.97 21.80 19.78
X=logO
Biog 0 322 320 317 3.09 301 294 239 196
s.e. [0.61] [0.60] [0.60] [0.60] [0.61] [0.62] [0.66] [0.72]
R? (%) 6.04 11.06 1531 24.81 31.06 3530 4252 37.66
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an extended model

» in the above model, we didn't consider the restrictions on model
parameters imposed by the Campbell and Shiller (1988) identity and the
price-dividend ratio

» Van Binsbergen and Koijen (2010) show that Campbell-Shiller present
value calculation implies that, given the AR(1) dynamics for u; and gy, the
log price-dividend ratio should be a linear function in yu; and g;

» thus, we do not have two free state variables

» in the next, we consider an extended model that is desciplined by the
price-dividend ratio
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an extended model

» consider the model:

log Gy = a + B (1e — i) + B50: + B (8: — 8) + €6

log Or = a® + B2 (e — i) + B0: + B (8 — 8) + <ot

re=pe—1+ 01 +¢€rs
Ady=gr 1+ Ed,t

e = (1= pu)ii+ pupue—1+ €pe
0: = poli—1+cot
8t = (1 — pg)8+ pglt—1+egt

EG,t oG )
Cov| [€ot| | = 0H
€d,t 03

with

r 2
o oL P;A,HUQMUG Pp.gulg
Cov| (€o,t| | = |puo0u00 o P6,6000¢
Egt oz

| Pu.g%ulg  P0,g000g

g

)
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an extended model

> we interpret u; and 6, as two separate components of discount rates, and
g: is still expected dividend growth

P given the literature evidence that PD is primarily driven by long-term
discount rate news (Cochrane (2011), Van Binsbergen and Koijen (2010)),
we add a new state variable 6; to allow for greater flexibility

> iterating on the Campbell-Shiller identity
rer1 = Adiry — pdy + Ko + K1pder1 allows us to obtain
H © . ° .
pdy = ——— + Et|:z %Adt+1+j} - Et[z ff]lrt+1+j}7

11—k
! =0 =0

where kg and k1 are log-linearization coefficients
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an extended model

> we then substitute in state dynamics to express pd; as a linear function in

states:
for
A= Ko—[i+8&
1-— K1
1
Bi=——
1-— R1Pu
1
Bp=——
1—ripg
1
B =
T 1 K1Pg

> our system eventually consists of two latent states (6;, g;) and four
observations (log Gy, log Oy, Ad;, pd;)

» we can still use kalman filter to write down the likelihood
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an extended model

» we define p; + 6; as the "short-term discount rate” since it predicts next
month’s return

» we define By + By0; as the "long-term discount rate” since from the
Campbell-Shiller present value calculation:

pdi= 2 4 Et[f: K{Adt—kl-k—j} - E{i /f]irt+1+j:|7
=0

11—k
1 =0

Bsgt B pue+B20:
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filtered states
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filtered states
> filtered states turn out to be good return/dividend growth predictors:

Table 21: Univariate Predictability Using Filtered States
h

Z (rt+i - '{Jri) = o+ ,BEShon[r](llt + 91:) + €t4n
1

Sl

M=

n (rt+i - f{+,‘) = fBo + ﬂELang[,](Blﬂt + B20t) + €1y
i=1

h

12

- E Adiyi = Bo + Be8t + €ttn
-1

Im 2m 3m 6m 9m ly 3y 5y

Returns by short-term discount rate
Beswor;y 088 080 079 0.74 071 066 030 022
s.e. [0.28] [0.28] [0.28] [0.30] [0.28] [0.27] [0.19] [0.13]
R? (%) 1.47 251 3584 7.0l 957 11.22 879 8.73
Returns by long-term discount rate
ﬁELang[,] 13.60 14.25 13.89 13.92 13.97 14.06 12.26 12.06
s.e. [8.47] [8.02] [7.75] [7.35] [7.09] [6.81] [3.91] [1.49]
R (%) 026 096 1.58 3.67 572 801 2574 44.33
Dividend growths
Be 100 1.01 1.02 102 100 094 060 0.61
s.e. [0.31] [0.32] [0.33] [0.36] [0.40] [0.44] [0.56] [0.40]
R? (%) 539 574 603 653 659 622 486 11.09

55 /62



how do commodity prices move with short-term discount
rates?

G G,
—— B,

u|+6‘|

NBER recessions

05 L L L L L L 10
1975 1980 1985 1990 1995 2000 2005 2010 2015 2020
/aﬁ,L‘+ 6,
05 A 40
NBER recessions

1
1980

1 1
2010 2015

1 I I I I I |
1975 1985 1990 1995 2000 2005 2020

56/62



how do
rates?

commodity prices

move with long-term discount
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estimation results

Table 22: Variance Decomposition

Panel A
Dis rate (pt,6) Div growth (g¢) Covariance

Var(log G) 103% 181% -183%
Var(log O) 28% 27% 45%
Var(log G/0) 180% 28% -108%
Var(log G- 0) 8% 102% 11%
Var(pd) 107% 2% -9%

Panel B
Var(r) Expected (p: +6:) Unexpected (e,,;)
100% 1.7% 98.3%
Var(Ad) Expected (g) Unexpected (gq,¢)

100% 4.9% 95.1%
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predictive regressions under model-simulated data

» we simulate data from the model, run predictive regressions, and compare
with real data. results are similar

Table 23: Univariate return predictability: model-simulated data

12
B 2= Bo + BxXe + €rn
=1

Im 2m 3m 6m 9m ly 3y 5y

X =log G/O
Boge/o 19.16 1878 1841 17.43 1649 1557 9.76 6.19
s.e. [6.18] [6.05] [6.00] [5.86] [5.70] [5.56] [4.99] [4.56]
R (%) 168 322 463 819 1090 12.88 16.19 13.36
X=logG-0
Bogco -523 -502 -483 -426 -3.71 -319 -0.13 145
s.e. [4.97] [4.95] [4.92] [4.81] [4.73] [4.63] [3.96] [3.55]
R? (%) 040 075 1.07 183 236 274 436 731
X=log G
Blog 6 815 823 829 853 878 897 9.65 931
s.e. [9.16] [9.14] [9.20] [9.15] [9.01] [8.92] [8.23] [7.61]
R (%) 030 0.61 .9 183 275 3.67 10.64 16.12
X=log O
Bogo  -13.89 -13.50 -13.15 -12.13 -11.16 -10.23 -455 -1.35
s.e. [6.92] [6.84] [6.78] [6.59] [6.46] [6.32] [5.31] [4.66]

R? (%) 102 193 274 468 600 685 6.64 5.69
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predictive regressions under model-simulated data

Table 24: Univariate dividend growth predictability: model-simulated data

h

12

- E Adir1 = Bo + BxXe + €rn
i—1

Im 2m 3m 6m 9m ly 3y 5y
X =log G/O
Bege/o -1.82 -1.79 -1.78 -1.73 -1.68 -1.63 -1.28 -1.03
s.e. [1.03] [1.03] [1.03] [1.02] [1.02] [1.00] [0.95] [0.89]
R (%) 1.48 277 393 673 879 1029 14.34 14.26
X=1logG-O
Pogco 227 223 220 212 204 196 144 1.05
s.e. [0.53] [0.52] [0.52] [0.52] [0.51] [0.51] [0.52] [0.54]
R? (%) 4.15 7.73 10.85 18.08 23.03 26.39 30.73 24.94
X=log G
Biog 6 304 3.00 295 281 269 258 179 1.21
s.e. [1.35] [1.35] [1.36] [1.37] [1.37] [1.37] [1.38] [1.41]
R? (%) 204 380 533 882 1121 12.83 1559 14.08
X=log O
Blog 0 313 3.09 3.05 294 284 275 207 156
s.e. [0.74] [0.75] [0.75] [0.74] [0.74] [0.74] [0.76] [0.76]
R? (%) 3.97 7.40 1040 17.41 2229 2567 30.82 25.82
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PC predictive regressions

Table 25: PC predictive regressions

Im 2m 3m 6m 9m ly 3y by

¥ S Adei = o + B1PC(1)e + €ein

B 223 226 229 234 232 225 138 119
s.e. [0.56] [0.59] [0.61] [0.66] [0.72] [0.79] [1.08] [0.82]
R (%) 728 776 818 920 966 973 7.20 1148

3 S reri = Bo+ BaPCR)e + €t

B2 2224 2032 2038 1922 1862 1746 7.90 4.34
se. [8.23] [8.15] [8.32] [8.86] [8.29] [7.50] [4.19] [3.27]
R? (%) 141 228 355 644 904 1067 7.43 422

17,2 Z,h:1 reri = PBo+ BsPC(5)¢ + €ryn

Bs 10.80 20.60 2056 23.79 22.74 2406 27.48 2256
se. [15.71] [13.78] [12.75] [11.75] [12.40] [12.12] [8.99] [5.62]
R (%) 027 056 086 233 315 471 2393 30.62
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conclusion

» gold is a prominent hedging investment asset, provided the OVB related to
expected economic fundamentals is addressed

» | use three approaches to show this
- a state-space model quantifies the OVB to be nearly 100%
- predictive regressions show that the gold-oil price ratio is a robust
predictor of stock market returns, even at a one-day horizon

- PCA further validates the state-space model: g; and p; almost span
the state-space of commodity pricing
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