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A Method, Estimation, and Data

This appendix discusses the semisupervised topic model and our estimation scheme in more
detail. Table A.1 reports the full list of seed words as input into our topic model and

Figure A.1 plots the monthly count and length of NYT articles in our sample.

A.1 Seeded Latent Dirichlet Distribution

This appendix provides more details on the seeded latent Dirichlet distribution model. This
paper uses a stochastic topic model to extract latent topic weights from news articles. Topic
models are developed based on the core idea that documents are mixtures of topics, where
each topic has a probability distribution over words (Blei 2012; Steyvers and Griffiths 2007).
Under topic models, we assume that text documents derive from a stochastic generative
process. The creation of a new document starts with a document-specific distribution over
topics (the document-topic distribution). FEach word in the document is chosen first by
picking a topic randomly from the document-topic distribution and then drawing a word
from the topic-word distribution for that topic. To model this, every possible word must be
assigned to a topic.

In this setup, the document-topic distribution for each document and topic-word dis-
tribution for each topic (the same across documents) are unobserved parameters that are
estimated from the observable word frequencies in the document collection. In other words,
we can use standard statistical techniques to estimate the generative process, inferring the
topics responsible for generating a collection of documents (Steyvers and Griffiths 2007).

The most widely used topic model is latent Dirichlet allocation (LDA) as introduced by
Blei, Ng, and Jordan (2003) and further developed by Griffiths and Steyvers (2004). Under



LDA, a document d is generated under the following hierarchical process:
e The word weight vector wy of topic k is the vector of probabilities of each word value
for the topic k. The prior for these weights is assumed to have a Dirichlet distribution

governed by parameter (3: wy ~ Dirichlet(3).!

e The topic weight in a document d, denoted 74, is a vector of topic probabilities, i.e.,
probabilities that any given word location in the document is about any given topic.
The topic weight vector of document d follows a prior Dirichlet distribution governed
by parameter «, the same for all documents: 7; ~ Dirichlet(«), the same for all

documents.?

e We use v to indicate a word location in a given document and w to indicate a word
value (such as “the” or “cat”). For each word location v in document d, we
— randomly select a topic from the document-topic distribution:
Zgy ~ Multinomial(r,) (a distribution which does not depend on v), and then
— randomly select a word from that topic:
w ~ Multinomial(w.,, ).
In other words, it is the multinomial distribution of word values for the realized topic zg,.
In this setup, the topic-word distribution wj, and document-topic distribution 7, are latent
parameters that we want to estimate. Estimating these involves a backward inference based
on observed word frequencies across documents. The parameters o and [ are hyperparam-
eters of the prior distribution whose values are taken from the Latent Dirichlet Distribution

topic modeling literature.

ITo illustrate, suppose that topic k has three words: word;, words, and words with weights w;, =
[wy, wa, w3] with wy + wg + ws = 1. The model assumes that this wy vector follows a Dirichlet distribution.

2Similarly, assume document d has four topics topici, topica, topics, topics with the weights given to
these topics captured by 74 = [01,02,03,0,4] with 6 + 63 + 05 + 6, = 1. The model assumes that this 74
vector follows a Dirichlet distribution.



The document-topic distribution 74 is of utmost interest because it summarizes the at-
tention allocated to each topic in each news article. To estimate these parameters using a
Bayesian method, Griffiths and Steyvers (2004) specifies that wy and 7, follow two Dirichlet
distributions (these two are referred to as the “prior” distribution in Bayesian statistic). From
these specifications, we can derive the distribution of the topic assignment z4, conditioned on
observed word frequencies (this conditional distribution is referred to as the “posterior” dis-
tribution). We then use Gibbs sampling to simulate this posterior distribution and estimate
the two hidden model parameters.?

Users of the traditional unsupervised LDA developed by Blei, Ng, and Jordan (2003) and
Griffiths and Steyvers (2004) only need to prespecify the number of topics K and let the
model cluster words into these topics based on word frequencies in a completely unsupervised
manner. Specifically, the LDA model is more likely to assign a word w to a topic k in a
document d if w has been assigned to k across many different documents and k has been
used multiple times in d (Steyvers and Griffiths 2007). The model automatically extracts
underlying topics, so users of LDA have no control over topic assignments.

Since we are interested in uncovering specific topics, we employ a recent extension of LDA
called seeded LDA (sLDA) developed by Lu et al. (2011). sLDA allows users to regulate
topic contents using domain knowledge by injecting seed words (prior knowledge) into the

model. Precisely, under sLDA, we specify the topic-word distribution as follows:

wy, ~ Dirichlet (5 + Cy,) (A.1)

weV

where V' is the corpus or text collection, C, > 0 when w is a seed word in topic k£ and

C, = 0 when w is not a seed word. The higher is C,,, the stronger the tilt toward word w

3Gibbs sampling is a sampling technique to simulate a high-dimensional distribution by sampling from
lower-dimensional subsets of variables where each subset is conditioned on the value of all others. See
Griffiths and Steyvers (2004) for details on the implementation of Gibbs sampling in LDA.



appearing in any given topic. Intuitively, SLDA gives preference to seed words w in topic k
in the form of pseudo count C,, and clusters words into topics based on their co-occurrences
with the seed words. When a seed word is not present in a text collection, it does not enter
the sSLDA model and has no impact on the estimation process.

Estimation is implemented by the seededla package in R and run on a high-performance
computing (HPC) cluster. Full estimation of the model parallelized on 80 computational
nodes requires about one week to complete. Following standard practice, we set o = 50/ K
where K is the number of topics, § = 0.1, and C,, = 0.01 times the number of terms in the

corpus.

A.2 Estimation

We use Gibbs sampling to estimate the model’s parameters during each monthly estimation.
We draw 200 drawings from the posterior distribution of zg4,, the realized topic for word
location v in document d in the sSLDA model, where we are conditioning on observed word
frequencies.* In each drawing, we condition on the estimated values of the parameters of
the model derived from previous drawing (where in the first draw, the initial estimate comes
from a random number generator). In the last draw, we estimate our final value of the
document-topic weights 74; that is, we estimate one 14x1 vector 74 = [7},72,..., 73] for
each news article, d, in the estimation window.

We then provide estimates of model parameters that condition on month ¢ within the

dataset. We compute the global monthly weights of each topic k (k = 1,2,...,14) as the

average weight of each topic across all articles in month ¢, weighted by the length L(d) of

4In addition to the number of topics and articles, the number of samples drawn from the posterior
distribution is a computational cost consideration in any topic model.


https://github.com/koheiw/seededlda

each article:

nt k
k a1 T4 L(d)
T = = : (A.2)
TS L)
where 7F is the weight of topic & in month ¢, n; is the total number of news articles in
month ¢, and L(d) is the total number of unigrams (one-word terms), bigrams (two-word

terms), and trigrams (three-word terms) in article d.> (Equal weighting of topic weights

across articles yields similar results.)

5An n-gram is a sequence of n words. For instance, “San Diego” is a bigram, and “A study of topics is
needed” is a 6-gram.



Figure A.1. NYT Article Count and Length

This figure plots the time series of the monthly total count and the monthly average length of articles in
the NYT. Article length is measured as the sum of unigrams (one-word terms), bigrams (two-word terms),
and trigrams (three-word terms) of each article. The sample period is from January 1871 to October 2019.
Articles with limited content have been removed.
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Table A.1
Seed Words

This table lists the lemmatized seed words for each of the 14 discourse topics. The first column presents the
full name of the topic, and the second column reports the short name used in the paper.

Narrative Short Name Seed Words
War War conflict, tension, terrorism, war
Pandemic Pandemic epidemic, pandemic

bank failure, bank panic, bank run, crisis, depression, downturn,
Panic Panic fear, financial panic, hard time, panic, recession
Confidence Confidence business confidence, consumer confidence

compassion, family morale, frugal, frugality, modesty, moral,
Frugality Saving poverty, saving

american dream, conspicuous consumption, consumption, equal
Conspicuous opportunity, equality, homeownership, luxury, patriotism,
Consumption Consumption prosperity

bimetallism, devaluation, gold, gold standard, inflation,
Monetary Standard Money monetary standard, money, silver

automate, computer, digital divide, electronic brain, invention,

labor save, labor save machine, machine, mechanize, network,
Techmology technocracy, technological unemployment, technology,
Replacing Jobs Tech unemployment

Real Estate Booms

Real_estate_boom

boom, bubble, flip, flipper, home ownership, home purchase,
house boom, house bubble, land boom, land bubble, price
increase, real estate boom, real estate bubble, speculation

Real Estate Bursts

Real_estate_bust

bust, crash, house bust, house crash, land bust, land crash, price
decrease, real estate bust, real estate crash

Stock Market

advance market, boom, bubble, bull, bull market, bullish,
earnings per share, inflate market, margin, margin requirement,
market boom, market bubble, price earn ratio, price increase,
sell short, short sell, speculation, stock market boom, stock

Bubbles Stock_bubble market bubble
Stock Market bear, bear market, bearish, bust, crash, fall market, market
Crashes Stock_crash crash, stock crash, stock market crash, stock market decline

Boycotts and Evil

anger, boycott, community, evil business, excess profit, fair
wage, moral, outrage, postpone purchase, profiteer, protest,

Business Boycott strike, wage cut

consumer price, cost of live, cost push, cost push inflation, high
Wage and Labor wage, increase wage, inflation, labor union, rise cost, wage, wage
Unions Wage demand, wage lag, wage price, wage price spiral




B Additional Results with Our Test Portfolios

This subsection presents additional results with our own constructed portfolios in Table B.1

and Table B.2. We discuss these results in the main text.



Table B.1
War Factor and Risk Premium

This table presents the results from the second-pass cross-sectional regressions of average portfolio returns
on factor betas:

Ry = X+ B sAs +ei,

where Rf}t is the time-series average return of portfolio i, 3; ¢ is the vector of factor exposures of portfolio
i estimated via a multivariate time-series regression of portfolio returns onto factors, and Ay is the vector
of factor risk premiums. Test assets include 128 own constructed anomalies in Panel A and 1173 own
constructed nonlinear portfolios in Panel B. “WarFac” is the scaled innovations in NYT War (WarFac:);
“MKT, SMB, HML, RMW, CMA, MOM” are Fama and French (2018) six factors; “MKT, SMB, MGMT,
PERF” are Stambaugh and Yuan (2017) mispricing factors; “PEAD” and “FIN” are Daniel, Hirshleifer, and
Sun (2020) behavioral factors; and “R-MKT, R_.ME, R_IA, R_.ROE, R_.EG” are Hou et al. (2021) Q5 factors.
Reported are monthly risk premium \ and ¢-statistic with Shanken (1992) correction. R? is cross-sectional
R? in percentages, MAPE is mean absolute pricing error in percentages, and p(PE = 0) is p-value of the
Chi-squared test that pricing errors are jointly zero. N is the number of test portfolios, and T is the number
of months. The sample is from July 1972 to December 2016. *, ** and *** denote significance at the 10%,
5%, and 1% levels, respectively.

Panel A: Own Constructed Anomalies

1) 2) (3) (4) (5) (6) (1) (8) (9) (10)
Tntercept 0.09 * 0.02 0.04 -0.02 0.00 0.00 0.05 0.05 0.01 -0.01
(1.77) (1.08) (1.58) (-0.79) (0.03) (0.07) (1.26) (0.99) (0.15) (-0.42)
WarFac -19.99 25,76 FFF 2205 ¥RE D300 F¥E  _[g06 FHE  _]8 49 Fi*
(-2.89) (-5.09) (-4.74) (-3.98) (-4.59) (-4.37)
MKT 0.09 041 0.82 ** -0.16 -0.09 0.25 0.20
(0.33) (1.48) (2.51) (-0.39) (-0.24) (0.52) (0.50)
SMB 0.24 0.34 #* 0.17 0.16 0.21
(1.57) (2.00) (0.86) (0.72) (1.04)
HML 0.33 #% 0.46 ** 0.47 **
(2.16) (2.18) (2.39)
RMW 0.09 0.22 0.01
(0.74) (1.36) (0.06)
CMA 0.26 *#* 0.27 * 0.24 *
(2.62) (1.94) (1.76)
MOM 0.74 5% 0.85 % 0.53 #*
(3.50) (3.13) (2.09)
MGMT 0.50 ** 0.43 ** 0.54 5
(3.26) (2.11) (2.75)
PERF 0.63 *%* 0.67 ** 0.29
(2.86) (2.24) (0.98)
PEAD 0.47 #%% 0.52 * 0.76 **x
(2.91) (1.91) (2.58)
FIN 0.42 * 0.50 * 1.10 ##
(2.08) (1.90) (3.80)
R_MKT 0.50 0.13
(1.59) (0.36)
R.ME 0.51 #%% 0.58 ** 0.71 *%%
(2.59) (2.47) (3.37)
RIA 0.33 *¥* 0.28 ** 0.31 **
(2.70) (1.98) (2.14)
R.ROE 0.15 0.25 0.40 **
(0.97) (1.50) (2.40)
R.EG 1.26 #** 0.85 F¥% 1,08 #H*
(7.43) (4.40) (5.96)
R 31 23 30 14 a7 a7 47 41 56 58
MAPE 0.31 0.29 0.28 0.33 0.25 0.27 0.26 0.29 0.24 0.24
p(PE =0) 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
N 128 128 128 128 128 128 128 128 128 128
T 532 532 532 532 532 532 532 532 532 532




Table B.1

War Factor and Risk Premium (Cont.)

Panel B: Own Constructed Nonlinear Portfolios

1) 2) (3) 4) (5) (6) () (8) 9) (10)
Intercept 0.09 FFF 006 FFF 103 FRF 137 FRF [ 02FFF Q78 RRE Q0 FRE (77 FFF (84 FFF (54
(3.14) (4.72) (5.07) (5.28) (4.71) (3.27) (3.67) (2.66) (3.19) (2.39)
WarFac 11,13 *ex SLLOB ¥FF 1067 FRE 13,97 FRE 1179 ¥kE 9 5] ik
(-3.55) (-6.14) (-4.88) (-4.48) (-6.53) (-6.47)
MKT 029 -0.32 -0.29 -0.02 -0.03 0.28 0.24
(-0.96) (-1.04) (-0.94) (-0.05) (-0.08) (0.82) (0.79)
SMB 0.32 % 0.32 0.10 -0.00 0.03
(1.84) (1.61) (0.56) (-0.02) (0.16)
HML 0.15 0.16 0.26
(0.91) (0.85) (1.44)
RMW 0.23 0.42 ** 0.37 **
(1.46) (2.53) (2.52)
CMA 0.57 ** 0.50 ** 0.51 **
(4.98) (3.99) (4.22)
MOM 0.53 ** 0.76 *** 0.80 ***
(2.33) (3.28) (3.43)
MGMT 0.48 0.51 0.40 **
(2.90) (2.74) (2.14)
PERF 0.58 ** 0.81 **+ 1.39 ##*
(2.36) (2.96) (5.08)
PEAD 0.29 * 0.55 ** 0.21
(1.70) (2.47) (1.18)
FIN 0.38 0.79 *# 1.25 *#*
(1.52) (2.87) (5.22)
RMKT -0.26 0.02
(-0.87) (0.07)
RME 0.29 * 0.17 0.04
(1.72) (0.97) (0.26)
RUIA 0.33 ** 0.31 ** 0.33 **
(2.51) (2.01) (2.57)
R_ROE 0.24 0.52 ** 0.53
(1.27) (2.54) (2.95)
R.EG 0.88 ** 0.2 #FF (.88 *H
(4.48) (3.86) (5.52)
R? 16 48 46 30 48 55 54 49 56 63
MAPE 0.10 0.07 0.07 0.09 0.07 0.07 0.07 0.08 0.07 0.06
p(PE =0) 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
N 2190 2190 2190 2190 2190 2190 2190 2190 2190 2190
T 532 532 532 532 532 532 532 532 532 532
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Table B.2
War Mimicking Portfolio and Risk Premium

This table presents the results from the second-pass cross-sectional regressions of average portfolio returns
on factor betas:

Rfy = X+ B s As +ei,

where Rf}t is the time-series average return of portfolio i, 3; ¢ is the vector of factor exposures of portfolio
i estimated via a multivariate time-series regression of portfolio returns onto factors, and Ay is the vector
of factor risk premiums. Test assets include constructed anomaly portfolios in Panel A and constructed
nonlinear portfolios in Panel B. “WMP” is the War mimicking portfolio; “MKT, SMB, HML, RMW, CMA,
MOM” are Fama and French (2018) six factors; “MKT, SMB, MGMT, PERF” are Stambaugh and Yuan
(2017) mispricing factors; “PEAD” and “FIN” are Daniel, Hirshleifer, and Sun (2020) behavioral factors;
and “R-MKT, R-.ME, RIA, R.ROE, R.EG” are Hou et al. (2021) Q5 factors. Reported are monthly risk
premium ) and t-statistic with Shanken (1992) correction. R? is cross-sectional R? in percentages, MAPE
is mean absolute pricing error in percentages, and p(PE = 0) is the p-value of the Chi-squared test that
pricing errors are jointly zero. N is the number of test portfolios, and T is the number of months. The
sample is from July 1972 to December 2016. *, ** and *** denote significance at the 10%, 5%, and 1%
levels, respectively.

Panel A: Own Constructed Anomalies

(1) 2) (3) (4) (5) (6) (7) (8) (9) (10)
Intercept 0.07 ¥% 002 0.03 -0.02 -0.00 0.06 **  0.02 0.03 -0.02 0.03
(2.65) (1.05) (1.43) (-0.84) (-0.03) (2.20) (0.67) (1.24) (-0.60) (1.01)
WMP -1.18 S3AA PR 906 R 136 0k 1,02 Rk 3 39 ok
(-3.87) (-8.31) (-6.26) (-3.93) (-4.63) (-6.56)
MKT 0.01 0.33 0.77 ** 0.51 0.60 ** .22 0.91 **
(0.03) (1.19) (2.25) (1.58) (2.07) (0.76) (2.37)
SMB 0.21 0.31 % -0.32 % -0.03 -0.16
(1.37) (1.84) (-1.79) (-0.18) (-0.79)
HML 0.32 #* 0.12 0.27
(2.12) (0.70) (1.39)
RMW 0.08 -0.02 -0.06
(0.69) (-0.16) (-0.41)
CMA 0.26 5 0.31 5 0.18
(2.63) (2.69) (1.33)
MOM 0.71 #5x 0.62 *#* 0.38
(3.36) (2.64) (1.57)
MGMT 0.48 *#* 0.09 0.67 5
(3.19) (0.59) (3.45)
PERF 0.61 *#* 0.68 *** -0.28
(2.78) (2.95) (-0.92)
PEAD 0.46 *** 0.56 *** 0.83 ##x
(2.88) (3.44) (2.92)
FIN 0.45 ** 0.41 % 0.58 **
(2.24) (1.97) (2.01)
RMKT 0.39 0.83 #*x
(1.25) (2.66)
R.ME 0.45 ** 0.18 0.04
(2.32) (0.81) (0.17)
RIA 0.31 %% 0.14 0.45
(2.61) (1.25) (3.21)
R.ROE 0.13 0.07 0.29 *
(0.84) (0.48) (1.77)
R_EG 1.9 xx 1.05 %% 1,19 %k
(7.40) (5.84) (6.78)
R? 22 22 29 15 45 39 35 35 50 59
MAPE 0.34 0.29 0.28 0.32 0.26 0.30 0.29 0.29 0.26 0.25
p(PE = 0) 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
N 128 128 128 128 128 128 128 128 128 128
T 534 534 534 534 534 534 534 534 534 534




Table B.2

War Mimicking Portfolio and Risk Premium (Cont.)

Panel B: Own Constructed Nonlinear Portfolios

1) 2 () (4) () (6) (@) (8) (9) (10)
Intercept 0.75 %96 096 *FF 1,03 FFF 131 FRF 1L RRE Q62 FFF 065 FFF (.39 ¥ 0.60 *FF (.43 **
(2.69) (4.75) (5.06) (5.15) (4.72) (3.59) (3.42) (2.10) (3.21) (2.29)
WMP -1.35 SL240PRE 12400 ] QR ]3] ke ] ](
(-4.37) (-3.97) (-3.88) (-4.54) (-4.29) (-3.70)
MKT -0.32 -0.35 -0.28 0.07 0.10 0.36 0.27
(-1.06) (-1.14) (-0.92) (0.25) (0.38) (1.25) (0.98)
SMB 0.29 0.30 0.10 0.02 0.13
(1.64) (1.49) (0.60) (0.11) (0.75)
HML 0.18 0.24 0.29 *
(1.06) (1.43) (1.69)
RMW 0.22 0.35 ** 0.22
(1.41) (2.44) (1.52)
CMA 0.56 % 0.49 ** 0.53 **
(4.96) (4.33) (4.61)
MOM 0.49 ** 0.56 ** 0.53 **
(2.18) (2.49) (2.30)
MGMT 0.49 #* 0.46 ** 0.46 **
(2.94) (2.69) (2.63)
PERF 0.54 % 0.59 ** 1.15
(2.21) (2.39) (4.76)
PEAD 0.28 0.39 ** 0.09
(1.63) (2.12) (0.58)
FIN 0.40 0.77 % 1.12 w5
(1.58) (3.26) (5.01)
R.MKT -0.27 0.12
(-0.93) (0.46)
RME 0.24 0.16 0.02
(1.46) (0.99) (0.15)
RIA 0.34 % 0.33 ** 0.31 **
(2.59) (2.50) (2.60)
R_ROE 0.22 0.33 * 0.38 **
(1.18) (1.87) (2.26)
R_EG 0.87 *#* 0.65 #4074 FH
(4.42) (3.52) (5.00)
R? 2 48 46 32 48 52 52 51 53 59
MAPE 0.09 0.07 0.07 0.08 0.07 0.07 0.07 0.07 0.07 0.07
p(PE =0) 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
N 2190 2190 2190 2190 2190 2190 2190 2190 2190 2190
T 534 534 534 534 534 534 534 534 534 534
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C Protocol for Factor Identification

C.1 First Criterion: Correlation of factors with the Systematic

Risk of Returns

If the factor mimicking portfolio of an observed factor represents a risk factor, it should
be related to the systematic risk of returns. Following Pukthuanthong, Roll, and Subrah-
manyam (2019) (hereafter, PRS), we test whether our War mimicking portfolio (WMP) is
related to the cross-sectional covariance of asset returns. Specifically, we apply the asymp-
totic approach of Connor and Korajczyk (1988) (CK) to extract ten principal components
from the equities return series. The principal components of the covariance matrix of returns
represent the systematic part of the asset returns. We then compute canonical correlations
between the ten CK principal components and the factor candidates and test the significance
of these canonical correlations.

The implementation of the PRS approach comprises three steps. First, we collect a set of
N equities for the factor candidates. The test assets should be from industries with enough
heterogeneity to detect the underlying risk premium associated with factors. Second, we
apply the CK approach to extract L principal components (PCs) from the return series.
With T' time-series units up to time ¢, we compute the 7" x T matrix ; = %RR’ , where R
is the return vector. CK demonstrate that for large IV, analyzing the eigenvectors of € is
asymptotically equivalent to factor analysis. The first L eigenvectors of 2, form the factor
estimates. The cutoff point for L < N is chosen so that the PCs explain at least 90% of
the cumulative variance. Third, we collect a set of K factor candidates. Our study includes
14 factors, including WMP, five factors from FF6, three from M4, four from Q5, two from

DHS, and one from the market.

14



Finally, from the second step above, we compute the canonical correlation between the
factor candidates and the corresponding eigenvectors. First, we use the L eigenvectors from
step 2 and the K factor candidates from step 3 and calculate the covariance matrix over a
sample period ¢, V; (L+ K x L+ K). We break out a submatrix from the covariance matrix
V; in each period, the cross-covariance matrix, denoted by C} having K rows and L columns.
The entry in the ¥ row and j** column is the covariance between factor candidate i and
eigenvector j. We need to break out the covariance submatrix of the factor candidates, Vy,
(K x K), and the covariance submatrix of the real eigenvectors, V., (L x L). We then can
find two weighting column vectors, A\; and x;, on the factor candidates and eigenvectors,
respectively (A, has K rows, x; has L rows), that maximize the correlation between the two
weighted vectors. The covariance between the weighted averages of factor candidates and

eigenvectors is A\,Cyk;, and their correlation is

. )\QC’tlit
\/)\2 Vf7t)\t K:;f‘/e,t Rt

p (C.1)

We maximize the correlation across all choices of \; and k;. The maximum exists when
the weight is A\, = Vf:}/ 2ht, where h; is the eigenvector corresponding to the maximum
eigenvalue in the matrix Vfﬁl/ 2C’t‘/'e;10t’Vf;1/ 2, K¢ is proportional to h;.

We maximize the correlation again, subject to the constraint that the new vectors are
orthogonal to the old ones, and so on. As a result, there are min(L, K) pairs of orthogo-
nal canonical variables sorted from the highest correlation to the smallest. We transform
each correlation into a variable asymptotically distributed as Chi-Square under the null hy-
pothesis that the actual correlation is zero. This provides a method of testing whether the
factor candidates are conditionally related (on date t) to the covariance matrix of returns.

Also, by examining the relative sizes of the weightings in );, we can understand which factor

15



candidates are more related to real return covariances. The intuition behind the canoni-
cal correlation approach is that the proper underlying drivers of returns are undoubtedly
changes in perceptions about macroeconomic variables. But the factor candidates and the
eigenvectors need not be isomorphic to a particular macro variable. Instead, each candidate
or eigenvector is some linear combination of all the pertinent macro variables. This is the
well-known “rotation” problem in principal components or factor analysis. The PRS criteria
assert that some linear combinations of the factor candidates are strongly related to different
linear combinations of the eigenvectors representing the actual factors. Canonical correla-
tion is intended for this application. Any factor candidate that does not display a significant
(canonical) correlation with its associated best linear combination of eigenvectors can be
rejected as a viable factor. It is not significantly associated with the covariance matrix of
asset returns.

We compute asymptotic PCs that represent the covariance matrix. We split the overall
sample into five subsamples with ten years.® For each subsample, we use CK to extract PCs
and retain the first ten PCs, which account for close to 90% of the cumulative eigenvalues
or the total volatility in the covariance matrix, implying they capture most of the stock
variations.

Next, we proceed to estimate the canonical correlations. We have several factor candidates
and, thus, several pairs of canonical variates. We take the following steps to derive the
significance levels of each factor candidate reported in the first row of Table C.1. First, for
each of the ten canonical pairs, the eigenvector weights for the ten CK PCs are taken, and
the weighted average CK PC or the canonical variate for the ten CK PCs that produced the

canonical correlation for this particular pair is constructed.” Then a regression using each

5These five subsamples are 1967-1976, 1977-1986, 1987-1996, 1997-2006, and 2007-2016.
"There are min(L, K) possible pairs. In our application, L = 10 and K = 14.
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CK PC canonical variate as the dependent variable and the actual candidate factor values as
independent variables are run over the sample months in each subperiod. The square root of
the R-squared from the regression is the canonical correlation. After proper normalization,
the coefficients for the regressions are equal to the eigenvector’s weighting elements for the
candidate factors. The t-statistic from the regression then gives the significance level of each
candidate factor. With the ten pairs of canonical variates in each subperiod, and a canonical
correlation for each one, we have 50 such regressions. The first row presents the mean t-
statistic of all canonical correlations. The second row shows the mean ¢-statistic across cases
when the canonical correlation is statistically significant. The last row shows the average
number of significant canonical correlations across subperiods.

A risk factor must satisfy the necessary and sufficient conditions: (1) the risk factor
is significantly related to any canonical variate in all decades, or it has a mean t-statistic
exceeding the one-tailed 2.5% cutoff based on the Chi-squared value, and (2), in each sub-
period, the risk factor has an average number of significant canonical correlations exceeding
2.50 (the bottom row of each panel). Researchers should test the augmented condition (the
third condition) to ensure the robustness of the result. We leave it for other researchers to
implement it. ®

We examine this criterion for the WMP. As suggested in Pukthuanthong, Roll, and Sub-
rahmanyam (2019), we use individual stocks to test the necessary condition. Our stock uni-

verse are stocks in the CRSP /Compustat merge file. Following standard practice, we exclude

8Pukthuanthong, Roll, and Subrahmanyam (2019) require an average number of significant decade t-
statistics exceeding 2.5 from 10 canonical variates (one-fourth of the total canonical variates). We use the
same criteria as ten canonical variates (see the previous footnote). The reason to choose this value comes
from Pukthuanthong, Roll, and Subrahmanyam (2019): “This is a conservative threshold to ensure we do
not miss a true factor at our necessary condition stage. We focus on the significant canonical correlations
rather than all canonical correlations because insignificant CCs imply that none of the factors matter, so
using them would be over-fitting.”
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financial and utilities companies. We then split our sample from July 1972 to December 2016
into five subperiods: 1972-1976, 1977-1986, 1987-1996, 1997-2006, and 2007-2016.° We keep
only stocks with non-missing returns during the five subperiods. As reported in Table C.1,
WMP passes this criterion with an average t-stat of the significant canonical correlations
(CC) of 2.26 and the average number of the significant CCs of 2.6, above the 2.5 thresh-
old. Besides WMP, market (MKT) and momentum (MOM) are the other factors that pass
this condition. MKT represents the most substantial pass. We conclude that our candidate

global risk factors are WMP, MKT, and MOM.

C.2 Second Criterion: Risk Premium Estimation using WMP

The second criterion of the PRS protocol requires that the global risk factors or the factors
that pass the necessary condition command a risk premium in the cross-section of asset
returns. To perform this step, we re-run the standard two-pass regressions with the factors
that pass the necessary condition. We report in Table C.2 that WMP prices all six sets of
test assets after controlling for the other two risk factors that pass the first criterion of the
protocol. MKT does not price any set of test assets with a positive risk premium, while
MOM fails to price the 360 machine learning-based portfolios. We conclude that our War

factor is a genuine risk factor.

9The sample period from July 1972 to December 2016 is when data on all factors are available.
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Table C.2
Protocol Step 2: Two-Pass Regressions

This table presents the results from the second step (sufficient condition) of the protocol in Pukthuanthong,
Roll, and Subrahmanyam (2019), i.e., second-pass cross-sectional regressions of average portfolio returns on
factor betas:

R;t =X+ Bz{,f)‘f + e;,

where Rf’t is the time-series average return of portfolio i, 3; ¢ is the vector of factor exposures of portfolio
1 estimated via a multivariate time-series regression of portfolio returns onto factors, and Ay is the vector
of factor risk premiums. Test assets include long-short portfolios from Hou, Xue, and Zhang (2020) (“HXZ
LS”), single-sorted portfolios from Hou, Xue, and Zhang (2020) (“HXZ Single”), single-sorted portfolios from
Chen and Zimmermann (2022) (“CZ Single”), ML-based nonlinear portfolios from Bryzgalova, Pelger, and
Zhu (2020) (“ML-Based”), own constructed anomalies, and own constructed nonlinear portfolios. “WMP”
is the War mimicking portfolio; and “MKT” and MOM” are from Fama and French (2018). Reported
are monthly risk premium A and t-statistic with Shanken (1992) correction. R? is cross-sectional R? in
percentages, MAPE is mean absolute pricing error in percentages, and p(PE = 0) is the p-value of the
Chi-squared test that pricing errors are jointly zero. N is the number of test portfolios, and T is the number
of months. The sample is from July 1972 to December 2016. *, ** and *** denote significance at the 10%,
5%, and 1% levels, respectively.

HXZ LS HXZ Single CZ Single ML-Based Own Anomalies Own Nonlinear

Intercept 0.16 *** 0.68 *** 0.80 *** 1.97 k% 0.03 1.30 ok
(5.24) (2.64) (2.58) (4.79) (1.35) (3.49)

WMP 1,13 Hxx -1.06 *** -1.65 *** -2.17 Hx* -1.40 *** 21,14 Hxx
(-3.36) (-3.52) (-4.65) (-4.01) (-4.32) (-3.02)

MKT -0.36 -0.12 -0.25 -1.93 #xx* -0.02 -0.52
(-1.08) (-0.35) (-0.66) (-4.28) (-0.05) (-1.33)

MOM 0.57 *x* 0.56 *** 0.72 *** 0.29 0.73 *** 0.66 ***
(2.72) (2.75) (3.29) (1.23) (3.42) (2.86)

R? 49 39 42 45 32 45

MAPE 0.26 0.09 0.15 0.47 0.29 0.08

p(PE =0) 0.00 0.03 0.00 0.00 0.00 1.00

N 138 1372 904 360 128 2190

T 534 534 534 534 534 534
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D Details on Portfolio Construction

D.1 128 Own Constructed Anomalies

In this subsection, we report our constructed portfolios’ descriptive statistics based on Hou,
Xue, and Zhang (2020).

Table D.1
128 Own Constructed Anomalies

This table presents descriptive statistics of the portfolios we apply in our cross-sectional tests. Our sample
period is from 1967 to 2016. The candidate factors are constructed similarly to Hou, Xue, and Zhang (2020).
We use the same screening criteria, delisting procedure, and period similar to what they do. The first column
presents the identification numbers and names of the candidate factors according to their papers. The last
four columns present the number of observations, the mean of candidate factors, t-stat testing the mean is
statistically different from zero, and the standard deviation of candidate factors. All candidate factors are
based on one-month calculation, and these portfolios are equal-weighted returns. *** ** and * present 1%,
5%, and 10% significance level.
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Candidate factors # obs mean t-stat std.dev

A. Momentum

A.1.1 Standardized unexpected earnings 534 0.01 497Kk 0.04
A.1.2 Cumulative abnormal returns around earnings

announcement dates 521 0.02 8.5 0.04
A.1.4 Price momentum, prior 6-month returns 534 0.01 3.13%** 0.08
A.1.5 Price momentum, prior 11-month returns 534 0.01 4.24%*% 0.08
A.1.6 Industry momentum 534 0.57 2.23%* 5.90
A.1.7 Revenue surprises 534 0.00 1.37 0.04
A.1.10 The number of quarters with consecutive

earnings increase 533 0.00 1.76* 0.07
A.1.11 52-week high 529 -0.00 -0.18 0.07
A.1.12 Residual momentum, prior 6-month returns 534 0.00 1.40 0.06
A.1.13 Residual momentum, prior 11-month returns 534 0.01 3.89%** 0.06

B. Value versus growth
B.2.1 Book-to-market equity 534 0.00 2.17%* 0.05
B.2.2 Book-to-June-end market equity 534 0.00 2.33%* 0.05
B.2.3 Quarterly book-to-market equity 534 0.02 6.88%+* 0.06
B.2.6 Assets-to-market 534 0.00 2.07%* 0.06
B.2.8 Reversal. 534 -0.00 -1.81%* 0.06
B.2.9 Earnings-to-price 534 0.00 0.93 0.06
B.2.12 Cash flow-to-price 534 0.00 0.12 0.05
B.2.14 Dividend yield 534 0.00 1.01 0.04
B.2.16 Payout yield 529 0.00 2.59%* 0.05
B.2.16 Net payout yield 529 0.00 2.51%* 0.05
B.2.18 5-year sales growth rank 534 -0.00 -0.72 0.04
B.2.19 Sales growth 534 -0.00 -1.13 0.04
B.2.20 Enterprise multiple 534 -0.00 -2.00%* 0.06
B.2.22 Sales-to-price 534 0.01 2.68%* 0.06
B.2.26 Intangible return 534 -0.01 -4, 88%** 0.04
B.2.30 Equity duration 534 -0.01 -3.18%%* 0.06
C. Investment

C.3.1 Abnormal corporate investment 534 -0.00 -2.11%* 0.03
C.3.2 Investment-to-assets 534 0.00 4.03%** 0.01
C.3.3 Quarterly investment-to-assets 522 -0.00 -0.67 0.03
C.3.4 Changes in PPE and inventory-to-assets 534 -0.00 -3.01%%* 0.03
C.3.5 Noa and dNoa, (changes in) net operating assets 534 -0.01 -4.06%** 0.03
C.3.6 Changes in long-term net operating assets. 534 -0.00 -3.00%* 0.03
C.3.7 Investment growth 534 -0.00 -3.48%** 0.03
C.3.8 2-year investment growth 534 -0.00 -1.93%* 0.03
C.3.9 3-year investment growth 534 -0.00 -1.38 0.03
C.3.10 Net stock issues 534 -0.00 -3.55%%* 0.03
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C.3.11 Percentage change in investment relative to

industry 534 -0.00 -2.34%% 0.03
C.3.12 Composite equity issuance 534 -0.00 -0.82 0.04
C.3.13 Composite debt issuance 534 -0.00 -0.42 0.04
C.3.14 Inventory growth 534 -0.00 -2.06%* 0.03
C.3.15 Inventory changes 534 -0.00 -2.92%HK 0.03
C.3.16 Operating accruals 534 -0.00 -2.17F* 0.03
C.3.17 Total accruals 534 -0.00 -1.96* 0.04
(.3.18 Changes in net noncash working capital, in
current operating assets, and in current operating
liabilities 534 -0.00 -1.12 0.04
C.3.19 Changes in noncurrent operating assets 534 -0.00 -3.42%** 0.03
C.3.19 Changes in noncurrent operating liabilities 534 -0.00 -0.87 0.03
C.3.19 Changes in net noncurrent operating assets 534 -0.00 -3.34%%* 0.03
C.3.20 Changes in book equity 534 -0.00 -0.28 0.05
C.3.20 Changes in net financial assets 534 0.00 2.04%* 0.03
(C.3.20 Changes in financial liabilities 534 -0.00 -1.34 0.02
(C.3.20 Changes in in long-term investments 534 -0.00 -1.36 0.03
C.3.20 Changes in short-term investments 534 0.00 0.39 0.02
C.3.21 Discretionary accruals computed from Nasdaq
Index 516 -0.00 -1.94%* 0.04
C.3.21 Discretionary accruals computed from NYSE
and Amex 534 -0.00 -1.41 0.03
C.3.22 Percent operating accruals 534 -0.00 -3.06%** 0.03
C.3.23 Percent total accruals 534 -0.00 -1.42 0.03
C.3.24 Percent discretionary accruals 534 -0.00 -2.31%* 0.03
C.3.25 Net debt financing 528 -0.00 -1.94% 0.03
C.3.25 Net equity financing 528 -0.00 -0.80 0.05
C.3.25 Net external financing 528 -0.00 -1.83% 0.04
D. Profitability
D.4.1 Return on equity 534 0.02 8.13%#* 0.05
D.4.2 4-quarter change in return on equity 528 0.00 2.71%* 0.04
D.4.3 Roal, Roa6, and Return on assets 534 0.01 T7.40%** 0.05
D.4.4 4-quarter change in return on assets. 522 0.00 2.817%%* 0.04
D.4.5 Assets turnover 534 0.00 0.54 0.04
D.4.5 Profit margin 534 0.00 0.24 0.05
D.4.5 Return on net operating assets 534 0.00 0.48 0.04
D.4.6 Capital turnover 534 0.00 0.89 0.04
D.4.7 Quarterly assets turnover 534 0.00 2.18%* 0.04
D.4.7 Quarterly profit margin 534 0.00 2.43%* 0.05
D.4.7 Quarterly return on net operating assets 486 0.00 2.37%* 0.04
D.4.8 Quarterly capital turnover 534 0.01 3.63%+* 0.04
D.4.9 Gross profits-to-assets. 534 0.00 1.90%* 0.03
D.4.10 Gross profits-to-lagged assets 534 0.00 0.20 0.04
D.4.11 Quarterly gross profits-to-lagged assets 486 0.00 3,140 0.03
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D.4.12 Operating profits to equity 534 0.00 1.14 0.05
D.4.13 Operating profits-to-lagged equity 534 0.00 0.40 0.04
D.4.14 Quarterly operating profits-to-lagged equity 534 0.01 3.39%** 0.06
D.4.15 Operating profits-to-assets 534 0.00 2.04%* 0.04
D.4.16 Operating profits-to-lagged assets 534 0.00 1.41 0.04
D.4.17 Quarterly operating profits-to-lagged assets 486 0.01 4.30%%* 0.04
D.4.18 Cash-based operating profitability 534 0.01 3.53%H* 0.04
D.4.19 Cash-based operating profits-to-lagged asset 534 0.00 2.76*** 0.04
D.4.20 Quarterly cash-based operating
profits-to-lagged assets 486 0.01 4.32%% 0.04
D.4.21 Fundamental score. 528 0.00 1.70* 0.03
D.4.24 Ohlsons O-score 534 0.00 0.32 0.04
D.4.25 Quarterly O-score 486 -0.00 -1.26 0.03
D.4.26 Altmans Z-score 534 -0.00 -2.01%* 0.05
D.4.27 Quarterly Z-score 486 -0.00 -2.07** 0.05
D.4.29 Taxable income-to-book income. 534 0.00 0.24 0.03
D.4.30 Quarterly taxable income-to-book income 534 0.00 0.58 0.04
D.4.31 Growth score 348 0.00 1.08 0.08
D.4.32 Book leverage 534 0.00 0.44 0.04
D.4.33 Quarterly book leverage 534 0.00 0.14 0.04
E. Intangibles
E.5.1 Industry adjusted organizational
capital-to-assets 534 0.00 0.35 0.04
E.5.2 Advertising expense-to-market 534 0.00 0.17 0.03
E.5.3 Growth in advertising expense. 534 0.00 3.38%** 0.01
E.5.4 R&D expense-to-market 534 -0.00 -0.93 0.04
E.5.8 Operating leverage 534 0.00 0.44 0.03
E.5.9 Olql, Olg6, and Olql2, quarterly operating
leverage 522 0.00 2.55%* 0.03
E.5.10 Hiring rate 534 0.00 2,944 0.01
E.5.11 R&D capital-to-assets 534 0.00 0.25 0.04
E.5.12 Bca, brand capital-to-assets. 516 0.01 2.05%* 0.07
E.5.17 Ha, industry concentration (assets) 534 -0.00 -1.25 0.05
E.5.17 He, industry concentration (book equity) 534 -0.00 -1.10 0.04
E.5.17 Hs, industry concentration (sales) 534 -0.00 -1.39 0.04
E.5.19 D1, price delay 534 0.00 0.98 0.04
E.5.19 D2, price delay 534 0.00 -0.11 0.02
E.5.19 D3, price delay 534 0.00 -0.41 0.02
E.5.20 % change in sales minus % change in inventory 534 0.00 0.44 0.00
E.5.21 % change in sales minus % change in accounts
receivable 534 0.00 1.08 0.01
E.5.22 % change in gross margin minus % change in
sales 534 0.00 2.28%* 0.01
E.5.23 % change in sales minus % change in SG&A 534 0.00 1.43 0.00
E.5.24 Effective tax rate 534 0.00 1.43 0.00
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E.5.25 Labor force efficiency 534 0.00 1.17 0.00
E.5.26 Analysts coverage 485 -0.00 -0.43 0.03
E.5.27 Tangibility 534 -0.00 -0.83 0.03
E.5.28 Quarterly tangibility. 534 0.00 0.16 0.03
E.5.29 Industry-adjusted real estate ratio 534 0.00 0.47 0.04
E.5.30 Financial constraints (the Kaplan-Zingales
index) 534 0.00 1.52 0.03
E.5.32 Financial constraints (the Whited-Wu index) 534 0.00 0.12 0.03
E.5.33 Wwql, Wwq6, and Wwq12, the quarterly
Whited-Wu index 534 0.00 0.33 0.04
E.5.34 Secured debt-to-total debt 534 -0.00 -0.65 0.03
E.5.35 Convertible debt-to-total debt 534 0.00 0.83 0.04
E.5.37 Ctal, Cta6, and Ctal2, cash-to-assets 534 0.00 1.08 0.04
E.5.41 Earnings persistence 534 -0.00 -0.66 0.03
E.5.41 Earnings predictability 534 -0.00 -2.16%* 0.04
E.5.42 Earnings smoothness 534 -0.00 -1.01 0.03
E.5.44 Earnings conservatism 534 -0.00 -1.48 0.03
E.5.44 Earnings timeliness 534 0.00 0.10 0.03
E.5.44 Earnings conservatism 534 0.00 0.76 0.02
E.5.44 Earnings timeliness 534 0.00 1.11 0.02
E.5.45 FRM, Pension plan funding rate 534 0.00 0.98 0.02
E.5.45 FRA, Pension plan funding rate 534 -0.00 -1.70* 0.03
E.5.46 Ala, asset liquidity 486 0.00 -0.12 0.04
E.5.46 Alm, asset liquidity 486 0.00 1.69 0.05
E.5.51 Average returns Ral 534 0.00 7.55%F* 0.00
E. 5.51 Average returns Ra[2,5] 534 0.00 3.60%H* 0.00
E.5.51 Average returns Ra[6,10] 534 0.00 3.55%*% (.00
E.5.51 Average returns Rnl 534 0.00 4.95%F* 0.01
E. 5.51 Average returns Rn[2,5] 534 0.00 3.35%F  0.01
E.5.51 Average returns Rn[6,10] 534 0.00 3.14%  0.01
E.5.51 Average returns Rn[16,20] 534 0.00 1.15 0.04
F. Trading frictions
F.6.1 Me, market equity 534 -0.00 -0.48 0.05
F.6.2 Ivffl, Ivif6, and Iv{f12, idiosyncratic volatility
per the Fama and French (1993) 3-factor model 534 -0.01 -2.54%* 0.09
F.6.3 Iv, idiosyncratic volatility 534 -0.01 -3.41%%* 0.08
F.6.5 Ivql, Ivg6, and Ivql2, idiosyncratic volatility 534 -0.01 -3.34%** 0.08
F.6.6 Tvl, Tv6, and Tv12, total volatility 534 -0.01 -3.43%** 0.09
F.6.8 beta_1, beta_6, and beta_12, market beta 534 0.00 -0.12 0.08
F.6.9 beta_ FP1, beta FP6, and beta FP12, the
Frazzini-Pedersen beta 534 -0.01 -1.53 0.10
F.6.10 beta_D1, beta_ D6, and beta_D12, the Dimson
beta 533 -0.00 -0.51 0.06
F.6.11 Turl, Tur6, and Turl2, share turnover 534 -0.00 -0.82 0.06
F.6.12 Cvtl, Cvt6, and Cvt12, coefficient of variation
of share turnover 533 0.00 -0.11 0.03
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F.6.13 Dtvl, Dtv6, and Dtv12, dollar trading volume
F.6.14 Cvdl, Cvd6, and Cvd12, coefficient of variation
of dollar trading volume.

F.6.15 Ppsl, Pps6, and Pps12, share price

F.6.16 Amil, Ami6, and Amil2, absolute
return-to-volume

F.6.17 Lm11, Lm16, Lm112, turnover-adjusted
number of zero daily volume

F.6.17. Lm121, Lm126, Lm1212, turnover-adjusted
number of zero daily volume

F.6.17, Lm61, Lm66, Lm612, turnover-adjusted
number of zero daily volume

F.6.18 Mdrl, Mdr6, and Mdr12, maximum daily
return

F.6.20 Iscl, Isc6, and Isc12, idiosyncratic skewness per
the CAPM

F.6.21 Isffl, Isff6, and Isff12, idiosyncratic skewness
per the Fama and French

F.6.23 Csl, Cs6, and Cs12, coskewness

F.6.25 beta_lccl, beta_lcc6, beta lccl12, liquidity betas
illiquidity-illiquidity

F.6.25 beta_lerl, beta_lcr6, beta_lerl2, liquidity betas
(illiquidity-return)

F.6.25 beta_lrcl, beta_lrc6, beta_lrc12, liquidity betas
return illiquidity

F.6.25 beta_netl, beta net6, and beta net12, liquidity
betas (net)

F.6.25 beta_retl, beta ret6, and beta ret12, liquidity
betas (return-return)

F.6.26 Short-term reversal

F.6.27 beta -1, beta -6, and beta_-12, downside beta
F.6.31 beta_PS1, beta_PS6, and beta_PS12, the
Pastor-Stambaugh beta

533

533
534

533

533

533

534

534

534
534

933

533

933
533
533
533

534

-0.00

0.00
0.00

-0.00

0.00

0.00

0.00

-0.01

0.00

0.00
-0.00

0.03

0.00

-0.00

0.01

0.01

0.00

-0.00

0.00

-0.60

0.37
0.13

-0.40

-0.01

0.70

0.71

-2.59%*

2.76%H*
-0.81

0.9(***
0.44

-1.63
1.86*
1.89%
1.31

-0.63

0.30

0.03

0.03
0.08

0.05

0.06

0.06

0.06

0.07

0.03

0.03
0.03

0.06

0.04

0.08
0.08
0.05
0.07

0.04
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D.2 2190 Own Constructed Nonlinear Portfolios

We construct 2190 portfolios based on the nonlinear functions of nine characteristics that
Freyberger, Neuhierl, and Weber (2020) find significantly explain cross-sectional stock re-
turns. We call them nonlinear portfolios or factors. We apply the following procedure to

construct these portfolios. As an indication, we use three characteristics (X1, X2, and X3)



as an example.

1]

[4]
[5]

We generate the following characteristics up to polynomials of degree 3, including
X1, X2, X3, X1X2, X1X3, X2X3, X1X2X3, X1X1X3, X1X1X2, X1X2X2, X2X2X3,
X1X3X3, X2X3X3, X12, X22, X32, X13, X23, X33,

We alleviate multicollinearity concerns among these characteristics by orthogonalizing
each characteristic using a residual from regressing characteristics on its linear and
nonlinear components. For instance, we use the residual of regressing X1X2X2 on X1,
X2, X1X2, and X2X2 instead of using X1X2X2 directly, or the residual of regressing
X1X2 on X1 and X2, instead of using X1X2. Generally, we use X3-C1*X-C2*X? where
C1 and C2 are estimated coefficients from regressing X3 on X and X2, respectively to
eliminate the impact of both X and X? from X3, or X2-C2*X1, which is a residual from
regressing X2 on X1.

There are two benefits of using residuals. First, the residual methods can remove all
the possible correlations between X and X2. Second, if X’s have a different sign (for
instance, X1=-2, X2 = 0, and X3=1), X1 < X2 < X3 but X2 < X3% < X1? and
X13 < X23 < X33 The relation is not monotonic if X1 to Xn have different signs.
Using residuals will take care of this regardless of the sign.

We standardize characteristics firm by firm each time to avoid look-ahead bias and
prevent the mis-ranking issue.

We sort stocks into deciles based on the transformed characteristics above, calculate
the average returns next period by group, and assign them to the corresponding char-
acteristics and decile (for example, X1_1).

We create long-short portfolios, i.e., ten minus one for each transformed characteristic.

We use 360 ML-based nonlinear portfolios developed by Bryzgalova, Pelger, and Zhu
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(2020) (see Appendix D.3 for the list and description).!” These portfolios can capture
the higher dimensional nonlinear information from characteristics.

Table D.2
2190 Own Constructed Nonlinear Portfolios

This table presents nine characteristics selected by Freyberger, Neuhierl, and Weber (2020) and 2190 non-
linear characteristic-sorted decile portfolios constructed based on 219 characteristics. See Section D.2 for
the detailed construction. The nine characteristics are agr defined as annual percent change in total as-
sets from Cooper and Priestley (2009), chesho or annual percent change in shares outstanding from Pontiff
and Woodgate (2008), momIm defined as 1-month cumulative return from Jegadeesh and Titman (1993),
mom12m defined as 11-month cumulative returns ending one month before month end from Jegadeesh
(1990), mom36m defined as cumulative returns from months t-36 to t-13, operprof or revenue minus cost
of goods sold, SG&A expense, and interest expense divided by lagged common shareholders’ equity (Fama
and French, 2015), mve or natural log of market capitalization at the end of month t-1 from Banz (1981),
retvol or standard deviation of daily returns from month t-1 from Ang et al. (2006), and turn or the average
monthly trading volume for most recent 3 months scaled by number of shares outstanding in current month
from Datar, Naik, and Radcliffe (1998).

10We thank Marcus Pelger for generously providing us with the portfolio data.

28



81X QAT WYETIOUT OYSITD VIX 10ajox Joadodo oysoyo 96X LI OATI U WO
181X WYEUOUT WYEWOUT OYSIYD  [FTX Jordiodojordiodo-oysorp  GeY (oA oA WG TWOW  [GX QAT g wour 19w
981X WYEWOUW W WOUroysIyd  OFTX Jordrodo-eauroysop  H6X QAW AT WG TWOW  ()GX W wouwr wg Jwour 18e
G8IX WYEUWOUT WE [ WOUT OYSIYD 681X Jordiado T wour oysoyd 26X TWINY W WO W [ o 67X W [ WO ug ] wour 18e
FRIX WYEUOUT OYSIYI~OYSIYD {e1X  Joidiedo g wouroysoyd 76X [OAJOI W WIOUT UIE, TUIOTT STX wmy-oyso-Ise
£8TX uwmymgemowrige  Le1X Joxdiado-oysotp-oysod 16X QAT WWOW W [uwow  JFX 10AJI- 0TSO ISR
81X [oajprmggmowr18e  9eTX umyjordiodo-i8e 06X WTWOUr WWOW WgWow  9FY AU oysoo-Ide
181X jordivdowgewonwr18e  GETX [oajorjordiodoide  GRY W) Wg Jwour wgjuwow — GpY W] WOoUr oysoro-I13e
081X aAaurmgemowr1ge  FETY jordiadojordiodo 18e  QQ¥Y [oAjpI WTWoOW WgTwow Y g ] WOW OYsoy~ 18R
6LTX WYETOW WYETOW - 18% eeTX Joadiado-eaurige 18X QAT WIE, T WO WL, WOt [S0'¢ OYSOTO-OYSIYD~13®
SLIX wggmour wjwowride  geIxX jordrodo wmwonrise  9{Y W WOW W [WOW W [WoW  gFX wmy)-1ge-1se
LLTX wggwowr wgrwow e  [e7X jordodo wigjwowriSe  GRY W] WOW Wg[Wour wgjuwouw  [HX [0Ajor 186 1SR
9L1X WYEOW OYsOYI~I18e  (OETX joxdiodo-oysorpide  FRX WY WIng-oysoyd X oAur18e 18R
GLTX wgemour 1ge-1ge  6zIX jordmedo ige i8e  ¢QY WINY[OAPPIOYSIYP  GEX wwour 1ge-18e
610X WIny wny wgguow  HLIX WINY WYEUOUL [CIX umyjordodo 28X TOAJOI TOAJOI OYSOYD {¢X wg Twour 13e-1se
81X wmyjoAjerwgemont  ¢L1X [oAjorwggmowt Lz 1X [oajprjordiado 18X WINY OATIOYSOYD  LEX oysoy-1de-1ge
212X [0AJOI [OAJOT WYETUOW TLTX jordpdomggwowr  9zTY Jjordiadojordiado (R [OAJOI PAW OYSIYD  9EX 13 15e 13
912X wmy-jordiodomggmour 1L1X QAU WYEWoOW  GZTX joxdiadoeamr  GLX QAT AT OYSIYD  GEX WwIng g
a1eX 10301 joadredo ggmont 0LTX WYEWOUT WYEUIOUL ¥o1X Joadiado wmow {LX TWINY™ W WOW™ 0YSIYD 7eX WINY [0A)OT
¥1X Jordiado jordiedo uggmowr  G9TX wyggmour wywouw  ¢gIX Jjordredo migmowr L)X [0AJPT WWOW OYSIYD  ¢€X [0A)RT[0A)DT
e1eX W DAUr WEwouwr 97X wgguwour wgwouw  ggIX joxdrado-oysop  9.X QAU W WOW OYSAPD  ZEX TWINY DAUL
21eX [oAjPI AT TgEWIOWT  L9TY WYEWOW oysdyd  [ZIX jordredo-iSe ¢, X W WO WWOW-oysay 16X [0AjRI oA
11X Jordradoeaur wggtaour 991X wggmourige 611X TWINY WIng wIng ¥LX UWINY~WE [ WOUr 0ysdyd 0exX QAT OATI
01X QAT QAU IQEWIOW  F9TYX wmy wmyjordodo STTX WINY WINY [OAJOT [9D'e TOAJOI UL TWOUT 0TSO 6CX Wy Wwout
602X WY WYEWOUT WYEWowW 97X umyoajprjordado 211X WIMY[0AJPITOAPI  gLX QAU T [WOW OYSIYD  {FX (oA W TOU
802X [0AJRI WYEWOUT WYEWOW  Z9TX [oajarfoajerjordiado 911X [0ARI[OAYOI[0ARI LY W WO W WOW-oysdyd  LZX QAU T WO
202X Jordrado mggmonr wgemout 191X umjyjordiodojordiodo  GITYX WINPT TWINY0AW (LY W WOW W WO oysoyd  9gX W WOW™ W wout
902X QAU WYETOUWT WGEToOW  ()9TX [oajaxjoadiado-jordiado FITX WINY [OAJOT 9ATT 69X UWINY~OYSIYD~0YSIYD qX WINY~ Wy [uout
GOgX ~— WQEUIOUr WYETOUWT WYEWowr  GGTX Jordiodojordiodojordiodo eITX JOAJOI TOAJOT OATU 89X TOAJOI OYSIYD OYSIYD ¥oX JSAVERme g geiceless
$0TX WINY WYEWOU W WO §GTX umyjordiodo-oamt  gITX WINYOAUTAW  L9Y QAW OYSIYD-OYSIP €Y QAU W, T UIOUT
€0CX [oAjRI TgEOU WWoW  LGTY [oajprjordiodo-oamt 11X [0AJIPAUI DAUL 99X WITWOW OYSOYI - OYSIY  ggX W WOUT W, [ WIout
702X jordrodo mggmwonr wymwowr 961X jordiodojordiodoeamr  (OTTYX QAT AT QAT GoX WZ ] WO~ OYSIYD~OYSIYD X WE T WOUT Wg [ WOt
102X QAT WY ETIOTT W WOTT GGTIX Joxdrado-eatraAtn 60TX TINY TINY W WOt 79X 0TSO~ OYSITYD~OYSIYD 0TX TWINY-OYSOTD
002X WYEWOW WYEWOW W WO FGTX umyjordiodomjmwow  QOTX WM OAPIWWOW  ¢9¥ umjyumyise  GIX [0AIT 0TSO
661X WYEWOUW W WO wwou — ¢G7X [oajprjordiodo ot L0TX [0AjRI [OAJOI W TWOW  Z9X wmyjoajeride  QrY AU OYSOTD
861X TWINY~ WYEUOUT W [ WOouL 781X Jjoxdiadojordiodo o 901X TN QAT W TWOUL 19X [0AjPI [OAJRT ISR LIX W WOUr OY$HYD
161X TOAJRI WYEUIOUT W, [ UIouL 161X Joadiadoeaur wwowt GOTX TOAJRI DA W T WOUT 09X WINY oAUT I3R 91X W [ wour oysoyd
961X Jjordiado mggmonwr wigywow  ()GTX Jordiodo w wour wmwout FOTX QAT QAT T T UIOTT 68X [0Ajor oAU 3% [2D'¢ 0TSO~ OYSIYD
G6TX QAU WYEWOUT W [WOW  GHTY umyjordodomgwowr  ¢OTX WM WWOU W Wou  §G¥X aAuroAurisSe Y wmy-ise
PEIX — WQEUWOUW WQEUWOUT W [Wow  QFTY [oajerjordiadomigwow  gOTX [OAJRI W WO W WO LGX wmywiwouwrife  ¢ry [oAjor 1Se
€6TX WYETOW WWOoUr Wgfwour  JTY Jordiadojordrado g [ uoumn T10TX QAU WWOW W WoW 9G¥ [oajorwwourige  gIx oAU 1S
761X WYEUOUT W UWOUT WIZ WOUT 9FIX Joadredo-eawr g [wowt 001X T WOWE W WOW W WOUT GGY QAT T THOUT ISR 11X wwour 1ge
161X WY WYEWOUr oYY GHTYX Jordiedo W wowr urg [ wout 66X WMy wmy wguwow  yex wjwowr wwourige  OTX g Twour 1ge
061X [oAjpIgEoOUroysod  HHIY  Jordiadorurg pwowurg [ wou 86X WINY[0APRI WZTWOW  €GY wmy-wg Juour 18e 6X oysoyo-1de
681X Jjordiado wggewowroysoyp € TYX um)-jordiodo-oysoyd 16X [0AJOI [OAJOI WIZ ] WO H'e [oAjeI g [wour 1ge X 18e-13e
ar aureu OI[0J1I0] dar durel OI[0J1I0] dar aureu OI[0J1I0 ] ar duIeu OI[OJ 1O dr dureu O1[0J110]

29



D.3 360 ML-based Nonlinear Portfolios

This subsection shows 360 ML-based nonlinear portfolios for each characteristic group con-
taining ten decile portfolios. See Bryzgalova, Pelger, and Zhu (2020) for the detailed con-
struction and the following tables for variable descriptions.

Table D.3
360 ML-based Nonlinear Characteristics Groups

LME_AC_IdioVol
LME_AC_Lturnover
LME_BEME_AC
LME_BEME IdioVol
LME_BEME Investment
LME_BEME_LT Rev
LME_BEME Lturnover
LME_BEME_OP
LME_BEME_r12_2
LME_BEME_ST Rev
LME _IdioVol_Lturnover
LME _Investment_AC
LME _Investment_Idiovol
LME_Investment_LT_Rev
LME_investment_Lturnover
LME _Investment_ST_Rev
LME_LT Rev_AC
LME_LT Rev_IdioVol
LME_LT Rev_Lturnover
LME_OP_AC

LME_OP _IdioVol
LME_OP Investment
LME_OP_LT Rev
LME_OP _Lturnover
LME_OP_ST_Rev
LMEr12 2 AC
LME_r12_2 IdioVol

LME r12_2 Investment
LME r12 2 LT Rev
LME_r12_2_Lturnover
LME.r12.2 OP
LME_r12.2 ST Rev
LME_ST REV_AC
LME_ST Rev_IdioVol
LME_ST _Rev_LT _Rev

30



Table D.4

10 ML-Based Characteristics

Symbol ~ Names

Description

References

AC Accrual

Change in operating working capital per
split-adjusted share from the scal year

Sloan (1996)

Book-to-Market

BEME ratio

Book equity is shareholder equity (SH) plus
deferred taxes and investment tax credit
(TXDITC), minus preferred stock (PS). SH
is shareholders equity (SEQ). If missing, SH
is the sum of common equity (CEQ) and
preferred stock (PS). If missing, SH is the
difference between total assets (AT) and total
liabilities (LT). Depending on availability, we
use the redemption (item PSTKRV),
liquidating (item PSTKL), or per value (item
PSTK) for PS. The market value of equity
(PRC*SHROUT) is as of December t-1.

Basu (1983),
Fama and French
(1992)

Idiosyncratic

IdioVol volatility

Standard deviation of the residuals from a
regression of excess returns on the Fama and
French three-factor model

Ang et al. (2006)

Investment Investment

Change in total assets (AT) from the fiscal
year ending in year t-2 to the fiscal year
ending in t-1, divided by t-2 total assets

Fama and French

(2015)

Total market capitalization at the end of the
previous month defined as price times shares

Banz (1981),
Fama and French

LME Size outstanding (1992)
Long-term Cumulative return from 60 months before the De Bondt and
LT Rev  reversal return prediction to 13 months before Thaler (1985)

LTurnover Turnover

Last month’s volume (VOL) over shares

outstanding (SHROUT)

Datar, Naik, and
Radcliffe (1998)

Annual revenues (REVT) minus cost of
goods sold (COGS), interest expense (TIE),
and selling, general, and administrative

Operating expenses (XSGA) divided by book equity Fama and French
OPpP profitability (defined in BEME) (2015)
Return for the first 12 months except for the
rl2.2 Momentum first month Jegadeesh (1990)
Short-term
ST Rev  reversal Prior month return Jegadeesh (1990)
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