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Abstract

We propose a novel narrative-managed portfolio utilizing a large news corpus and
machine learning models. The narrative-driven forecasts achieve an out-of-sample R?
of 2.61%. More importantly, the narrative-managed portfolio, constructed from the
forecasts, provides mean-variance-skewness investors with annual utility gains of up
to 10% and generates significant FF5 alphas. We also demonstrate that narratives
contain incremental information beyond existing economic or financial predictors. The
predictive power of narratives stems from their ability to capture information related
to disaster risk, and investors exhibit sticky beliefs in response to the information
contained in narratives.
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1. Introduction

Forecasting stock returns is a fascinating endeavor and attracts both academics and
practitioners in finance. Numerous studies focus on forecasting the stock market risk pre-
mium and subsequently manage the market portfolio based on the forecasts'. These studies
concentrate on various economic variables’, assuming that investors learn from economic
fundamentals and form their trading decisions accordingly. As noted in Cochrane (2011),
large variations in risk premia imply significant changes for macroeconomics.

In this paper, we propose a new strategy to manage the market portfolio by utilizing a
voluminous news corpus and ensemble machine learning models. The media, as the primary
source and distribution channel of information in society, consistently produces and dis-
seminates descriptions, interpretations, and predictions of economic conditions, commonly
referred to as “news” or “economic narratives” (Goetzmann, Kim, and Shiller, 2022; Tet-
lock, 2007). In addition to reacting to economic fundamentals, investors also access and
incorporate unstructured news information and, accordingly, shape their beliefs and trading
decisions (Shiller, 2017; Veldkamp, 2023). Therefore, the information contained in economic
and business news should have predictive power and be relevant to the equity risk premium.

In recent decades, some studies have tried to extract information from narratives and
connect it to stock market movements®, yet a systematic study on the return predictability
and economic gains from media narratives is still lacking. In this paper, we focus our analysis
on the full text of The Wall Street Journal, comprising over 880,000 articles from 1984 to

2020. Specifically, we use a mature NLP algorithm, Latent Dirichlet Allocation (LDA),

Isee, e.g., Welch and Goyal, 2008; Rapach, Strauss, and Zhou, 2010; Rapach and Zhou, 2013; Rapach,
Ringgenberg, and Zhou, 2016; Farmer, Schmidt, and Timmermann, 2022; Hollstein and Prokopczuk, 2022

2Such as valuation ratios (Campbell and Shiller, 1988a; Fama and French, 1988; Cochrane, 2008), payout
yield (Boudoukh, Michaely, Richardson, and Roberts, 2007), short interest rates and the default and term
spreads (Keim and Stambaugh, 1986; Campbell, 1987; Breen, Glosten, and Jagannathan, 1989; Fama and
French, 1989), inflation rate (Nelson and Kim, 1993; Fama and Schwert, 1977), consumption-wealth ratio
(Lettau and Ludvigson, 2001), and stock market volatility (Ghysels, Santa-Clara, and Valkanov, 2005; Guo,
2006), etc.

3see, e.g., Hirshleifer, Mai, and Pukthuanthong, 2024; Calomiris and Mamaysky, 2019; Bybee, Kelly,
Manela, and Xiu, 2021.



proposed by Blei, Ng, and Jordan (2003), to comprehensively extract information from
unstructured narratives. This topic model facilitates the conversion of high-dimensional,
unstructured news data into a relatively low-dimensional set of common “news topics”.
Through this technique, the unstructured news corpus is transformed into interpretable,
time-varying series of news topics.

Although topic modeling aids in reducing the dimensionality of the original news corpus,
the number of topic predictors remains excessive for traditional linear forecasting regression.
To address this issue, we leverage advances in machine learning methods to fully exploit the
predictive power of economic narratives on aggregate stock returns. The set of candidate ma-
chine learning models considered in this paper includes linear models (Elastic Net, Complete
Subset Regression), dimension reduction techniques (Principal Component Analysis, Partial
Least Squares), and regression trees (Random Forests, Gradient Boosted Decision Trees).
Furthermore, given that forecast combinations can enhance the performance of individual
forecasting models (Rapach et al., 2010; Elliott, Gargano, and Timmermann, 2013; Rapach
and Zhou, 2020), we also include a combination model that aggregates information from the
six individual machine learning models.

Our main empirical findings are as follows. First, we find that narratives have significant
predictive power for future market returns. The R% ¢ values for forecasts based on narratives
and machine learning models range from 1.35% to 2.08%. This result aligns with expecta-
tions, as machine learning models incorporate penalization and nonlinearity, making them
more flexible than linear regression models. Meanwhile, the R% ¢ value for the combination
of the forecasts is 2.61%, outperforming any individual machine learning model. In con-
trast, forecasts based on economic and financial variables yield R%4 statistics close to zero,
significantly lower than those of narrative-based forecasts.

We demonstrate that managing the market portfolio using economic narratives can en-
hance investors’ utility while reducing their exposure to left-tail risk. The narrative-managed

portfolio adopts a time-varying position in the market portfolio to achieve two main objec-



tives: first, to align the position with the forecasted market excess returns, and second, to
match the portfolio’s volatility with that of the market portfolio, ensuring comparability.”.
Compared to the market portfolio, the narrative-managed portfolio exhibits right-skewed
returns, which are appealing to investors (Markowitz, 1952b; Arrow et al., 1974; Mitton and
Vorkink, 2007; Boyer and Vorkink, 2014). A typical mean-variance investor can achieve util-
ity gains ranging from 3.59% to 6.89% by holding the narrative-managed portfolio instead
of the market portfolio, while an investor with a preference for positive skewness can achieve
gains between 7.26% and 10.57%. The narrative-managed portfolio generates positive and
statistically significant alphas across various asset pricing models®. For an initial investment
of $1 in January 2002, the cumulative wealth of the narrative-managed portfolio was twice
that of the market portfolio by December 2020.

We demonstrate that the source of the narrative’s predictive power is linked to disaster
risk. Following Gu, Kelly, and Xiu (2020), we identify important topics based on the decre-
ment in R% 4. Over half of these important topics are related to disaster risk, including Labor
Market, Latin America, Middle East, Arabia, and War, among others. The presence of these
topics is expected, as news of conflicts, such as the Afghan war, can influence public expec-
tations and confidence, thereby affecting stock returns, which is consistent with Hirshleifer
et al. (2024) and Hirshleifer, Mai, and Pukthuanthong (2023). We then test this hypothesis
and find that as the disaster index rises’, the future performance of the narrative-managed
portfolio improves. Additionally, we find that narratives have predictive power for future

disaster risk.

4This approach is widely accepted in portfolio management literature (Moreira and Muir, 2017; Cederburg,
O’Doherty, Wang, and Yan, 2020; Hollstein and Prokopczuk, 2022).

®The analysis is conducted using several prominent asset pricing models: (i) the Capital Asset Pricing
Model (CAPM), (ii) the Fama and French (1992) three-factor model (FF3), (iii) the Carhart (1997) four-
factor model (Carhart), (iv) the Fama and French (2015) five-factor model (FF5), and (v) the Hou, Mo,
Xue, and Zhang (2021) five-factor model (HXZ).

6To capture disaster risk, we consider six measures: Disaster Probability, estimated using option prices
from Barro and Liao (2021); VIX, the CBOE Volatility Index; EPU, economic policy uncertainty measured
by Baker, Bloom, and Davis (2016); Risk Aversion, generated by Bekaert, Engstrom, and Xu (2022); Un-
employment, the unemployment rate from FRED; and Recession, NBER-based Recession Indicators from
FRED.



Several financial variables are closely associated with time-varying disaster risk. Changes
in disaster risk will drive variations in the following variables: the equity market dividend-
to-price ratio (Gabaix, 2012; Wachter, 2013), the term spread (Tsai, 2015), corporate credit
spreads (Gabaix, 2012; Wachter, 2013; Gourio, 2013), equity market volatility (Wachter,
2013), and the value premium (Gabaix, 2012; Tsai and Wachter, 2016). If narratives capture
information related to time-varying disaster risk, they should exhibit significant predictive
power for these variables. Empirical results confirm this: all variables show positive R3¢
values, ranging from 13.44% to 71.10%, and are statistically significant at the 1% significance
level.

While investors often exhibit sticky beliefs in response to the disaster information’, our
empirical results align with these findings. Following Mankiw and Reis (2002), Coibion and
Gorodnichenko (2015), Bouchaud et al. (2019), and Farmer et al. (2022), we measure the
degree of stickiness in investors’ beliefs. Our results indicate that investors’ beliefs are highly
sticky, with over 80% of their expectations carried over from the previous period, despite the
gradual learning from narratives. We also find a positive correlation between forecast errors
and narrative-based expectations, suggesting that investors’ expectations adjust more slowly
than the market, which underscores their underreaction to new information embedded in
narratives. Furthermore, inspired by Sims (1980) and Moreira and Muir (2017), we present
an analysis of the relationship between narratives and stock return dynamics using VAR
impulse response functions.

This paper contributes to several important strands of literature. Primarily, it adds to the
growing body of research on efficient market timing by leveraging the information available
to investors. Notable contributions in this area include Moreira and Muir (2017), Cederburg
et al. (2020), Hollstein and Prokopczuk (2022), and Huang, Li, Wang, and Zhou (2020),

among others. Our research differentiates itself in two key ways. First, we apply market

"see, Mankiw and Reis (2002), Coibion and Gorodnichenko (2015), Bouchaud, Krueger, Landier, and
Thesmar (2019), Cohen, Malloy, and Nguyen (2020), Gémez-Cram (2022), Farmer et al. (2022), and Hirsh-
leifer and Sheng (2022)



timing strategies using information embedded in economic narratives, an area that remains
underexplored in the existing literature. Second, we emphasize the importance of combining
forecasts, a concept often overlooked in studies focusing on machine learning models.

This paper contributes to the disaster risk literature by demonstrating that narratives
convey disaster risk information. A substantial body of research has explored the asset
pricing implications of disasters (Barro, 2006; Rietz, 1988; Wachter, 2013; Baron, Xiong,
and Ye, 2022). Recently, economists have begun quantifying disaster risk from economic
news, such as Manela and Moreira (2017) who construct the news-implied volatility (NVIX)
to measure concerns about rare disasters, and Hirshleifer et al. (2023, 2024) who show that
war-related information forecasts stock returns both cross-sectionally and in time-series. This
paper provides new evidence that narratives contain disaster risk information, which can be
utilized to manage portfolios.

This paper contributes to the literature on sticky beliefs, which is rooted in Mankiw and
Reis (2002)’s macroeconomic model of the business cycle, where beliefs often rely on outdated
information. Previous studies support this conclusion, including Coibion and Gorodnichenko
(2015), who highlight information rigidity in professional forecasts, and Bouchaud et al.
(2019), who link sticky beliefs to the profitability anomaly. Similarly, Gomez-Cram (2022)
notes that investors are slow to react to recessions, and Farmer et al. (2022) shows that stock
return predictability aligns with sticky expectations. Additionally, Cohen et al. (2020) and
Hirshleifer and Sheng (2022) demonstrate underreaction to changes in financial reports and
earnings announcements, respectively. This paper supports these findings and provides new
evidence that investors underreact to disaster-related information in narratives.

The rest of this paper is organized as follows. Section 2 introduces the data and methodol-
ogy. Section 3 investigates the predictive power of economic narratives and the performance
of narrative managed market portfolio. Section 4 explores the potential mechanisms through
which narratives predict stock returns. Section 5 presents the results of several robustness

tests. Section 6 concludes with a summary of our findings.



2. Data and Methodology

2.1 The Wall Street Journal Data Set

Our original narrative data set consists of all full articles published in The Wall Street
Journal from January 1984 to December 2020. As one of the largest newspapers, The Wall
Street Journal faithfully records all major events happening around the world, which may
have a significant impact on the stock market. Therefore, it is one of the most used news
corpus in the literature, studying the relationship with narrative and stock market (e.g.,
Tetlock, 2007; Baker et al., 2016; Manela and Moreira, 2017; Bybee et al., 2021). Starting
from 1984, which is the earliest available history from Dow Jones’s “Factiva” database, the
sample covering the history of Dot-Com bubble, The Great Recession, and the COVID-19

Recession.

Table 1: Summary Statistics of News Data. Numbers related to the text are rounded
to integers. After processing, our corpus consists of 879,820 articles from January 1, 1984
to December 31, 2020.

Variables Mean Std Dev.  Min Max
Number of articles per month 1965 522 932 3012
Number of articles per year 23584 5943 12345 33123
Number of terms per month 521200 136467 209394 837250
Number of uni-gram per month 451878 114958 182933 714343
Number of bi-grams per month 69321 23526 26461 122907
Number of unique terms per month 20752 1162 17399 22450
R, (%) 0.763 4.454 -23.24 13.65

As is common in Natural Language Processing (NLP), we take a step of text processing

to clean our news corpus:

o Article screening: exclude articles in Section “Sports”, “Leisure & Arts”, “Books”,

“Correction”, “Weekend Journal”, “Personal Journal”; exclude articles with page-
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citation tags corresponding to any sections other than A, B, C, or missing; exclude
articles corresponding to weekends; exclude articles less than 100 words.

o Normalization and lemmatization: all non-alphabetical characters are removed; every
word is in lowercase and transformed to their noninflected form; remove common stop
words.

o Tokenization and selection: Convert the texts into uni-grams and bi-grams; exclude
both uni-grams and bi-grams appearing in less than 0.1% of articles.

e Document-Term Matriz construction: based on the remaining terms (uni-grams and
bi-grams) and its count numbers, construct the Document-Term Matrix (DTM). Each
column of DTM corresponds to one term of the vocabulary and each row of DTM

corresponds to one article.

Finally, our cleaned news corpus consists of 879,820 articles, covering over 230 million
terms. Table 1 provides summary statistics of news data. On average, we deal with 1965
articles and 521,200 terms per month, which 87% of terms are uni-grams and 13% are bi-

grams.

2.2 Topic Model

To further reduce the dimensionality of the Document-Term Matrix, we use a popular
topic model called Latent Dirichlet Allocation (LDA) proposed by Blei et al. (2003). As
a generative and unsupervised method, the LDA assumes each document d has its own
distribution over topics given by 684, and each topic k has its own distribution over terms
given by ¢g. Therefore, the D x V Document-Term Matrix, which is highly dimensional
and sparse, is converted into a D x K Document-Topic Matrix. The hyperparameter K
represents the number of topics, and following Bybee et al. (2021) and Hong, Jiang, Meng,
and Xue (2022), we set K = 180.

LDA has two key output, document-topic distribution ® = [0, ...,0p]" and topic-term

distribution ® = [¢, ..., px|". To construct our market portfolio, we care more about the
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topic distribution at time series. Therefore, all articles published in time 7 (e.g., a given day,
week or month) are aggregated as one article and then use the trained LDA model to infer

topic distribution at this point. In this way, we get 180 topic proportion time-series.
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Fig. 1. Word Distribution of Topics. The figure shows the word clouds of topic Arabia,
Financial Oversight, Health, Labor Market, Latin America, National Security, Party, Price
and War. Each word cloud only contains a subset of all the most important words, and
the font size reflects the weight of each word.

To investigate the interpretability of LDA results, we select nine topics and present
their distributions and time-series attention.® Figure 1 and Figure 2 shows the word clouds
for these topics and their time-series proportions, separately. We find that the words are
well-clustered into interpretable topics. For example, the keywords for the topic Arabia
include many arabia-related words, such as {saudi, irag, iran, islamic, ...}. As shown in
Figure 2, this topic received the most attention during Gulf War and Iraq War. We also

report another political-related topic War, which keys words include {military, defense,

8In Appendix A, we provide the top ten key terms for each estimated topic.



force, nuclear, official, ...}, news attention rises to over 2% during US-involved war, like
Gulf War, Afghanistan War and Iraq War. Moreover, even for the US not directly involved
war like Syrian Civil War happened since March 2011, War attention rises to a local peak.
Recent literature has found evidence that economic “dark matter”, such as geopolitical
conflicts, can explain the movement of future stock returns (Hirshleifer et al., 2023; Caldara
and Tacoviello, 2022; Barro and Liao, 2021). Naturally, these geopolitical topics may also be

useful for portfolio management.
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Fig. 2. Time-series of Topics. The figure plots the monthly topic proportion for the
topic Arabia, Financial Oversight, Health, Labor Market, Latin America, National Secu-
rity, Party, Price and War. The topic proportions are calculated by aggregating all corpus
data for each month into one article and inferred by trained LDA model.

Additionally, we also provide some economic related-topic such as Labor Maret, whose
key terms include {benefit, pay, retirement, pension, compensation, employer, ...}. From the
perspective of time series, the highest attention appears in the late 1990s. In fact, the final
decade of the 20th century is the bountiful period for pension funds due to the bull capital
market. Furthermore, this topic attention tends to rise from a relatively lower trough at
the beginning of recession, as labor markets are heavily affected during these periods and

become a focal point of discussion. This relationship may help track the development of



economic recessions and guide portfolio management. Overall, these findings suggest that

our narrative topics effectively capture various real-world big events.

2.3 Methodology

We estimate the narrative-based forecasts using the following equation:
Rt—i—l = G(NCI,T'T't) + Et+1 (1)

where R, represents the excess return on a stock market index relative to the risk-free
interest rate; Narr; denotes a 180-vector of narrative topic distribution at time ¢; and G(-)
signifies the mapping from the narrative to the future market excess return. We estimate
the mapping relation G(-) utilizing eight models, which include benchmark model kitchen
sink (KS) and six machine learning models: elastic net (ENET'), complete subset regression
(CSR), principal component analysis (PCA), partial least square (PLS), random forest (RF),
gradient boosted decision trees (GBDT) and the elastic net combination (COMB) of Rapach
and Zhou (2020).

KS. Kitchen Sink model incorporates all variables into a multiple predictive regression

framework. The model’s 3 can be estimated by:
T

B = arg min (Z (Riy1 — ﬂ'Narrt)2> (2)

s =1

ENET. Elastic net is a penalized linear model introduced by Zou and Hastie (2005),
which incorporates both ¢ and ¢, penalty functions into the objective function. The model’s

B can be estimated by:

T K K
B = arggnin (Z (Riy1 — B’Nar'rt)2 + oz)\Zﬁ,f +(1-— a)AZ ’Bk') (3)
t=1 k=1 k=1

CSR. Complete subset regression, proposed by Elliott et al. (2013), combines forecasts
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from all feasible predictive regression models while maintaining a fixed number of predictors.
CSR can be perceived as a linear model with shrinkage, striking a superior balance between
bias and variance.

PCA. PCA is a prevalent factor model employed in macroeconomic and financial fore-
casting (Stock and Watson, 2002; Baker and Wurgler, 2006; Gu et al., 2020). It posits that

Narr, is influenced by several underlying latent factors, denoted as f;.

Narr, = A, + ¢, (4)

where f; represents a k-vector of principal components derived from Narr;, with k being
substantially smaller than the dimension of Narr;. The estimation of f; can be achieved
by maximizing the common variation among the predictors. Subsequently, excess market

returns may be predicted as follows:

Ripr = 'fi + (5)

PLS. Contrary to PCA, which maximizes the common variation among predictors while
disregarding information in the dependent variable, Partial Least Squares, introduced by
Wold (1966), seeks to maximize the covariance between predictors and the dependent vari-
able. PLS can be executed using ordinary least squares (OLS) regressions (Kelly and Pruitt,
2015). The initial step entails estimating the univariate covariance, ¢y, between R;.; and
each predictor Narry, via time series analysis. Subsequently, a cross-sectional regression
of Narry, on the corresponding loading ¢y, is conducted. The dependent variable and all
predictors are then orthogonalized concerning previously established components, and the
procedure is reiterated on the orthogonalized dataset until the desired number of PLS com-
ponents is obtained (Gentzkow, Kelly, and Taddy, 2019).

RF. Random Forest, introduced by Breiman (2001), builds upon the regression tree

technique. A single regression tree, as a weak learner, demonstrates inadequate out-of-
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sample performance. To improve forecast precision, RF constructs B regression trees, with
each tree being informed by R;,; and L features, randomly chosen from Narr;. The
ultimate mapping from narrative to future market excess return is obtained by averaging

the results of each tree,

. 1

B
G(Narr;B,L,N)=—=> g (Narr;L,N) (6)
b=1

o]

where L represents the depth of the trees and N signifies the number of features selected at
random.

GBDT. Gradient Boosted Decision Trees is a machine learning technique initially intro-
duced by Schapire (1990) and Freund (1995) for classification tasks. Subsequently, Friedman,
Hastie, and Tibshirani (2000) and Friedman (2001) expanded its application to regression
trees. Contrasting with Random Forest, which constructs trees in parallel, GBDT develops
trees sequentially. During each iteration, a regression tree is built based on the residuals of
the model consisting of b — 1 trees. The newly formed tree’s prediction is then incorporated
into the overall prediction, employing a learning rate v. This procedure is reiterated until
the ensemble comprises B trees. Ultimately, the mapping from narrative to future market

excess return is represented by the weighted sum of each tree.

B
G (Narr,; B,v, L, N) :ZVQ;) (Narry; L,N) (7)

b=1

where L denotes the depth of the trees, N signifies the number of features to be randomly
chosen, and v represents the learning rate.

COMB. The combination method, proposed by Rapach and Zhou (2020), uses the elastic
net method to select a subset of models, assigning equal weights to the chosen models and

setting the weights of the remaining models to zero,

6 » arr
RNarr o anl RI{\—T&-Ln ’ ﬂ{ﬁﬁéo} ]
1 = 6 (8)
> n—1 L{g0}
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where 3 = [y, ..., Bg] is calculated by,
T 6 6
- argmln O (R = BRYY)? +aX> B2+ (L—a)d)_[Bal) (9)
t=1 n=1 n=1

where Rﬁ"l"r = [}A{ﬁ‘ﬁ, e }?ﬁﬁ”g] is generated by aforementioned six models.

Among the six machine learning methods examined, several hyperparameters warrant
consideration. For the ENET method, the penalty parameter A is the sole hyperparameter,
while o remains fixed at 0.5. In the CSR method, the hyperparameter corresponds to the
number of predictors within each predictive regression. For factor models, such as PCA
and PLS, the hyperparameter is the number of factors. In the case of regression tree-based
models (RF and GBDT), N is set as the logarithm of the feature count, and the random
seed is fixed at 0. For the RF model, tree depth L constitutes the hyperparameter, and
the number of trees is held constant at 1000. The GBDT model’s hyperparameters include
tree depth L and the number of regression trees B, with a learning rate v of 0.01. Optimal

hyperparameters are determined using 10-fold cross-validation (CV). We report the set of

hyperparameters for each machine learning model in Appendix B.

3. Empirical Results

3.1 Out-of-Sample Results

We first investigate the out-of-sample forecasting performance of narratives. We use the
period from January 1984 to December 1998 as the initial estimation period for all individ-
ual models, and January 1999 to December 2000 for machine learning combination model
(COMB), then the out-of-sample period spanning from January 2001 to December 2020.
The forecasts are assessed using the widely adopted Campbell and Thompson (2008) R%
statistic and the MSFE-adjusted statistic of Clark and West (2007). The R34 statistic quan-

tifies the proportional reduction in mean squared forecast error (MSFE) for the predictive
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regression forecast compared to the historical average benchmark,

T-1 (R _ RNarr)2
R2 1 t=p t+1 t+1 (10)
0os — + _ — )
il (Rt—i-l - Rt+1)2

t=p

where R;.; represents the excess return on the stock market index relative to the risk-free
interest rate, Rf\ﬁ” represents out-of-sample forecasts of stock excess returns by narratives,

and R, represents the historical average benchmark and is calculated by,

_ 1
Rt+1 == ZZRS (11)

The R% 4 statistic ranges from (—oo,100%]. A positive R% ¢ value indicates that the fore-
cast Ri\ﬁ” outperforms the historical average R, in terms of MSFE. We are also interested
in the out-of-sample performance during business cycles. Following Rapach et al. (2010),
we compute the Rgg statistics distinctly for economic expansions (Rgg ,,) and recessions
(RQOS,down)v
T—1 7 DNarr 2
t=p It Ry — Rt+1

T—1 1; = \2
i—p I (Rer — Ry

Ryg, =1- i = up, down, (12)

where I,"” (Itdown) is a dummy variable that equals one when month ¢ is in an NBER
expansion (recession) period and zero otherwise.

The second statistic is the Clark and West (2007) MSFE-adjusted statistic (henceforth
referred to as the CW-test). This test examines the null hypothesis that the historical average
MSFE is less than or equal to the predictive regression forecast MSFE, against the one-sided
(upper-tail) alternative hypothesis that the historical average MSFE is greater than the
predictive regression forecast MSFE, corresponding to Hp : R3q < 0 against Hy : R3¢ > 0.
Intuitively, under the null hypothesis asserting that the excess market return originates
from a constant expected return model, the historical average benchmark is expected to

produce a more accurate forecast than any machine learning model. This is attributed to
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Table 2: Out-of-Sample Forecasts. Panel A reports out-of-sample forecasting perfor-
mance of 12 variables used by Welch and Goyal (2008), along with the time-series momen-
tum variable. Panel B reports out-of-sample forecasting performance of the narrative top-
ics. The forecast models includes kitchen sink (KS), elastic net (ENET), complete subset
regression (CSR), principal component analysis (PCA), partial least square (PLS), random
forest(RF), gradient-boosted decision trees (GBDT) and forecast combination (COMB).
R% is the Campbell and Thompson (2008) out-of-sample R? statistic. RQOSM, (Résydown)
statistics are calculated over NBER business-cycle expansions (recessions). CW-t is the
Clark and West (2007) statistic. *, ** and *** indicate significance at the 10%, 5%, and
1% level, respectively. Out-of-sample period is from January 2001 to December 2020.

Model R25(%) CW-t Rigioun(%) Risup(6)

Panel A : Economic predictors

KS -5.78 0.15 -15.46 -0.79
ENET 0.19 1.22 -0.07 0.33
CSR 0.58 1.13 -0.74 1.26
PCA 0.21 0.96 1.49 -0.45
PLS -0.07 0.64 -6.80 3.39
RF -3.04 -1.66 -9.65 0.36
GBDT -0.13 -0.36 -1.28 0.46
COMB 0.02 0.38 -2.53 1.33
Panel B : Narrative topics

KS -217.89 1.21 -177.43 -238.73
ENET  1.35%* 1.93 3.41 0.30
CSR 1.78%* 1.95 2.17 1.59
PCA 1.52%* 1.77 2.08 1.22
PLS 1.57** 1.91 4.15 0.24
RF 2.08* 1.56 4.27 0.96
GBDT 1.67* 1.45 3.50 0.73
COMB 2.61** 2.02 4.26 1.75

the benchmark model’s unbiased nature and minimal variance, stemming from its exclusion

of noisy predictors. As a result, the benchmark model’s MSFE is anticipated to be lower

than that of the machine learning model under the null hypothesis. The MSFE-adjusted

statistic takes into account the negative expected difference between the historical average

MSFE and the predictive regression MSFE under the null, allowing for the rejection of the

null hypothesis even if the R% 4 statistic displays a negative value.

For comparison, we first examine the out-of-sample forecasting performance of economic

predictors, which include 12 variables used by Welch and Goyal (2008), along with the
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time-series momentum variable. Panel A of Table 2 presents the results. We find that the
kitchen sink model produces a negative R , indicating that it underperforms the historical
average benchmark in out-of-sample settings. While machine learning methods improve
the performance of economic predictors, their results remain statistically insignificant. For
example, the combination method produces a positive R% ¢ of 0.02% with a CW-t statistic of
0.38. These findings are consistent with Welch and Goyal (2008), which shows that economic
variables typically underperform the historical average in out-of-sample forecasts.

Panel B of Table 2 reports the forecasting performance of our narrative topics. Simi-
larly, the Kitchen Sink model shows subpar performance, as indicated by a negative R3¢
statistic of -217.89%, demonstrating that narrative-based forecasts using the KS model still
fail to outperform the benchmark. However, narrative-based forecasts generated by machine
learning models achieve positive R3¢ statistics around 1.5%. In fact, Campbell and Thomp-
son (2008) demonstrate that, given the substantial unpredictable component embedded in
monthly market returns, a monthly out-of-sample R% 4 statistic of 0.5% can yield significant
economic value. Additionally, all machine learning models generate MSFEs significantly
lower than the benchmark at the 10% significance level or better. Moreover, the machine
learning combination method performs particularly well, generating an R3¢ statistic ex-
ceeding 2.5%. Finally, unlike economic predictors, which perform better during expansion
periods, narrative topics derive their predictive power primarily from recession periods.

To further evaluate the degree to which various models utilize information embedded in
narrative topics, we employ a forecast encompassing test. This test, based on the statistical
framework developed by Harvey et al. (1998), investigates the null hypothesis that a given
forecast effectively contains all the relevant information found in a competing forecast against
the alternative hypothesis that the competing forecast holds additional pertinent informa-
tion beyond what is captured in the given forecast. The associated p-values of this test are
reported in Table 3. Our findings suggest that the kitchen sink method fails to encompass

narrative forecasts generated by machine learning models, thereby insinuating its inability to
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Table 3: Encompassing Test. This table reports the p-values of the Harvey, Leybourne,
and Newbold (1998) MHLN statistic. The MHLN statistic corresponds to a one-sided
(upper-tail) test of null hypothesis that the model forecast for market excess return under
the scheme given in the column heading encompasses the forecast under the scheme given
in the row heading against the alternative hypothesis that the forecast under the scheme
given in the column heading does not encompasses the forecast under the scheme given in
the row heading. 0.00 indicates less than 0.005.

KS ENET CSR PCA PLS RF GBDT COMB

KS 0.21 020 0.15 0.18 0.21 0.16 0.19
ENET  0.00 028 0.15 0.17 036 0.25 0.63
CSR 0.00 0.11 0.11 0.11 0.28 0.20 0.48
PCA 0.00 0.13  0.17 023 0.28 0.21 0.62
PLS 0.00 0.13 0.17 0.20 024 0.14 0.63
RF 0.00 0.13 019 0.13 0.11 0.21 0.50
GBDT 0.00 0.14 023 0.16 0.11 0.46 0.65

COMB 0.00 0.06 0.10 0.06 0.04 0.18 0.07

fully exploit the information within economic narratives. Conversely, the machine learning
combination method proves capable of encompassing all individual machine learning model
forecasts at conventional significance levels. This result from the encompassing tests sug-
gests that machine learning combination method successfully leverages the entirety of the
information found in economic narratives, thus providing a plausible explanation for their

superior performance as demonstrated in Table 2.

3.2 Constructing Narrative-Managed Portfolios

In the previous section, we evaluate the forecasting power of narratives in time-series. In
this section, we construct the narrative-managed portfolio and compare its performance with
the market portfolio. To achieve this, we first construct the narrative-managed portfolios.
The primary objective of a managed portfolio is to maintain a substantial long position
during favorable periods and a short position during unfavorable times. Consequently, the
portfolio’s weight should be proportional to the forecasted market excess returns. However,
as noted by Hollstein and Prokopczuk (2022), using the forecasts directly as weights in the

market portfolio would make the managed portfolio’s average market exposure the main
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contributor to its returns. To address this, we introduce two key modifications.

First, the weight assigned to the market portfolio is determined based on the demeaned
forecasted return derived from the topic data. This procedure is intended to minimize the
factor loading of the managed portfolio with respect to the market portfolio. As a result, an
investor can achieve their desired market exposure by simultaneously holding the managed
portfolio and the initial portfolio with varying positions

Second, we adjust the managed portfolio’s weight so that its volatility matches that of
the market portfolio (both observed until time t)’. This adjustment allows the performance
of the managed portfolio to be compared to that of the market portfolio and other factors
found in the literature. To construct a feasible portfolio, w; is restricted to [0, 1], as leverage
constraint. In constructing the narrative-managed portfolios, we use the period from January
2001 to December 2001 as the initial estimation period for volatility, with the narrative-
managed portfolios constructed from January 2002 to December 2020.

The narrative-managed market portfolio’s return can be calculated as follows:
Rﬁ]\fp = tht+1 (13)

where R;,; refers to the market excess return during month ¢ 4 1, and w; represents the
weight implied by the narrative obtained at the end of month ¢. The weight w; is calculated
as follows:

Wt = Ctéi\jralrr (14)

where Rﬁﬁ” represents the demeaned market return forecasts derived from the narrative,
and ¢, is chosen such that the conditional volatility of the managed market portfolio equals

that of the market portfolio.

9To obtain more timely volatility estimates for the narrative-managed portfolios, we employed a 12-
month rolling window due to their relatively stable volatility. In contrast, for the market portfolio, we used
an expanding window to achieve a more stable estimate, given its highly volatile nature
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Fig. 3. Narrative Managed Portfolio Returns. This figure plots the returns of the
narrative-managed portfolio and the market portfolio from 2002 to 2020. To enhance read-
ability, the returns are smoothed using a six-month moving average. The shaded bars rep-
resent NBER-dated recession periods.

In the remainder of this section, we compare the performance of the narrative-managed
portfolio with that of the market portfolio. Specifically, for the narrative-managed portfolio,
we report only the results based on the machine learning combination (COMB). To enhance
readability, we smooth the returns of both portfolios using a six-month moving average and
plot the time series in Figure 3.

There are two notable observations. First, the narrative-managed portfolio has signifi-
cantly lower left-tail risk compared to the market portfolio. For example, during the 2008 fi-
nancial crisis, the market portfolio’s minimum returns fell below -6% (even with a six-month
moving average), while the narrative-managed portfolio’s minimum returns were approxi-

mately -1%. Second, the narrative-managed portfolio exhibits right-skewed returns, which
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are attractive to investors (Arrow et al., 1974; Markowitz, 1952b; Mitton and Vorkink, 2007;
Boyer and Vorkink, 2014). For example, its highest return is about 4%, while the lowest
return is about -1%. In contrast, the market portfolio exhibits left-skewed returns.

Then, we examine the economic value of the narrative-managed portfolio compared to the
market portfolio. First, we analyze the investors’ utility function, particularly when higher
moments are considered. Let r be a random variable representing the return of an asset, and
U(r) be the utility function of an investor holding this asset. U(r) can be approximated by

the third-order Taylor expansion around r’s mean 7:

E[U(] = U) + 5U" (Bl 7]+ UGBl — 7

If the distribution of r is symmetric, then the third term vanishes, reducing the model to the
mean-variance framework. The mean-variance utility function is often used to compute the
certainty equivalent return (CER) gain, as seen in prior literature focused on stock return
time series prediction (see, e.g., Welch and Goyal, 2008; Rapach et al.; 2010; Jiang, Lee,
Martin, and Zhou, 2019; Huang, Li, and Wang, 2021).

However, since the market portfolio often experiences more extreme negative returns due
to disasters, and the narrative-managed portfolio exhibits right-skewed returns, considering
only the mean and variance of the portfolio appears insufficient. Markowitz (1952a) out-
lines a condition in which mean-variance efficient portfolios may not be optimal, —when an
investor’s utility is a function of mean, variance, and skewness. De Athayde and Flores Jr
(2004), Satchell (2003), Adcock (2010) and Harvey, Liechty, Liechty, and Miiller (2010) use
different methods to incorporate the third moment of portfolio return into the utility func-

tion. We assume the investor has the following utility function:
U=pu—Mo*+71y

where p and 02 are the mean and variance of the asset’s return r. Following Ferreira (2024),
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~ represents a quantile-based measure of skewness, which can mitigate the impact of outliers

on the results:

v = (Qo.os5(r) — Qos(r)) — (Qos(r) — Qo.os(r))

where Q,(r) is the ath quantile of the portfolio’s return.

Table 4: Utility Gains With Higher Moments This table reports the utility for in-
vestors holding the narrative-managed portfolio and the market portfolio, as well as the
utility gains. The investors have the following utility function:

U=pu— Mo+ 717y

where ;1 and o2 are the mean and variance of the asset’s return 7. Following Ferreira
(2024), ~ represents a quantile-based measure of skewness:

v = (Qo.95(1) — Qos(1)) — (Qos(r) — Qoos(r))

where @, (r) is the ath quantile of the portfolio’s return. We annualize the utilities by
multiplying them by 1,200. For right panel, we set a proportional transaction cost of 10
basis points (bps).

Utility Gains Without Transaction Costs Utility Gains With Transaction Costs

Utility™ 5T UtilityV™FP AUtility Utility™ 5T UtilityV™MF AUtility
Panel A: Mean-variance utility function
A=3, 7=0 1.84 5.44 3.59 A=3, 7=0 1.84 5.29 3.45
A=5, 7=0 -2.83 4.07 6.89 A=5, 7=0 -2.83 3.93 6.75
Panel B: Mean-variance-skewness utility function
A=3, 7=0.1 -1.48 5.78 7.26 A=3, 7=0.1 -1.48 5.63 7.11
A=5, 7=0.1 -6.15 4.41 10.57 A=5, 7=0.1 -6.15 4.26 10.42

Table 4 reports the results. We annualize the AUtility by multiplying it by 1,200. In
Panel A, we find that for investors with a mean-variance utility function, annual utility gains
range from 3.59% to 6.89% if they hold the narrative-managed portfolio instead of the mar-
ket portfolio. The more risk-averse the investors, the higher the utility gains they achieve.
In Panel B, for investors with a preference for positive skewness (see, e.g., Arrow et al., 1974;
Markowitz, 1952b; Mitton and Vorkink, 2007 and Boyer and Vorkink, 2014), annual utility
gains range from 7.26% to 10.57%, nearly double the gains of investors with a mean-variance
utility function. Considering that the narrative-managed portfolio requires monthly posi-

tion adjustments, transaction costs will reduce its performance. Following Moreira and Muir
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(2017) and Hollstein and Prokopezuk (2022), we set a proportional transaction cost of 10 ba-
sis points (bps). This number is relatively conservative, given the high liquidity of S&P 500
ETFs. We find that transaction costs only slightly reduce Utility¥™* and AUtility, with-
out affecting the performance of the market portfolio. In summary, the narrative-managed
portfolio consistently outperforms the market portfolio across various utility functions, pa-

rameters, and whether or not transaction costs are considered.
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Fig. 4. Cumulative Wealth. This figure plots cumulative wealth for the narrative-
managed portfolio and market portfolio from 2002 to 2020, both with the same initial $1
investment. The shaded bars are NBER-dated recession periods.

We then compare the cumulative wealth of investors holding the narrative-managed port-
folio with those holding the market portfolio in Figure 4. To ensure comparability between
the two portfolios, we adjust the position of the narrative-managed portfolio to achieve ap-

proximately the same average market exposure as the market portfolio.'” Unlike the market

10For the narrative-managed portfolio, its weight is restricted to a range between 0 and 1. Since stock
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portfolio, the narrative-managed portfolio exhibits time-varying exposure to market risk.
As shown in Figure 4, the narrative-managed portfolio outperforms the market portfolio.
An investment of $1 in the market portfolio in 2002 yields approximately $5 by the end of
2020, whereas the narrative-managed portfolio generates a final portfolio value of around

$10, nearly double that of the market portfolio.

3.3 Narrative-Managed Portfolio and Cross-sectional Factor Mod-

els

Having constructed the narrative managed portfolio, we proceed to examine whether it
can be explained by prominent asset pricing factors. To conduct this test, we employ the
following equation:

RéVMP:(I+/6,Ft+Et (15)

where RNVMP

is the return of the narrative managed portfolio, and F'; represents the returns
of various factors at time ¢. In this test, a statistically significant « indicates that the su-
perior performance of the narrative managed portfolio cannot be explained by the known
asset pricing factors. Barillas, Kan, Robotti, and Shanken (2020) demonstrates that a sta-
tistically significant o implies a statistically significant difference in squared Sharpe ratios
between the tangency portfolio implied by a model and that of the model augmented by the
managed portfolio. Consequently, an investor could enhance their portfolio’s performance
by incorporating the managed portfolio into their investment opportunity set.

In our primary analysis, we investigate the following factor models: (i) the Capital Asset

Pricing Model (CAPM), (ii) Fama and French (1992) three-factor model (FF3), (iii) Carhart

(1997) four-factor model (Carhart), (iv) Fama and French (2015) five-factor model (FF5),

returns approximately follow a random walk, we assume that the weights derived from stock return forecasts
also follow this pattern. Consequently, the average weight of the narrative-managed portfolio will be around
0.5. To achieve the desired market exposure, we combine the narrative-managed portfolio with a 50%
allocation to the market portfolio. This ensures that, on average, both portfolios allocate approximately
100% of their weight to the market portfolio over time.
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and (v) Hou et al. (2021) five-factor model (HXZ). The factor data is obtained as following:
Data for the Hou et al. (2021) factors are sourced from the Global-Q) website, while all other

factors are acquired from Kenneth French’s website.

Table 5: Alphas of Narrative Managed Portfolios. This table reports the annualized
average returns and factor models alphas of narrative managed portfolios. In parentheses
are the t-statistics based on robust Newey and West (1986) standard errors using six lags.
* R and *** indicate significance at the 10%, 5%, and 1% levels, respectively.

Average return &CAPM aFFS aCarhart aFFS aHXZ

ENET 7.04%+% 3.67FF  3.08%F  2.76%*  2.05%  3.48*
(3.32) (247)  (2.28)  (2.04) (L77) (1.83)

CSR 4.94%** 2.31%%  2.23%* 1.95% 1.33 2.18%*
(3.26) (2.19)  (2.18)  (1.92) (1.37) (1.79)

PCA 8.5%H* 2.53* 2.51%* 2.14%* 1.20 2.52%
(3.26) (1.93)  (2.02)  (1.81) (1.27) (1.87)
PLS 8.02%H* 3.18%F  3.02%F  2.61** 1.70  3.29%*
(3.49) (2.27)  (229)  (2.07) (1.61) (1.98)

RF 4.73%** 2.09%* 1.92% 1.62 1.60* 1.85
(3.11) (2.01)  (1.93)  (1.59) (1.84) (1.62)

GBDT 4. 75HHK 1.78 1.62 1.49 1.28 2.39%*
(2.72) (1.5)  (1.48)  (1.34) (1.33) (1.66)
COMB 7.49%%* 3.61°HF* 3. 43%kx 3 2%k 231K 3.28%F
(3.93) (2.62)  (2.67)  (2.34) (2.21) (2.23)

We begin our analysis with the first column of Table 5. All narrative-managed portfolios
demonstrate superior performance, as evidenced by their elevated t-values, leading to a more
favorable return-risk tradeoff. Moving to the second row, all CAPM alphas are positive
and significant. The combination method, however, stands out, generating CAPM alpha
of approximately 3.61% per annum, which is significant at the 1% level. This result is
noteworthy as it suggests that index investors could substantially enhance their investment
opportunity set by incorporating the narrative-managed portfolio (COMB). The findings
are highly consistent across multi-factor models. Although narrative-managed portfolios
generated by individual machine learning models often fail to generate significantly positive
alphas (especially for FF5), the narrative-managed portfolio (COMB) continues to produce

strong results: it delivers alphas exceeding 2% per annum, significant at the 5% level across
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various factor models.

Additionally, we observe two notable patterns. First, the CAPM alphas are significantly
smaller than the average returns of the managed market portfolios, suggesting that these
portfolios have positive exposure to the market portfolio. This outcome is reasonable, given
that the narrative-managed portfolios are restricted from short selling. Second, the CAPM
alphas are higher than those estimated from multi-factor models. For example, narrative-
managed portfolios generate CAPM alphas of around 3%, while their FF5 alphas are only
around 1.5%. This observation supports the notion that factors themselves contain condi-
tioning information about future investment opportunities, which aligns with the findings of
Dong, Li, Rapach, and Zhou (2022).

We next investigate whether the narrative-managed portfolio can enhance the invest-
ment opportunity set of the market portfolio or a set of asset pricing factors. In Figure 5,
we illustrate the efficient frontiers of various asset pricing factors, both with and without the
narrative-managed portfolio.'! As observed in the upper-left subfigure, the efficient frontier
resulting from the managed market portfolio (COMB) and the market portfolio is located
significantly to the top left of the market portfolio. This pattern suggests that incorporat-
ing the managed portfolio could substantially improve the initial investment opportunity
set. Similar patterns are present in the other four subfigures. In the case of multi-factor
models, the gap between the two efficient frontiers is narrower compared to CAPM, which
is consistent with the findings in Table 5, where CAPM alphas exceed those derived from
multi-factor models. The relationship between the alphas and the differences in the efficient
frontiers also aligns with the conclusions of Barillas et al. (2020)

We also show the narrative managed portfolio (COMB) resides outside the mean-variance
frontier of well-established asset pricing models. Huberman and Kandel (1987) originally
developed a mean-variance spanning test on the hypothesis of whether N assets can be

spanned in the mean-variance space by a set of K assets. Subsequent research by De Roon,

"UFor CAPM, which has only one market factor, it is represented as a dot.
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Fig. 5. Efficient Frontiers of Different Asset Pricing Models and Narrative Fac-
tor. The blue line in each sub-figure plots the efficient frontier of CAPM, FF3 factors,
Carhart factors, FF5 factors, or HXZ factors, separately. The red line in each sub-figure
plots the new efficient frontier when adding narrative managed portfolio based on COMB
forecasts.

Nijman, and Werker (2001) , Korkie and Turtle (2002) , and Kan and Zhou (2008) provided
additional tests for the same hypothesis. To execute this test, we utilize the following
equation:

RiVMP:C(—i—,B/Ft—i—E't (16)

where F'; represents the returns of various factors at time ¢. The spanning hypothesis

corresponds to the subsequent parametric constraints on the model,
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Hy: a=0, I'B=1 (17)

where [ represents a vector of ones with length adhering to matrix algebra rules. Following
Kan and Zhou (2008), we conduct six spanning tests: (1)Wald test under conditional ho-
moskedasticity, (2)Wald test under independent and identically distributed (IID) elliptical
distribution, (3)Wald test under conditional heteroskedasticity, (4)Bekerart-Urias spanning
test with errors-in-variables (EIV) adjustment, (5)Bekerart-Urias spanning test without the
EIV adjustment and (6)DeSantis spanning test. All six tests have asymptotic chi-squared
distribution with 2N (N =1 here) degrees of freedom.

Panel A of Table 6 reports the test results for different asset pricing models. The results
strongly reject the hypothesis that the narrative managed market portfolio(COMB) lies
within the mean-variance frontier across all asset pricing models. This result suggests that
the narrative managed market portfolio is a unique portfolio capturing information from

economic narratives often neglected in existing asset pricing models.

3.4 Incremental Information of Narrative

In this section, we further investigate whether narrative has additional information in
managing the market portfolio when we control well-documented economic predictors.

We compare the predictive power of economic predictors and narrative topics. Table 2
reports the results. We find that forecasts based on narrative topics have significantly higher
R% and CW-test statistics than those based on economic predictors. For example, while
the COMB model based on narrative topics has an R% 4 of 2.61%, significant at the 5% level,
the COMB model based on economic predictors only achieves an R%¢ of 0.02% and is not
statistically significant.

To extend our analysis within a portfolio framework, we utilize the method outlined

in Equation (14) to formulate a econ-managed portfolio based on the forecasts based on
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Table 6: Mean-Variance Spanning Tests. This table presents the mean-variance span-
ning test statistics as outlined in Huberman and Kandel (1987), conducted under various
distribution assumptions. Here, W is the Wald test under conditional homoscedasticity,
W, is the Wald test under IID elliptical, W, is the Wald test under the conditional het-
eroscedasticity, J; is the Bekerart-Urias test with the Errors-in-Variables (EIV) adjust-
ment, .J5 is the Bekerart-Urias test without the EIV adjustment, and J3 is the DeSantis
test. Panel A reports the results of testing whether the narrative-managed portfolio can
be spanned by asset pricing factors. Panel B reports the results of testing whether the
narrative-managed portfolio can be spanned by asset pricing factors and an Econ-managed
portfolio. The Econ-managed portfolio is constructed using 12 economic predictors in
Welch and Goyal (2008), along with the time-series momentum variable. *, ** and ***
indicate significance at the 10%, 5%, and 1% level, respectively.

Panel A: Asset Pricing Factors

w We W, J1 Jo J3
CAPM T11.26%%%F  282.18%F*  187.02***  60.11*** 60.86™** 335.57***
FF3 188.6***  107.93*%**  R1.19%**  47.64%*FF 49.89%HF* 94 R1***
Carhart 52.87HF*H 28 28%HK 23 60%F*  24.25%HF 25 41%HKk 32 HEHkk
FF5 9.46%#* 6.24** 884+ 9.55%* 9. RYFHH (.21 %H*
HXZ 15.45%*% 9 84%H* 12.13%**  12.83%#F  12.88%F*  13.69%**
Panel B: Economic Factor and Asset Pricing Factors

W We Wa J1 J2 J3

CAPM+Econ — 277.81%FF  91.08%**  41.99%**  39.13%<* 39.28%** 192 64%**
FF3+Econ 145.15%%%  71.09%F%  39.04%**  39.86%F*F 40.42%** 90.15%**
Carhart+Econ  49.94%%% 24 57*** 13 55%0K  18.76™***  19.46%** 24 38%**
FF5+Econ 10.38%***  6.23%* 6.43%* 7.55%% 7.62%* 8.697%+*
HXZ+Econ 15.85%#% 9 24%kx* 9.13%#* 12.47%FF  12.31%FF  13.30%**

economic predictors and COMB model. Subsequently, we incorporate the econ-managed

portfolio as a covariate and estimate the ensuing regression:

RNMP — o 4 B'F, +pEcon, + ¢, (18)

where F'; represents the returns of various factors at time ¢ while Econ; represents the
returns of Econ-managed portfolio.

Table 7 presents the results. Two points are worth emphasizing. First, the alphas of
narrative-managed portfolios remain positive and significant, indicating that narratives pro-

vide incremental information beyond existing economic or financial predictors when man-

28



Table 7: Alphas of Narrative Managed Portfolios After Controlling Economic
Managed Portfolio. This table reports the annualized average returns and factor model
alphas of the narrative-managed portfolios after controlling for the Econ-managed port-
folio. The Econ-managed portfolio is constructed using 12 economic predictors in Welch
and Goyal (2008), along with the time-series momentum variable. In parentheses are the
t-statistics based on robust Newey and West (1986) standard errors using six lags. *, **
and *** indicate significance at the 10%, 5%, and 1% level, respectively.

aCAPM-l—Econ aFF3+Econ aCarhart+Econ aFF5+Econ aHXZ-i—Econ

ENET 3.65°F 3.06%% 2.73%% 2.04% 3.49%
(2.48) (2.30) (2.05) (1.80) (1.86)
CSR 2.20%* 2.21%* 1.94% 1.32 2.19*
(2.21) (2.19) (1.94) (1.39) (1.83)
PCA 2.5% 2.48%* 2.11* 1.19 2.53*
(1.93) (2.01) (1.82) (1.29) (1.91)
PLS 3.18%* 3.01%* 2.6%* 1.70 3.20%*
(2.28) (2.29) (2.07) (1.62) (1.99)
RF 2.1%* 1.93%* 1.63 1.60* 1.84
(2.03) (1.97) (1.61) (1.85) (1.54)
GBDT 1.82 1.65 1.53 1.30 2.36
(1.46) (1.45) (1.30) (1.27) (1.59)
COMB  3.59%** 34K 2.99%* 2.30%* 3.30%*
(2.76) (2.81) (2.48) (2.34) (2.27)

aging the market portfolio. Second, similar to the previous findings, the COMB model
continues to outperform the single machine learning models. This finding further supports
that the machine learning combination method is more suitable and stable for capturing
information from high-dimensional textual data.

Panel B of Table 6 reports the results for the spanning tests. All six spanning tests are
significant at the 1%, rejecting the null hypothesis that the narrative-managed portfolio in
within the mean-variance frontier of asset pricing factors and econ-managed portfolio. In
summary, we find that narrative contains incremental information beyond existing economic

or financial predictors.
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4. The Source of Predictive Power

In this section, we investigate which topics contribute most to predictability. As indicated

by Gu et al. (2020) and Bali, Goyal, Huang, Jiang, and Wen (2020), we gauge the importance

2

0s )

of each topic by measuring the decrease in R., , subsequently ranking them. Specifically, we
calculate this decrease by setting the values of a particular topic to zero in each of the seven

models while keeping the remaining model estimates unchanged.
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Fig. 6. Topic Importance. This figure presents the top eight important topics in each
model. We calculate the the reduction in R?, from setting all values of a given topic to
zero in each model to get the given topic importance and scaled it by the most importance
topic (topic with maximum RZ, reduction). The importance of the most important topic
within each model is normalized to one

Figure 6 outlines the eight most important topics across various forecasting models. First,
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more than half of these important topics are linked to disaster risk, including Labor Market,
Latin America, Middle East, Arabia, and War, among others. Notably, the Labor Market
topic, which predominantly references labor market conditions, plays a significant role in
nearly all machine learning models (except for GBDT). This result aligns with the findings of
Favilukis and Lin (2016); Belo, Lin, and Bazdresch (2014), which suggest that labor market
frictions closely link labor market conditions to asset prices. Second, several geopolitics-
related topics also play an important role, such as Middle East, Energy, Arabia, and War.
The presence of these topics is expected, as news of conflicts, such as the Afghan war, can
influence public expectations and confidence, consequently affecting stock returns, consistent
with Hirshleifer et al. (2023, 2024). Third, the Latin America topic also plays an important
role. Its impact on the U.S. stock market can be attributed to its unique geographical
position. Lahrech and Sylwester (2011) discovered significant equity co-movements between
the U.S. and Argentina, Brazil, Chile, and Mexico. This implies that the predictive power
of the narrative for the stock market may stem from capturing latent disaster risk, which

drives asset price variations.

4.1 Disaster Risk and Portfolio Performance

In the previous subsection, we find that topics related to disaster risk contribute most to
predictability. In this section, we directly examine the relationship between disaster risk and
the performance of the narrative-managed portfolio. According to Wachter (2013), Gabaix
(2012) and Baron et al. (2022), if disaster risk is time-varying, the equilibrium disaster risk
premium will also fluctuate over time. Assets exposed to time-varying disaster risk will be
priced with a positive risk premium. Therefore, if the narrative’s predictive power over the
stock market arises from capturing latent disaster risk, an increase in the disaster index

should lead to better future performance of the narrative-managed portfolio.
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To test this hypothesis, we estimate the following time series regression:

RNMP — 3, + B, Disaster Risk;_1 + BF; + & (19)

RNMP s the return of the narrative-managed portfolio. The estimation is performed

where
from January 2001 to December 2020. As in Equation (19), we also use cross-sectional factors
as control variables. We employ six proxies to measure disaster risk. The first is Disaster
Probability, estimated using option prices as per Barro and Liao (2021). The second is the
CBOE Volatility Index (VIX), which reflects the market’s expectation of future volatility and
is used as a proxy for latent financial disaster. The third is Economic Policy Uncertainty
(EPU), measured by Baker et al. (2016). The fourth is a risk aversion index generated
by Bekaert et al. (2022), calculated from high-frequency financial variables. The fifth is
the unemployment rate from FRED, used to measure labor market conditions. The final
disaster index is the NBER-based Recession Indicators from FRED. All disaster risk indices
are smoothed using a 12-month moving average and then standardized.

Table 8 reports the results. All estimated slopes are positive, and most are significant
at the 5% level. The results imply that as the disaster index rises, the performance of
the narrative-managed portfolio improves. For example, a one-standard-deviation increase
in EPU is associated with a 0.34% to 0.47% increase in the narrative-managed portfolio’s

monthly return, controlling for other factors. Overall, Table 8 suggests that the narrative-

managed portfolio’s performance is closely related to disaster risk.

4.2 Predicting Disaster Risk

In this section, we further investigate whether the narrative contains information related
to disaster risk. If it does, disaster risk can be predicted by the narrative. Since news contains
information related to uncertainty, Manela and Moreira (2017) use front-page articles of the

Wall Street Journal to construct a news-based implied volatility index. Following their
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Table 8: Disaster Risk and Portfolio Performance. This table reports the results

of regressing narrative managed portfolio performance on the disaster index. We use six
proxies to measure disaster risk: Disaster Probability, estimated using option prices from
Barro and Liao (2021). VIX, the CBOE Volatility Index; EPU, economic policy uncer-
tainty measured by Baker et al. (2016); Risk Aversion, generated by Bekaert et al. (2022);
Unemployment, the unemployment rate from FRED; and Recession, NBER based Re-
cession Indicators from FRED. All disaster risk indexes are smoothed using a 12-month
moving average and then standardized. Different cross sectional factors are used as control
variable. Reported are the regression coefficient and Newey-West t-value. *, ** and ***
indicate significance at the 10%, 5%, and 1% level, respectively. The sample period spans
from January 2001 to December 2020.

RNMP — 3y 4 1 Disaster Risk;_1 + BF; + ¢

F: CAPM FF3 Carhart FF5 HXZ

Disaster Prob 51 0.25** 0.25%* 0.38%** 0.19* 0.35%**
tnw (1.98) (2.05) (3.21) (1.66) (2.69)

VIX 051 0.27%* 0.26** 0.38%*** 0.20%* 0.36***
tnw (2.29) (2.35) (3.59) (1.86) (3.04)

EPU b1 0.40%** 0.38%*** 0.42%%* 0.34%%* 0.47*%*
tvw (3.97) (4.08) (4.70) (4.03) (4.48)
Risk Aversion 51 0.17 0.17 0.317%** 0.13 0.26%*
taw (1.46) (1.55) (2.82) (1.22) (2.26)
Unemployment 51 0.16%* 0.17%* 0.17%* 0.15% 0.17%*
tvw (2.25) (2.23) (2.18) (1.83) (2.15)

Recession B 0.26* 0.27* 0.4*** 0.17 0.36***
tvw (1.66) (1.72) (3.4) (1.32) (2.76)

approach, we construct a narrative-based disaster risk index. We use the same proxies to
measure disaster risk, excluding the NBER-based Recession Indicators '?, and estimate the

narrative-based disaster risk forecasts using the following equation:

DisasterRiskyyy = G (Narry) + €41 (20)

Due to the limited number of observations, rather than dividing the full sample into three
parts—training set, validation set, and test set—as done by Manela and Moreira (2017) for
hyperparameter tuning, we use 10-fold cross-validation to determine the hyperparameters.

First, we divide the full sample into 10 parts and use the first 9 parts to train the machine

12Because the NBER-based Recession Indicator is a 0-1 variable rather than a continuous variable
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Fig. 7. Forecasting Disaster Risk by narrative. This figure plots the time series of
narrative-based disaster risk and actual disaster risk. We use five proxies to measure dis-
aster risk: Disaster Probability, estimated using option prices from Barro and Liao (2021).
VIX, the CBOE Volatility Index; EPU, economic policy uncertainty measured by Baker

et al. (2016); Risk Aversion, generated by Bekaert et al. (2022); and Unemployment, the
unemployment rate from FRED. R?Reg is reported, estimated from a subsequent univari-
ate Ordinary Least Squares (OLS) regression of actual disaster risk on narrative-based dis-
aster risk. The sample period spans from January 2002 to December 2020.

learning models under different parameters. Then, we predict the disaster risk in the re-
maining part and compute the MSFE. After repeating this process 10 times, the model with
the lowest MSFE is selected. In the next step, this model is trained using the full sample,
and its forecasts are used as the narrative-based disaster risk. Following Manela and Moreira
(2017), we report R?Reg , which is estimated from a subsequent univariate Ordinary Least
Squares (OLS) regression of actual disaster risk on narrative-based disaster risk.

Figure 7 presents the results. We find that the narrative-based disaster risk effectively

captures the trend of disaster risk. For example, in the cases of Disaster Probability, VIX,
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and Risk Aversion, the narrative-based disaster risk captures the spikes during recessions and
the subsequent troughs afterward. For every disaster proxy, the R2Reg values are around
90%. These results suggest that the narrative contains information related to latent disaster

risk.

4.3 Predicting Discount Rate Related Variables

In this section, we test whether the narrative can predict discount rate related variables.
A wide range of discount rate related variables is closely connected to time-varying disaster
risk (Gabaix, 2012; Wachter, 2013; Gourio, 2013; Tsai, 2015; Tsai and Wachter, 2016; Baron
et al., 2022). These variables can be classified into the following five categories:

Dividend (Earnings)/Price Ratio: as demonstrated by Gabaix (2012) and Wachter
(2013), when disaster risk increases, the heightened disaster risk premium leads to a reduction
in equity prices, thereby raising the dividend/price ratio of the equity market index. The
dividend (earnings)/price ratio is calculated as the difference between the log of dividends
(earnings) and the log of prices (Campbell, 1987; Campbell and Shiller, 1988b; Fama and
French, 1988; Welch and Goyal, 2008).

Term Spread: Tsai (2015) shows that as disaster risk increases, inflation rises, the
prices of nominal bonds fall, and the premium that investors demand for holding nominal
bonds increases, resulting in a widening of the term spread. The Term Spread is computed
as the difference between the long-term yield on government bonds and the Treasury bill
rate (Campbell, 1987; Fama and French, 1989; Welch and Goyal, 2008).

Corporate Credit Spreads: Gabaix (2012), Wachter (2013) and Gourio (2013) show
that as disaster risk increases, default risk rises, leading to an increase in corporate credit
spreads. Corporate Credit Spreads are measured as the difference between BAA and AAA-
rated corporate bond yields (Fama and French, 1989; Welch and Goyal, 2008).

Market Volatility: Wachter (2013) highlights that, under suitable model assumptions,

equity volatility increases as a function of time-varying disaster risk. Market volatility is
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estimated as the square root of the average daily volatility for the current month.

Value Premium: Gabaix (2012) and Tsai and Wachter (2016) show that value stocks
have higher exposure to disaster risk than growth stocks, causing the value premium to
increase when disaster risk rises. We use three equity factor long-short portfolios, sorted by
the Book/Price (B/P), Dividend/Price (D/P), or Earnings/Price (E/P) ratios, respectively,
as proxies for the value premium.

If the narrative contains information related to time-varying disaster risk, it should have
significant predictive power for the above variables. Based on narrative information at time

t, we predict these variables for the next 12 months as follows:

Yivre012 = G(INarry) + €i01.0412 (21)

where Y;1.4112 represents the discount rate-related variables for the next 12 months. Six ma-
chine learning models are used for prediction, and we report only the combination (COMB)
of these models. Table 9 reports the R%y and CW-t results. All variables have positive
R% values and are significant at the 1% level. For example, for the three value premium
measurements, the R%g values range from 13.44% to 17.82%, indicating that, compared
with the historical average of value premium measurements, narrative-based forecasts can
reduce mean squared forecast errors by nearly 20%. These results are consistent with Table

7, showing that the narrative contains information related to latent disaster risk.

4.4 Sticky Beliefs of Investors

In the previous sections, we find that the narrative contains information related to disaster
risk, which explains its ability to predict future stock returns. In this section, we examine an
important question: Can investors respond promptly to new information? Mankiw and Reis
(2002), Coibion and Gorodnichenko (2015), Bouchaud et al. (2019) and Farmer et al. (2022)

show that people typically have sticky beliefs; in other words, they often underreact to new
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Table 9: Predicting Discount Rate Related Variables. This table reports the RZ 4
and CW-t results for discount rate-related variables, which are classified into the following
five categories: Dividend (Earnings)/Price Ratio, Term Spread, Corporate Credit Spreads,
Market Volatility, and Value Premium. Six machine learning models are used for predic-
tion, and we report only the combination (COMB) of these models in this table. R%g is
the out-of-sample statistic as defined by Campbell and Thompson (2008). CW-t is the
Clark and West (2007) statistic. *, ** and *** indicate significance at the 10%, 5%, and
1% levels, respectively. The out-of-sample period spans from January 2001 to December
2020.

Yit1:t412 = G (Narr:) + er41:0412

R2 CW-t
Dividend/Price Ratio 71.10% 12.95%%*
Earnings/Price Ratio 45.11% 5.02%**
Term spread 51.92% 12.88%**
Corporate Credit Spreads 53.59% 4.88%**
Market Volatility 44.35% 5.83%k*
Value Premium: DP LS Spread 13.44% 5.43%**
Value Premium: BM LS Spread 17.82% 6.73%**
Value Premium: EP LS Spread 17.40% 6.75%**

information. Specifically, Cohen et al. (2020) and Hirshleifer and Sheng (2022) demonstrate
that investors underreact to news due to their limited attention.

Following Mankiw and Reis (2002), Coibion and Gorodnichenko (2015), Bouchaud et al.
(2019) and Farmer et al. (2022), we test whether investors have sticky beliefs using the

following equation:

Fy[Riyia412) = o+ AF_p[Re—pgri—ny12] + (1 — )\>Ri]\_~f_af:;+12 + Et+1:t412 (22)

where F; denotes conditional expectations under investors’ subjective beliefs at time ¢, as
measured by survey data sourced from Graham-Harvey’s survey of CFOs and the Livingston
survey. In Graham-Harvey’s survey, CFOs provide their expectations for stock returns over
the next 12 months in the final month of each quarter. We use the average of these CFOs’
expectations to capture the overall investor expectation of market returns. In the Livingston

survey, respondents provide their expectations for stock returns over the next 12 months twice
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a year, in June and December.'® The median of respondents’ expectations is used to measure
the overall investor expectation of market returns. Aﬁ‘ﬁf; 412 can be viewed as conditional
expectations for the next 12-month market return based on narratives."* Fy_,[R;_pn11.¢—nt12]
represents investors’ conditional expectations from the previous period, where h equals 3 for
Graham-Harvey’s survey and 6 for the Livingston survey. In Equation (22), A represents the
stickiness of investors’ beliefs.

Table 10: Sticky Beliefs Tests. This table presents the estimated A values and Newey-
West t-values as

Fi[Riyia412) = o+ AF_p[Re—pgr:e—ny12] + (1 — )\>Rﬁa172:+12 + Et+1:44+12

where F; denotes conditional expectations under agents’ subjective beliefs at time ¢, as
measured by survey data sourced from Graham-Harvey’s survey of CFOs and the Liv-
ingston survey. Rﬁ:ﬁ" 412 can be viewed as conditional expectations for the next 12-month
market return based on narratives. h equals 3 for Graham-Harvey’s survey and 6 for the
Livingston survey. *, ** and *** indicate significance at the 10%, 5%, and 1% levels, re-
spectively. The sample periods all start in January 2002 but end differently: December

2019 for Graham-Harvey’s survey and December 2020 for the Livingston survey.

Data Source A tNw 1—A tNw
Graham-Harvey’s survey 0.961*** 70.32 0.039*** 2.84
Livingston survey 0.805%*** 11.19 0.195%** 2.72

If X equals one, investors do not react to any new information and always maintain
their expectations from the previous period. If A ranges between 0 and 1, investors’ beliefs
are sticky, meaning they partially carry over their prior period beliefs and underreact to

new information. Table 10 reports the estimated values of \. Two interesting observations

13In the Livingston survey, respondents are asked to provide their expectations for the S&P 500 index
12 months in advance, rather than stock returns directly. The mailed questionnaire includes the previous
month’s S&P 500 index as a reference value. For example, the questionnaire for the June survey is mailed
in May with April’s S&P 500 index, and the December questionnaire is mailed in November with October’s
S&P 500 index. Following the Livingston survey’s documentation, we assume that investors base their
expectations on the index value provided in the questionnaire and calculate the expected stock return as

follows:
S&P 500 Index Expectation

S&P 500 Index Reference Value'

Stock Return Expectation =

“4When using different survey data, we matched the time horizons of Fi[R;41.¢112) and Rﬁ“ﬂ | 19. For
instance, in Graham-Harvey’s survey, the predictions are based on the narrative from the past 3 months.
For the Livingston survey, predictions are based on the narrative from the past 6 months.
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emerge. First, all estimated \ values are above 0.8 and significant at the 1% level. This result
is consistent with Mankiw and Reis (2002), Coibion and Gorodnichenko (2015), Bouchaud
et al. (2019), Bouchaud et al. (2019) and Farmer et al. (2022), suggesting that investors have
very sticky beliefs, carrying over more than 80% of their expectations from the previous
period. Second, the estimated 1 — \ values range from 3.9% to 19.5% and are also significant
at the 1% level. This finding indicates that although investors have sticky beliefs, they do
learn from narratives, albeit slowly.

Following Coibion and Gorodnichenko (2015) and Farmer et al. (2022), we also explore
the relationship between forecast errors and narrative-based expectations using the following
equation:

Ritiiv12 — Fi[Ripra412) = o + Bﬁi\ﬁr;m + Ett1:t412 (23)

where Ry, 1.4112 denotes the cumulative realized market return from time ¢+ 1 to time ¢+ 12.
If investors underreact to new information from narratives, their expectations change more
slowly than the market, resulting in a positive 5. Conversely, if investors overreact to new
information from narratives, their expectations change more quickly than the market, and
will be negative. If 3 is close to zero, it indicates that investors respond to new information
appropriately.

Table 11 reports the regression results. The /3 values are all positive, ranging from 1.19 to
1.40, and significant at the 1% level. The results suggest that investors’ expectations change
more slowly than the market, indicating that they underreact to new information from nar-
ratives, consistent with the findings in Table 10. Thus, we conclude that although narratives
contain disaster risk-related information, investors respond slowly to this information; in
other words, they underreact to disaster risk-related information.

To reconfirm the previous findings, following Sims (1980) and Moreira and Muir (2017),
we also run a VAR model to examine how narrative forecasted returns and market returns
respond to a negative narrative shock over time. Figure 8 presents the results. We find that

the impact on narrative forecasted returns dies out fairly quickly. However, the movement
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Table 11: Return Forecast Errors and Sticky Beliefs This table presents the slopes,
Newey-West t-values, and R? from the regression of

HNarr
Riiriq12 — Fi[Ripraq12) = o+ BRAT 19 + g 1412

where R;1.112 denotes the cumulative realized market return from time ¢t 4+ 1 to time

t 4+ 12. F; denotes conditional expectations under agents’ subjective beliefs at time ¢, as
measured by survey data sourced from Graham-Harvey’s survey of CFOs and the Liv-
ingston survey. Rﬁ‘ﬂ 412 can be viewed as conditional expectations for the next 12-month
market return based on narratives. *, ** and *** indicate significance at the 10%, 5%,
and 1% levels, respectively. The sample periods all start in January 2002 but end differ-
ently: December 2019 for Graham-Harvey’s survey and December 2020 for the Livingston

survey.

Data Source 15} tNw R?
Graham-Harvey’s survey 1.19%** 3.16 33.40
Livingston survey 1.40%%* 6.96 46.40
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Fig. 8. Impulse Response of One Negative Narrative Shock for Narrative-based
Predicted Returns and Market Returns. This figure plots the impulse response func-
tion to trace the effects of a negative shock to narrative-based predicted returns. The x-
axis is in years. We compute impulse responses using a VAR of realized market returns
and the narrative-based predicted returns. The dashed lines indicate one-standard devia-
tion confidence intervals.

of market returns is much smaller but more prolonged. The rapid adjustment in narrative
returns, along with the slower movement in market returns, suggests that the market is slow

to react to the information embedded in narratives.
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Table 12: Sentiment and Portfolio Performance. We use two proxies to measure in-
vestor sentiment: BW, generated using the PCA method by Baker and Wurgler (2006),
and HJTZ, generated using the PLS method by Huang, Jiang, Tu, and Zhou (2015), re-
spectively. All sentiment indexes are smoothed using a 12-month moving average and then
standardized. Different cross sectional factors are used as control variable. Reported are
the regression coefficient and Newey-West t-value. *, ** and *** indicate significance at
the 10%, 5%, and 1% level, respectively. The sample period spans from January 2001 to
December 2020.

RNMP — 3 + B, Sentiment,_1 + BF; + &
F.:  CAPM FF3 Carhart FF5 HXZ

BW 5 0.14 0.15 0.07 -0.00  0.10
tnw (1.2 (1.32)  (0.63)  (-0.03) (0.80)
HITZ B 0.26%F  0.27%% (0.24% (013  0.20%%*
tyw (2.51)  (2.68)  (2.03)  (0.96) (2.60)

5. Robustness Test

In this section, we conduct several robustness checks to reconfirm our main results. These
include examining the relationship between sentiment and the performance of the narrative-
managed portfolio, the relationship between labor market conditions and the portfolio’s
performance, and the effects of leverage constraints and transaction costs on portfolio per-

formance.

5.1 Sentiment and Portfolio Performance

In the previous section, we find that the predictive power of narratives stems from
investors’ cognitive biases, which are more prevalent among sentiment-driven investors.
Sentiment-driven investors’ reluctance to take short positions in low-sentiment periods leads
them to exert greater influence during high-sentiment periods than in low-sentiment periods
(Yu and Yuan, 2011; Stambaugh, Yu, and Yuan, 2012). Therefore, the performance of the
narrative-managed portfolio is expected to be better during high-sentiment periods.

Table 8 reports the results. For the BW sentiment index, the estimated slopes are

not significantly different from zero, which is not surprising, as Baker and Wurgler (2006)
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construct their sentiment index using the first principal component, which may contain
information unrelated to stock returns. In contrast, Huang et al. (2015) construct their
sentiment index using the PLS method developed by Wold (1966); Kelly and Pruitt (2015),
which excludes information unrelated to stock returns. For the HJTZ sentiment index, all
slopes are positive and significant at the 5% level (except for FF5). This result supports
the notion that the predictive power of narratives stems from investors’ cognitive biases,

specifically their underreaction to disaster-related information.

5.2 Labor Market Conditions and Portfolio Performance

The topic importance analysis in Figure 6 suggests that labor market conditions may
be a key driver of the outperformance of narratives. Therefore, we further examine the
relationship between the narrative-managed portfolio and labor market conditions. Inspired
by Huang, Jiang, Li, Tong, and Zhou (2023), we plot the narrative-managed portfolio returns
and market conditions. Proxies for labor market conditions are the CFNAI sub-index on
employment and hours(Employment) and production and income(Income), as well as the
Wage Growth Tracker from the Atlanta Fed. To enhance readability, the returns and proxies
for labor market conditions are all smoothed using a twelve month moving average. Figure 9
shows the results. We find that narrative-managed portfolio returns are significantly negative
in relation to all three labor variables. For example, the correlation between the Wage
Growth Tracker and portfolio returns is -0.33. Notably, during the 2008 financial crisis,
while the labor market deteriorated, the managed portfolio generated substantial gains.
These results further confirm that narratives can help mitigate tail risks during extreme

economic downturns

5.3 Alphas under Different Leverage Constraints

In the previous section, the portfolio weight, w;, was restricted to the range [0, 1]. In this

section, we examine portfolios constructed without leverage constraints and with leverage

42



A: Employment and Portfolio Returns
T

04

- 0.04

Employment

- 0.00

Portfolio Returns

—=-- Employment
—— Portfolio Returns

1 1 1 1 1 _
72003 2007 2011 2015 2019 0.04

B: Income and Portfolio Returns

041

- 0.04

Income

- 0.00

Portfolio Returns

\ ’ —-=- Income
—— Portfolio Returns

. . . . X .
82003 2007 2011 2015 2019 0.04

C: Wage Growth Tracker and Portfolio Returns 0.08
T T T .

N

A p

AN 1N N r~
AT Y -
ool NS Y N

WGT

- 0.00

Portfolio Returns

]
{

\"\”l ¥ -=-- Wage Growth Tracker

v —— Portfolio Returns

-0.04

1 1 1 1
003 2007 20M 2015 2019

Fig. 9. Labor Market Conditions and Portfolio Performance. This figure plots the
time series of labor market conditions and the corresponding R¥NM” returns over the next
year. Proxies for labor market conditions are the CFNAT sub-index on employment and
hours(Employment) and production and income(Income), as well as the Wage Growth
Tracker from the Atlanta Fed. Both returns and labor market proxies are smoothed using
a twelve-month moving average. The shaded bars represent NBER-dated recession peri-
ods.

constraints of [0, 1.5].

Table 13 reports the alphas of narrative-managed portfolios under different leverage con-
straints. The following conclusions emerge from the table. Compared to the [0, 1] leverage
constraint, both the [0, 1.5] leverage setting and the unconstrained specification generate
higher average returns. For instance, the annualized average returns exceed 10% when no
leverage constraints are applied. Furthermore, under all alternative leverage settings, the
alphas of the narrative-managed portfolio remain positive across all factor models. These
findings suggest that leverage constraints are unlikely to explain the significantly high alphas

of the narrative-managed portfolio.
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Table 13: Alphas of Narrative Managed Portfolios under Different Leverage
Constraints. This table reports alphas of narrative managed portfolios based on com-
bination method when imposing different leverage constraints. The leverage constraints
specified in the panel headings adjust weights that exceed the presented interval to align
with the boundary of the interval they intersect.

Average return aCAPM aFF?) aCaThart aFF5 aHXZ

10.12%** 7.66%1F 70T 6.29%1F  4.31%% 7.5TR*

No Leverage Constraints

(4.23) (2.51)  (2.59)  (2.29)  (2.03) (2.08)

. 8.13%* 40700 386HFF 4R 251FF 3 ETH

0,1.5] Leverage Constraints (3.77) (2.66)  (2.7)  (24) (2.18) (2.26)
(0.1] Loverage Constraints 7.49%* B.6LFFE 343FRE 302%F  231%¢  3.28%F
’ & (3.93) (2.62)  (2.67)  (2.34) (2.21) (2.23)

5.4 Alphas Adjusted for Transaction Costs

In this subsection, we further demonstrate that the narrative-managed portfolio remains
profitable after accounting for transaction costs. Following Moreira and Muir (2017) and
Hollstein and Prokopezuk (2022), we set a proportional transaction cost of 10 basis points
(bps). This is relatively conservative, given the high liquidity of S&P 500 ETFs. Table 14
reports the results. As expected, all alphas are smaller compared to the results in Table
5, which do not incorporate transaction costs. However, the alphas generated by narrative
and machine learning methods, particularly the COMB, remain positive and significant at

the 5% level. Overall, these results support the conclusion that narratives help investors

construct a profitable portfolio.

5.5 Alternative Topic Model

In this subsection, we also apply another topic model, the LSI model, to estimate news
topics. The LSI (Latent Semantic Indexing) model, proposed by Deerwester, Dumais, Fur-
nas, Landauer, and Harshman (1990), uses singular value decomposition (SVD) to reduce
the dimensionality of the document-term matrix, allowing for the identification of underlying
topics or concepts. The LSI model has also been applied in economic studies (Ter Ellen,

Larsen, and Thorsrud, 2021). We set the number of topics in the LSI model to 180, consis-
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Table 14: Alphas of Narrative Managed Portfolios Adjusted for Transaction
Costs. This table reports alphas of narrative managed portfolios when considering trans-
action costs of 10bps.

Average return aCAPM aFF3 aCarhart aFFE) aHXZ
ENET 6. 71HH* 3.34%k 2. 75%% 2. 43% 1.72 3.15%
(3.17) (2.24)  (2.03)  (1.79) (1.48) (1.65)
CSR 4.79%** 2.16%F  2.08** 1.8* 1.17 2.03*
(3.17) (2.05)  (2.04) (1.78) (1.22) (1.67)
PCA 8.4+ 2.43* 2.4% 2.03* 1.10 2.41%*
(3.22) (1.85) (1.93) (1.72) (1.16) (1.79)
PLS 7.9%HK 3.06%%  2.9%F  2.49%* 1.58 3.17*
(3.44) (2.18)  (2.19)  (1.96) (1.49) (1.9)
RF 4 52%H* 1.88* 1.71%* 1.41 1.39 1.63
(2.98) (1.81) (1.73)  (1.38) (1.61) (1.43)
GBDT 4.56%** 1.59 1.42 1.3 1.09 2.20
(2.61) (1.33)  (1.3)  (1.16) (1.13) (1.53)
COMB 7.35%Hk 3.47FF 3.20%F 2. 87*F  2.16%*  3.13%*
(3.86) (2.52)  (2.56)  (2.23)  (2.07) (2.13)

tent with the LDA model. Table 15 reports the out-of-sample performance of news topics
estimated by the LSI model. These results align with the findings presented in the main
context. Thus, the forecasting power of narratives is not confined to the specific choice of

the LDA model for estimating news topics.

6. Conclusion

This paper examines the value of narratives in managing the market portfolio. By em-
ploying a voluminous news corpus and machine learning models, we construct the narrative-
managed portfolio. We show that investors can achieve significant utility gains by holding
the narrative-managed portfolio instead of the market portfolio. For the same initial in-
vestment of $1 in January 2002, the cumulative wealth of the narrative-managed market
portfolio is twice that of the market portfolio by December 2020. Moreover, we demonstrate
that narratives offer incremental predictive power for the market equity risk premium, even

after accounting for economic and financial predictors.
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Table 15: Out-of-Sample Performance of Latent Semantic Indexing (LSI). This
table reports out-of-sample performance of forecasts based on the Latent Semantic In-
dexing (LSI) topic model. The forecast models includes kitchen sink (KS), elastic net
(ENET), complete subset regression (CSR), principal component analysis (PCA), partial
least square (PLS), random forest(RF), gradient-boosted decision trees (GBDT) and fore-
cast combination (COMB). R%¢ is the Campbell and Thompson (2008) out-of-sample R?
statistic. Rpg ., (Rbs.down) Statistics are calculated over NBER business-cycle expansions
(recessions). CW-t is the Clark and West (2007) statistic. *, ** and *** indicate signifi-
cance at the 10%, 5%, and 1% level, respectively. Out-of-sample period is from January
2001 to December 2020.

Model R25(%) CW-t Rigioun(%) Risup(6)

KS -389.34  1.03 -309.16 -430.65
ENET 2.33%% 287 6.54 0.16
CSR 1.62* 1.43 3.83 0.47
PCA 1.55% 1.55 7.51 -1.53
PLS 1.14%* 1.49 1.90 0.75
RF 2.95%*%  1.70 6.42 1.16
GBDT 2.69**  1.68 7.05 0.44
COMB 2.94%%  1.81 7.48 0.60

We further explore the underlying sources of this predictive power. Narratives are shown
to contain disaster risk-related information and exhibit strong predictive power for future
disaster risk and several discount rate-related variables. We also demonstrate that investors
have sticky beliefs and underreact to the new information contained in narratives. Addition-
ally, after considering leverage constraints, transaction costs, and alternative topic models,
the narrative-managed portfolio’s performance remains superior.

In summary, we present a comprehensive demonstration of the investment value of nar-
ratives in timing the U.S. stock market. The narrative-based strategy yields significant

economic gains for investors.
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Appendix B.

Table B1: Hyperparameters For All Machine Learning Models

Model Hyperparameters
ENET a=0.5
The list of penalty A\ are set automatically
CSR The number of predictors within each regression=1~ 10
PCA The number of factors=1~ 5
PLS The number of factors=1~ 5
RF Trees=1000
Predictors in each split = logs(total number of predictors)
Depth=1~ 6
GBDT Treese {50,100,150,200,250,300}

Predictors in each split = logs(total number of predictors)
Learning Rate =0.01
Depth=1 ~ 4
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Appendix C.
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Table C1: ECON Data

Variable Abbreviation Brief description

Dividend-price ratio DP Log difference between dividends and stock
prices of the S&P 500 index.

Dividend yield DY Log difference of dividends and previous
month’s stock prices.

Dividend-payout ratio DE The difference between the log of dividends.
and the log of earnings

Stock variance SVAR Sum of squared daily returns on the S&P 500
index.

Book-to-market ratio BM Book to market value ratio of the Dow Jones
Industrial Average.

Net equity expansion NTIS The ratio of the 12-month moving sum of net
issues for NYSE-listed stocks to the NYSE’s
year-end market capitalization.

Treasury bill rate TBL The secondary market rate for 3-month U.S.
Treasury bills.

Long-term yield LTY Long-term government bond yield.

Long-term return LTR Long-term government bond return.

Default yield spread DFY Yield difference between BAA- and AAA-
rated corporate bonds.

Default return spread DFR Return difference between long-term corpo-
rate bond. and long-term government bond.

Inflation INFL The Consumer Price Index (All Urban Con-
sumers).

Momentum MOM An dummy variable that equals to one (zero)

if the S&P 500 price index is greater than or
equal to (less than) its value six months ago.
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