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A central premise of asset pricing is that differences in expected returns stem
from differences in risk exposures, but what are the fundamental risks that
investors care about? According to Merton’s (1973) Intertemporal Capital
Asset Pricing Model (ICAPM), risk is tied to news about “state variables” that
track investors’ wealth and forecast changes in future investment opportunities.
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Because the state variables determine optimal current consumption, their
shocks constitute fundamental risks for the investor/consumer, and an asset’s
covariances with these shocks dictate the asset’s risk premium in equilibrium.

The identity of potential ICAPM state variables has remained largely
conceptual because of the limited success of empirical efforts to isolate
interpretable risk factors. Some attempts propose macroeconomic variables as
proxies for ICAPM state variables.! The main competing modeling framework
uses statistical factor models based on characteristic-sorted stock portfolios.
Statistical factor models tend to perform better than empirical ICAPM models
in explaining covariances and risk premiums of “anomaly” portfolios and
other assets, but have the drawback of being detached from interpretable
fundamentals.”

In the ICAPM theory, state variables summarize an investor’s information
set and vary as she acquires unexpected new information. The state variables
consist of the marketable (e.g., the market portfolio) and nonmarketable
(e.g., human capital and real estate) portions of wealth, as well as forward-
looking expectations about future investment opportunities. Naturally, a key
challenge is measuring investors’ assessments of nonmarketable wealth and
future investment opportunities. It is common in existing work to infer investor
expectations via predictive vector autoregression (VAR) from numerical
macroeconomic data under the premise of rational expectations.

Our paper has two primary contributions. First, we attempt to narrow the
gap between ICAPM theory and empirics by introducing additional data from
news text. We are motivated by two potential advantages of using business
news data in place of more standard macroeconomic data. News is released
more continuously and is likely more timely than low frequency numerical
macroeconomic data.’ This presents an opportunity to measure covariances
between assets and macroeconomic shocks more accurately (by using daily
rather than monthly or quarterly data) and more synchronously (news text
arrival is more likely to be concurrent with updates to the market’s information
set). Second, information in news text enjoys the richness of narrative; that is, it
is derived from the sophisticated process of human understanding of complex
contexts. News articles may contain information that is more accessible to
investors because the hard cognitive work—inferring causes of business events
and predicting their subsequent effects—is partially done by the journalists.
Presumably, such information is in high demand by investors, thus business
news outlets have an incentive to produce information relevant to market

For example, Chen, Roll, and Ross (1986), Cochrane (1996), Bali and Engle (2010), and Rossi and Timmermann
(2015) use macroeconomic indicators, such as industrial production, investment, and inflation, to proxy for the
state variables.

Examples include Fama and French (1996), Fama and French (2016), Hou, Xue, and Zhang (2015), Kelly, Pruitt,
and Su (2019), and Lettau and Pelger (2020).

For example, Kelly, Manela, and Moreira (2021) show that WSJ text successfully forecasts and nowcasts official
macroeconomic data releases.
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Narrative Asset Pricing

participants on a timely basis. Hence, we hypothesize that narratives (a) can
proxy for shocks to marketable and nonmarketable wealth that might be poorly
measured by market returns (i.e., the critique of Roll 1977) and (b) have a
meaningful forward-looking component that helps forecast future investment
opportunities and can thus help proxy for latent ICAPM state variables.

These potential benefits of using news text are accompanied by a number
of empirical challenges as well. News outlets face incentives to produce
articles that are sensationalized or biased, or irrelevant for asset pricing
(Mullainathan and Shleifer 2005; Gentzkow and Shapiro 2010). This can
obscure the information content of news that is useful for modeling asset prices.
Beyond biased and irrelevant news, the inherent intricacies of natural language
present a challenge to extracting and quantifying information encoded in news
text.

Our second contribution is proposing a method for incorporating news
text into an ICAPM factor pricing model that addresses the challenges of
working with text data. Our empirical approach has three main components.
First, we winnow news down to a set of articles that have a comparatively
high likelihood of relevance for asset pricing. While many news sources are
available for potential analysis, we choose to focus on The Wall Street Journal
(WSJ) given its specialization in business news. Of course, the WSJ also
produces nonbusiness news, therefore we follow Bybee et al. (2021, henceforth
BKMX) and further filter out articles appearing in sections other than the
three core business sections (“‘Section One,” “Marketplace,” and “Money and
Investing”) as well as articles with subject tags corresponding to predominantly
nonbusiness content, such as sports, leisure, and arts.

The crux of the empirical problem is distilling a parsimonious set of risk
factors (and eventually a pricing kernel) from the vast amount of textual
data. Our empirical approach tackles this problem using the textual dimension
reduction technique of latent Dirichlet allocation (LDA) to automatically group
terms (unigrams and bigrams) into interpretable narrative themes based on their
co-occurrences in news articles (following the LDA analysis in BKMX).* The
LDA model consists of 180 topics and is chosen as the statistically optimal
specification according to a Bayes factor criterion. Many of these topics
correspond to important investor issues, such as “Recession,” “U.S. Senate,”
“Economic growth,” and “Federal Reserve.” LDA estimates the attention that
WSIJ allocates to narratives for each topic on a given day, and we use the
time series of allocations as candidate state variables in an ICAPM. LDA
also estimates the term composition for each topic, thereby providing an
interpretation of the state variables.

For example, terms like “economic downturn,” “steep decline,” “hardest hit,” and “steep drop,” show up together
in a narrative. The narrative label is manually assigned by summarizing the common theme displayed in the
automatically grouped topic terms. This example is labeled as the “Recession” topic.
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The third component of our empirical design estimates a mapping from the
180 narrative attention series into a small number of common asset pricing risk
factors using instrumented principal component analysis (IPCA; Kelly, Pruitt,
and Su 2017). IPCA is estimated from an economically motivated criterion. It
searches for tradable mimicking portfolios of the state variables that best fit
realized individual stock returns, much like the two-step regression approach
of Fama and MacBeth (1973). However, Fama-MacBeth estimates mimicking
portfolios of observable state variables. IPCA is a dimension reduction method
that upgrades the Fama-MacBeth logic to infer a small number of latent state
variables from a large set of candidates (such as the 180 narratives). We
introduce a new penalized version of IPCA called Sparse IPCA that selectively
excludes irrelevant or especially noisy narratives before performing IPCA’s
usual dimension-reduced risk factor estimation.

Once the narrative factor model is estimated, we demonstrate its perfor-
mance as a factor pricing model. It achieves lower out-of-sample pricing errors
for 78 anomaly portfolios compared to the five Fama-French factors plus
momentum (which we refer to as the “FFC6” model). The narrative factor
model delivers an out-of-sample mean-variance efficient (MVE) portfolio with
a Sharpe ratio of 1.3, compared to a Sharpe ratio of 0.8 for the FFC6 MVE
portfolio. This result is remarkable in that narrative factors are formed based
on stock covariances with narratives and no other firm characteristic data.

We then demonstrate that estimated narrative risk factors are consistent
with the ICAPM framework. In particular, the narrative MVE portfolio
predicts future market returns, consumption growth, and a host of other
macroeconomic indexes. The signs of the predictive relationships align with
ICAPM restrictions; that is, the MVE has a positive risk premium, indicating
its association with “good news,” and indeed the MVE positively predicts
procyclical indexes (like market returns and GDP growth) and negatively
predicts countercyclical indicators (like credit spreads and unemployment).

Lastly, we derive an interpretation of the risks extracted from news narratives
using the estimated model. The MVE state variable is theoretically important:
it is an estimate of the univariate pricing kernel that determines asset risk
premiums. The estimated MVE is a linear combination of around a dozen
narratives selected from the 180 candidate topics. Our interpretation approach
links these weights to narratives to quantify how changes in topic attention
affect the model-implied MVE portfolio. The ‘“Recession” topic has the
largest negative impact on the model-implied MVE, while “Record high” and
“Optimism” are the leading positive narratives. Through the model we can trace
narrative impacts on the MVE not only to topics but also to specific articles
(headlines like “Consumer Confidence Slides on Fears of Layoffs” and “Home
Building Continues Recovery as Demand Rises” induce large changes in the
MVE) or individual terms (see the term clouds in Figure 8). We also use this
approach to identify the articles associated with the largest market swings over
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1.

Narrative Asset Pricing

the past three decades. These articles relate to concrete issues like the chances
of a double-dip recession and ripple effects from the European debt crisis.

We contribute to the new and promising area of research using text to
understand asset markets (see the surveys of Loughran and Mcdonald 2016;
Gentzkow, Kelly, and Taddy 2019). Early papers in this area include Tetlock
(2007, 2011) and Garcia (2013).

Closer to our paper, Liu and Matthies (2022) show that news text predicts
consumption growth over low frequencies and construct a news-based index
to proxy for the pricing kernel in a long-run risks framework. In contrast, our
narratives are estimated with little explicit human input (other than selecting
the news data source), and covariances between stocks and narratives leverage
higher frequency daily data. Engle et al. (2020) identify climate change risk by
tracking the fluctuations in WSJ attention to climate change news and propose
a dynamic trading strategy to hedge climate risk. Our empirical methodology
is a high-dimensional multivariate generalization of their hedging portfolio
construction.

Ke, Kelly, and Xiu (2020), Manela and Moreira (2017), and Kelly, Manela,
and Moreira (2021) develop textual machine learning methods to predict stock
returns, volatility, and macroeconomic activity. Jeon, McCurdy, and Zhao
(2021) attribute news as a source of jumps in stock returns. BKMX analyze
a topic model for WSJ text and analyze its role in a macroeconomic VAR, and
Lopez-Lira (2020) conducts a topic analysis of 10-K text to measure firms’ risk
exposures.

In terms of statistical methods, Sparse IPCA combines the selection and
shrinkage functions of (group) lasso (Tibshirani 1996, Yuan and Lin 2006) with
latent factor analysis via IPCA (Kelly, Pruitt, and Su 2019). It is similar to the
Sparse Principal Components Analysis (SPCA) (Zou, Hastie, and Tibshirani
2012), which imposes lasso-type regularization on factor loadings. Pelger and
Xiong (2021) impose hard-thresholding on factor loadings and emphasize
the improved interpretability from sparse estimates. Sparse IPCA selects
instruments according to their effects on factor loadings, in contrast to the two
above that select factor loadings themselves. As an extension to Fama-MacBeth
with regularization, our work is also related to Bryzgalova (2015).

Model

Figure 1 summarizes the data-generating process for innovations in narrative
attention (z), stock excess returns (r), as well as the term frequencies of
individual news articles (w). The figure has three parts: The main novelty is
connecting state variables to news narratives (x to z). The empirical goal is
to estimate this relationship in order to understand the fundamental risks from
the perspective of news narratives. The return generating process ( f to r) is the
canonical latent factor model with time-varying factor loadings. We estimate
the narrative-based f for factor pricing tests. The text data-generating process
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Illustration of the data-generating process
7 indexes days, ¢ for months, i for stocks, and m for articles. L is the number of narratives, and V is the size of
the vocabulary.

(6 to w, in the gray box) follows LDA and is treated as a stand-alone data
preprocessing step to prepare narrative innovations (z). Throughout the paper,
T indexes days, and ¢ indexes months. Since z, x, and r are innovations, they
can be accumulated from daily to monthly frequencies.’

1.1 The news side of the model
Let x; (K x 1 vector) be the ICAPM state variables. It contains the growth in the
wealth portfolio (both the marketable and nonmarketable parts) and revisions
to expectations about future investment opportunities. We do not specify an
individual entry of x; to be the market factor as a proxy for wealth, but instead
allow all news narratives to contribute to it in a unified fashion (estimated from
data). This helps circumvent Roll’s critique if, for example, the human capital
component of wealth is not well proxied by the market factor but reflected in
news narratives.’

Let z, be the innovation of each narrative’s attention on day t arranged in
an L x 1 vector with L being the number of narrative topics. We assume z; is
related to the K ICAPM state variables x; via an L x K matrix A:

Z'[:A-xr+nrv (1)

where n, represents the part of narrative innovations that is irrelevant to the
state variables and the asset market in general.

The discrete-time state variable is a linear approximation of the continuous-time ICAPM. Write the instantaneous
state variable as X, which the discrete-time state variable that we use is X’s change: x¢ dX, and

dXs.

= f during day ©

Xt =,fduring month

The empirical results turn out consistent with this intuition: the factor space almost perfectly spans the market
factor (see Section 6.1), and the narrative-based state variables forecast changes in the labor market (see Figure 6).
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Narrative Asset Pricing

Equation (1) relates news narratives to asset pricing state variables and is the
key to our model. We do not stipulate the causal mechanism for how the two
are linked. Our interpretation is that agents read the news to form assessments
of the current state, which in turn guides their asset pricing and consumption-
saving decisions.

Numerical representations of text data are typically high-dimensional. The
model is designed to accommodate this feature by allowing the number of
narratives L to be much larger than the number of asset pricing state variables
K. The A matrix summarizes which narratives matter for asset prices and by
how much, and thus it plays a central role in deriving narrative interpretations
of risks factor from our estimated model (discussed in detail in Section 6). Our
estimator also supports row-wise sparsity in A, which allows the estimator
to zero-out the effect of narratives that are entirely irrelevant to asset return
dynamics.

We construct narrative attention shocks (z;) from LDA estimates of the WSJ
from BKMX. We treat the LDA estimation as a stand-alone data processing
step to deliver a numerical representation of the raw news text. Each narrative
attention series is accompanied by an estimate for the term composition for
that narrative. Through these estimates, we can eventually trace our risk factors
back to influential individual articles or individual terms. This plays a valuable
role in the interpretation analysis of Section 6.

The LDA model is becoming a standard tool in textual analysis for finance
and economics. We briefly describe its structure to precisely define narrative
attention and refer interested readers to Blei, Ng, and Jordan (2003) for further
details. It begins from a “bag-of-words” representation of the raw text. The bag-
of-words dimensionality is large because the WSJ vocabulary size (denoted as
V) is over 18,000. LDA searches for a tractable thematic summary of the text
with much lower dimensionality than V. To do so, it imposes a factor structure
on term counts and nests this in a count distribution. In particular, LDA assumes
the V-dimensional vector of term counts for a given article m, denoted as wy,,
is distributed according to a multinomial distribution:

Wy, ~Mult(P6,,, Ny ), 2)

where N,, is the sum of all term counts for article m (which governs the
scale of the multinomial distribution). According to (2), expected term counts
are summarized by a comparatively low dimension set of parameters, 6,
and ®=[¢;,...,¢]. The I'" “topic” is a V-dimensional parameter vector
¢, where ¢;,>0 for all v and ) ¢, ,=1. That is, a news topic is a
probability distribution that defines the term composition of the topic. Terms
with especially high probabilities in ¢; convey the topic’s thematic content. The
model’s dimension reduction is achieved by setting the total number of topics
L much smaller than the size of the vocabulary.

Finally, narrative attention corresponds to article-specific parameter vector
Om=0m.1,-..,0m.1) . It is also a probability vector and describes article m’s
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allocation of attention across topics. We aggregate article attention to a daily
attention measure by averaging attention for all articles on day t (denoted as
m € t) weighted by the number of terms in each article:

1
8,:—5 N6y,
Zmeer mert

The vector 0, is our main narrative attention time series. We calculate attention
shocks, z., as innovations in attention level 6.

1.2 The return side of the model
Next, we describe the model component for the cross-section of returns. Let
f: be the projection of the state variables, x., onto the space of excess returns.
We refer to the state-mimicking portfolios f; as systematic risk factors. The
projection residual, v, :=x; — f7, is orthogonal to all excess returns. Therefore,
we can rearrange model (1) so that

2 =Afr+g:, 3)

where g, :=Av, +n, is the composite residual of z,. We have assumed both v,
and n, are uncorrelated with excess returns, hence so is g;.
The cross-section of excess stock returns follows a latent factor structure:

Vi1 =Bis fra1 +€ire1- 4)

ICAPM theory implies that the intercept is zero (i.e., there is no «) and that €; ,
is mean zero and orthogonal to f;.

Risk exposures, B; ;, are allowed to vary over time as the firm evolves and
economic conditions change. We assume f; ; is a function of instruments that
provide guidance about the asset’s risk exposures and also assume Cov,(fi1)=
Y. These serve as identifying assumptions that enable our eventual IPCA
estimator to recover estimates of time-varying exposures (see Kelly, Pruitt,
and Su 2019). Based on the hypothesis that observed narrative shocks are
related to factor risks, we assume the instruments include the 1 x L vector of
covariances between the asset’s return and narrative attention shocks, cov; , :=
Cov,(ri 141, 2141)- Together with the rest of the model structure, this implies that

.
cov;=pi LA .

Inverting the above expression, we can express f;, in terms of narrative
covariances:

ﬁi,t=cov[,,A(ATA)_l ! :=cov; T, 3)

where the L x K matrix F::A(ATA)712§ ! (or, equivalently, A=

F(FTF)_I ¥.') parameterizes the instrumental mapping from cov;; to
Bi.:- Equations (4) and (5) embed the return model in the IPCA framework,

whose estimation we will discuss next.
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Narrative Asset Pricing

2. Estimation Method

Next, we turn to the procedure for estimating the model described in Equations
(1)—(5). The procedure takes the following steps:

1. For each stock i and month ¢, calculate covariances between r; ; and z;
from daily data:

covi =Y Kk(Ti0)riz] — (Zk(r;t)rm) (ZK(W)ZI), (6)

where cov;, is a 1x L row vector and «(t;f) is an exponentially
decaying weighting function (kernel) that ends before the last day of
month ¢ (see details in Internet Appendix B.1).

2. Append a constant to the covariances to form a set of (L + 1) instruments
ciy=[1,cov;, ], which is supplied to the IPCA model

Ti 1 =Ci U frs1+€i 141, @)

where I' is (L+1)x K with rows indexed from 0 to L (I':=
[To;Ty;...;TL]). Estimate the state-mimicking portfolios {f;} and T’
with Sparse IPCA, defined by the optimization:

1

L
. 2
min > (ris—cium1Df) +ANs D _of T+ Y _IIfl3.  (8)
" € 1=0 teS

it

where S denotes a training set, |||, =, /FZZ’1 +ot FIZ’K is the Euclidean

(L) norm for group lasso regularization, and A is the regularization
hyperparameter (whose tuning we discuss below). Then estimate X as
the sample covariance of f; estimates. Internet Appendix B.2 describes
the numerical method used to solve the optimization.

3. Wrap-up step. Given estimates for F::[Fl; ...;I'] and Z¢, calculate
the plug-in estimate for A based on A:F(FTF)_IEf} ! as implied
by Equation (5), and in turn calculate the nontradable state variable
estimates via x, = (ATA)_l ATz, as implied by Equation (1).

The first two steps are a generalization of the Fama-MacBeth two-step
regression approach to constructing mimicking portfolios. In a simple case in
which each narrative represents a stand-alone state variable, Fama-MacBeth
estimates the mimicking portfolios f; of the observed state variables (Giglio
and Xiu 2021). Our generalization extends to cases in which the state variables
that we wish to mimic must be reduced and selected from a large set of
noisy proxies. The estimated f; are portfolios of individual stocks formed
with narrative covariances as firm-level signals (see detailed expressions in
Internet Appendix B.2). The third step recovers the map from estimated asset
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pricing factors back to text narratives. The map plays a central role in our model
interpretation analysis.

As discussed in the introduction, some narratives are irrelevant for asset
pricing, leaving the corresponding rows of A with zero entries. I" inherits row-
wise sparsity structure A. If narrative [ is irrelevant, the /th row of both A and I
will be zero. The Sparse IPCA estimator selects relevant narratives by inducing
row-wise sparsity in I' estimation, and is achieved through the group lasso
penalty in the second term of (8).’

The third term in (8) is included for a technical reason. Regularizing f; is
necessary to properly induce sparsity in the I" estimate by preventing the second
term from making I" infinitesimally small and f; arbitrarily large. See Internet
Appendix B.1 for further detail.

We take an economically motivated approach to tuning the regularization
hyperparameter A. A successful factor pricing model should span the global
MVE frontier and attain the highest Sharpe ratio among all excess returns. For
a sample panel S, each A value corresponds to a different estimate of (I, { f;}).
For each value of A, we calculate the training sample Sharpe ratio of the model-

implied MVE portfolio as SR(A;S):=,/7z] ff; 72, where 7i; and Sy are the
mean and variance of f; in S. We set A to its Sharpe ratio maximizing value,
A§ :=argmax, SR(A;S), and in turn parameters I", A estimated under A§ are the
tuned estimates, which we report and analyze in the next section.®

3. Empirical Results

3.1 Data

Daily LDA-based narrative attention estimates for WSJ come from BKMX.
This is based on full article text from 1984:01-2017:06 after applying
preliminary filters to remove articles about nonbusiness topics (for details, see
BKMX and Internet Appendix A.1). The model uses 180 topics and is selected
based on a Bayes factor criterion (details in Appendix A.3). BKMX manually
assigns topic labels based on automatically generated keyword lists for each
topic. Appendix A.4 visualizes the LDA model estimates including keywords
(¢r) and daily attention levels (6;) for a subset of narratives that we will later
show to be influential in our factor pricing model. Our timing convention
defines 6, as topic attention for the WSJ edition published on the morning
of calendar day t+1, based on the view that this reflects market information

See Yuan and Lin (2006) and Freyberger, Neuhierl, and Weber (2020) for group lasso and an application in asset
pricing.

Note that we select A based on the training sample rather than a separate tuning/validation sample, because the
tuning criterion (MVE Sharpe ratio) is distinct from the estimation criterion (factor model mean-squared error).
This has the benefit of efficiency by including more data in the training set, but may positively bias in-sample
model performance and negatively bias out-of-sample performance if it introduces in-sample overfit. In Internet
Appendix C.3, we report empirical results based on standard “leave-one-out” cross-validation (LOOCYV), which
are essentially unchanged compared to our main analysis.
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accrued on day t and thus synchronizes z, with asset returns r; , .2 We construct
shocks to narrative attention (z,) as the deviation of attention level (6;) from
its 5-day moving average: z, :=6; — % Z;:I 917,-.10

Stock return data are from CRSP for firms listed on NYSE, AMEX, and
NASDAQ.'! To match the span of our news data, we use daily stock returns
from 1984:01 to 2016:12 to construct monthly covariances cov; ;. After a 1-
year burn-in period to prepare the earliest cov; ,, the full sample spans 32 years
from 1985:01 to 2016:12 and contains 1,850,401 stock-month observations for
15,831 unique stocks.

3.2 Full-sample estimates and the role of regularization

Our first empirical results report the overall model fit in the full sample and
explore how estimates change as we vary the degree of regularization. Figure 2
reports the following four full-sample statistics along the path of A values (for
specifications of K =1 to 6 state variables):

1. Total R?, defined as 1—),;  (ri;—ci i Ff,)z/zi’trft, reports the
model fit in terms of the proportion of realized return variation explained
by the factors. It restates the first term in the Sparse IPCA objective (8)
as an R? for ease of interpretation.

2. Factor MVE Sharpe ratio, defined in annual terms as ,/ 12;LfT P g,
and the maximization target for selecting A.

3. Number of selected narratives is the number of rows of I* with nonzero
elements.

4. L?> Norm of each row of I', defined as |I'||,, measures each
instrument’s marginal contribution to the K factor loadings (8; ;).

The horizontal axes in Figure 2 begin on the left with unregularized IPCA
(A=0). As A increases, the estimation becomes more heavily penalized, which
reduces the model R? (panel 1), shrinks the estimates of I" toward zero (panel
4), and reduces the number of selected narratives (panel 3). Panel 2 shows
that the model-implied MVE Sharpe ratio is nonmonotonic in A. When A is
near zero, the model overfits the in-sample estimation objective, mechanically
inflating the R?. The overfit in R? belies poor model performance and mis-
estimation of the systematic risk factors. Overfit is revealed in the suboptimal
MVE Sharpe ratio (which is not mechanically inflated by the estimation

To avoid the potential leak of ex post information after the start of month 7 into the ex ante portfolio weights
of f;, we calculate cov; ;| in the window up to the second last day before the start of month 7. See Internet
Appendix B.1.

In Internet Appendix C.5, we verify that our empirical results are robust to using other shock definitions.

We restrict the sample to firms with nonmissing Fama-French characteristics (Fama and French 2016) to match
the sample underlying the benchmark factors.
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Full-sample estimates with varying A values

objective). A small amount of regularization begins to combat the effects of
overfit and the MVE Sharpe ratio initially rises. This increase is evidence that
regularization is effective in improving systematic risk estimation. Eventually
the MVE Sharpe ratio peaks, corresponding to a balance point at which the
model achieves a good in-sample fit without being overfit. Raising A beyond
this point leads to a deterioration in both R?> and Sharpe ratio, indicating
the region in which the model is too heavily regularized and thus underfit.
Next, comparing across specification choices for the number of latent states
K, we find large improvements in MVE Sharpe up to K =5. At the Sharpe
ratio maximizing penalty, we also see large improvements in R? up to K =3.
Further increasing K above 3 still pushes up the full-sample MVE Sharpe ratio,
although the improvement becomes sensitive to the regularization constant. To
be conservative, we use K =3 as our main specification going forward (see
plots of the estimated factors in Internet Appendix C.1). Panel 4 reports the
sensitivity of I' estimates along the A path in the benchmark case of K =3.
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The optimal hyperparameter is represented by the vertical dashed line, which
is at the peak of the Sharpe ratio curve (the green “K =3 curve in panel 2).
As A increases, each instrument’s contribution to §; , (measured by ||I';]|,) first
shrinks toward zero, and eventually drops to zero for sufficiently high A. This
demonstrates both the shrinkage and selection effects of group lasso and Sparse
IPCA. We color and label the ten most influential narratives in terms of |||,
with plots for the remaining narratives in gray. The top narratives in the legend
are closely related to business and economics in general (see their keyword lists
in Figure A.2). To further demonstrate that the selection method can effectively
distinguish relevant and irrelevant instruments, we conduct an experiment with
simulated placebo narratives. In addition to the 180 observed narratives (z,), we
introduce random placebo narratives to “confuse” the estimator. The results in
Internet Appendix C.2 show that Sparse IPCA effectively filters out the placebo
narratives that we know for certain are irrelevant. Moreover, the estimates of
the remaining selected narratives are largely unaffected by interference from
the irrelevant ones.

4. Asset Pricing Performance

This section evaluates the asset pricing performance of narrative-based
systematic risk factors. Factor estimates that successfully mimic the true
unobservable systematic risks should deliver small pricing errors («) for test
assets and their MVE combination should achieve a high Sharpe ratio. Our
benchmark factor models include the CAPM, the Fama-French three-factor
model (“FF3”), the Fama-French five-factor model (“FF5”), and the Fama-
French-Carhart six-factor model (“FFC6”). We report the performance of the
narrative factor model with up to six factors (“NF1” to “NF6”), to match the
number of factors in the benchmark models.

4.1 Cross-sectional pricing performance

Table 1 reports the cross-sectional asset pricing results with respect to two sets
of test assets. We follow the standard empirical procedure in the factor pricing
literature, calculating alphas and their ¢-statistics from time series regressions
of test asset returns on factors over the full sample. We also calculate the
GRS test statistic for the joint significance of alphas among all test assets as a
model comparison metric. The test assets in panel A are 78 anomaly portfolios
constructed as long-short portfolios of 78 characteristics used in Gu, Kelly, and
Xiu (2020), including standard anomaly characteristics, such as idiosyncratic
volatility, accruals, short-term reversal, and so forth.!2 Test assets in panel B
are 25 double-sorted portfolios based on size and book-to-market from Kenneth
French’s data library. In general, the narrative factor models yield smaller and

In detail, the test assets are managed portfolios defined as rq,; :=)_; charg ; ;—1ri s, Where charg ; ;1 is the
rank-standardized characteristic a of stock i at time ¢.
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Table 1
Cross-sectional pricing results

A. 78 anomaly portfolios as test assets B. 25 size/bm double sorts as test assets

#1(aq)|>1.96 #1(@q)|>1.96

Factors avg |&q| avg |t(@q)l oo assets GRS  Factors avg|agq| avg|t(@q)l oo assets GRS
Mkt 1.11 2.64 0.54 8.56 Mkt 0.42 3.03 0.84 11.61
FF3 0.97 2.65 0.54 8.50 FF3 0.32 3.89 0.84 15.12
FF5 1.18 3.20 0.68 7.48 FF5 0.27 3.31 0.72 13.06
FFC6 1.27 343 0.74 7.41 FFC6 0.28 3.40 0.76 12.68
NF1 1.29 3.03 0.73 8.78 NF1 0.35 233 0.64 6.56
NF2 0.97 2.72 0.54 7.98 NF2 0.16 1.14 0.16 529
NF3 0.84 2.62 0.54 7.84 NF3 0.25 1.95 0.56 572
NF4 0.92 2.81 0.55 7.53 NF4 0.23 1.75 0.44 5.58
NF5 0.91 2.78 0.60 7.43 NF5 0.23 1.78 0.48 5.48
NF6 0.96 2.89 0.63 7.38 NF6 0.25 191 0.48 5.56

Statistics: (1) avg |& |, cross-sectional average absolute value of the intercepts (a indexes anomaly test assets);

(2) avg |t(@q)l, the cross-sectional average absolute value of the intercept 7-statistics; (3) %Agéis%, the

proportion of intercepts statistically significantly different from zero; and (4) GRS, the GRS statistic for the
joint test of all intercepts are zero.

less significant pricing errors than the benchmarks. For example, anomaly
portfolios pricing errors from the NF6 model are on average 24% smaller than
those from the FFC6 model, with smaller average alpha ¢-statistic magnitudes
(2.9 for NF6 vs. 3.4 for FFC6), and fewer significant pricing errors (63%
for NFC6 vs. 74% for FFC6). We see similar patterns among size and value
portfolios, where NF6 pricing errors are 11% small than those from FFC6,
average t-statistics are 1.9 for NF6 versus 3.4 for FFC6, and only 48% of alphas
are significant for NF6 versus 76% for FFC6 (despite the fact that Fama-French
factors are essentially designed to price size and value portfolios). Internet
Appendix Figure C.3 displays each anomaly’s pricing errors under FFC6 and
NF3 for comparison. For example, NF3 is effective in pricing anomalies based
on realized risk measures, such as betting-against beta (BAB) and idiosyncratic
volatility. Short-term reversal remains the strongest anomaly for both models.
This is understandable as we do not expect the ICAPM mechanism to explain
fleeting mispricings that are driven by short-term market frictions.

4.2 Out-of-sample MVE Sharpe ratio

Next, we evaluate the narrative factor models in terms of their mean-variance
efficiency. We construct out-of-sample factors and their MVE as tradable
portfolios that mimic narrative state variables. This analysis focuses on out-
of-sample performance to avoid Sharpe ratio inflation for the MVE portfolios
arising from any potential in-sample overfit. The out-of-sample factor estimate
for month #+1 is

-1

00S A AT 2

1 = Z,Bi,tﬂi,[ +2Ig Zﬂi,tri,tﬂ
i i

where B,;,=c,»,fl: and T is estimated in a training sample that ends before
month ¢ (for further details on the f; expression, see Internet Appendix B.2).
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Figure 3
L? norm of T in expanding training samples
The horizontal axis is the end of the expanding training samples. The start is always 1985.

We combine the out-of-sample factor estimates into an out-of-sample MVE
portfolio according to
T

where iy and /iff are the estimated factor means and covariances based
on the in-sample factor realization in the training sample. We form out-of-
sample fMVE series with expanding training samples. The first out-of-sample
realization corresponds to January 2000 (the initial training sample ends in
December 1999). To reduce computation, we retrain the model once each
December and apply these estimates to construct the out-of-sample MVE
portfolio for each of the next 12 months. The result is a 16-year out-of-sample
evaluation period for the MVE portfolios. We construct the out-of-sample
MVE portfolio of benchmark Fama-French factors using the same expanding
training scheme for their means and covariances. Figure 3 plots ||I';||, across
the expanding training samples to illustrate how each topic I’s contribution
changes as we vary the training sample. Note that the identity and magnitude
of estimates for each topic are relatively stable over time. The stability of I"
estimates provides the foundation for constructing robust out-of-sample factor
portfolios.

Panel A of Table 2 reports out-of-sample Sharpe ratios for narrative
factor model MVE portfolios. We present models estimated under the tuned
regularization constant (A=1g) and the unregularized (A=0) for comparison.
The “# narratives” row reports the number of selected narratives averaged
across the expanding training samples. In panel B, each column reports the
out-of-sample MVE portfolio Sharpe ratio using all factors up to that column
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Table 2
Out-of-sample Sharpe ratios of MVE portfolios

A. Narrative factor model

K
Tuning Statistics 1 2 3 4 5 6
A=A§ Sharpe ratio 0.48 1.00 1.10 1.26 1.32 1.31
# narratives 29 4.9 12.1 39.1 434 61.8
A=0 Sharpe ratio 0.44 0.66 0.73 0.73 0.79 091
# narratives All 180 narratives, no selection
B. Benchmark factors
Mkt SMB HML RMW CMA UMD
Sharpe ratio 0.25 0.13 0.36 0.82 0.90 0.67

Panel A reports out-of-sample MVE portfolio Sharpe ratios for narrative factor models with up to six factors. The
rows =A% correspond to Sparse IPCA and the “# narratives” reports the number of selected narratives (averaged
over all training samples). The rows 1 =0 correspond to unregularized IPCA and thus all narratives are included
without penalization. In panel B, each column reports the out-of-sample MVE portfolio Sharpe ratio using all
factors up to that column (e.g., the column labeled “RMW?” reports the MVE combination of Mkt, SMB, HML,
and RMW). The out-of-sample period is from January 2001 to December 2016.

(e.g., the column labeled “RMW” reports the MVE combination of Mkt, SMB,
HML, and RMW). The MVE Sharpe ratio of narrative factors dominates that of
the benchmark factor for each value of K. At K =5, both the narrative model
and the benchmark model achieve their highest out-of-sample MVE Sharpe
ratios. In this case, the narrative Sharpe ratio of 1.3 achieves an improvement
of roughly 50% over the benchmark. Panel A also shows that as K increases,
the number of narratives selected also increases, indicating that a larger factor
dimension gives the model more capacity to incorporate narratives and better
matching asset price behavior out-of-sample. The results also show the large
gains in out-of-sample model performance due to regularization. Without this,
the narrative model MVE is much closer to the benchmark (i.e., the row
labeled A=0). Figure 4 is another illustration of the benefits of Sparse IPCA
regularization. It shows out-of-sample MVE Sharpe ratios for the full range
of A values. The steep increase in Sharpe ratio on the left side of the plot
directly quantifies the benefit of regularization. Furthermore, this plot is very
similar to its in-sample analog Figure 2, panel 2, demonstrating the efficacy
of our in-sample tuning scheme for identifying A values that optimize out-of-
sample model performance. Finally, Figure 5 plots MVE portfolio cumulative
returns over the evaluation sample. The first panel compares the MVE return
with and without regularization holding K =3 fixed (and compared to the
equal-weighted excess market return). The second panel compares the MVE
for different specification choices of K. We standardize all return series to
have the same volatility over the evaluation sample. The figures show that the
investment performance of the narrative MVE portfolio is not concentrated
in a particular period or driven by a particular event. While statistical horse
races and anomaly pricing tests favor narrative factors, their interpretability and
ICAPM properties (discussed in detail below) are further economic reasons
to favor the narrative-based model over the benchmarks. As emphasized by
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Out-of-sample MVE Sharpe ratio versus A
Out-of-sample MVE Sharpe ratios for different regularizing constant (1) values.
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Figure 5

Out-of-sample MVE cumulative returns

Cumulative returns of the 00S fMVE in different specifications. The left panel fixes K =3 and plots the
benchmark specification in green, the unregularized in blue, and the market factor in red for comparison. The
right panel always uses regularization but varies K =1~ 6. In both figures, the return sequences are standardized
with the same standard deviations as the market return.

Cochrane (2009), “It is probably not a good idea to evaluate economically
interesting models with statistical horse races against models that use portfolio
returns as factors. . . . one should always ask of a factor model, ‘what is the
compelling economic story that restricts the range of factors used?’ ... If the
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purpose of the model is not just to predict asset prices but also to explain them,
this puts an additional burden on economic motivation of the risk factors.”

4.3 Robustness

We conduct additional sensitivity analyses for narrative factor model perfor-
mance. First, we examine the effect of replacing news-based topics with a set
of 129 numerical macroeconomic data series from FRED-MD as candidates
for the latent state variables. The results are reported in panel B of Internet
Appendix Table C.3 (which can be compared to our main results restated in
panel A of Table C.3 for ease of reference). Model performance deteriorates
when we replace narrative data with FRED-MD data. The out-of-sample MVE
Sharpe ratio drops from 1.3 to 0.7. Second, we conduct robustness checks for
our construction of narrative attention innovations. Instead of the 5-day trailing
moving average (7, :=60; — %ZL@T,[), the alternatives include 1-day, 3-day,
and 20-day moving averages (Table C.3, panel C). In these cases, the out-
of-sample MVE Sharpe ratios remain well above one and the cross-sectional
pricing errors are as good as in our main analysis. In the third exercise, we
examine the characteristics of stocks with high and low exposures to the
narrative factors. We regress narrative 8’s on the traditional firm characteristics
across the stock-month panel. The correspondence is strikingly high (the R?
is around 40%), although the two are from drastically different information
sources, namely, textual news versus CRSP/Compustat. Stocks with high g8’s
to the narrative-based pricing kernel, fMYE is associated with anomalous
characteristics known to be related to high average returns. For example, they
tend to have smaller sizes, higher momentum, lower market beta, and higher
dividend-to-price ratios. See Internet Appendix C.6 for the regression results
and more detailed analysis.

Lastly, instead of running horse races between separate MVE portfolios
based on either narrative factors or characteristics-sorted portfolios, we analyze
MVE portfolios that combine the two sets of factors in a joint model. To do
so, we reestimate each narrative factor model (with K =1 to 6) controlling
for various combinations of the benchmark factors (more details in Internet
Appendix C.7). We find that adding narrative factors to the benchmark factors
produces a large economic improvement in the out-of-sample MVE Sharpe
ratio (see, e.g., the last row of Table 3). The reverse is not true. If we begin from
the NF6 specification and gradually introduce the benchmark FFC6 factors
into the model, the out-of-sample MVE Sharpe ratio either does not change or
degrades (see the last column of Table 3).

Narrative Factors and the ICAPM

We introduce news narratives in a factor pricing model in hopes of
bringing empirical asset pricing closer to its theoretical underpinnings of
macroeconomic risk. We adopt the ICAPM framework by hypothesizing that
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Table 3
Sharpe ratios of MVE portfolios combining FFC6 and NF

K (number of NF added)

Specification 0 1 2 3 4 5 6

NF 0.48 1.00 1.10 1.26 1.32 1.31
NF + Mkt 0.25 0.48 1.00 1.08 1.26 1.32 1.31
NF + FF3 0.36 0.41 0.60 0.68 1.02 1.17 0.98
NF + FF5 0.90 0.89 0.94 0.92 1.01 1.01 1.08
NF + FFC6 0.67 0.65 0.76 0.80 0.87 0.92 1.19

The first row (only NF, no FFC6) repeats the numbers from Table 2, panel A, Line “)\:kg.” The first column
(only FFC6, no NF) repeats the numbers from Table 2, panel B. The rest of the entries are new results combining
K NF’s and a subset of factors from FFC6.

narratives have a meaningful forward-looking component that helps forecast
future investment opportunities and track investor wealth. Given the narrative-
based state variables estimated above, we loop back to test this hypothesis by
examining the forecasting power of our estimated state variables, particularly
the MVE combination of the narrative attention measures (which is an estimate
of the model’s pricing kernel). We run long-term predictive regressions of
different macroeconomic variables onto the estimated MVE state variable
(x}V[VE). The macroeconomic variables include market return, inflation, interest
rates, credit spreads, and growth in consumption, GDP, employment, payroll,
and housing from FRED-MD (McCracken and Ng 2016). For each forecast
target, we predict the cumulative changes over different horizons (h):

h
> Wiy =by (MVE /std (M) +errory”. ©)

s=1

On the left-hand side, v, denotes the one-month change in a macroeconomic
variable, such as ¥, =GDP growth,, and the summation takes the cumulative
change in the future horizon of h months. We standardize xMVE so that
the coefficient b;, can be interpreted as the effect per one-standard-deviation
change in the state variable. The ICAPM not only implies the existence
of predictive relationships between state variables and future outcomes
but also imposes sign restrictions. A pricing kernel (xMVE) should be
procyclical, meaning it should rise with “good news,” positively correlate
with contemporaneous consumption growth, and positively predict future
investment opportunities as well as future cash flow of investor wealth. Our
working hypothesis is thus that xMVE positively predicts market returns,
inflation, interest rates, and growth in consumption, GDP, payroll, and housing,
and that it negatively predicts credit spreads and changes in unemployment.'?
Figure 6 reports predictive regression results. Each panel corresponds to a
different prediction target, the horizontal axis is the prediction horizon 4 from

Our analysis is similar to that of Maio and Santa-Clara (2012) and Liu and Matthies (2022), who analyze state
variables constructed by other means.
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Figure 6

News-based pricing kernel (xMVE) forecasts future macroeconomic variables

Each figure reports the estimation results of predictive regression (9) for a macroeconomic variable. The red
line plots coefficient (bj,) estimates, and the shaded band represents the 90% confidence interval. We use the
Newey-West standard errors computed with / lags to account for the autocorrelation.

1 to 24 months, the vertical axis is the estimated coefficient by, and the
shaded area marks the 90% confidence interval. The sign of the predictive
associations between xMVE with future economic outcomes is consistent with
the ICAPM in every regression, though the result is not statistically significant
in all cases. The first panel implies that a one-standard-deviation increase in
xMVE is associated with a 1.2-percentage-point increase in market value over
the subsequent 24 months (the estimate is borderline insignificant at most
horizons). The most statistically significant effects correspond to longer-term
predictions of unemployment, credit spreads, and 10-year interest rates, and
to a lesser extent of GDP growth, payroll growth, and inflation. The positive
association with future consumption growth (which is though insignificant as
in the second panel) supports the view that the news-based pricing kernel is
compatible with long-run consumption risk as in Bansal and Yaron (2004) and

Liu and Matthies (2022).'* In the fourth and fifth panels, the positive prediction

We report contemporaneous correlations of narrative state variables with macroeconomic variables in Table C.1.
It shows xMVE jg positively correlated with contemporaneous consumption growth, supporting the general
rationale of consumption CAPM models.
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for nonfarm payroll and negative prediction for unemployment rate suggest
that our state variables track (in part) the human capital component of investor
wealth from anticipated labor income.'> That xMVE positively predicts housing
development and negatively predicts credit spread suggests that narrative states
track other nonequity components of investor wealth as well. Additionally, we
employ the VAR framework to inspect the prediction properties of narrative
state variables above and beyond other standard macroeconomic variables.
We estimate VAR(3) systems of five variables: the narrative attention levels
(6MVE), the S&P 500 index, the Federal Funds rate, employment, and industrial
production. We experiment with two VAR specifications by switching the order
of OMVE and the S&P 500 index. They correspond to different specifications of
the unidentified structural shocks. The impulse response functions show OMVE
shock has a positive and significant impact on market values over the next year.
The effect persists beyond 2 years, though it becomes statistically insignificant
at this horizon. This is true even with the conservative specification where
the contemporaneous effect of 9MVE on the S&P 500 index is forced to zero.
Internet Appendix C.8 reports the details.

6. Narrative Interpretation of the Asset Pricing Model

Our estimated factor pricing model explicitly links news narratives to state
variables, allowing us to trace factor behavior back to the narrative attention
data. Furthermore, the estimated LDA model provides a link between narrative
attention and the underlying primitive text data. Taken together, the estimated
factor model and LDA model provide a vehicle for interpreting asset pricing
risk factors by relating them directly to human-readable news.

6.1 Interpretation method

Our interpretation method quantifies the impact of news on state variables.
Imagine a hypothetical state of the world s, where a new piece of text is
reflected as a narrative attention shock, z(s). The news shock can be at the
level of daily narrative attention, a single news article, or even an individual
term count. Equation (1) maps narrative attention shocks to state variables
according to

x($)=(ATA) AT z(s):=1" _z(s), (10)

=X

where the L x K matrix I,_,,:=A(ATA)~! summarizes how L narratives
affect the K states. The latent factor structure of our model (because of the
concomitant rotational indeterminacy) makes the identity of x(s) ambiguous.
However, the mapping between z(s) on the MVE combination of state variables

xMVE.—pMVEy  with pMVE.= /LfT P !

The literature that focuses on labor income risks in asset pricing includes Jagannathan and Wang (1996), Julliard
(2007), and Liu (2021).
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is invariant and thus unambiguous.'® The MVE state variable is special in that
it represents the univariate pricing kernel, which according to the theory is the
sole source of cross-sectional variation in expected returns. Therefore, we study
the news impulse for xMVE as

xMVE()=bMVE(AT A TAT 2(s) =1 \ypz(s), (11)

where the L x 1 “impact vector” I,,yvg summarizes the impact of each
narrative on the pricing kernel. We also trace the MVE impulse one step further
from the narrative level to the term level. Imagine now that in hypothetical state
s, a new piece of text is reflected as a change in term frequencies, Aw(s) (a
V x 1 vector with V the vocabulary size). The LDA model maps V-dimensional
term frequencies into L-dimensional narrative attention according to z(s)=
(7T d) ' ®T Aw(s). The induced narrative-level innovations then impact the
MVE according to (11). Combined, the mapping from term shocks to state
variable response is

MVE()=pMVEATA) AT (0T ) T Aw(s). (12)

._IT
“~"w—>MVE

Notice that the term-level impact vector [,,_, mvE is a linear combination of the
L columns of ®. Hence the term-level effects (1,,_.\yE) describe a composite
narrative that combines the basis narratives (¢;’s) according to their impacts on
xMVE_ Unlike ®, which consists of only nonnegative entries, I,,_,pve has both
positive and negative entries because the pricing kernel xMVE can be affected
in both directions. Besides the MVE combination of latent factors, we can also
interpret the observed market factor, Mkt,, given that a combination of the latent
factors almost perfectly spans Mkt,: the R? of projection Mkt, =b™MX! £, +errors,
is 97.6%. Replacing the combination weights bpMVE by pM*in (11) and (12),
respectively, we similarly define impact vectors, I, mx and I, vk, that trace
the impact on the market factor originating from narrative-level and term-level
shocks.!?

6.2 Interpretation results

We report impact vectors from full-sample model estimates for the K =3
specification. Figure 7, panel 1, plots the impact of each selected narrative
on the pricing kernel (I, mvg). The “Recession” narrative (whose keywords

xMVE s defined such that its mimicking portfolio is the tradable MVE combination of systematic factors

( fMVE :=pMVE f). The rotational indeterminacy refers to that the model is invariant if g, f,x are changed
to ﬂR‘l,Rf, Rx, for some K x K invertible matrix R. However, fMVE,xMVE are invariant to the rotation
matrix R.

We run full-sample projection of Mkt; onto the estimated f; to construct SMK! and use full-sample estimates

g, fff for bMVE  Besides Mkt;, one can follow the projection method to build impact vectors for other series
as well.
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ZMVE

Interpretation target: The three state variables () Mkt

Vector plotted: I.smve The three columns of 7., Lovke

Recession

Record high
Trading activity
Problems
Earnings forecasts
Bear/bull market
Earnings
Optimism
Treasury bonds
Profits
International exchanges
Credit cards

Venture capital

B Pos.
B Neg.

Trade agreements
Fast food

t T ' T t T t T t T

0.00 0.01 0.000 0.025 0.00 0.05 0.00 0.05 0.00 0.01

Figure 7

Risk factor interpretation at the narrative level

This figure plots the narrative-level impact vectors. The length of the bars represents the absolute values of
corresponding entries, with red for negative impact and blue for positive.

EEINT3

include “economic downturn,” “weak economy,” and “economic slump”) has
the most negative impact on the pricing kernel. Thus, the model infers that
an increase in “Recession” narrative attention associates with an increase in
the marginal utility of consumption. It also implies that assets whose returns
positively correlate with “Recession” attention provide hedging benefits and
hence carry high valuations (low risk premiums). The narratives “Record High”
(whose keywords include “highest level,” “pent-up demand,” and “remain
strong”) and “Optimism” (whose keywords include “remain optimistic,”
“express confidence,” and “positive sign”) have the largest positive impact
on xMVE, The next three panels in Figure 7 report the impacts on the three
individual risk factors comprising x, (the three columns of /,_,,). While the
three impacts are not rotationally identified, they show that some narratives like
“Trading Activity” (keywords including “market action” and “volume total”)
and “Problems” (keywords including “major problem” and “debacle”) can have
large yet opposing impacts on individual factors that net out to a small impact
on the MVE. In the last panel in Figure 7, we see the market factor’s impact
vector has similar signs with the MVE in terms of “Recession,” “Record high,”
and “Optimism.” The differences are in the additional loadings on the narratives
that describe financial market activeness, such as “Trading activity,” “Bear/bull
market,” and “Problems.” As these narratives are orthogonal to xMVE, they add
risk but contribute little expected return, dragging Mkt, away from multivariate
mean-variance efficiency. Moving from narratives to individual terms, Figure 8
reports the model’s term-level impact vector, I,,_.mvEe. The dimension of this
vector is over 18,000, so we display the terms’ impact on xMVE in term of
clouds, where the magnitude of a term’s impact is proportional to the size of
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Figure 8

MVE state variable (xMVE) interpretation at the term level

The figure illustrates each term’s impact on the MVE state variable (1, _,pvE)- A term’s font size corresponds
to the absolute magnitude of its impact. The construction method is detailed in Section 6.1.

the term in the cloud. Terms with negative and positive impacts are reported in
separate clouds. The term clouds most reflect keywords from the “Recession”
and the “Record high” narratives. Although the construction is without human
input on the terms’ semantic meanings, the term clouds show two distinct
extremes in the language used to describe the current market condition and
the investment outlook. It is understandable that these terms could be related
to concurrent adjustments to consumption and hence the pricing kernel.

Table 4 describes the detailed contents of a few example narratives. It
reports headlines of articles with the highest attention to “Recession,” “Record
High,” and “Trading Activity” narratives. LDA identifies these articles by their
disproportionate usage of terms prominent to each narrative (highlighted in
yellow). “Recession” articles cover various aspects of the economic outlook,
ranging from durable goods consumption to labor market activities. And, while
the keyword list for “Record High” in the Internet Appendix might appear to
indicate a focus on asset price movements, we see that its articles are in fact
about fluctuations in the real economy. Both of these examples are consistent
with the ICAPM mechanism linking the pricing kernel to real investment
opportunities, as the “Recession” and “Record High” narratives have the largest
negative and positive impacts on xMVE, respectively. As a contrasting example,
articles closest to the “Trading Activity” narrative mostly provide an ex post
account of the prior day’s asset returns, and interestingly this narrative has
essentially zero net impact on the pricing kernel.

6.3 Narrative retrieval
We can use the impact vectors from the model to interpret daily fluctuations
in the market factor. The model-implied impact on the market factor of an
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Table 4
Example news articles of the three most prominent narratives
Recession

1993-05-07 Auto Registrations Continued to Slump In Europe Last Month
2001-04-25 Consumer Confidence Slides on Fears of Layoffs
2009-02-19 U.S. News: Housing Starts Hit Lowest Level In Half-Century
2011-08-02 ‘World News: Manufacturing Slowdown Adds to Gloom on Economy
2016-07-08 ‘World News: U.K. Consumer Sentiment Takes Dive

Record high
1989-07-05 Japan Vehicle Sales Rise
1994-07-01 Purchasing Managers In U.K. Survey Report Rise for June Orders
1995-02-27 Hiring Outlook For Second Quarter Appears Vigorous
2006-01-12 Wall Street Bonuses Hit a Record in 2005
2016-07-20 U.S. News: Home Building Continues Recovery as Demand Rises

Trading activity

1993-12-30 Industrials Rise A Bit to Record; Bonds Decline

1994-10-20 Profit News Helps Boost Stock Prices — Indexes Gain Ground Despite Weakness Of
Bonds and Dollar

1996-06-21 Nasdaq Sinks Amid Sell-Off Of Tech Stocks

1997-12-09 Blue Chips Fall As Dollar’s Rise Causes Concern

1998-04-21 Drug Stocks Resume Gains; Blue Chips Fall

This table reports example articles with the highest attention to the three narratives, respectively (titles only; see
text bodies in Internet Appendix D.1). The shade of the yellow highlighting on each term reflects ¢, ;, the term’s
probability for the corresponding narrative.

article m with narrative attention innovation z(m) is 1., \y,z(m)."® Figure 9
plots the observed market return series adjusted by the conditional volatility.
We focus on the days with extreme values in order to understand the types of
news associated with large swings in the market factor. For each of those days,
we retrieve the article whose model-implied impact on the market, / Zl M2 (1),
is the greatest. !° The retrieved articles in Figure 9 provide a human-readable
account of influential events that triggered investor concerns and moved the
market factor. For instance, the articles capture the Black Monday in October
1987, the onset of the global financial crisis in 2007, and the worries that the
looming Brexit would slow Europe’s recovery from the debt crisis in 2016.
The news articles connect market fluctuations with investor’s forward-looking
concerns about economic fundamentals. For example, the event in 1986 is
linked to worries about interest rates. Fiscal and labor market policy concerns
during the Clinton administration are retrieved in 1993 and 1994. To show
more detail, Internet Appendix D.2 reports excerpts of the retrieved articles
and displays how the machine “reads” quantitative contents from the textual
articles. We color highlight each term according to its impact on the market
return (1, M), With red for negative and blue for positive impacts. Terms

9 <

“weak outlook,” “global economic slowdown,” “government debt worries,”

We calculate z(m) similar to z7: z(m):=6y, — % ZLS=1 01, —1, Where 0y, € AV is article m’s topic attention levels
calculated from LDA; the summation is over the attention levels in the 5 days before the date of article m.

The method can pick more than one influential article to provide a more thorough narrative account of the day.
In principle, this approach to narrative retrieval can be potentially applied in real time to “translate” from textual
news to quantitative price changes.

4783

920z UoJe|\ 0€ U0 Josn obeaiyD Jo Ansieniun AQ z1.2291 216G /112 LI9E/RI0IE/SH/Wod dno"dlWwapeoe//:sdjy Woly papeojumod


https://academic.oup.com/rfs/article-lookup/doi/10.1093/rfs/hhad042#supplementary-data
https://academic.oup.com/rfs/article-lookup/doi/10.1093/rfs/hhad042#supplementary-data
https://academic.oup.com/rfs/article-lookup/doi/10.1093/rfs/hhad042#supplementary-data
https://academic.oup.com/rfs/article-lookup/doi/10.1093/rfs/hhad042#supplementary-data

The Review of Financial Studies | v 36 n 12 2023

Jun 27,2016

Sep 12, 1986 EU Tumult Ripples Through Markets - Europe's battered
Free Fall, Inerest-Rate Worries ?'\‘Id Progran Trading Send Feb 1l lenders face new risks from investors and an uncertain
tocks Plunging - Automated Selling Generates Biggest On ! cconomy
Day Decline As Volume Sets a Record — A Fluke ot s Sk §mmp as Clinton's Plan Sparks Fears cconomy
Possible Omen?
ossible Omen Nov I8, 1991 Qet 28, 1997

/ “The Outlook: Double-Dip Recession Possible Not Likely Drug Makers High-Tech Stocks Head Roster of Day's Big Losers

198 1996 0 04 / 08 o N
Oct 16, 1989 Feb 28, 2007
Many Executives Hail Market's Slide As Favorable News The Evening Wrap: From Bad to Worse
Oct 20, 1987

‘The Crash of '87: Stocks Plunge 508.32 Amid Panicky Selling .
—— A Repeat of 297 Depression in '87 Is Not Expected Feb 07, 1994

Clinton Plans Jobs Summit To Tackle Global Problem Aug 05, 2011

B.mkvng System Safeguards And Federal Mechanisms Are Viewed b Stocks Nose-Dive Amid Global Fears --- Weak Outlook
as Adeqaute Government Debt Worries Drive Dow's Biggest Point Drop Since
08
Figure 9

Event retrieval for market returns

Mkt
Blue curve: Daily market returns adjusted by conditional volatility, Jr Mkl , where aMkt is EWMA volatility. We

tag large spikes with retrieved news events. The article titles are reported in this figure, and the text bodies are
in Internet Appendix D.2.

“EU Tumult Ripples,” etc., are picked up by the model and assigned negative
impacts on the market factor. These terms belong to the “Recession” and
“Problems” narratives, which are the leading negative drivers of the market
as reported in the last panel of Figure 7. Aggregating these terms in an article
gives rise to the article’s overall impact on the market return.

7. Conclusion

Investors’ macroeconomic risk assessments are central to theoretical asset
pricing but are empirically difficult to measure. We propose a novel method
for estimating ICAPM state variables and asset pricing factors from business
news narratives in The Wall Street Journal. Our method fuses natural language
processing models with empirical asset pricing models. First, we use an
LDA topic model to distill a comparatively low-dimensional set of 180
narratives from the much higher-dimensional raw term counts. Next, we use
a form of IPCA that generalizes the Fama-MacBeth two-step procedure to
deal with the situation in which state variables are not directly observed
and must be reduced and selected from many potential proxies (in the
form of narrative attention in our application). We devise a Sparse IPCA
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implementation that uses a group lasso penalty to filter out narratives that
are irrelevant for describing the behavior of asset prices, and we find that this
regularization approach significantly improves the model’s out-of-sample asset
pricing performance. Quantitatively, the narrative factors explain returns on
anomaly portfolios with smaller pricing errors than benchmark characteristic-
based factor models. The narrative factors are portfolios formed with only
textual news data, a source of conditioning information that is completely
different from the vast literature that uses firm characteristics. The MVE
combination of narrative factors achieves higher out-of-sample Sharpe ratios
than Fama-French and momentum factors. The narrative factors are empirically
consistent with the ICAPM mechanism that state variables are priced sources
of risk because they forecast future investment opportunities and components
of nonmarketable wealth. Integrating news text in an asset pricing model
affords concrete interpretations of the estimated risk factors. Among the
narratives studied, we find that attention to the “Recession” narrative has the
largest negative impact on the pricing kernel. We show that the underlying
raw text associated with the “Recession” narrative covers a variety of events
related to real macroeconomic activity. We view news text as a promising
source of information for quantitative models of asset prices. Concepts like
public information and investor expectations are central to both rational and
behavioral models but are difficult to proxy for with traditional data. This
paper demonstrates a set of tools for extracting signals from news text that can
quantitatively match asset pricing phenomena, while aligning with theoretical
restrictions, such as those from the ICAPM.
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