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Abstract

Attention is a scarce resource for investors that must be divided among many sources of informa-

tion. The commodities market is an important source of information affecting firms that operate

in the economy. Investors do not fully appreciate this relationship allowing for predictability in

equity returns using commodity returns. A strategy that exploits this predictability has an alpha

of 1.5% per month and no meaningful factor exposure. This effect is stronger in smaller firms, firms

that tend to be ignored by their owners, firms owned by investors who ignore commodity informa-

tion, firms with nuanced commodity exposure and during times of high informational burden for

investors.



1 Introduction

Much rational asset pricing work assumes that investors are able to fully incorporate all available

public information into prices. Recent theory and empirical evidence has begun to cast doubt on

this assumption: the ability to incorporate all available information requires investors to devote

time to researching and understanding different sources of information. Rational inattention, as

pioneered by Sims (2003), posits that investors have a limited amount of attention that they must

allocate across information sources. Each investor will prioritize information that is most relevant

to him and easiest to acquire; conversely information that is more difficult to process or less relevant

to each investor may be ignored. The commodity market is one such source of information that

is important for firms: commodities serve as inputs and outputs of firms that operate in the real

economy. Changes in commodity prices have a real impact on the cash flows of certain firms and

industries but, as I show, investors underreact to this information.

Commodities are often examined as a separate asset class to understand their risk premia

and term structures as in Fama and French (1987); Schwartz (1997); Pindyck (2001); Yang (2013),

however, few studies examine how information travels from the commodity market to the firms that

depend on commodities. I first examine commodity returns grouped into three sectors: Energy,

Agriculture (Ag) and Metal. The returns to these three commodity sectors provide a parsimonious

description of the events in the commodity market. I associate equity industries with up to three of

these sectors and show that price information regarding these commodity sectors travels slowly: a

strategy that goes long stocks whose associated commodity sectors increased last month and short

stocks whose associated commodity sectors decreased last month earns up to 1.5% per month in

risk adjusted returns without a significant exposure to the commonly used equity factors. This

effect is much stronger in smaller stocks: these stocks tend to have fewer analysts and be owned

by fewer sophisticated investors. Therefore, smaller stocks are often ignored relative to their larger

counterparts and information diffuses to them less rapidly. For instance, Hong et al. (2000) show

that momentum strategies are stronger in smaller stocks and attribute this to slower information

diffusion in smaller securities relative to larger securities.

To better understand the process I am describing I provide an example of just such an un-

derreaction to information. Crosstex Energy Inc. (XTXI) is a midstream energy company that
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processes and transports oil and gas from producers to consumers1. One of the payment models in

the energy industry is the percent-of-proceeds contract in which the producer and the midstream

(transportation) company split the revenue from the sale of energy to consumers, exposing both

parties to fluctuations in energy prices2. Therefore, a higher energy price means more revenue for

both companies. Figure 1 plots the cumulative returns to the Energy commodities sector - an equal

weighted average of returns to Brent Crude, Gasoil, Heating Oil, Natural Gas, RBOB3, and WTI

- and XTXI from February 2006 to March 2006. In the first two weeks of February, the Energy

Information Administration (EIA) released two bearish reports showing a buildup in energy com-

modities which sent the prices of these commodities lower; XTXI did not react significantly to this

news. On March 10th 2006, XTXI reported its Q4 2005 and fiscal year 2005 earnings. Barry Davis,

the CEO, described the announced information by saying: “We had a great fourth quarter and an

outstanding year in 2005.” Once again the stock does not have a significant reaction; however, on

March 20th the company held an analyst meeting to discuss 2006 prospects and the stock took a

significant hit. Revenue in 2006 was dependent on energy prices in 2006 which dropped by approx-

imately 10% a month earlier. This kind of slow incorporation of information from the commodity

market to the equity market will be explored in this study.

There are four potential channels through which investors could be ignoring pertinent infor-

mation: they could be ignoring a particular stock because that stock is unimportant to them,

they could be ignoring information regarding a stock’s associated commodity sector because they

are ignoring commodities, they could misunderstand the impact commodities have on a particular

stock, or they may be overwhelmed with a large amount of idiosyncratic information being released

by companies in a particular time period. Using mutual fund holdings data I show that portfolio

managers pay attention to stocks in their portfolios with the most volatile P&L: these stocks are

efficient with respect to commodity market information. Conversely, stocks that do not have much

P&L variance are ignored by their owners and are inefficient. In other words, stocks that are viewed

as risky by managers attract a significant amount of attention. Second, stocks whose owners hold

portfolios that are not significantly exposed to the stock’s associated commodity sector also un-
1http://www.crosstexenergy.com/
2http://www.investingdaily.com/11887/mlps-and-natural-gas-liquids/
3Note that RBOB HU denotes the time series splicing together of the Unleaded Gasoline (HU) contract and the

Reformulated Blendstock for Oxygenate Blending (RBOB) as HU was phased out from trading. WTI denotes the
West Texas Intermediate crude oil contract.
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derreact significantly to commodity news while stocks held by investors who do have exposure to

that commodity sector do not underreact. An investor whose portfolio is exposed to a particular

commodity pays attention to that commodity and incorporates that information into the stocks he

owns. Alternatively, an investor whose portfolio does not have exposure to a commodity ignores

that information. Third, I use news articles to understand the salience of the linkage between each

firm and the commodity sector I have assigned to it. Firms that have many news articles associated

with them that mention the commodity are efficient while firms whose articles do not mention the

commodity often are inefficient. Fourth, I show that inattention to commodities is highest when

the cross-sectional dispersion among equity returns - a proxy for the amount of idiosyncratic news

- is high. When investors are burdened with a significant amount of information they are only able

to process a fraction of it which decreases efficiency of prices.

Finally I unpack the commodity sectors into individual commodities and use the entire CRSP

universe to show that my results are not influenced by categorizing commodities into sectors or

the sample selection procedure used throughout the study. Using the elastic net of Zou and Hastie

(2005), I compute the overall commodity news to each industry stemming from individual commodi-

ties. Then I sort stocks from these industries into a long/short portfolio based on the commodity

news of each industry that month, hold the portfolio for one month and then rebalance. This

strategy generates an alpha of .55% per month in small securities and approximately zero in large

securities. Some industries, however, have no relationship to any of the commodities in this study.

Using securities in industries that are “newsworthy” instead of the entire CRSP universe generates

a monthly alpha of 1.5% per month in small stocks and a .33% per month in large stocks, the latter

of these being statistically insignificant.

Theoretical investigation of inattention can be traced back to Kahneman (1973) who notes that

attention is a scarce resource. Sims (2003) develops a model of rational inattention suggesting that

investors may have capacity constraints on their ability to process information. Hong and Stein

(1999) develop a behavioral model of underreaction and overreaction to information. Recently,

empirical tests of these theoretical notions have come into focus as researchers attempt to under-

stand the pervasiveness of inattention in financial markets. In a highly influential paper, Cohen and

Frazzini (2008) show that firms that are linked together through customer/supplier relationships are

not always equally efficient in incorporating relevant information about each others prices. Shocks
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to customer firms travel to supplier firm prices slowly allowing for predictability in returns. Hong

et al. (2000) show that momentum strategies are stronger in smaller stocks and interpret this as

evidence of slow information diffusion because smaller stocks have lower analyst coverage. Informa-

tion diffusion across asset classes has also begun to receive attention: Pollet (2005); Park and Ratti

(2008) show that oil returns significantly predict some industries and the overall market return.

Rizova (2010) examines informational efficiency across international stock markets and shows that

stock markets in countries that are trading partners have intertemporal correlation. Empirical work

has also begun to investigate the specific cognitive frictions that prevent information from being

efficiently incorporated into prices. Smalling (2012) finds that stocks that comprise a large part of

their owners’ portfolios tend to have less post earnings announcement drift than those that com-

prise a small portion suggesting that investors ignore certain portions of their portfolios. Barber

and Odean (2008) show that investors gravitate towards attention grabbing stocks: “preferences

determine choices after attention has determined the choice set.” Hirshleifer et al. (2009) show that

there is a larger post earnings announcement drift after earnings announcement dates when many

firms are reporting earnings compared to dates when fewer report earnings; they conclude that

investors have limited attention and can be overwhelmed with information.

The remainder of this paper is organized as follows: Section 2 details the basic facts regarding

the commodities used in the study, explains how the equity universe is selected and demonstrates a

trading strategy that takes advantage of investor inattention. Section 3 examines several channels of

friction that could prevent information about commodity returns from being efficiently incorporated

into equity prices. Section 4 presents robustness to other effects and choice of methodologies.

Finally, Section 5 concludes.

2 Commodity News and Equity Returns

Commodities are a large and important market: in 2012 over three billion contracts changed hands

with trillions of dollars in outstanding notional4. Many of the commodities traded are used by

companies in the real economy to produce everyday goods and services ranging from electricity to

chocolate. I organize commodities into three commodity sectors: Agriculture (Ag), Energy and
4http://www.futuresindustry.org/downloads/FIA_Annual_Volume_Survey_2013.pdf
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Metal. Table 1 lists the commodities used in the study by commodity sector; this set covers the

most widely studied commodities in the literature. Futures contract prices and specifications are

obtained from Bloomberg as in Koijen et al. (2013). Equity data is obtained from CRSP and

Compustat.

2.1 Commodity Returns

The commodity sample runs from 1983-2012; the exact composition of each commodity sector

changes over time as some commodities were not traded in 1983. The excess returns to each

commodity are computed as a simple average of the returns to each future contract along the term

structure of that commodity (up to 1 year in maturity); the excess return to each future contract

is a fully margined return5 as in Koijen et al. (2013) among others.

Rfutτ,d,t ≡
Fτ,d,t − Fτ+1,d,t−1

Fτ+1,d,t−1
(2.1)

Rd,t ≡
1
Nd

Nd∑
k=1

Rfutk,d,t (2.2)

where Fτ,d,t is the price of a futures contract for commodity d with τ periods to maturity at time

t and Nd is the number of futures contracts with maturity of less than 1 year for commodity

d. Some commodities (ex: agricultural commodities) have contracts that expire quarterly while

other commodities (ex: energy commodities) have contracts that expire monthly thus N varies

by commodity. To compute the return to each commodity sector (Energy, Ag, Metal), a simple

average is taken across all the commodities in that sector.

Rc,t ≡
1
Mc

Mc∑
d=1

Rd,t (2.3)

where Mc is the number of commodities in sector c.
5Unlike equity returns that require the transfer of funds equal to the price of the security, futures contracts

generally require only a portion of the security price to be placed in a custodial account. To be conservative, I require
that the full security price be placed into the account to avoid any issues with leverage.
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2.2 Selecting Equity Universe

Commodities have an impact on many firms in the economy but not all firms. I aim to select

firms that are most related to the commodity sectors described above. Individual firm returns are

noisy; therefore, to select a subset of the CRSP universe that is related to commodities, I first

look for industries that are related to the commodity sectors. I classify firms into industries using

the two digit lagged - to prevent lookahead bias in classification - SIC code. I then define the

return of industry i at time t, IRi,t, as a value weighted return of the constituent securities of

that industry. For each industry, I run a rolling (using a 5 year window with at least 3 years of

returns) multivariate contemporaneous regression of industry return on the CRSP market and the

commodity sectors using weekly (overlapping) data:

IRi,t = a+ βi,m,tRm,t + βi,E,tRE,t + βi,A,tRA,t + βi,Me,tRMe,t + εi,t (2.4)

This simple regression identifies the industries that have a contemporaneous relationship to each

of the commodity sectors. I associate each industry with a particular commodity sector at time

t if its Newey-West p-value is at most 1% (t-statistic of 2.58). Therefore at time t a particular

industry can be associated with 0 − 3 different commodity sectors. If the industry is associated

with 0 sectors then it is simply dropped from the sample for that period.

I further refine the sample because even the SIC categorizations are imperfect. Some businesses

have multiple business segments and others may simply be misclassified. I would like to select

companies that behave like the rest of their industry with respect to each commodity sector.

Therefore, I also run regression (2.4) with individual stock returns on the left hand side and

associate company i with commodity sector c at time t only if sign(βi,c,t) = sign(βj,c,t) where

j is the industry that company i belongs to. That is, I associate a company with a particular

commodity sector only if the company behaves (directionally) like the rest of its industry with

respect to that commodity sector. This procedure leads to a universe of securities that have a

contemporaneous relationship to these commodity sectors. Note that in all trading strategy results

that I present in this study, all classification and universe selection happens using only backward

looking information.

It is important to understand how well this procedure does in actually selecting companies
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that correlate with the aforementioned commodity sectors “out-of-sample”. Moreover, since the

inattention trading strategy that I will present in the following section rebalances the portfolio

monthly, as is standard in academic studies, it is important to determine if the securities that

I have chosen have a contemporaneous correlation with these commodity sectors over a monthly

return frequency. To answer this question, I form portfolios that are approximately market neutral

but should have positive correlation with a particular commodity sector. Since individual security

returns are extremely noisy, I use each security’s industry β to the commodity sector as the sorting

variable in this entire study (to break ties between securities having the same industry β when

sorting into quintiles I use the individual security β). At the end of each month t, I select all

securities that meet the filter in Section 2.2 and for each commodity sector, sort the associated

stocks into terciles based on βi,c,t. I then create a value weighted (equal weighted) portfolio within

each tercile and go long the top tercile and short the bottom tercile for each commodity sector.

These portfolios should have positive exposure to commodity sector c but minimal exposure to

Rm. I compute the contemporaneous correlation between the return to this long/short portfolio,

Rec,t+1, and Rc,t+1: this is an “out-of-sample” correlation as the securities selected are based on

information at t while the correlation is computed starting with returns at t+ 1; the portfolios are

rebalanced monthly. Table 2 presents the results of this procedure for each commodity sector. I

also report all other pairwise correlations between commodity sectors, the market and the equity

portfolios.

The first row of the table shows the correlation of the CRSP market return with the commodity

sectors, the equity value weighted mimicking portfolios and the equity equal weight mimicking

portfolios. Ag and Metal have a fairly low correlation (.27 and .28, respectively) with Rm while

Energy has an even lower correlation of .1. Among the equity mimicking portfolios, the equity value

weighted metal (EQ VWMetal) portfolio has a noticeable correlation with the broader market while

EQ VW Ag and EQ VW Energy have no significant correlation. In other words, the procedure to

isolate only the commodity return away from the market is fairly successful. The second notable

fact is that the commodities have a positive correlation among themselves: this is true for structural

reasons (commodities tend to be traded by the same set of individuals and deleveraging events, for

example, will have an impact on all of them) as well as fundamental economic reasons (demand for

these inputs is driven by the broader economy, for example). We can see that the equity mimicking
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portfolios have a meaningful correlation with the actual commodities as intended (with Energy and

Metal producing the best results). Finally, the correlation structure among the equity portfolios is

fairly small as can be expected by specification of regression (2.4).

To get a better idea of how the selected sample of securities compares to the broader CRSP and

NYSE universe (over the same time frame: 1983 - 2012), Panel A of Table 3 provides summary

statistics on characteristics that describe the selected sample as well as CRSP and NYSE. To

compute these summary statistics for a given set of securities (selected sample, CRSP, NYSE),

each month I take an equal weighted (value weighted) cross sectional average of each characteristic

across the sample. The time series properties of that cross sectional average are then reported. As

is evident, the sample selected is very similar to the broader CRSP and NYSE universe; there are

on average 723 firms per month that cover 21% of CRSP (by market capitalization; denoted as

Fraction of CRSP Universe in the table). The average firm in the selected sample is larger than

the average CRSP firm but smaller than the average NYSE firm; the selected firms’ returns and

book-to-market ratios are similar to CRSP and NYSE. I also determine what percentage of my

selected securities have positive vs negative exposure to commodities: for each stock at a particular

time t I compute the average β of that stock to it’s associated commodities as βi,t = 1
Ni

∑Ni
c=1 βi,c,t

where Ni is the number of commodities associated with stock i. I then take a cross-sectional

equal weighted (value weighted) average across all stocks in my universe for a particular month of

sign(βi,t) and report the time-series properties of this average6. On average, roughly 50% − 60%

of the securities in my sample have a positive commodity association with the remainder having

a negative association. Therefore, the sample is fairly balanced between having a negative and

positive exposure to the commodity sectors.

Panel B provides some insight regarding the types of SIC codes (equity industries) that are

selected and how many commodity sectors affect each SIC code. On average there are 72.5 SIC

codes per month in CRSP and my procedure deems an average of 16.1 relevant to the commodity

sectors. Each SIC code is matched to an average of 1.2 commodity sectors; that is, most equity

industries are only related to one commodity sector. I also list the top three equity industries (by
6The goal of this metric is to make sure that I have a sample that includes stocks with negative and positive

commodity betas. An alternative methodology would have been to compute the percentage of betas each month
that are positive (instead of collapsing them to the stock level and thus some stocks would enter into the average
multiple times in a particular time period). Empirically this makes very little difference since most stocks have only
one commodity sector associated with them.
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|β|) that match to each commodity sector. For example “Oil and Gas Extraction” has the highest

average absolute exposure to Energy out of all other industries just as “Agricultural Services” is

most related to Ag7. As is evident, the selected equity industries make intuitive sense: we would

expect that these equity industries have exposure to commodities.

2.3 Inattention Trading Strategy

The goal of this study is to show that equity investors do not fully appreciate the information

available in commodity markets that is relevant for equities. Regression (2.4) characterizes firms

based on contemporaneous relationships with the commodity sectors. I define commodity news for

stock i, Ri,c,t, in equation (2.5) as the dot product of its associated commodity sector returns and its

industry β to those commodity sectors (I once again rely on industry β rather than individual stock

β because individual stock returns are noisy). If investors are not able to fully appreciate these

relationships then purchasing (selling) securities whose associated commodity news was positive

(negative) should yield a profitable trading strategy; this is the hypothesis that will be tested in

this section.

A stock can have several commodity sectors associated with it. For example fertilizer production

is a very energy intensive activity so fertilizer producers might be exposed to energy returns. The

procedure described in Section 2.2 associates each stock with the commodity sectors that have a

significant effect on its returns. As noted earlier, I define commodity news for stock i at time t as

the dot product of exposure and commodity return:

Ri,c,t ≡ β′j,c,tRc,t (2.5)

where βj,c,t is a vector of commodity sector exposures (with exposures to commodity sectors not

associated with i set to 0) of industry j that contains stock i, and Rc,t is a vector of monthly com-

modity sector returns. In words, this is simply the total commodity news that will be experienced

by stock i at time t.

At the end of each month I sort securities into quintiles based on Ri,c,t, form value weighted
7SIC category names are taken from the US Department of Labor 1987 SIC manual. Note that the name “Admin-

istration Of Environmental Quality and Housing Programs” listed under the Metal commodity sector is somewhat
misleading as this SIC code is only selected between 2011 and 2012 during which it includes only one company: China
Shen Zhou Mining & Resources, Inc., which is a metals mining company and hence has a high exposure to Metal.
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(equal weighted) portfolios and rebalance monthly. If investors are not fully attentive, then securi-

ties that experienced positive commodity news should continue to appreciate in value the following

month while those that experienced negative commodity news should decline in value. Table 4

and 5 present the results of this experiment. As hypothesized, a strategy that goes long securities

that have positive commodity news and short securities that have negative commodity news earns

approximately 1% per month - in risk adjusted returns - in value weight portfolios and roughly

1.5% per month in equal weight portfolios. The alphas are monotonically increasing from the short

portfolio to the long portfolio. Approximately half of the trading strategy alpha comes from the

short portfolio and half from the long. The strategy has modest Sharpe ratios, no significant skew-

ness, and some excess kurtosis without having any meaningful factor exposure. These facts suggest

that the reason for this alpha has little to do with common explanations for equity anomalies such

as shorting constraints or the phenomenon being limited to a small subset of securities.

Notably, this strategy generates an extra .5% per month in equal weighted portfolios as com-

pared to value weighted portfolios suggesting that small securities may have stronger underreaction

to commodity news. This is precisely what an inattention hypothesis would have predicted ex-ante:

smaller securities tend to have fewer analysts covering them and have fewer institutional owners

as noted by Hong et al. (2000). Thus there are fewer channels through which information could

be incorporated into prices in a timely manner, relative to larger stocks. I test this hypothesis

explicitly in Table 6. At the end of each month I split stocks into small and large securities along

the NYSE median market capitalization and then sort securities into value weighted quintiles in

each size category based on Ri,c,t. The table presents the results of a long-short portfolio that goes

long (short) stocks with positive (negative) Ri,c,t: it is denoted as 5 − 1. As suggested by earlier

results, small securities have a significantly higher trading strategy alpha - and thus underreac-

tion - than their big counterparts. A commodity underreaction strategy generates approximately

1.8% per month four factor alpha in small securities but a statistically insignificant .5% in large

securities (difference of 1.331% with Newey-West t-statistic of 4.341). Clearly small securities have

a significantly larger underreaction to commodity news than large securities. This highlights the

importance of analysts and sophisticated investors to having efficient equity prices.

Another important prediction of an inattention hypothesis is that this trading strategy not

revert the following month: if this month a stock incorporates some information that was available
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the previous month, it should not reverse next month. To check this, I form the the 5− 1 portfolio

presented in Table 6 in the same month as the commodity news is available, one month after, two

months after, etc. with the 0 lag indicating the contemporaneous relationship between news and

returns. Figure 2 plots the results of this experiment. The results are consistent with underreaction

to information: both small and large stocks have a contemporaneous reaction to commodity news,

however, small stocks have a significant amount of underreaction as evidenced by their continued

rise the following month. Importantly, this effect does not reverse in the following months.

3 Inattention Channels

There are four channels through which investors can incorporate commodity news into equity prices

with a lag: they can ignore a particular stock so that stock incorporates information slowly, they

can be attentive to news released by the company but ignore the commodity market, they may

not understand that a particular stock is affected by commodity prices or they may be generally

inattentive because they are overwhelmed with many sources of idiosyncratic information in the

spirit of Hirshleifer et al. (2009). In this section I will use mutual fund holdings to show that

stocks owned by investors who are ignoring the particular stock or ignoring commodity market

information have a larger underreaction than stocks owned by attentive investors. I will also show

that stocks that are frequently mentioned alongside their associated commodities in news articles are

efficient in incorporating commodity information into their prices; stocks that are rarely mentioned

together with the commodity are inefficient at doing this. In other words, companies that are

clearly associated with a commodity by investors are efficient while those that have more nuanced

connections to the commodity market (and therefore not mentioned together in the press) are

inefficient. Furthermore, cognitive burden for investors varies through time. Some periods have

a lot of idiosyncratic news, and thus investors must pay attention to many different information

sources, while other periods have less and investors only need to pay attention to the overall market.

I show that underreaction to commodities is significantly larger in periods with high informational

burden.

I obtain data on mutual fund holdings - the sophisticated investors - from Thomson Reuters

Mutual Fund Holdings (S12) database and include only domestic actively managed mutual funds
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following Kacperczyk et al. (2008). I remove any fund from the sample that holds more than 1, 000

securities in their portfolio or contains the word “index” in the fund name. A significant percentage

of funds report quarterly holdings data though they are required to report their holdings every six

months. If a particular fund has not reported holdings within a one year period, I assume that

fund has disappeared and remove it from the sample at that time. Securities held by fewer than 5

mutual funds are excluded. Table 7 provides summary statistics on the funds whose holdings are

used to construct inattention measures.

3.1 Individual Stock Inattention

One specific channel by which a stock can be slow to fully incorporate all available information

is investors simply ignoring this particular security. An investor that has a limited capacity for

information processing has to prioritize the items that he pays attention to. Specifically, an investor

that owns a portfolio of securities will pay more attention to securities that generate a volatile P&L

stream within his portfolio relative to other securities he owns - they appear “riskier”8. This could

happen because the position the investor holds in that security is very large and thus even small

swings in value translate to large P&L swings. It could also happen because this particular security

is experiencing anomalous volatility due to fundamental news about the company. Both of these

causes lead to the same effect: they create a volatile P&L stream causing the investor to look more

deeply at the company to see what is driving the increased volatility and if position adjustment

in that security is necessary. This extra attention given to the security by investors increases its

efficiency to publicly available information.

I examine this hypothesis with respect to commodity news using mutual fund holdings data. I

show that stocks that deliver high P&L variance for their investors (relative to other stocks that

those investors hold) are efficient in reacting to commodity information. Alternatively, stocks that

do not have a high P&L variance within an investor’s portfolio don’t attract much attention and

are slow to incorporate all available commodity information in their prices. For a particular stock
8This is simply a heuristic and surely does not capture the correlation a security has with other securities within

the portfolio which is clearly important for risk measurement.
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i held by fund f at time t, I define the amount (in dollars) held of that stock by f as:

Hi,f,t = SHARESi,f,tPi,t (3.1)

where SHARESi,f,t is the number of shares held by f of i and P is the price of i. The P&L on a

particular day is simply the change in the value of the holding:

∆Hi,f,t+1 = SHARESi,f,tPi,t+1 − SHARESi,f,tPi,t

= SHARESi,f,t∆Pi,t+1 (3.2)

During a particular month, I compute the variance of ∆H for each security in a fund’s portfolio by

taking the variance of ∆Hi,f,t within the month:

σ2(∆Hi,f,t) = 1
T − 1

T∑
t=1

(
∆Hi,f,t −∆H i,f,t

)2
(3.3)

This quantity is simply the variance of the realized P&L that fund f experienced from security i

during a particular month. To determine if this is important or not for fund f (since the importance

of this quantity is relative for each fund: funds that hold very volatile securities may view a

particular security as uneventful while those that hold less volatile securities may view this security

as highly anomalous), I scale this quantity by the sum of σ2(∆H) of the other securities in fund

f ’s portfolio:

RAWATTN s
i,f,t = σ2(∆Hi,f,t)∑Kf

j=1 σ
2(∆Hj,f,t)

(3.4)

where Kf is the number of securities held by fund f . This is simply the variance of a particular

security’s P&L scaled by the sum of the variances of the P&L of the other securities. It gives us a

measure of how anomalous the P&L stream of security i has been in a particular month for fund f

relative to the other securities they hold. If a security is experiencing highly anomalous P&L then

fund f may take a closer look to see what is driving the high variance as it has a material impact

on their portfolio.

Finally, attention paid to a particular security is cumulative across sophisticated investors: the

more sophisticated investors pay attention the higher the chance that stock i will be efficient. To
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capture this notion I collapse RAWATTN s
i,f,t to the stock level by simply summing across all the

funds that hold i in their portfolio during month t:

RAWATTN s
i,t =

∑
f∈Fi

RAWATTN s
i,f,t (3.5)

Implicitly, this measures how much attention is devoted to i by its sophisticated owners treating

every one of the owners as equally capable (that is, no fund’s attention to i is more important

than any other only the quantity of attention devoted by f to i matters). Furthermore, funds

that are not in my universe are assigned a capability score of 0: they may be paying attention but

they are unsophisticated and thus their expertise is irrelevant in increasing efficiency of i. This

is done largely because holdings information is unavailable for hedge funds and other classes of

investors and retail investors would likely be unsophisticated participants. If a stock has a high

RAWATTN s then it should be more efficient than a stock that has low RAWATTN s.

This particular attention metric likely has significant loadings on characteristics that are already

known to influence stock efficiency. For example, we know that breadth of ownership (defined as

the number of funds that hold a particular stock), BREADTHi,t, has an impact on efficiency as

noted in Chen et al. (2002), among others. Other such variables may also be important such as

institutional ownership, IOi,t defined as the total mutual fund ownership of a stock relative to its

market capitalization9, security market capitalization, MEi,t - which I have already shown affects

this particular anomaly, book-to-market ratio, BMi,t (where bmi,t = log(BMi,t)), security market

beta, βi,m,t, computed from a four factor model on daily data during month t, last month’s security

return, Ri,t−1, security momentum Ri,t−13→t−2 defined as the 12 month security return up to the

previous month, and idiosyncratic volatility, IVi,t, defined as the standard deviation of residuals

from a four factor model attribution regression in month t using daily data. It is important to

residualize for these quantities because their effects are already known and it is not my goal to

capture them. Second, they may be obfuscating the true metric that I am attempting to measure.

Finally, I want to show that this is truly a new and unique channel of inattention that has not yet

been shown in previous research. To residualize RAWATTN s
i,t to this set of control variables, I

9I use mutual fund ownership since this is the universe of investors I am concerned with in this article.
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run monthly Fama-MacBeth regressions of the form:

RAWATTN s
i,t = θ0,t + θbm,tlog(BM i,t) + θme,tlog(MEi,t) + θio,tIOi,t +

+ θbr,tBREADTHi,t + θmb,tβm,i,t + θr,tRi,t + θmom,tRi,t−12→t−1 +

+ θiv,tIVi,t + εsi,t (3.6)

Each month I extract the residuals, εsi,t and define a residualized attention metric as

ATTN s
i,t ≡ εsi,t (3.7)

This particular metric captures the effects that I would like to demonstrate while controlling for

already known factors affecting anomalies. Table 8 presents the results of these Fama-MacBeth

regressions.

It is interesting to briefly look at the results of these regressions to understand the loadings that

RAWATTN s contains: it is negatively related to BM indicating that stocks commanding higher

attention have a lower book to market. This result is interesting in it’s own right given the long

standing debate regarding the value effect being a behavioral phenomenon or a rational one, for

example Porta et al. (1997). The results of my regression are certainly supportive of a behavioral

connection between attention and the book-to-market metric. RAWATTN s also loads negative on

ME suggesting that larger stocks have less attention paid to them. This loading is counter intuitive

and serves to obfuscate the true effect I am attempting to show highlighting the importance of

controlling for these factors. I have shown for my particular return signal (commodity market

information) in Table 6: small stocks underreact significantly more to commodity information than

larger ones. RAWATTN s also loads negatively on mutual fund ownership surprisingly: stocks that

have more sophisticated investors holding them should be more efficient (of course these are loadings

conditional on other control variables). It loads positively, however, on the number of owners

partly by construction (since a sum is taken across owners of a particular stock) but this loading

also conforms to the intuition that more sophisticated investors is better for efficiency. Finally

RAWATTN s loads positively on idiosyncratic volatility: part of this can happen by construction

since RAWATTN s includes the variance of price changes but this result once again is supported
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by literature (for example Barber and Odean (2008) find that idiosyncratic volatility draws the

attention of retail investors). The R2 of these regressions is sizable indicating that a large amount

of variation of RAWATTN s is captured by controls underscoring the importance of residualizing

this metric. I present results based on RAWATTN s as well as ATTN s in Tables 9 and 10.

To test this channel of underreaction, at the end of each month I sort stocks into low and high

attention stocks based on ATTN s
i,t (RAWATTN s

i,t). Then within each attention category I sort

stocks into quintiles based on Ri,c,t and form value weight quintile portfolios. I go long stocks

that have had positive commodity news and short those having negative commodity news. I hold

the portfolio over the following month and rebalance monthly. The inattention hypothesis (and

this channel specifically) predicts that the trading strategy implemented in low attention securi-

ties would have significantly higher alpha than the same strategy implemented in high attention

securities. Table 9 and 10 present exactly this result.

The 5 − 1 portfolio in the low attention category as measured by RAWATTN s produces a

monthly alpha of approximately 1.4% (Newey-West t-stat of 3.19) while the same 5 − 1 portfolio

within the high attention category produces a statistically insignificant .7% per month of alpha

(N-W tstat of 1.47). Examining the factor loadings within each attention category among the

quintile sorts it is obvious that the low attention category portfolios one through five have a larger

exposure to size and value factors (i.e. these stocks are smaller and have higher book-to-market).

The 5 − 1 portfolio in the low attention category has a positive loading on small stocks and no

significant value loading.

Results presented in Table 10 prevent such implicit sorting from taking place by sorting on a

residualized version of RAWATTN s. The 5−1 portfolio in the low attention category as measured

by ATTN s generates approximately 1% of alpha (N-W tstat of 2.45; a lower number than when

measured with RAWATTN s) vs .35% (N-W tstat of .79) in high attention securities. The spread

between these two portfolios of .73% per month remains roughly the same as when sorts were done

using RAWATTN s; rather, the average return of the 5 − 1 portfolio within each category has

been decreased. We can also see that quintile portfolios formed in low attention securities don’t

have a significant exposure to small stocks (in fact, they have lower average exposure to SMB than

quintile portfolios in the high attention category). This is reassuring as breaking this linkage was

the intention of the residualization procedure - equation (3.6). Same with exposure to HML (value):
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quintile portfolios formed in the low and high attention categories have approximately the same

loading on this factor.

I have just shown that the attention allocated to stocks by sophisticated funds is important: a

higher number of funds paying high amounts of attention creates more efficient pricing. However, as

I will show in the next section, the characteristics of the actual sophisticated investors are important

as well. Sophisticated investors that pay attention to the commodity market are better at making

prices of stocks that depend on the commodity market efficient.

3.2 Commodity News Inattention

The second type of inattention that could occur relates to what information sources investors

observe. Certain funds may simply ignore commodities as a source of information because it is not

of first order importance. Consider a fund whose overall portfolio does not have any commodity

exposure: this can be, for example, because the fund owns a combination of securities with offsetting

exposure. Since the actual portfolio does not move in response to commodities, the fund has less

incentive to pay attention to commodities as an information source relative to an investor whose

portfolio is strongly correlated with commodities. Therefore, stocks that are owned by funds that

have no incentive to pay attention to commodities will be less efficient at incorporating news from

the commodity market. In this section I am concerned with discriminating among sophisticated

investors that own shares of a particular stock based on their incentive to monitor commodity

information.

To compute the exposure of fund f to commodity sector c at time t, βf,c,t, I simply take a value

weighted average of βi,c,t based on the fund’s holdings:

βf,c,t ≡
Kf∑
i=1

wi,f,tβi,c,t (3.8)

where Kf is the number of stocks held by fund f at time t and wi,f,t is the weight of stock i in f ’s

portfolio. Note that βi,c,t is defined to be the β of the industry that stock i is in to commodity sector

c and stocks that are in industries with insignificant β to c are assigned a βi,c,t ≡ 0 as described in

Section 2.2. Attention paid by fund f to a commodity sector c, is therefore proportional to |βf,c,t|

(since the sign does not matter: a fund that owns airline stocks should be equally concerned with

17



Energy movements as a fund that owns oil producers).

As opposed to the previous section which was concerned with the attention being paid to a

particular stock by classes of investors, in this section I would like to discriminate among the so-

phisticated investors that participate in ownership of a particular stock. Therefore, for a particular

stock i, the measure of attention devoted by i’s sophisticated investors to commodity sector c will

simply be the average of their absolute exposures to that commodity sector:

SRAWATTNn
i,c,t = 1

Fi

Fi∑
f=1
|βf,c,t| (3.9)

where Fi is the number of funds that own stock i. Note that a stock can be associated with several

commodity sectors as previously discussed and will therefore have multiple values of SRAWATTNn
i,c,t:

its owners pay attention to each commodity sector differently. The relevance of each commodity

sector to stock i is, of course, proportional to |βi,c,t|. If a stock has a large exposure to Metal and a

small exposure to Ag, then the amount of attention being paid by the owners of stock i to Metal is

much more important than the amount of attention being paid to Ag. Therefore, to aggregate this

to the stock level, I take a |βi,c,t| weighted average of SRAWATTNi,c,t for each i and t and define

RAWATTNn
i,t ≡

Ci∑
c=1

wi,c,tSRAWATTNi,c,t (3.10)

where Ci is the number of commodities that i has exposure to at time t and wi,c,t ≡ |βi,c,t|∑Ci
c=1 |βi,c,t|

.

RAWATTNn
i,t abstracts away from investor classes and discriminates among the sophisticated

owners of stock i. The goal is to show that in addition to attention being paid to a particular

stock by sophisticated investors, the types of sophisticated investors also have an important effect

on the efficiency of prices. A stock that has investors highly focused on its associated commodity

sector will likely be efficient at incorporating information from that commodity sector because those

investors have significant incentives to pay attention to that information source. On the other hand,

a stock owned by sophisticated investors whose portfolios have very little to do with the associated

commodity sector will likely be inefficient with respect to information from that sector.

Similar to RAWATTN s, RAWATTNn will also have important loadings on various previously

known factors. In order to purge any effect those factors may have, I employ monthly Fama-
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MacBeth regressions with RAWATTNn as the dependent variable and the same set of controls as

in (3.6):

RAWATTNn
i,t = θ0,t + θbm,tlog(BM)i,t + θme,tlog(MEi,t) + θio,tIOi,t +

+ θbr,tBREADTHi,t + θmb,tβm,i,t + θr,tRi,t + θmom,tRi,t−12→t−1 +

+ θiv,tIVi,t + εni,t (3.11)

I define a residualized commodity attention metric for each stock as the residual of this regression:

ATTNn
i,t ≡ εni,t (3.12)

and report results for RAWATTNn as well as ATTNn as measures of attention to commodity

news. The results of these orthogonalizing regressions are presented in Table 11. Similarly to

RAWATTN s it has a negative loading on BM and a positive loading on IV . The R2 from these

regressions are significantly lower which suggests that this metric is capturing a significant amount

of information outside of the control variables. I present return sorts categorized by RAWATTNn

and ATTNn to verify that both produce the results we would expect: stocks owned by funds that

don’t have a significant commodity exposure are slow to react to commodity news.

Table 12 presents the results of sorting stocks into low and high attention categories based on

RAWATTNn. Then within each attention category I sort stocks into quintiles based on Ri,c,t and

form value weight quintile portfolios. I go long stocks that have had positive commodity news and

short those having negative commodity news. I hold the portfolio over the following month and

rebalance monthly.

Stocks owned by investors who do not pay attention to the commodity sector (indicated by

the “Low” RAWATTNn category in Table 12) have a significant inefficiency with respect to the

commodity sector. The 5 − 1 long/short portfolio formed within this group of stocks generates

an alpha of approximately 1.3% per month (N-W tstat of 3.64) vs. the 5 − 1 portfolio formed

within the “High” attention category that generates a statistically insignificant alpha of .2% per

month (N-W tstat of .32). I form the same quintile portfolios in the residualized version of the

commodity attention metric, ATTNn and present results in Table 13. The 5 − 1 portfolio in the
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“Low” attention category generates an alpha of 1.4% per month (N-W tstat of 2.65) vs. the 5− 1

portfolio in the “High” attention category that has a statistically insignificant alpha of .3% per

month (N-W tstat .59).

Both the residualized and the raw attention metrics deliver a sorting procedure that is able to

categorize securities into those that are efficient and inefficient with respect to commodity news by

discriminating among the sophisticated investors that own the stock. The alphas are economically

and statistically significant and offer a challenge to the purely rational version of asset pricing that

does not take into account the cognitive limitations of investors. There is another channel through

which securities can fail to be fully efficient with respect to the commodity market: investors may

not realize that they are affected by commodities because their exposure is nuanced. This idea is

taken up in the next section.

3.3 Stock-Commodity Association Salience

Certain companies are inherently easy to recognize as those that are affected by commodity prices.

For example, a November 2, 2012 New York Times article titled “Exxon and Shell Earnings, Hurt

by Natural Gas, Are Helped by Refining” discussing the earnings of Exxon Mobil states: “Exxon

Mobil and Royal Dutch Shell reported lackluster earnings on Thursday because of declining oil and

natural gas production and weak domestic gas prices. ... Energy analysts were not surprised by the

results since natural gas prices in the United States were roughly 30 percent lower than the year

before.” Clearly, investors are aware of the impact that the energy complex has on this particular

company. Other companies may be connected to commodity prices in a more nuanced way that isn’t

clearly obvious to investors. Therefore, securities whose earnings are overtly related to commodity

prices should be efficient in incorporating news from the commodity market into their prices; on

the other hand, securities whose earnings have a more complicated connection to commodities may

take time to fully incorporate commodity news. The most direct way to understand the salience of

the association between a particular stock and commodity is by seeing how frequently news articles

mention the two together in the same article (as a percentage of total articles about the company).

If the commodity is a primary concern for investors, then it is likely mentioned very frequently in

articles discussing the company.

To examine this degree of salience, I use news articles from the Financial Times, New York
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Times and Wall Street Journal (searched using Factiva). For each company that appears in my

sample (associated with a particular commodity sector using the procedure of Section 2.2), I split

the time period (from the first date it appears to the last date) into five year intervals and search

for the company name to determine how many articles are written about that company during a

particular five year period, CONEWSi,t. The online Appendix provides details on how I process

the company names from CRSP to retrieve the most relevant matches. I convert the number of

articles to daily units (dividing CONEWSi,t by the number of days in the time interval) since

not all time intervals are going to be exactly five years. For example, some companies may only

exist for a year and to compare their news coverage to companies that exist for five years, one

must scale by time since companies existing for a longer duration will have more articles written

about them. I also search for articles that contain the company name and at least one name of a

commodity from its associated commodity sector, CMDTY CONEWSi,c,t, during the same time

interval (once again converted to daily units). The names of the commodities are from Table 1 and

the online Appendix provides details on the exact construction of search strings.

For ease of exposition, I would like to provide an example of this procedure using Exxon Mobil

as the example company and Energy as the commodity sector. Exxon Mobil first appears in the

sample on 05/31/1986 and remains until 12/31/2012. I split this period into five year intervals:

(05/31/1986, 05/31/1991), (05/31/1991, 05/31/1996), (05/31/1996, 12/31/1999), (12/31/1999,

12/31/2004), (12/31/2004, 12/31/2009), (12/31/2009, 12/31/2012). Note that the 1996 - 1999

interval is only 3 years: the reason for this is that prior to that date Exxon Mobil was known as

Exxon Corp. and it merged with Mobil at the end of 1999, thus becoming Exxon Mobil Corp.

This is important because this name change causes a change in the search string used for news

processing as well as highlighting why it is important to convert all results to daily units. This

company is associated with the Energy sector and thus its particular commodity keyword set is

(“Brent”, “Crude Oil”, “Gasoil”, “Heating Oil”, “Oil”, “Natural Gas”, “Gasoline”, “Gas”, “WTI”,

“West Texas Intermediate”). The processed company name is “exxon corp” prior to the merger

and “exxon mobil” after the merger. Therefore, for the (12/31/2009, 12/31/2012) period the search

string without keywords typed into Factiva is:

exxon mobil and date from 12/31/2009 to 12/31/2012 and (rst=FTFT or rst=J or
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rst=NYTF)

and this yields 1068 matches. The string including the keywords is:

exxon mobil and (Brent or Crude Oil or Gasoil or Heating Oil or Oil or Natural Gas

or Gasoline or Gas or WTI or West Texas Intermediate) and date from 12/31/2009 to

12/31/2012 and (rst=FTFT or rst=J or rst=NYTF)

which yields 890 matches. Both of these numbers are then converted to daily units by dividing the

match number by 1095 - the number of days in the time period. The online Appendix provides

details of the general string construction procedure.

It is important to understand the validity of search results that appear: each additional news

article that is written about a company increases the information availability about this company

but at a decreasing rate. In other words, in the case of companies that have thousands of articles

discussing them, additional articles are unlikely to provide the same amount of marginal information

as they would for companies that only have tens of articles (for widely covered companies, news

sources tend to simply report the same information in different form). This is analogous to analyst

coverage for companies: the value of each additional analyst covering a company decreases as the

total number of analysts covering the company grows. To properly account for decreasing marginal

value of analysts, Hong et al. (2000) apply the log transform to the number of analysts covering

a company. I apply their logic to the number of articles released about a company. Specifically, I

define

conewsi,t ≡ log(1 + CONEWSi,t) (3.13)

where CONEWSi,t is the number of articles released about a particular company during time

period t. Similarly, I define

cmdtyconewsi,c,t ≡ log(1 + CMDTY CONEWSi,c,t) (3.14)

where CMDTY CONEWSi,c,t is the number of articles that mention company i and commodity

sector c together in the same article during time period t. Furthermore, certain periods may have

more articles discussing commodities than other periods (for geopolitical reasons, for example).

However, I am interested in a relative ranking among companies regarding their commodity salience.
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Therefore, I Z-Score conewsi,t and cmdtyconewsi,c,t within each time period. This provides me

a relative ranking regarding how much news coverage each company receives during each time

period with and without its associated commodities. Finally, I define the commodity salience for

a particular stock i, commodity sector c and time period t as the proportion of news stories that

mention the commodity and the company as a total fraction of news stories that mention the

company:

csi,c,t ≡
cmdtyconewsi,c,t

conewsi,t
(3.15)

Companies may have multiple commodity sectors associated with them, as explained in Section

2.2, so I follow the same procedure as in Section 3.2 to collapse this information to the company

level. Specifically, for each company i I define the level of salience to be a |βi,c,t| weighted average

of csi,c,t:

RAWCSi,t ≡
C∑
c=1

wi,c,tcsi,c,t (3.16)

where Ci is the number of commodities that i has exposure to at time t and wi,c,t ≡ |βi,c,t|∑Ci
c=1 |βi,c,t|

.

In words: if a stock’s returns have a large exposure to Metals but only a small exposure to Ag,

then the cs of Metals should be much more important in our understanding of whether investors

properly associate stock i with the commodity sector.

As was done previously, it is prudent to check if RAWCSi,t has loadings on any of the controls

(size, book-to-market, etc.) used to residualize RAWATTN s and RAWATTNn. To do this I

follow the same methodology by running monthly Fama-MacBeth regressions of the form:

RAWCSi,t = θ0,t + θbm,tlog(BM)i,t + θme,tlog(MEi,t) + θio,tIOi,t +

+ θbr,tBREADTHi,t + θmb,tβm,i,t + θr,tRi,t + θmom,tRi,t−12→t−1 +

+ θiv,tIVi,t + εcsi,t (3.17)

and defining the residualized version of commodity salience as

CSi,t ≡ εcsi,t (3.18)
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Table 14 presents the loadings of RAWCSi,t on the common variables known to influence equity

returns. It is not evident that any of the control variables have a significant correlation with

RAWCS, however, I remain prudent by presenting results using RAWCS and CS.

Each month (belonging to one of the non-overlapping five year periods) I sort companies into low

and high salience categories based on RAWCSi,t (CSi,t); within each salience category I sort stocks

into value weighted quintiles based on Ri,c,t and go long (short) stocks that have positive (negative)

commodity return news10. If investors have trouble understanding that certain companies are

affected by commodities then the trading strategy in the low salience category should be highly

profitable while it should produce no alpha in the high salience category; this is exactly what I

find. Tables 15 and 16 provide the results of this experiment.

Examining Table 15, the results are striking: companies in the low salience category are in-

efficient in incorporating commodity information allowing one to generate approximately 1.1% of

four factor alpha per month (N-W t-statistic 2.47) while companies that have a high commodity

salience generate much less (statistically insignificant) alpha: .4% per month (t-statistic of .74).

The difference between these two categories of .8% per month is significant economically as well as

statistically (N-W t-statistic of 1.96). Table 16 presents results that are largely similar: portfolios

in the low salience category generate approximately 1% of alpha per month vs .3% in the high

salience category.

This highlights a particular source of market inefficiency: investors sometimes do not fully un-

derstand all the factors that can influence a company either because the company is too complicated

and there may be too many factors to take into account, as explored by Cohen and Lou (2012), or

because the connection to the information source may be nuanced.

3.4 Time Varying Cognitive Burden

Section 3.1 and 3.2 examined how inattention varies cross-sectionally showing that stocks owned

by attentive investors are more efficient than stocks owned by inattentive investors. However,
10Strictly speaking this introduces forward looking information into the sorting procedure since sorting stocks based

on CSi,t includes news counts from the five year period that month happens to fall into. The main reason this is
done is to avoid the computational cost of searching for news articles each month: this would require approximately
60 times the number of Factiva searches currently done. There is also little reason to believe this simplification would
bias the results as a 5 year period is long time frame and having many news stories associated with a company is
not correlated with a positive or negative return relationship. Note that while news counts have forward looking
information, there is absolutely no forward looking information in Ri,c,t.
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information burden for investors varies over time: some periods - for example earnings season -

tend to be a particularly busy and cognitively constrained time. When companies are reporting

significant amounts of idiosyncratic information then investors must keep up with many different

sources of news. At these times, inattention to commodities should be exacerbated (for example

PEAD is larger at times of high cognitive burden as shown by Hirshleifer et al. (2009)).

To test this hypothesis, each month I compute a measure of cross-sectional return dispersion

defined as the cross-sectional standard deviation of returns that month of all securities in CRSP:

XDt ≡

√√√√ 1
N − 1

N∑
i=1

(
Ri,t −Rt

)2
(3.19)

Months where XD is high, are periods when stocks are behaving particularly differently from one

another. In other words, there is a significant amount of idiosyncratic information being released.

I categorize all trading months into high and low information burden periods. Then I create two

trading strategies: one that trades only in high information burden (HIB) periods and another that

trades only low information burden (LIB) periods. Specifically, at the end of month t, I sort stocks

into value weight and equal weight quintile portfolios (as in Section 2.3) and go long (short) stocks

with positive (negative) commodity sector news. If XDt falls into the high (low) category then

the resulting return in month t + 1 is attributed to the HIB (LIB) strategy. I then run a factor

attribution regression for the HIB and LIB strategy using only periods in which there is trading in

each. By construction, half of the months in the sample will be HIB periods and half will be LIB

periods. Another way to think about this exact situation is simply running a factor attribution

regression for the basic quintile sort strategy of section 2.3 that includes indicator variables on all

independent variables (including the constant) taking the value 1 (0) if the previous period was an

HIB (LIB) period. Notably, I allow factor exposures of each strategy to be different to make sure

that the results are not driven by regime changes in factor exposure.

Tables 17 and 18 report the results of this hypothesis test. The difference between HIB and

LIB periods is large and significant in value weight and equal weight portfolios. The commodity

inattention strategy has alphas of over 2% per month in HIB periods and alphas that are indis-

tinguishable from 0 in LIB periods. During periods when investors are burdened with too much

idiosyncratic information, they are more likely to ignore the commodity market.

25



3.5 Channel Uniqueness

I have presented several channels through which investors may be inattentive to information in

the commodity market: they may be ignoring particular portions of their portfolio, they may be

ignoring the commodity market as a source of information, they may misunderstand the dependence

some equities have on the commodity market or they may simply be overwhelmed with a large

amount of idiosyncratic information and thus not have the capacity to fully process everything

that is relevant. I have also shown that the metrics I use to proxy for these channels are robust to a

set of controls commonly associated with equity anomalies. However, it is important to check that

they truly represent unique channels affecting attention. The methodology I have used until this

point (sorting into portfolios) is useful because of its non-parametric nature allowing me to capture

any non-linearities inherent in the relationship between the intertemporal correlation of Ri,c,t and

Rei,t+1. However, it is difficult to test multiple effects in that framework; the typical way to combine

cross-sectional effects (and the methodology I use in the robustness section of the paper, Section 4)

is Fama-MacBeth. However, one of my metrics - time varying cognitive burden - is strictly a time

series variable and thus it is more natural to test results in a pooled panel regression to estimate

these effects. To focus attention of the cross-sectional metrics on the cross-sectional influence on

stocks, I use monthly (time) dummy variables as would be done in a Fama-MacBeth estimation

except now I am free to interact XDt with Ri,c,t. I briefly detail it here to set specifics: the model

driving returns:

Re
i,t+1 = at+1 +

(
β0 + β11HIB,t + β2RAWCSi,t + β3RAWATTNn

i,t + β4RAWATTNs
i,t

)
Ri,c,t + (3.20)

+η11HIB,t + η2RAWCSi,t + η3RAWATTNn
i,t + η4RAWATTNs

i,t + θ′Xi,t + εi,t+1

= at+1 + β′ [Ri,c,t Γi,tRi,c,t]T + η′Γi,t + θ′Xi,t + εi,t+1 (3.21)

where 1HIB,t is an indicator variable that is 1 (0) if XDt falls into the high (low) burden period -

half of the periods are high and half are low as in Section 3.4; RAWCSi,t is the commodity salience

associated with stock i at time t from Section 3.3, RAWATTNn
i,t is the attention being paid to the

commodity sector by the owners of i at time t as in Section 3.2, RAWATTN s
i,t is the amount of

attention being paid to stock i by sophisticated investors at time t as in Section 3.1, and Xi,t is a
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vector of control variables:

Xi,t = [log(BM i,t), log(MEi,t), IOi,t, BREADTHi,t, βm,i,t, Ri,t−1, Ri,t−13→t−2, IVi,t] (3.22)

as in Eq 3.6. Regression (3.20) allows me to control for a set of variables that affect equity returns,

control for the effect of the attention modifying variables on equity returns and, most importantly,

determine how they affect the intertemporal relationship between Ri,c,t and Rei,t+1 by observing

the estimates of β1 through β4. By including the time dummies (at+1), this regression focuses

on estimating the cross-sectional effects of the return modifying variables (except time varying

cognitive burden which clearly has no cross-sectional effects). To estimate (3.20), I take the cross-

sectional mean of the equation (noting that the cross-sectional mean of a variable that is constant

for a particular time period is simply that variable):

Ret+1 = at+1 + β′
[
Rc,t Γi,tRi,c,t

]T
+ η′Γi,t + θ′Xi,t + εt+1 (3.23)

Subtracting (3.23) from (3.20) yields:

R̃ei,t+1 = β′
[
R̃i,c,t ˜Γi,tRi,c,t

]T
+ η′Γ̃i,t + θ′X̃i,t + ε̃i,t+1 (3.24)

where the tilde over the variable indicates the cross-sectional demeaned variable for that time

period, for example X̃i,t = Xi,t −Xt. Equation (3.24) is estimated by OLS as usual. This is the

usual centering method for estimating a regression with time dummies. In addition to centering,

I scale all my variables by their cross-sectional standard deviation so that the obtained estimates

can be evaluated (it is much easier to understand the regression coefficient when each variable is

in units of standard deviation). Standard errors are corrected for correlation by double clustering

on time and stock. Table 19 presents the results of this regression.

The first set of regressions labeled (1) verify that the regression coefficient of Ri,c,t is positive

and highly significant as we would expect given the exhaustive results presented thus far. The

magnitude is not significantly affected by any of the presented controls (more controls will be added

in Section 4). A one standard deviation increase in commodity news causes a .04 standard deviation

increase in Rei,t+1 relative to the average stock return that period after controlling for momentum,
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book-to-market, size, market β, and idiosyncratic volatility. Examining set (2) of regressions that

include RAWATTNn attention modification variable one can see that the estimate is negative and

highly significant, as expected, showing that the relationship between Ri,c,t and Rei,t+1 becomes

smaller as RAWATTNn increases. In words, the more attention that is paid to commodity news

by owners of i, the more efficiently commodity news is priced into i this month without spilling

over into next month. The magnitude is economically significant as well: a one standard deviation

increase in RAWATTNn causes a 20% decrease in the effect of Ri,c,t into next period. Set (3)

includes RAWCS as the attention variable once again with a negative slope: a larger proportion

of news stories that mention stock i and its associated commodities the clearer the connection

becomes for i’s investors and the more efficiently i is priced. Set (4) includes the dummy variable

for high information burden months: the coefficient estimate is positive in this case suggesting

that the amount of commodity news that gets priced (inefficiently) the following month increases

during periods with high informational burden. The coefficient estimate is quite large suggesting

that all of the time series effects of inattention occur during high informational burden periods.

Set (5) includes RAWATTN s interacted with Ri,c,t: the estimate is negative and significant. More

attention paid to stock i by it’s sophisticated owners yields higher efficiency in pricing and therefore

a lower lag in incorporating information from the commodity sector.

In all of these regressions we see that the attention modifying variables alone (without interact-

ing them with Ri,c,t) have negligible estimates as we’d expect: high attention paid to a particular

stock has no affect on returns by itself (only as a modifying variable for Ri,c,t). Finally, set (6)

includes all of the attention modifying variables jointly: the results are unchanged, they all have

an affect on the ability of Ri,c,t to predict Rei,t+1. Furthermore, their magnitudes to not change

when included jointly suggesting that they truly are independent sources of inattention. This is to

be expected as the goal was to target disjoint portions of cognition, however, the panel regression

verifies that this effort was successful.

4 Robustness

The previous sections have demonstrated that equities are slow to fully incorporate all available

information from the commodity market into their price. I would like to show that this phenomenon
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is distinct from several other anomalies that are already known, is not due to lookahead bias in

commodity information or staleness of small security prices, and isn’t an artifact of the particular

methodology I have used (categorizing commodities into sectors and using a p-value cutoff for

selecting stocks).

4.1 Fama-MacBeth

To show that the underreaction to commodities is a unique phenomenon, I am going to use monthly

Fama-MacBeth regressions with the stock universe selected using the methodology in Section 2.2

(as has been used in the rest of the study). There are several phenomena which serve as good

candidates for robustness. First, there are the usual stock level candidates that have been known

to produce anomalous returns in the past: stock reversals, size, value, and stock momentum. Stock

reversals have been documented in the literature (for example Avramov et al. (2006)) and are

particularly strong in smaller securities. Size, value and momentum anomalies are well studied

and exposure to their respective factors has been controlled for in all the previous trading strategy

attribution results. However, as Daniel and Titman (1997) show, characteristics can still play a

role in pricing even after controlling for factor exposure therefore I include them as variables in the

Fama-MacBeth regressions.

The next set of controls revolves around industries. Since individual stock commodity sector

β is noisy, I have proxied for it using the β of the industry that the stock belongs to. This can

cause my results to be driven by industry phenomena that are already known: various forms of

industry momentum reported by Moskowitz and Grinblatt (1999) and intra-industry large to small

stock information diffusion of Hou (2007). The industry momentum controls are the last 12 month

return of the industry that a particular stock belongs to (IRei,t−11→t), a 1 month lag of this return

(IRei,t−12→t−1), last month’s industry return (IRei,t), and two month lag industry return (IRei,t−1).

I control for the effect of Hou (2007) by splitting each industry into large and small stocks (at

that industry’s median market capitalization) and creating a value weighted portfolio of large stock

returns in that industry (LIRei,t).

The left hand side of the regression is individual excess stock returns in my universe, Rei,t+1, and

the predictive quantity I am concerned with is Ri,c,t as before. I report the results, average R2, and

number of firms for each Fama-MacBeth regression in Table 20. The controls do not decrease the
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significance of the result that I have shown in previous sections: stocks underreact to commodity

news.

4.2 Stale Pricing and Lookahead Bias

Another potential problem to guard against is that smaller stocks might not be trading at the end

of the day and since this effect is stronger in smaller securities, there may be lookahead bias in

commodity information. Imagine a situation where a stock does not trade in the last hour of the

day and the return computed in CRSP is actually based on the midpoint of a very wide bid-ask

spread. In that case, I would be using end of day information in commodities but my equity returns

would be based on prices that were only true an hour before close leading to lookahead bias. In

this section I show that this problem is not corrupting my analysis in two ways: first commodities

actually stop trading earlier than equities and some actually stop trading many hours earlier. Table

21 lists the exchange closing times for the commodities used in this study. The exchanges that trade

energy commodities are the latest to close among the commodities used and finish trading by 2:30

PM; agricultural commodities and metals finish trading even earlier. Given these circumstances, it

is unlikely that there is any lookahead bias in my analysis.

However, to be sure, there is a more conservative way to conduct the analysis. At the end of

the month, I simply sort stocks based on commodity information that was known on the second to

last day of the month. This skipping of one day guarantees a conservative result that is immune to

lookahead bias. Specifically, at the end of each month I sort stocks into small and large categories

based on the NYSE median as before. Within each size category I sort stocks into quintiles using

commodity news that only uses information on the second to last day of the month (instead of

the last day) and form value weighted portfolios. As before I go long stocks that have positive

commodity news and short stocks that have had negative commodity news. Table 22 presents the

results of this robustness experiment. This inattention strategy using the second to last day of

the month commodity information yields 1.7% per month four factor alpha in small stocks and an

insignificant .5% in large stocks (difference of 1.2%, Newey-West t-statistic of 3.68). Clearly the

results presented earlier are not driven by any sort of lookahead bias in commodity information.

30



4.3 Individual Commodities and Alternative Methodology

While the stock universe selection mechanism described in Section 2.2 is straightforward and trans-

parent, it is nonetheless important to make sure that a different methodology does not produce

contradicting or vastly different results. There were three choices that I made in the classification

scheme: 1) to classify commodities into sectors, 2) to use a cutoff to retain only the industries that

have a statistically significant association with a commodity sector, and 3) retain securities that

behave like the rest of their industry with respect to the commodity sector. In this section I will

relax these assumptions by using individual commodities (rather than commodity sectors) and I

will use the elastic net framework of Zou and Hastie (2005) to fit a sparse commodity model to

each equity industry using leave-one-out cross validation rather than using a t-statistic cutoff as I

had done in Section 2.2. I will refrain from removing securities that behave differently than the

rest of their industry with respect to individual commodities, thus relaxing assumption 3. In other

words, I will attempt to use a different statistical mechanism that relaxes my earlier assumptions to

determine if the results still indicate that equity investors are not fully attentive to the commodity

market.

The elastic net framework is a combination of ridge regression of Hoerl and Kennard (1970)and

LASSO of Tibshirani (1996). OLS suffers from the problem that highly correlated independent

variables produce a poorly conditioned covariance matrix that leads to extreme coefficients on

those variables (often of different signs). Ridge regression attempts to overcome this problem by

penalizing the square of the coefficients to shrink the coefficient magnitude on correlated variables

toward zero. This has the effect of “averaging” several correlated variables and using a modest

coefficient on that average. However, ridge regression retains all the variables in the model even

if some of them are irrelevant. LASSO, on the other hand, explicitly sets some coefficients to

zero. This has the effect of selecting a parsimonious model to represent the dependent variable.

Tibshirani (1996) provides some intuition on how the LASSO objective function differs from ridge

regression: in a simplified problem with orthonormal independent variables the LASSO objective

function shifts the magnitude (absolute value) of the OLS coefficient by an amount related to λ (the

magnitude of penalization). Ridge regression, on the other hand, scales the OLS coefficients by an

amount related to λ. In this sense, LASSO is similar to subset selection but operates in a continuous
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fashion if the resulting coefficient is non-zero. Figures 1 and 2 in Tibshirani (1996) illustrate this

difference. Elastic net, therefore, selects a parsimonious model but “averages” correlated variables

by shrinking their coefficients toward zero rather than simply selecting a particular variable of the

correlated subset (as LASSO might).

Formally elastic net solves the following optimization problem:

min
a,β

1
T

T∑
t=1

(
IRj,t − aj,t − β′j,tRd,t

)2
+ λ

[
(1− α)‖βj,t‖22/2 + α‖βj,t‖

]
(4.1)

where Rd,t is a vector of individual commodity returns and IRj,t is an industry return. There are

two choices that need to be made: how much penalization is done overall (λ) and how to combine

the features of LASSO and ridge regression (α). λ is selected using leave-one-out cross-validation

while α is usually selected apriori (in my analysis I set α = .5 as described in Zou and Hastie

(2005)). To implement cross-validation I use a backward looking rolling 5 year window of non-

overlapping weekly returns. For a particular value of λ I leave one week out (validation sample),

fit the model over the remaining weeks (test sample), and compute the RMSE in the validation

sample. I repeat this process in the same 5 year window leaving out a different week and again

calculating the model error. I then average the RMSE over all the validation samples and pick

the λ that yields the lowest average error. Note that Rd,t is standardized prior to the fit so that

commodities are treated equally in the selection procedure (if returns were not standardized then

commodities that are unusually volatile would be penalized less since their β would naturally be

smaller).

Using this fitted model I compute Ralti,c,t ≡ β′j,tRd,t at the end of each month for all stocks in

CRSP and sort securities into small and large categories using the NYSE median. For each size

category I then form value weighted quintile portfolios based on Ralti,c,t going long (short) stocks

with positive (negative) commodity news. Many of the stocks in CRSP simply do not have strong

commodity associations so that βj,t = 0 and, therefore, Ralti,c,t = 0. I first report results that

include these stocks with 0 commodity news to simply show that my conclusions hold when using

the entire CRSP universe. This sample will have significantly smaller alpha simply because a lot of

the securities have extremely small relationships to commodities and thus the spread in commodity

news of the long short portfolio will be smaller. I also report results after eliminating securities
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that have “low” commodity news: to do this, each month I compute a commodity news Z-Score

using the entire CRSP cross-section.

RZalti,c,t =
Ralti,c,t −Raltc,t
σt(Ralti,c,t)

(4.2)

Each month I only form portfolios using stocks that have “high” commodity news by keeping

securities where |RZalti,c,t| > 1: that is, this procedure keeps securities that have commodity news

larger than 1 standard deviation relative to the rest of the CRSP universe. Table 23 and 24 report

the results of these two experiments.

Using the entire CRSP universe, the inattention trading strategy using this methodology yields

a four factor alpha of .55% per month in small securities and an insignificant −.02% per month

in large securities (difference .572%, Newey-West t-statistic 2.476). Using a sample of securities

that have high commodity news, the inattention strategy yields a four factor alpha of 1.5% per

month in small securities and an insignificant .33% per month in large securities (difference 1.187%,

Newey-West t-statistic 3.11). There are several inferences that are worth noting from these results:

first, the inattention phenomenon is not dependent on a specific type of methodology selected in

this study. It is robust to using an alternative model selection procedure and using all commodities

individually instead of classifying them into a commodity sector. Second, these results confirm the

size phenomenon identified earlier: small stocks underreact more to commodity news than large

stocks.

In summary, equity investors do not fully appreciate the relevance of the commodity market

for equity returns. The results are robust to other previously known phenomena, are not driven

by any sort of stale pricing or lookahead bias in commodity data, and are robust to a completely

different model selection methodology.

5 Conclusion

Understanding how information is incorporated into prices is an important research area that

informs market design and asset allocation. Much of the rational asset pricing literature has

argued that prices incorporate all publicly available information into prices instantaneously. More
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recently, empirical and theoretical work has started examining the psychological impediments that

could prevent investors from acting exactly like infinite capacity computers. Investors may have

capacity constraints on how much information they can process per unit of time.

This study has examined how equity investors incorporate information from the commodity

market into stock prices. I have shown that investors underreact to commodity information leading

to predictable stock returns. In particular, investors ignore information that is least important

to their overall portfolio. Therefore stocks that are “unimportant” to their owners are slow to

fully incorporate all available information. Similarly investors ignore commodity news if their

overall portfolio is not significantly affected by this news; stocks affected by commodity news

that are owned by investors who ignore commodity news underreact to commodity information.

Investors also fail to appreciate a firm’s connection to a commodity when that connection is nuanced

and not frequently mentioned in the press. Finally, inattention to commodities is significantly

stronger in periods when investors have many idiosyncratic information sources to process. Future

areas of research should continue to explore the costs investors face in acquiring information and

incorporating it into prices.

A Appendix

There are several steps to parsing company names from CRSP in order to convert them to viable

Factiva searches; I detail the process I followed in this section. First, any companies who’s names

are acronyms, for example the Chicago Board of Exchange (CBOE) and Home Box Office (HBO)

are often listed in CRSP as “C B O E” and “H B O” while being cited as “CBOE” and “HBO” in

news stories so I remove spaces in such instances. Second, companies of the form ABC.com and

XYZ.com are represented in CRSP as “ABC COM” and “XYZ COM”. I reinsert the “.” between

the company name and “COM”. Third, CRSP abbreviates some words in company names: for

example rather than ABC Holdings they may write “ABC HLDGS” or “ABC HLDS” or “ABC

HLDNGS” (there are many more variations). I standardize all of these abbreviations to their full

word. Fourth, CRSP includes state names at the end of company names occasionally but these

are generally not listed in news articles so I remove these from company names (ex: CA, NJ, FL,

etc.) if a state abbreviation appears as the last word of a company name. Finally, CRSP includes

34



abbreviations for corporate entity identification like “CO”, “CORP”, “LLC” at the end of company

names that are not present in news articles so I remove these identifications if the company name

is more than one word (in the event it is only one word I leave it in because some companies are

not identifiable with such a short name).

The commodity sector keywords associated with each commodity sector are as follows: Energy

keywords are "Brent", "Crude Oil", "Gasoil", "Heating Oil", "Oil", "Natural Gas", "Gasoline", "Gas",

"WTI", "West Texas Intermediate"; Ag keywords are "Cocoa", "Coffee", "Corn", "Cotton", "Kansas

Wheat", "Soybeans", "Sugar", "Wheat"; Metal keywords are "Aluminum", "Copper", "Gold", "Lead",

"Nickel", "Silver", "Zinc". The search string for news articles without commodity names is

CompanyName and date from StartDate to EndDate and ( r s t=FTFT or r s t=J

or r s t=NYTF)

while the search string with commodity names is

CompanyName and (Keyword1 or Keyword2 or Keyword3 or . . . ) date from

StartDate to EndDate and ( r s t=FTFT or r s t=J or r s t=NYTF)
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Table 1: List of Commodities: 1983-2012

List of commodities used in the study and their classification into commodity sectors. Note that RBOB HU denotes the
time series splicing together of the Unleaded Gasoline (HU) contract and the Reformulated Blendstock for Oxygenate
Blending (RBOB) as HU was phased out from trading. WTI denotes the West Texas Intermediate crude oil contract.
Futures contract prices and specifications are obtained from Bloomberg as in Koijen et al. (2013). The sample runs
from 1983-2012, though some commodities begin trading only in later years; they are added to the sample as they
become available.

Ag Energy Metal
Cocoa Brent Crude Aluminum
Coffee Gasoil Copper
Corn Heating Oil Gold

Cotton Natural Gas Lead
Kansas Wheat RBOB HU Nickel

Soybeans WTI Silver
Sugar Zinc
Wheat
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Table 3: Summary Statistics

Panel A presents summary statistics describing the selected equity universe, CRSP and NYSE stocks. To compute
these summary statistics for a given set of securities (selected sample, CRSP, NYSE), each month I take an equal
weighted (value weighted) cross sectional average of each characteristic across the sample. The time series properties
of that cross sectional average are then reported. Equity data is obtained from CRSP and Compustat spanning 1983
- 2012. “Fraction of CRSP Universe” denotes the fraction of the CRSP market capitalization that each universe
comprises. “Fraction of Positive Commodity Beta Stocks” computes the average commodity β for a given (stock,
month) tuple - since some stocks can have more than one commodity associated with them - and then computes the
fraction of stocks that have average β > 0 for a particular month. The time series properties of this fraction are then
reported as with the rest of the statistics. Panel B presents information regarding the selected SIC codes: the average
number of total SIC codes, the average number of selected SIC codes and the average number of commodity sectors
associated with each SIC code. It also lists the top three SIC codes associated with each commodity sector (by |β|
to the commodity sector). Note that the name “Administration Of Environmental Quality and Housing Programs”
listed under the Metal commodity sector is somewhat misleading as this SIC code is only selected between 2011 and
2012 during which it includes only one company: China Shen Zhou Mining & Resources, Inc., which is a metals
mining company and hence has a high exposure to Metal.

(a) Selected Universe Characteristics
Selected Universe CRSP NYSE

Statistic Mean SD Min Max Mean Mean
Book-To-Market EW 0.95 0.42 0.40 3.45 1.31 1.03
Book-To-Market VW 0.46 0.11 0.19 0.88 0.46 0.48
Size (in thousands) 2,897,212 2,012,648 456,139 7,382,285 2,060,697 5,226,981
Excess Returns EW 0.78 6.07 -28.40 19.52 0.82 0.78
Excess Returns VW 0.63 4.37 -22.19 13.80 0.57 0.66
Number of Firms 723 309 233 1697 4940 1434
Fraction of CRSP Universe 0.21 0.11 0.05 0.51 1.00 0.80
Fraction of Positive Commodity Beta Stocks EW 0.60 0.17 0.25 1.00
Fraction of Positive Commodity Beta Stocks VW 0.55 0.16 0.22 1.00

(b) Selected SIC Code Summary
Total SIC Codes Selected SIC Codes Mean Assocations/SIC Code

72.5 16.1 1.2

Energy Ag Metal
Oil And Gas Extraction Agricultural Services Administration Of Environmental Quality And Housing Programs
Coal Mining Coal Mining Metal Mining
Water Transportation Agriculture Production Livestock and Animal Specialties Miscellaneous Repair Services
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Table 7: Mutual Fund Universe Summary Statistics

Summary statistics regarding the mutual funds used to construct inattention measures. Each month I take an equal
weighted average among all funds of a particular statistic (i.e. number of funds), then I report the time series
properties of that average.

Statistic Mean SD Min Max
Number of Funds 2299.29 1268.32 383 4084
Number of Stocks Held by All Funds 4141.55 836.25 3022 5872
Fraction of CRSP Number of Stocks 0.75 0.14 0.50 0.92
Number of Stocks Held by Each Fund 77.59 19.00 23.00 102.28
Fund’s Portfolio Value (in $B) 0.46 0.27 0.00 1.28
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Table 8: Stock Inattention Metric Fama-MacBeth Residualizing Regressions

Results of Fama-MacBeth residualizing regressions, equation (3.6). The RAWATTNs metric has highly significant
loadings on many known factors that affect stock efficiency; by residualizing to these metrics and using ATTNs,
equation (3.7), as the attention sorting variable I am able to purge their effects and focus on the unique portion of
the variable that captures the effects I am demonstrating.

bmi,t log(MEi,t) IOi,t BREADTHi,t βi,m,t Rei,t Rei,t−12→t−1 IVi,t (Intercept) R2 N

(1)
-0.181 -0.288 -1.587 0.021 3.291 50.31% 490.191

[-12.72] [-7.49] [-4.95] [28.47] [7.06]

(2) -0.178 -0.294 -1.633 0.021 0.064 3.307 50.76% 490.159
[-12.76] [-7.56] [-5.17] [28.56] [4.27] [7.13]

(3) -0.125 -0.314 -1.626 0.022 0.063 0.005 0.002 3.536 51.86% 484.191
[-11.95] [-7.49] [-5.27] [28.39] [4.25] [4.72] [4.86] [7.11]

(4) -0.089 -0.186 -1.405 0.021 0.041 0.002 0.002 0.018 1.364 54.24% 484.191
[-7.87] [-5.03] [-4.61] [26.06] [3.26] [2.35] [5.99] [12.40] [3.16]
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Table 11: News Inattention Metric Fama-MacBeth Residualizing Regressions

Results of Fama-MacBeth residualizing regressions, equation (3.11). The RAWATTNn metric has highly significant
loadings on many known factors that affect stock efficiency; by residualizing to these metrics and using ATTNn,
equation (3.12), as the attention sorting variable I am able to purge their effects and focus on the unique portion of
the variable that captures the effects I am demonstrating.

log(BMi,t) log(MEi,t) IOi,t BREADTHi,t βi,m,t Rei,t Rei,t−12→t−1 IVi,t (Intercept) R2 N

(1)
-0.007 0.000 -0.009 0.000 0.029 4.90% 441.638
[-3.76] [0.54] [-0.54] [-2.31] [2.30]

(2) -0.007 0.000 -0.009 0.000 -0.002 0.031 6.98% 441.613
[-3.99] [0.53] [-0.60] [-3.00] [-4.16] [2.86]

(3) -0.007 0.000 -0.004 0.000 -0.002 0.000 0.000 0.030 10.34% 436.238
[-4.70] [0.45] [-0.26] [-3.96] [-4.58] [-0.71] [-1.62] [2.84]

(4) -0.007 0.003 0.003 0.000 -0.002 0.000 0.000 0.000 -0.010 12.07% 436.238
[-4.33] [4.94] [0.19] [-4.53] [-5.24] [-1.44] [-1.48] [9.56] [-1.21]
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Table 14: Commodity Salience Metric Fama-MacBeth Residualizing Regressions

Results of Fama-MacBeth residualizing regressions, equation (3.17). The RAWCS metric does not have a significant
loading on any of the variables known to influence equity returns or accentuate return anomalies.

log(BMi,t) log(MEi,t) IOi,t BREADTHi,t βi,m,t Rei,t Rei,t−12→t−1 IVi,t (Intercept) R2 N

(1)
0.214 -0.088 5.105 -0.019 2.257 0.94% 441.638
[0.86] [-0.22] [0.89] [-0.70] [0.49]

(2) 0.259 -0.137 4.616 -0.018 0.207 2.720 1.23% 441.613
[1.05] [-0.35] [0.80] [-0.64] [0.84] [0.57]

(3) 0.152 -0.109 5.198 -0.021 0.227 -0.029 -0.004 2.453 1.92% 436.238
[0.55] [-0.29] [0.84] [-0.74] [0.89] [-0.87] [-0.60] [0.53]

(4) 0.067 -0.322 5.168 -0.018 0.263 -0.023 -0.006 -0.022 5.692 2.16% 436.238
[0.24] [-0.87] [0.84] [-0.68] [1.04] [-0.72] [-0.82] [-1.26] [1.23]
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Table 20: Fama-MacBeth Regressions

Fama-MacBeth regressions are run each month to control for various other known anomalies. Newey-West t-statistics
are reported in brackets along with R2 and average number of firms across the monthly regressions.

Ri,c,t Rei,t log(MEi,t) Rei,t−12→t−1 bmi,t IRei,t−11→t IRei,t−12→t−1 IRei,t IRei,t−1 LIRei,t (Intercept) R2 N

(1)
0.460 0.794 2.01% 704.891

[2.373] [1.971]

(2) 0.396 -0.047 -0.066 0.002 0.362 0.023 1.089 6.79% 704.891
[2.239] [-8.047] [-1.091] [0.902] [3.352] [3.620] [1.096]

(3) 0.410 -0.047 -0.064 0.002 0.363 0.011 1.042 6.83% 704.891
[2.225] [-8.032] [-1.054] [1.066] [3.338] [1.600] [1.040]

(4) 0.405 -0.049 -0.061 0.003 0.368 0.107 1.125 6.75% 704.891
[2.109] [-8.405] [-1.055] [1.113] [3.502] [3.769] [1.170]

(5) 0.575 -0.047 -0.066 0.002 0.374 0.029 1.099 6.77% 704.891
[2.757] [-8.108] [-1.115] [1.088] [3.539] [1.253] [1.088]

(6) 0.401 -0.049 -0.062 0.003 0.367 0.105 1.121 6.75% 704.891
[2.082] [-8.389] [-1.059] [1.115] [3.492] [3.779] [1.163]
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Table 21: Commodity Exchange Closing Times

A list of all the commodities used in this study, the exchange they are traded on and its current closing time.
Commodities end their trading day prior to equities.

Commodity Settlement Time (EST) Exchange
Cocoa 11:50 AM ICE
Coffee 1:25 PM ICE
Corn 2:15 PM CME
Cotton 2:15 PM ICE
Kansas Wheat 2:15 PM CME
Soybeans 2:15 PM CME
Sugar 1:00 PM ICE
Wheat 2:15 PM CME
Brent Crude 2:30 PM ICE
Gasoil 11:30 AM ICE
Heating Oil 2:30 PM CME
Natural Gas 2:30 PM ICE
RBOB HU 2:30 PM CME
WTI 2:30 PM CME
Aluminum 8:15 AM LME
Copper 1:00 PM CME
Gold 1:30 PM CME
Lead 8:15 AM LME
Nickel 8:15 AM LME
Silver 1:25 PM CME
Zinc 8:15 AM LME
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Crosstex Energy

EIA Energy Report 

EIA Energy Report 

Crosstex Analyst Meeting 

Q4 Earnings 

Figure 1: XTXI and Energy Cumulative Returns

This figure plots the cumulative returns to Energy commodities and Crosstex Energy (XTXI) between February and
March 2006. In the first two weeks of February, the Energy Information Administration (EIA) released two bearish
reports showing a buildup in energy commodities which sent the prices of these commodities lower; XTXI did not
react significantly to this news. On March 10th 2006, XTXI reported its Q4 2005 and fiscal year 2005 earnings. Barry
Davis, the CEO, described the announced information by saying: “We had a great fourth quarter and an outstanding
year in 2005.” Once again the stock does not have a significant reaction; however, on March 20th the company held
an analyst meeting to discuss 2006 prospects and the stock took a significant hit. Revenue in 2006 was dependent
on energy prices in 2006 which dropped by approximately 10% a month earlier.
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Figure 2: Inattention Horizon

A plot of returns to the 5 − 1 inattention portfolio by varying the time between commodity news and portfolio
formation month.
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