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Abstract

Unlike traditional asset categories (e.g., industry classifications) that are generally defined clearly, some groups of
stocks are tied to certain loosely defined “concepts” (e.g., e-commerce). When investors find it difficult to analyze
ambiguous concept-oriented information, information diffuses slowly, creating “concept momentum”. Based on unique
concept data in the Chinese stock market, this study constructs a concept-momentum strategy that involves buying
stocks from past winning concepts and selling stocks from past losing concepts, which can generate pronounced
abnormal returns. Neither risk factors, firm-level momentum, nor industry-level momentum can explain concept
momentum. Furthermore, we find that both the underreaction and cross-stock |ead-l1ag effect channels can cause slow
information diffusion and drive concept momentum. Moreover, the concept momentum effect is stronger for relatively
ambiguous concepts, for concepts that attract less investor attention, and following high-sentiment periods.
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1. Introduction

Investors in financia markets focus considerable
attention on classifying financial assets into categories.
Attention is a scarce cognitive resource (Kahneman,
1973), so categorization simplifies portfolio-allocation
decisions and helps investors process vast amounts of
information efficiently (Mullainathan, 2002). Many
studies have analyzed the investor decision-making
process theoretically across various asset categories
(e.g., Mullainathan, 2002; Barberis and Shleifer, 2003;
Peng and Xiong, 2006).

Cooper et a. (2001) show that, during the
Internet bubble period (1998-1999), firms that had
adopted dot.com names without embracing specific
internet-related investment  strategies  earned
significantly positive abnormal returns around their
name-change announcements. This evidence indicates
that asset categorizations that matter to investors can be
tied not only to traditiona industries or products, linked
by “hard” or physical characteristics, but also to
technologies or business models, such as the internet in
the 1990s and e-commerce in recent years. The latter
represent softer or more “concept”-oriented links.

1 The most widely used asset categorization proxiesin the
literature, i.e., those under the Standard Industry
Classification (SIC), fail to reclassify efficiently over time as
firms and markets evolve (Hoberg and Phillips, 2016, 2018).
Hoberg and Philips (2016) devel op asset categoriesin what

Unlike the traditional hard or physical
characteristics-oriented categorizations that typicaly
are clearly defined, one “concept” generally refers to a
category of stocks that share a particular trend or fad in
the market based in loosedly defined fundamental
connections (e.g., e-commerce). This makes it difficult
for investors to analyze news related to an ambiguous
concept. This difficulty with information processing
may lead to underreaction to good (bad) news related to
“winner” (“loser”) concepts. Therefore, we may expect
to observe ex-ante strong return momentum effects
across winner and loser concepts. Nevertheless, detailed
data pertaining to concept-oriented asset categories in
the US stock market seem unavailable. In this study,
equipped with unique concept data in the Chinese stock
market, we are able to investigate a new type of
momentum-based trading strategy, namely concept
momentum. Using web-crawling technology, we collect
from the Joinquant website more than 800 unique
concepts and historical lists of firms in each concept.2
For example, many concepts are related to technol ogy,
such as 5 G, artificial intelligence (Al), and blockchain.
There are also many concepts based on business models,
including e-commerce, the sharing economy, the stall
economy, and others.

they call Text-Based Network Industry Classifications
(TNIC) based on product similarity measures using textua
analyses of firms’ 10-K product descriptions. TNIC captures
product similarities in a time series, but unlike “concept”
categorizations it is not directly visible to investors.



The concept portfolio we construct is equal-weighted across
the stocks within each concept. Following Moskowitz and Grin-
blatt (1999), we devise concept-momentum strategies by sorting
concept portfolios into quintiles based on their return performance
in recent months (the formation period, i.e., F), buying stocks
from the top quintile of concepts while shorting stocks from the
bottom quintile, holding those concepts for the following several
months (the holding period, i.e., H), and rebalancing portfolios ev-
ery month. We construct 32 momentum strategies using combi-
nations of formation and holding periods and find a strong and
prevalent momentum effect based on these concept-momentum
strategies.> For instance, one concept-momentum strategy, where
F = 6 months and H = 6 months while skipping one month be-
tween the formation and holding periods, generates an average
monthly raw return of 1.35% (with a t-statistic of 4.48), and a
Fama and French (2015) five-factor adjusted return of 1.25% (with a
t-statistic of 5.53). These results are robust to formulating concept-
momentum strategies based on an alternative construction method
and applying the Liu et al. (2019) four-factor model to adjust re-
turns.

In addition, we explore whether the concept-momentum ef-
fect could be explained by firm-level momentum or industry-level
momentum. First, we find that firm-level momentum on the in-
termediate horizon is nonsignificant in China, which is consistent
with previous findings reported in the literature (e.g., Griffin et al.,
2003; Chui et al., 2010). Second, following Moskowitz and Grin-
blatt (1999), we construct industry-momentum strategies by buy-
ing winner-industry portfolios and shorting loser-industry portfo-
lios. We find that industry-momentum strategies are unable to
produce significant profits in the Chinese stock market. Overall,
the concept-momentum effect cannot be explained by either non-
significant industry momentum or firm-level momentum.

We also conduct a placebo test in which we reshuffle all the
sample firms in each month and randomly assign a stock to replace
the stock within a given concept to form “placebo concept momen-
tum” portfolios. The strategies included in the placebo test gener-
ate nonsignificant returns, indicating that the concept momentum
we document stems from the concept effect rather than the con-
struction mechanism.

We next conduct a Fama and MacBeth (1973) regression to in-
vestigate the concept momentum effect. After controlling for a set
of well-documented indicators, including size, the book-to-market
equity ratio (BTM), institutional ownership, turnover, gross prof-
itability, and the investment-to-asset ratio, the relationship be-
tween concept-level past cumulative returns and future returns is
consistently significant.

We then explore the mechanism underlying the concept mo-
mentum effect in greater depth. We find that the winner concept
quintile generates significantly higher standardized unexpected
earnings than the loser quintile, indicating that concept momen-
tum is likely to be driven by investor underreaction to earn-
ings information related to concept stocks. We further find that
such mispricing is partly corrected following earnings announce-
ments. Moreover, we find that investors fail to fully incorporate re-
turn information related to peer firms associated with the same
concept, which may also be the factor that drives the concept-
momentum effect. Furthermore, we find that concept momentum
exhibits a long-term reversal pattern, consistent with Hong and
Stein’s (1999) prediction.

Further analyze show that, for relatively ambiguous con-
cepts and concepts that attract less investor attention, the

3 Some firms are labelled with more than one concept. For the main results,
when we calculate a portfolio’s holding return, we retain the firms within the con-
cept that has achieved the best past performance. In Section 2.1, we use alternative
means to address the cross-concept problem.

concept-momentum effect is more pronounced, consistent with
the investor underreaction argument. Following Baker and Wur-
gler (2006), we construct a monthly investor sentiment index
using Chinese stock market data and find that the concept-
momentum strategy is more profitable following high-sentiment
periods. We further analyze the persistence of the concepts and
find that concepts become less persistent over the following 6 and
12 months, consistent with the persistence of industry momentum
in the US market.

This study contributes to the momentum literature. It has
been well-documented that the momentum effect exists almost
everywhere. It occurs both cross-sectionally (Jegadeesh and Tit-
man,1993) and in time series (Moskowitz et al, 2012); it is
prevalent across asset classes (Asness et al., 2013) and industries
(Moskowitz and Grinblatt, 1999). Many studies also find that mo-
mentum is pervasive not only in the US market but also around
the world (e.g., Chan et al., 2000; Griffin et al., 2003; Chui et al.,
2010; Gong et al., 2015). Our findings further extend the frontier
of the momentum literature by employing novel data to investi-
gate a new type of momentum effect. This study also adds to the
category-investment literature by proposing a new type of category
investment strategy, the concept-momentum strategy, which might
be driven by difficulty in information processing given a lack of the
investor expertise that is needed to analyze relatively ambiguous
concept categories.

The remainder of this paper is organized as follows. In
Section 2, we describe the data and portfolio construction.
Section 3 presents the main empirical results. In Section 4 we
show how we conduct mechanism analyze. In Section 5, we offer
some further analyses. Section 6 concludes.

2. Data and summary statistics
2.1. Data description

Concept-oriented asset classification is a widely accepted prac-
tical classification system, but it differs greatly from traditional
industry-asset classifications that are time-series constant and fol-
low rigid classification rules. Most influential Chinese financial
websites and trading apps provide information about concept-
oriented asset classifications and detailed lists of firms within each
concept based on their analyses. For these classifications, the ba-
sic rule for including a firm or excluding a firm from association
with a given concept is whether the firm’s business is closely re-
lated to the concept or not. The Joinquant database integrates con-
cept information from the main Chinese financial websites and
trading apps.* New concepts are often created soon after certain
emergencies occur. For instance, the Mask concept appeared in the
database on February 4, 2020 immediately following the COVID-19
pandemic outbreak in China. New concepts are also initiated be-
cause of certain news events, such as the Winter Olympics.®

Although trading in concepts is very popular among Chinese in-
vestors, data related to such concepts are not directly available.
To the best of our knowledge, the Joinquant database is the only
source providing historical data related to concepts, whereas the
concept information provided by other financial websites and trad-
ing apps can be scraped back up to only three months in the past.
In this study, we employ web-crawling technology and scrape the
historical detailed firm lists for the concept-oriented asset cate-

4 The Joinquant database integrates data from many Chinese financial websites
and trading apps, including https://finance.sina.com.cn/stock/, http://q.stock.sohu.
com/, Eastmoney, Tonghuashun, Dazhihui, et al.

5 Beijing was selected as the host city for the 2022 Winter Olympic Games on
July 31, 2018, whereas the concept of the Winter Olympics was created on May 23,
2018, reflecting investors’ expectations related to the associated events.
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Fig. 1. Distribution of concept categories.

This figure depicts the number of concept categories across time. The sample period runs from December 2013 through December 2020.

gories from the Joinquant database. The concept data provided in
Joinquant are integrated from financial websites and trading apps.
Therefore, the concept data resolve the concern about disagree-
ment between concept lists from different resources and largely
represent the market’s overall opinion regarding concept-level as-
set classifications.

Our sample of concept stocks spans a period that runs from De-
cember 2013 through December 2020. Fig. 1 depicts the distribu-
tion of the concepts, where the number of concepts continues ex-
panding during our sample period.® Within each concept, the lists
of firms are not constant over time. Firms are added to or dropped
from particular concepts according to their businesses’ closeness
to those concepts. Fig. 2 indicates how the number of firms associ-
ated with a specific concept changes over time, where we exclude
concepts for the first month after they appear in the database to
illustrate changes in concept size. The circles (crosses) indicate the
number of added (excluded) firms, and the squares indicate that
the number of firms within a particular concept has not changed
during that month. Generally, we find that the number of firms
associated with a given concept is quite volatile. For example, the
number of firms within the MSCI China concept has increased by
more than 1000 firms in May 2019, as MSCI increased the weight
of China A shares on MSCI indices from 5% to 10% and added China
Large Cap shares with a 10% inclusion factor.

Insofar as 73.4% of firms in the concept portfolio sample are
labelled with more than one concept, we need to address a cross-
labeling problem. In this study’s main tests we construct winner or
loser portfolios based on concepts’ past return performance, which
is quite consistent with investor trading behavior in the Chinese
stock market. That is, investors observe the return on a given con-
cept, which is provided directly by most of the apps. In calculat-
ing holding returns, if a firm is cross-labelled, we retain the firm

6 The number of concepts increased sharply in October 2017. According to the
explanation the database offered, the sharp increase can be attributed to an expan-
sion of data resources where the concept data were integrated. The database does
not however disclose further information about the names of the expanded data
resources.

within the concept that achieves the best performance among the
cross-labelled concepts in the formation period. To check robust-
ness, we apply an alternative symmetric method for sorting cross-
labelled firms: if a firm is labelled within N concepts, we allocate
the weight 1/N to the focal firm when calculating return perfor-
mance in both the formation period and the holding period.

To construct a momentum strategy, we further remove stocks
that hit price limits on the last trading day of each month, which
generates price momentum mechanically.” In the sample for the
main test, we have on average 254 concepts per month and 10.3
stocks per concept, which represent 83.77% of the firms listed on
the Shanghai and Shenzhen stock exchanges.® The return data and
accounting data for firms listed on these exchanges are derived
from the CSMAR database, which is one of the most widely used
databases in Chinese stock market research. Table 1 presents the
summary statistics for the main variables at the concept level. Size
has a mean of 12,918.45 (million yuan) and a median of 9234.61
(million yuan). BTM has a mean of 0.60 and a median of 0.59.
The descriptive statistics indicate that our sample is comparable to
those used in other studies, such as Liao et al. (2014) and Liu and
Pi (2007).

2.2. Portfolio formation

In this study, we construct firm-level, industry-level, and
concept-level momentum strategies. When we examine firm-level
momentum effects, we construct overlapping momentum port-
folios following Jegadeesh and Titman (1993). For the beginning
of each month, the firms in our sample are sorted into quintile
groups based on returns in the previous F months and held for the
following H months. The returns on the momentum strategy are

7 In the A-share market, the price limit for stocks on both main boards and the
growth enterprises board was 10% per day before August 24, 2020; after August 24,
2020, the price limit for stocks on the growth enterprises board changed to 20% per
day.

8 The monthly mean of the listed firms on the Shanghai and Shenzhen stock
exchanges with trading data available in our sample period is 3,123. Our sample
therefore generally accounts for 83.77% of the listed firms.
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This figure depicts changes in the number of firms associated with a specific concept over time. The circles (crosses) indicate the number of added (excluded) firms associated
with a concept and the squares indicate the number of firms associated with the concept that did not change in a given month.

Table 1
Summary statistics.

This table presents summary statistics for the main variables at the concept level. Size, de-
nominated in millions of yuan, is the natural logarithm of a firm’s market capitalization. BTM
is the book-to-market equity ratio estimated at the end of the previous year. Institutional own-
ership is the percentage of institutional investors holding a stock. Investment-to-assets is the
ratio of capital investment to assets. Gross profitability is net income scaled by total assets.
Trading volume is total trading volume scaled by shares outstanding. Ambiguity is monthly an-
alyst forecast dispersion scaled by a firm’s stock price on the end date of the previous fiscal
year, where its magnitude is multiplied by 10. The sample period runs from December 2013
through December 2020.

Mean Std. 25% Median 75%
Size (million) 12,91845  12,586.54 5956.70  9234.61 14,540.38
BTM 0.6 0.17 0.48 0.59 0.71
Institutional ownership ~ 0.06 0.03 0.04 0.06 0.08
Investment-to-asset 0.05 0.02 0.03 0.04 0.06
Gross profitability 0.3 0.11 0.23 0.29 0.35
Trading volume 364.11 229.65 193.33 302.4 477.69
Ambiguity 0.05 0.05 0.02 0.04 0.06

based on portfolios with overlapping holding periods. In particular,
in each month, we change 1/H of the securities in the entire port-
folio and carry over the rest. To minimize the effects of short-term
reversals (Chui et al., 2010), for the main results we construct port-
folios by skipping one month between the formation period and
the holding period. We also form portfolios with no gap between
the formation period and the holding period to check robustness.

Industry-momentum strategies are constructed following
Moskowitz and Grinblatt (1999). We sort industry portfolios into
quintiles based on their past F-months return performance, buy
the winner quintile and short the loser quintile, hold for the
following H months, and rebalance portfolios monthly. Concept-
momentum strategies are constructed similarly to the industry-
momentum strategy, based on the F-months lagged returns on
concept portfolios and held for the following H months.’

9 When we construct a momentum strategy, we need the concepts to have been
in the database for at least F (F = 3, 6, 9, or 12) months to calculate the formation-
period performance.

3. Main empirical findings
3.1. Concept-momentum effect

In this section, we begin the presentation of our empiri-
cal analyses by exploring how the investment strategy based
on concept-level momentum performs. The concept portfolio is
equal-weighted across the stocks within each concept. Inspired by
Moskowitz and Grinblatt (1999), we construct concept-momentum
strategies by sorting concept portfolios based on their return per-
formance in the formation period (F months) into quintiles. We
buy stocks from the top quintile of concepts (Winners) while
shorting stocks from the bottom quintile (Losers), holding this po-
sition for the following H months and rebalancing the portfolios
monthly. We construct both concept-momentum strategies with
one-month skipping between the formation period and the holding
period and concept-momentum strategies without such one-month
skipping, and present the return performances of the strategies in
Table 2.



Table 2
Concept-momentum effect.

This table presents results indicating the performance of concept-momentum strategies in China. Panel A presents equal-weighted average monthly
raw returns in percentages for the winner, loser, and winner-minus-loser portfolios of the concept-momentum strategies over varying formation
and holding and periods. Panel B presents average monthly Fama and French (2015) five-factor adjusted returns for the portfolios. For W - L
portfolios’ raw returns and adjusted returns, statistical significance at the 5% level is indicated in bold. Newey and West (1987) t-statistics are
shown in parentheses. The length of a lag depends on H, where H = 3, 6, 9, or 12 months. For winner-minus-loser portfolios’ raw returns and
adjusted returns, statistical significance at the 5% level is indicated in bold. The sample period runs from December 2013 through December 2020.

Panel A Monthly raw return

Without skipping

Skipping one month

H=3 H=6 H=9 H=12 H=3 H=6 H= H=12
F=3 w 0.43 0.54 0.57 0.54 0.62 0.73 0.70 0.65
(0.39) (0.58) (0.57) (0.52) (0.55) (0.74) (0.66) (0.60)
L -0.29 -0.38 -0.37 -0.32 -0.27 —-0.40 -0.33 -0.27
(-0.27) (-0.37) (-0.33) (-0.28) (-0.24) (-0.37) (-0.29) (-0.24)
W-L 0.73 0.93 0.94 0.86 0.88 1.12 1.02 0.93
(2.03) (2.98) (3.16) (2.80) (2.92) (4.52) (3.71) (3.54)
F=6 w 0.75 0.83 0.78 0.69 0.72 0.79 0.68 0.61
(0.66) (0.84) (0.73) (0.64) (0.63) (0.79) (0.63) (0.56)
L -0.47 -0.50 -0.43 -0.37 -0.58 -0.57 —0.46 -0.41
(-0.41) (—0.45) (-0.36) (-0.31) (-0.51) (-0.52) (-0.39) (-0.35)
W-L 1.22 1.32 1.21 1.06 1.30 1.35 1.14 1.03
(3.51) (4.08) (3.80) (3.36) (4.26) (4.48) (3.68) (3.48)
F=9 Y 0.74 0.67 0.56 0.49 0.55 0.42 0.33 0.26
(0.63) (0.67) (0.53) (0.46) (0.47) (0.42) (0.32) (0.26)
L —-0.65 -0.72 —-0.65 -0.56 —0.90 -0.90 -0.81 -0.73
(-0.56) (-0.67) (-0.57) (-0.50) (-0.77) (-0.86) (-0.77) (-0.70)
W-L 1.39 1.39 1.21 1.06 1.44 1.32 1.14 1.00
(3.88) (4.27) (3.77) (3.06) (4.29) (4.26) (3.63) (3.02)
F=12 W 0.41 0.33 0.26 0.16 0.44 0.41 0.31 0.22
(0.33) (0.32) (0.25) (0.15) (0.34) (0.36) (0.27) (0.20)
L —1.00 -1.00 -0.95 -0.90 -0.91 -0.93 -0.84 -0.81
(-0.86) (-0.99) (-0.92) (-0.89) (-0.77) (—0.88) (-0.79) (-0.77)
W-L 141 133 1.20 1.06 1.35 133 1.15 1.04
(3.96) (4.18) (3.45) (2.84) (4.27) (4.45) (3.34) (2.79)
Panel B Fama and French (2015) five-factor adjusted returns
Without skipping Skipping one month
H=3 H=6 H=9 H=12 H=3 H=6 H=9 H=12
F=3 w -0.76 —-0.58 —0.56 -0.60 -0.58 —-0.46 -0.49 -0.53
(-3.59) (—3.44) (-3.92) (—4.45) (-3.01) (-3.01) (-3.28) (—3.84)
L -1.18 -1.37 -1.37 -1.32 -1.29 -1.48 -1.40 -1.36
(—4.66) (—5.99) (-6.13) (=5.70) (-5.92) (=7.35) (-6.45) (-6.32)
W-L 0.42 0.79 0.80 0.73 0.71 1.02 0.91 0.83
(1.10) (2.66) (3.08) (2.77) (2.42) (4.90) (4.02) (4.17)
F=6 Y -0.49 -0.40 —0.46 -0.53 —0.46 -0.39 —-0.50 -0.55
(-2.23) (—2.38) (—3.04) (-4.14) (-2.34) (—2.48) (-3.29) (-4.39)
L -1.53 -1.59 -1.53 -1.47 -1.63 -1.63 -1.53 -1.49
(-6.93) (=7.01) (—6.56) (—6.34) (-8.26) (-7.69) (—6.86) (—6.82)
W-L 1.04 1.19 1.07 0.94 1.18 1.25 1.03 0.94
(2.87) (4.21) (4.07) (3.72) (4.18) (5.53) (4.27) (4.23)
F=9 w -0.37 -0.41 —0.50 —-0.55 -0.37 -0.47 —0.53 —-0.58
(—1.83) (=2.37) (-3.38) (-4.37) (-1.91) (—2.80) (-3.44) (—4.15)
L -1.51 -1.61 -1.54 -1.46 -1.57 -1.60 -1.51 -1.44
(-6.27) (=7.13) (-6.43) (-5.78) (-6.67) (-7.10) (-6.48) (—5.90)
W-L 1.14 1.20 1.04 0.91 1.20 113 0.98 0.86
(3.32) (4.31) (3.97) (3.31) (3.85) (4.45) (3.90) (3.30)
F=12 w —0.50 -0.49 -0.54 -0.63 -0.49 -0.47 —0.56 -0.63
(-2.50) (—2.98) (-3.36) (—3.94) (-2.98) (—2.81) (-3.20) (—3.49)
L -1.56 -1.59 -1.55 -1.51 -1.61 -1.63 -1.56 -1.53
(—6.84) (-6.79) (-6.11) (—5.70) (-7.84) (=7.41) (-6.68) (-6.32)
W-L 1.06 1.10 1.01 0.88 1.12 1.16 1.00 0.90
(3.30) (4.21) (3.53) (2.85) (4.47) (5.09) (3.73) (3.08)

For Table 2, as we mentioned above, for each month, when we
calculate the holding period return, if a firm is labelled with more
than one concept, we retain the firm within the concept that yields
the best performance among the cross-labelled concepts in the for-
mation period. In Panel A of Table 2 we report equal-weighted
average monthly raw returns on the winner, loser, and winner-
minus-loser portfolios of the concept-momentum strategies, which
are constructed over varying formation (F = 3, 6, 9, or 12 months)
and holding (H = 3, 6, 9, or 12 months) periods. Whether we in-

clude the skipping of one month between the formation periods
and holding periods or exclude such skipping, the winner-minus-
loser portfolios consistently generate significant profits.'?

In Panel B of Table 2 we report average monthly Fama and
French (2015) five-factor adjusted returns for the winner, loser,

10 Grundy and Martin (2001) find that industry momentum using SIC is not robust
if we take a portfolio formation period with one lagged month into consideration.
Our concept-momentum effects are robust when we skip one month.
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Fig. 3. Cumulative returns on concept momentum.

This figure depicts the cumulative returns on winner, loser, and winner-minus-loser portfolios for the concept-momentum strategy in which F = 6 months, H = 6 months,
and we skip one month. The vertical axis represents cumulative returns (in percentages), and the horizonal axis represents holding time.

and winner-minus-loser portfolios of the 32 concept-momentum
strategies.!! The winner-minus-loser portfolios persistently gen-
erate positive and significant adjusted returns. For instance, the
concept-momentum strategy in which F = 6 months, H = 6
months, and one month is skipped generates an average monthly
Fama and French (2015) five-factor adjusted return of 1.25% (with
a t-statistic of 5.53), which yields a significant yearly abnormal
return of 15%. This result indicates that the concept-momentum
effect is remarkably pronounced. Fig. 3 plots the cumulative re-
turns of winner, loser, and winner-minus-loser portfolios for the
concept-momentum strategy in which F = 6 months, H = 6
months, and we skip one month, showing the robust return pat-
terns of this concept-momentum strategy over time.

Table 3 presents the results of a battery of robustness checks.
For Panel A we apply an alternative method to address cross-
labelled firms. If a firm is labelled with N concepts, we allo-
cate the weight 1/N to the focal firm in calculating both forma-
tion and holding performance. For the sake of brevity, we report
only average monthly adjusted returns for the winner, loser, and
winner-minus-loser portfolios for the concept-momentum strate-
gies in which F = 6 months and H = 3, 6, 9, or 12 months. The
average monthly Fama and French (2015) five-factor adjusted re-
turns for the winner minus loser portfolios are statistically sig-
nificant. For example, the concept-momentum strategy in which
F = 6 months, H = 6 months, and we skip one month generates a
Fama and French (2015) five-factor adjusted return of 0.81% (with
a t-statistic of 2.92) per month. The magnitudes of the spreads
are smaller but comparable to those reported in Table 2, indicat-
ing that the concept-momentum effect is robust to the alternative
construction method.

Liu et al. (2019) construct size and value factors for the Chi-
nese stock market that demonstrate superior performance over
the Fama and French three-factor model. For Panel B of Table 3,
we apply Liu et al. (2019) four-factor model to calculate the ad-

11 The Chinese version of the Fama and French (2015) five factors are available in
the CSMAR database.

justed returns.'”” The magnitude and significance of adjusted re-
turns on the concept strategies are consistent with those reported
in Table 2. For instance, the concept-momentum strategy in which
F = 6 months, H = 6 months, and we skip one month gen-
erates an adjusted return of 1.56% (with a t-statistic of 5.64)
per month, where the magnitude is slightly larger than that of
the Fama and French (2015) five-factor adjusted returns achieved
with the corresponding strategy. These results indicate that this
concept-momentum strategy is robust to using alternative factor
models. We further provide value-weighted portfolio performance
results in the Internet Appendix (Table IA.1), where we show a
consistently pronounced concept-momentum effect.

3.2. Firm-level momentum

In the previous section we document a pronounced concept-
momentum effect. The question arises, though, whether concept
momentum is really a new category-investment anomaly in the
Chinese stock market or could be explained by other anoma-
lies, such as firm-level momentum. We investigate the firm-level
momentum effect in the Chinese stock market. In Internet Ap-
pendix Table IA.2 we report equal-weighted average monthly raw
returns on portfolios (W-L) over various holding and formation
periods. The results indicate that firm-level momentum at in-
termediate horizons cannot generate significant profits in China,
which is consistent with findings reported in the literature (e.g.,
Griffin et al. 2003, Chui et al. 2010)."3 Chui et al. (2010) use the “in-
dividualism” culture perspective to explain the varying momentum
patterns across countries and claim that a country where there is
a low-individualism culture experiences nonsignificant momentum

12 The factors are provided at http://finance.wharton.upenn.edu/~stambaug/.

13 Several papers argue that the momentum effect is pronounced in the Chi-
nese stock market using alternative construction methods (e.g., Kang et al. 2002,
Naughton et al. 2008). The nonsignificant momentum effect in China is however
well documented in the literature (e.g., Wang and Zhao 2001, Griffin et al. 2003,
Liu and Pi 2007, Chui et al. 2010).
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Table 3
Robustness checks.

This table presents results of robustness checks for concept-momentum strategies. For panel A, we apply an alternative symmetric method
to address cross-labelled firms. If a firm is labelled in N concepts, we allocate the weight 1/N to the focal firm in calculating both formation
and holding performance. In panel B, we apply Liu et al. (2019) four-factor model to calculate adjusted returns. Newey and West (1987)
t-statistics are shown in parentheses. The length of a lag depends on H, where H = 3, 6, 9, or 12 months. For winner-minus-loser portfolio
returns, statistical significance at the 5% level is indicated in bold. The sample period runs from December 2013 through December 2020.

Panel A Fama and French (2015) five-factor adjusted returns based on an alternative construction method

Without skipping

Skipping one month

H=3 H=6 H=9 H=12 H=3 H=6 H=9 H=12
F=6 w -0.33 -0.33 -0.38 -0.44 -0.31 -0.32 -0.41 —-0.46
(-1.06) (-1.12) (-1.34) (-1.54) (-1.00) (-1.14) (-1.43) (-1.59)
L -1.19 -1.18 —-1.06 -1.04 -1.23 -1.13 -1.03 -1.03
(—4.34) (—4.06) (-3.63) (-3.62) (—4.55) (—3.89) (—3.55) (—3.58)
W-L 0.86 0.85 0.69 0.62 0.93 0.81 0.62 0.57
(2.53) (2.89) (2.24) (1.89) (2.92) (2.92) (2.05) (1.80)
Panel B Liu et al. (2019) four-factor adjusted returns
Without skipping Skipping one month
H=3 H=6 H=9 H=12 H=3 H=6 H=9 H=12
F=6 w 0.13 0.17 0.11 0.00 0.14 0.19 0.06 —-0.02
(0.61) (0.94) (0.69) (0.01) (0.66) (1.13) (0.35) (-0.12)
L -1.32 -1.37 -1.30 -1.20 -1.36 -1.38 -1.26 -1.19
(—6.55) (—6.05) (—5.40) (-4.75) (-6.72) (-5.83) (-5.10) (—4.69)
W-L 145 1.54 1.40 1.21 1.50 1.56 1.32 1.17
(4.48) (5.29) (5.05) (4.26) (5.16) (5.64) (4.60) (4.18)

effect. According to Chui et al. (2010), Chinese investors score rel-
atively low on the individualism scale and overall lack overconfi-
dence, and therefore the firm-level momentum effect is not pro-
nounced in the Chinese stock market. Because firm-level momen-
tum effect is nonsignificant in the Chinese stock market, it is un-
likely to be the source of concept momentum.

3.3. Industry momentum

Moskowitz and Grinblatt (1999) document a strong industry
momentum effect that accounts for much firm-level momentum
in the US market. Grundy and Martin (2001) find, however, that
the industry-momentum effect using SIC is not robust when con-
sidering the bid-ask bounce and a portfolio-formation period with
one lagged month. Insofar as some concepts in the Chinese stock
market are related to specific industries, it might seem possible
that industry momentum could be the source of the observed con-
cept momentum. To resolve this concern, we explore whether the
industry-momentum effect is significant in the Chinese stock mar-
ket.

We form an industry portfolio using the China SEC industry
classification code (2012), which classifies the A-share listed firms
into 90 industries. We sort industry portfolios into quintiles based
on cumulative returns for the previous F months, where the top
quintile portfolio is the winner portfolio and the bottom quintile
portfolio is the loser portfolio. For the sake of brevity, in Table 4
we report only monthly raw returns for the portfolios formed ac-
cording to returns achieved in the previous 6 months, where F = 6
months, H = 3, 6, 9, or 12 months, with or without skipping one
month. All the winner-minus-loser portfolios generate nonsignifi-
cant raw returns, indicating that the industry-momentum effect is
not pronounced in the Chinese stock market. Therefore, industry
momentum cannot be the force driving the concept-momentum
effect.

We next compare the names of China SEC industries and con-
cepts. First, we find that all industry names based on the SEC
industry classification differ from the concept names, so there
are no perfect matches. Second, we apply the word-segmentation
technique, which is commonly used in natural language pro-

cessing (e.g., Loughran and McDonald, 2011) to further compare
the words in the names. Specifically, we tokenize all industry
and concept names into single words and drop the stop words.
There are then 162 words left for industry names and 965 words
left for concept names. We find that only 4.15% of the words
among the concept names are matched with words among the
industry names, indicating that a large proportion of the words
in the concept names differ from those among the industry
names.

Generally, the industry classification differs from the concept-
oriented asset classification. The nonsignificance of the momen-
tum effect based on the industry classification might be caused
by its failure to reclassify efficiently over time as firms and mar-
kets evolve. Therefore, static industry classifications cannot repre-
sent market perceptions of the asset classifications and are inap-
propriate for testing category-level investment behaviors.

3.4. Placebo test

In this section, we further test the concept-momentum ef-
fect by conducting a placebo test in which we reshuffle all the
firms in each month and randomly assign a stock to replace
the stock that falls within a given concept. After we replace the
firms in the concept portfolios by the matched firms, we follow
the procedures for constructing concept-momentum strategies pre-
sented in Section 3.1 and form “placebo concept-momentum port-
folios”. If the winner-minus-loser portfolios in the placebo concept-
momentum strategy are significant, the results run against our ar-
gument that the return pattern we document is a new type of
anomaly based on concept stocks.

In the Internet Appendix Table IA.3, we report average monthly
raw returns for the winner, loser, and winner-minus-loser portfo-
lios for the placebo concept-momentum strategies. We find that
all the winner-minus-loser portfolios for the placebo concept-
momentum strategies generate nonsignificant returns, indicating
that the placebo concept-momentum effect is not statistically
prominent. The results further support out conclusion that the
concept momentum effect we document stems from the concepts
themselves rather than the construction mechanism.



Table 4
Industry momentum.

This table presents average monthly raw returns in percentages for industry-momentum strategies in
China. Following Moskowitz and Grinblatt (1999), we sort industry portfolios into deciles based on
their cumulative returns for the previous 6 months. The top decile portfolio is the winner portfolio
and the bottom decile portfolio is the loser portfolio. Newey and West (1987) t-statistics are shown in
parentheses. The length of a lag depends on H, where H = 3, 6, 9, or 12 months. The sample period
runs from December 2013 through December 2020.

Without skipping

Skipping one month

H=3 H=6 H=9 H=12 H=3 H=6 H=9 H=12
F=6 W 1.23 1.47 1.46 1.44 1.40 1.49 1.43 1.42
(1.16) (151)  (135) (1.30)  (1.30) (1.49) (1.31) (1.27)
L 139 1.26 1.28 1.30 1.19 1.17 1.24 1.25
(1.33) (124) (1200 (121)  (1.13)  (1.14)  (1.17)  (1.17)
W-L  -016 021 0.18 0.14 0.20 0.32 0.20 0.17
(-0.59) (0.98) (0.90) (0.75)  (0.67) (1.52) (0.93) (0.86)
3.5. Regression analyze Table 5

The results we have reported so far show a significant concept-
momentum effect based on the portfolio analysis, but this effect
might be influenced by important variables that cannot be cap-
tured by the portfolio-analysis approach. Therefore, we follow the
Fama and MacBeth (1973) regression approach to investigate the
concept-momentum effect by controlling for variables that might
influence future returns. Specifically, for each concept portfolio
in month t we run the following cross-sectional Fama and Mac-
Beth (1973) regression:

AveReturn; 1116 = Bo + f1CumReturn;;_g._1
+ ByControls; s + &;¢ (1)

Here AveReturn; ¢ 4 1.t 4+ 6 is the average monthly raw return on
concept portfolio i in the following 6 months for a given month ¢,
and CumReturn; ¢...; denotes the cumulative raw return on a con-
cept portfolio in the previous 6 months for a given month t. Con-
trols include size, BTM, institutional ownership, turnover, gross prof-
itability, and investment-to-assets at the end of month t - 1. Size is
the natural logarithm of a firm’s market capitalization. BTM is the
book-to-market equity ratio. Institutional ownership is the percent-
age of institutional investors holding a stock. Investment-to-assets
is the ratio of capital investment to assets. Gross profitability is
net income scaled by total assets. Trading volume is total trading
volume scaled by shares outstanding. All the control variables are
constructed at the concept level, which are the means of the firm-
level variables within each concept portfolio.

We report the regression results in Table 5. For specification
(1), we conduct a univariable test and find that the regression co-
efficient of CumReturn is positive and statistically significant. For
specification (2), after we control for additional variables includ-
ing size, BTM, institutional ownership, turnover, gross profitability and
investment-to-assets, the estimated coefficient of CumReturn is 0.29
with a t-statistic of 3.79. Overall, the results are consistent with
those of the portfolio analyses reported in Tables 2 and 3, suggest-
ing the strong predictability of a concept-level portfolio’s past re-
turns for future returns even after controlling for a set of firm-level
characteristics.

4. Mechanism analyze
4.1. Concept momentum and earnings information

In this section, we conduct mechanism analyses to explore
the sources of the concept-momentum effect. First, following
Chan et al. (1996), we examine whether the concept-momentum
effect is driven by underreaction to earnings information by com-
paring standardized unexpected earnings (SUE) on various concept

Fama and MacBeth regression analyze.

This table presents the Fama and MacBeth (1937) regression results. The dependent
variable AveReturn is the average monthly raw return on concept portfolio i for the
following 6 months. CumReturn denotes the cumulative return on the concept port-
folio for the previous 6 months. Control variables include Size, BTM, Institutional
ownership, turnover, Gross profitability, and Investment to assets at the concept level.
Ambiguity is monthly analyst forecast dispersion scaled by a firm'’s stock price on
the end date of the previous fiscal year. All the estimated coefficients are multi-
plied by 10. Newey and West (1987) t-statistics adjusted for a lag of 6 months are
shown in parentheses. The estimated coefficients are marked with x, *x, and ssx,
indicating significance at the 10%, 5%, and 1% levels, respectively.

(1) (2) 3)
Intercept —0.04 0.10 0.38
(-0.52) (0.43) (1.12)
CumReturn 0.33*** 0.29*** 0.30***
(3.46) (3.79) (3.08)
Size —-0.02 -0.04
(-1.12) (-1.34)
BTM 0.04 -0.14
(0.60) (-0.99)
Institutional ownership 0.80*** 0.79***
(2.54) (2.41)
Turnover —0.08 0.02
(-1.14) (0.29)
Gross profitability -0.01 —-0.08
(-0.11) (—0.46)
Investment-to-assets -0.15 -0.01
(—0.54) (-0.05)
CumReturn*Ambiguity 16.91%**
(2.59)
Ambiguity 2.29
(0.84)

quintiles. SUE is constructed as an individual firm’s latest quar-
terly earnings minus quarterly earnings from 4 quarters in the past
scaled by the standard deviation of unexpected earnings for the
previous 8 quarters. The results reported in Panel A of Table 6
show that, in the current quarter, SUE in the winner quintile is
0.19 while SUE in the loser quintile is only —0.75, and the differ-
ence between the winner and loser quintiles is significant (with a
t-statistic of 6.43). The pattern is consistent with that reported in
Chan et al. (1996), indicating that concept momentum is closely
aligned with underreaction to past earnings information related to
the concept firms in our sample. In the following quarter, SUE con-
tinues to be higher in the winner quintile than in the loser quin-
tile, consistent with Bernard and Thomas’s (1990) finding that sea-
sonal earnings information is time-series correlated and investors
underreact to such earnings information.

We further compare cumulative three-day abnormal returns
(CAR) around earnings announcement dates for various quintile
portfolios. The results reported in Panel B of Table 6 indicate that
CAR is significantly higher in the winner quintile than in the loser



Table 6

Earnings information and concept-momentum portfolios.

Panel A presents standardized unexpected earnings (SUE) for multiple concept-momentum
portfolios for the contemporaneously current quarter and the following quarter, where the mo-
mentum strategy is F = 6 months, H = 6 months, and one month is skipped. Because firms
within particular concepts might differ from quarter to quarter, the reported results are based
on firms that are included within the same concept for both quarters. The magnitude of the
SUE is multiplied by 10. Panel B presents cumulative three-day abnormal returns (CAR) around
earnings-announcement dates, where the results are based on firms that are included within
the same concept for the reported announcements. For W-L portfolio returns, statistical sig-

nificance at the 5% level is indicated in bold.

Panel A Standardized unexpected earnings (SUE) for multiple concept quintiles

L 2 3 4 w W-L t-statistics
Current quarter -0.75 —0.60 -0.38 0.01 0.19 0.94 6.43
Following quarter ~ —-1.04  -0.41 -0.07 0.01 0.27 1.31 8.54

Panel B CAR in different concept quintiles

L 2 3 4 w W-L t-statistics
Current quarter —0.85 —0.61 —0.47 —0.46 0.45 1.31 13.02
Following quarter -0.83 -0.47 -0.25 -0.37 -039 044 420

quintile in both the portfolio-formation quarter and the following
quarter. This finding indicates that mispricing caused by investor
underreaction is partly corrected following earnings announcement
dates.! Overall, the results reported in Table 6 indicate that un-
derreaction to earnings information can drive concept momentum,
which is consistent with the underreaction mechanism posited in
the momentum literature (e.g., Chan et al., 1996; Barberis et al.,
1998; Hong and Stein, 1999).15

4.2. Concept momentum and the cross-stock lead-lag effect

From the investor perspective, firms associated with the same
concept are economically correlated peers. The literature docu-
ments that delayed information recognition causes significant lead-
lag return predictability between economically correlated firms,
such as within customer-supplier relationships (Cohen and Frazz-
ini, 2008) or through technology linkages (Lee et al., 2019). To
explore whether concept momentum is driven by the cross-stock
lead-lag effect, we take other firms in a given concept as a focal
firm’s peers (Leary and Robert, 2014; Du and Shen, 2018) and con-
duct the following regression analysis:

Ret; = Bo + B1 Concept Ret_;_1 + &;; (2)

where Ret;, is the focal firm's raw return in month t and
ConceptRet_; ¢ is the concept’s raw return in month t - 1 exclud-
ing the focal firm.

In untabulated results, we find that the estimated coefficient
of ConceptRet is 0.18 with a Newey-West corrected t-statistic of
38.36 when lagged one month and with a Newey-west t-statistic
of 14.76 when lagged 6 months. These results indicate the pres-
ence of a significant cross-stock lead-lag effect within the concept,
which might be a channel for the concept momentum we observe.
Combining the findings reported in Section 4.1 with the findings

4 Such mispricing cannot however be fully corrected following earnings an-
nouncements, because investors may also underreact to earnings surprise informa-
tion in earnings announcements, resulting in predictable return patterns, such as
post-earnings-announcement drift (PEAD), which is well documented in the litera-
ture (e.g., Daniel et al. 2020).

15 Other mechanisms, such as overconfidence or overreaction, might also drive the
concept-momentum effect. A long-term reversal rather than short-term momentum
is, however, more likely to be driven by overreaction to news. It seems that the
literature often hypothesizes that investors tend to “overreact to private information
signals and underreact to public signals” (Daniel et. 1998) rather than overreacting
to public signals as in past returns on concept winners.

reported in this section, it is possible in general that investors un-
derreact to or fail to fully incorporate news about both the focal
firm and its economically related firms that are associated with the
same concept. Therefore, both the underreaction and cross-stock
lead-lag effect channels can cause slow information diffusion and
drive concept momentum.

4.3. Long-term performance

The momentum literature indicates that the momentum ef-
fect is accompanied by long-term reversals (e.g., Hong and Stein
1999, Jegadeesh and Titman, 2001). In this subsection, we explore
whether the concept-momentum effect is followed by a long-term
contrarian trend. In Table 7, we report the long-term performance
of the concept-momentum strategy. For the sake of brevity, we
report only the adjusted returns on the strategy in which F = 6
months and we skip one month.

The results reported in Table 7 show that the concept-
momentum effect generates significant negative five-factor ad-
justed returns when holding stocks from months 25 through 48,
while generating nonsignificant negative adjusted returns when
holding stocks from months 13 through 24 and from months 49
through 60. Overall, these results show that concept momentum
tends to be followed by long-term reversals, which is similar to
the pattern of long-term reversals for the firm-level momentum
strategy documented in the literature (e.g., Jegadeesh and Tit-
man, 2001) and is consistent with Hong and Stein’s (1999) pre-
diction.'®

5. Further analyze
5.1. Ambiguity and concept momentum

Differing from traditional categorizations, such as SIC classifica-
tion, which commonly are defined clearly, concept-oriented cate-
gorizations are often loosely defined, which makes it difficult for
investors to acquire the expertise they would need to incorporate
news related to an ambiguous concept. We expect that, for rela-
tively ambiguous concepts, investors will need more time to in-

16 Based on our finding (reported in Table 7) that the magnitude of the reversal is
smaller than the magnitude of the momentum, it is possible that an initial underre-
action is followed by an overreaction (both of which contribute to the momentum
part) and we then have the reversal to correct the magnitude of the overreaction.



Table 7

Long-term performance of the concept-momentum strategy.
In this table we report average monthly Fama and French (2015) five-factor adjusted returns for the concept strategy
in which F = 6 months and one month is skipped. For W-L portfolio returns, statistical significance at the 5% level is
indicated in bold. The sample period runs from December 2013 through December 2020.

Months 1 to 12 Months 13 to 24

Months 25 to 36

Months 37 to 48 Months 49 to 60

F=6 W —0.55 ~1.42 -1.58 -1.39 -137
(~4.39) (-8.71) (-8.16) (-7.77) (-3.34)
L —1.49 -1.32 -1.23 -1.09 -1.18
(-6.82) (—4.55) (—4.47) (—4.76) (—4.46)
W-L 094 -0.19 -0.43 -0.29 -0.19
(4.23) (-1.25) (-3.38) (-2.08) (-1.31)
corporate such information, and therefore investor underreaction Table 8

will be stronger and the concept-momentum effect will be more
pronounced. We construct an indicator variable, Ambiguity, which
is the concept-level mean of analyst forecast dispersion scaled by
a firm’s stock price, as a proxy for the ambiguity of a concept.!”
For each concept portfolio in month t, we run the following cross-
sectional Fama and MacBeth (1973) regression:

AveReturn; ¢,1.c46 = Bo + BrCumReturn; g,
+ BaCumReturn; (g1 x Ambiguity;,

+ BsAmbiguity;  + BaControls;; +&;r  (3)

where B, is of our interest, indicating how the ambiguity of con-
cepts impact the concept-momentum effect. AveReturn; + + 1 + 6
CumReturn; t...1 and Controls;, are defined as they are in model
(1). The regression results are presented in specification (3) of
Table 5. The estimated coefficient of the intersection between
CumReturn; .1 and Ambiguity;, is 16.91 (with a t-statistic of
2.59), indicating that the concept-momentum effect is more pro-
nounced for concepts that are associated with wider analyst dis-
persion.

5.2. Investor attention and concept momentum

If investor attention to concept news influences the
information-diffusion process, we expect that, for concepts that
attract more investor attention, the incorporation of concept-level
information will be more efficient and the concept-momentum ef-
fect will be less significant. Prior literature posits three commonly
used measures of investor attention: analyst coverage, size, and
institutional ownership (e.g., Lee et al., 2019). We expect concepts
that attract greater analyst reporting coverage, involve higher
institutional holdings, or exhibit larger market capitalization to
attract greater investor attention.

For each month in our sample period, we sort concept portfo-
lios into terciles according to concept-level attention and then con-
struct a concept-momentum strategy within each attention group
following the procedures presented in Section 3.1. Table 8 presents
the portfolio returns on concept-momentum strategies under vari-
ous attention proxies. For the sake of brevity, we report only aver-
age monthly returns on the concept-momentum strategy in which
F = 6 months and H = 6 months while skipping one month be-
tween the formation period and the holding period. For Panel A,
we use concept-level analyst coverage as the proxy for investor
attention. We find that the Fama and French (2015) five-factor
adjusted return on the winner-minus-loser portfolio in the high-
(low-)attention group is 0.88% (3.29%), and the difference between
the adjusted return in the high- and low-attention groups is statis-
tically significant (with a t-statistic of —2.79). For Panel B, concept-

17" Analyst dispersion has been posited in the literature as a proxy for information
uncertainty, as in Zhang (2006).
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Investor attention and concept momentum.

In this table we report portfolio returns in percentages for concept-momentum
strategies in the subsamples that are subject to varying investor-attention proxies.
We construct concept-level analyst coverage, size, and institutional ownership as
proxies for investor attention. We sort concepts into terciles based on investor at-
tention and construct a concept momentum strategy for each attention group. We
report equal-weighted average monthly raw returns and Fama and French (2015)
five-factor adjusted returns for the portfolios. Newey and West (1987) t-statistics
are reported in parentheses. The length of a lag depends on H, where H = 3, 6, 9,
or 12 months. For W-L portfolio returns, statistical significance at the 5% level is
indicated in bold. The sample period runs from December 2013 through December
2020.

Panel A Analyst coverage and concept momentum

Raw returns Adjusted returns

H L H-L H L H-L
W 1.20 2.45 -1.24 -0.07 1.57 —1.64
(1.07) (1.87) (-1.32) (-0.23) (1.78) (-1.66)
L 0.02 -0.90 0.92 -0.95 -1.73 0.78
(0.02) (-0.75) (1.63) (—4.16) (—4.95) (2.06)
W-L 1.18 3.35 -2.17 0.88 3.29 -2.42
(3.29) (4.23) (-2.47) (3.42) (4.23) (-2.79)
Panel B Size and concept momentum
Raw returns Adjusted returns
H L H-L H L H-L
Y 1.11 1.67 -0.56 -0.13 0.62 -0.75
(1.13) (1.77) (-1.32) (-0.48) (1.77) (-1.65)
L -0.00 -0.82 0.81 -1.12 -1.95 0.82
(—0.00) (-0.73) (1.68) (-2.90) (-8.14) (1.82)
W-L 112 249 -1.37 0.99 2.57 -1.57
(2.07) (5.47) (-2.36) (2.76) (6.18) (-3.43)
Panel C Institutional ownership and concept momentum
Raw returns Adjusted returns
H L H-L H L H-L
w 1.20 2.96 -1.76 -0.07 1.85 -1.92
(1.00) (2.70) (-1.73) (-0.13) (2.92) (—1.90)
L -0.04 -0.46 0.42 -1.15 -1.40 0.26
(-0.04) (-0.41) (0.87) (-3.13) (—4.43) (0.51)
W-L 1.24 3.42 -2.18 1.08 3.26 -2.18
(2.39) (5.37) (-2.33) (2.56) (5.47) (—2.48)

level market capitalization is used as the proxy for investor atten-
tion. We find that the concept-momentum strategy is more pro-
nounced for concept stocks marked by small market capitalization,
where the difference in raw returns between the high- and low-
attention groups is 1.37%, with a t-statistic of —2.36, and the differ-
ence in the adjusted returns is 1.57% with a t-statistic of —3.43. In
Panel C, the results we report show that the concept-momentum
effect is more pronounced for firms with lower institutional own-
ership shares, and the difference between returns in the high- and
low-attention groups is statistically significant. These findings are



Table 9
Sentiment and concept momentum.

In this table, we report results obtained after exploring the performance of concept momen-
tum following high or low investor sentiment. Following Baker and Wurgler (2006), we con-
struct a monthly investor sentiment index, BW_pgc, using the first principal component of the
six investor sentiment proxies in the Chinese stock market. Following Stambaugh et al. (2012),
we define month t as a high (low) sentiment period if the investor sentiment index BW_ for
that month is above (below) the sample median. We report equal-weighted average monthly
raw returns and Fama and French (2015) five-factor adjusted returns in percentages for the
portfolios. t-statistics are reported in parentheses. The length of a lag depends on H, where
H = 3, 6, 9, or 12 months. For W-L portfolio returns, statistical significance at the 5% level is
indicated in bold. The sample period runs from December 2013 through December 2020.

Raw returns

Adjusted returns

High Low H-L High Low H-L
sentiment  sentiment  sentiment sentiment  sentiment  Sentiment
w -0.27 1.70 -1.96 0.10 —-0.63 0.73
(-0.24) (0.93) (-0.78) (0.76) (—2.86) (2.88)
L -2.04 0.97 -3.01 -1.66 -1.25 -0.41
(—1.84) (0.50) (-1.21) (-5.70) (-4.10) (-1.05)
W-L 177 0.72 1.04 1.76 0.62 1.14
(5.87) (2.17) (2.35) (7.63) (2.20) (3.01)

consistent with our expectation that attention plays a crucial role
in the information-diffusion process, i.e., the greater the investor
attention the less pronounced is the concept-momentum effect.'8

5.3. Investor sentiment and concept momentum

Previous literature indicates that the momentum effect is
stronger following high-sentiment periods (Stambaugh et al., 2012;
Antoniou et al., 2013). In this subsection, we explore whether
concept-momentum performance varies following high- and low-
sentiment periods. Following Baker and Wurgler (2006), we con-
struct a monthly investor sentiment index BW_pgc using the first
principal component of the six investor sentiment proxies from
the Chinese stock market. The six proxies are the close-end fund
discount rate (CEFD), share turnover (TURN), the number of IPOs
(NIPO), first-day returns on IPOs (RIPO), the dividend premium
(PDND), and the equity share in new issues (EQTI). Following
Stambaugh et al. (2012), we define month t as a high- (low-)
sentiment period if the investor sentiment index in that month is
above (below) the median of BW_pgc.

In Table 9 we report average monthly portfolio returns for the
concept-momentum strategy following high- and low-sentiment
periods. We find that the concept-momentum strategy gener-
ates significantly higher adjusted returns in high-sentiment pe-
riods than in low-sentiment periods (with a difference of 1.14%
and a t-statistic of 3.01). This finding is consistent with evidence
documented in the previous literature that the momentum ef-
fect is more pronounced following high-sentiment periods (e.g.,
Stambaugh et al., 2012).1°

5.4. Discussion: transaction costs

Insofar as the concept-momentum strategy is rebalanced
monthly, we need to consider transaction costs when we estimate
long-short spreads (Novy-Marx and Velikov, 2016). Compared with
what occurs when pursuing an annual rebalanced strategy, here
higher transaction costs will be involved with the monthly rebal-
ancing strategy. Those costs include the commission fee, the stamp

18 Following a referee’s suggestion, we calculate Liu et al. (2019) four-factor ad-
justed returns on the momentum strategy for various attention subgroups and re-
port the results in the Internet Appendix (Table IA.4), showing consistent patterns.

9 Following a referee’s suggestion, we calculate the Liu et al. (2019) four-factor
adjusted returns on the momentum strategy for varying sentiment periods in the
Internet Appendix (Table IA.5) and find consistent results.

1

duty, and the transfer tax, which equal 2.5 basis points, 10 ba-
sis points, and 0.2 basis points, respectively, in the A-share mar-
ket.20 The magnitude of the concept-momentum effect continues
to be pronounced if we take the additional transaction costs into
consideration. For instance, the concept strategy in which F = 6
months, H = 6 months, and we skip one month generates an av-
erage monthly Fama and French (2015) five-factor adjusted return
of around 1.20% and Liu et al. (2019) four-factor adjusted return of
around 1.51% after we further deduct the transaction costs. These
results are comparable to or higher than the profits earned by trad-
ing strategies in the A-share market as documented in the litera-
ture (Liu et al., 2019). Furthermore, most of the strategies docu-
mented in the literature do not consider the shorting cost. It is,
however, costly to short stocks in China. For example, for individ-
ual investors the average cost of borrowing security is around 8%
per year. Nevertheless, for institutional investors the cost should be
much lower because of the greater borrowing size, say 4%, because
such investors take out larger loans.?! After deducting the shorting
cost, the commission fee, the stamp duty, and the transfer tax, the
yearly Fama and French (2015) five-factor adjusted return is around
10.40%, while the Liu et al. (2019) four-factor adjusted return is
around 14.12%. These results indicate that the concept-momentum
strategy is profitable even after we consider transaction and short-
ing costs.

5.5. Discussion: persistence

We investigate the persistence of winner and loser concepts
and show in Table 10 the transition matrix of the concept-
momentum strategy with a formation period of 6 months, which
estimates the probability that concepts remain in the same quin-
tile or migrate to other quintiles in the following period. In Panel
A, Panel B, and Panel C, we report the probability of remaining or
migrating in the following 1 month, 6 months, and 12 months, re-
spectively. In Panel A, 68% (68.98%) of the concepts in the loser
(winner) quintile remain in the same quintile for the following
month. As seen in Panel B and Panel C, we find that concepts be-
come less persistent in terms of estimating the following 6 and

20 The average monthly turnover ratio is 31.02% for a long leg (32% for a short
leg), and therefore the actual commission fee is about 1.58 basis points. In the A-
share market, only selling the stocks is assessed the stamp duty, while purchasing
the stock is not.

21 We obtained this ballpark number of 4% after consulting several fund managers,
as we are unable to find these specific data in the database.



Table 10

The transition matrix.

This table presents the transition matrix for the concept-momentum strategy in
which F = 6 months. The matrix estimates the probability that a concept remains in
the same quintile or migrates to another quintile in the following period. In Panel
A, Panel B, and Panel C we report the probability of remaining or migrating in the
following 1 month, 6 months and 12 months, respectively.

Panel A Persistence estimated for the following 1 month

Rank in month ¢ + 1

Rank in month ¢t L 2 3 4 w
L 68.00% 22.00% 5.91% 1.96% 0.73%
2 22.18% 42.66% 23.20% 8.16% 1.52%
3 5.40% 23.35% 39.16% 24.07% 5.20%
4 1.96% 8.90% 23.71% 43.40% 19.23%
w 0.79% 1.91% 5.82% 19.44% 68.98%
Panel B Persistence estimated for the following 6 months

Rank in month t + 6
Rank in month ¢ L 2 3 4 w
Loser 23.40% 20.40% 16.82% 15.95% 14.46%
2 18.80% 19.51% 19.38% 17.36% 15.40%
3 16.04% 19.80% 19.16% 19.29% 15.30%
4 16.35% 18.01% 18.25% 18.32% 18.11%
Winner 15.92% 15.25% 15.99% 18.50% 23.15%
Panel C Persistence estimated for following 12 months

Rank in month t + 12
Rank in month ¢t L 2 3 4 w
L 18.96% 18.00% 14.91% 16.05% 15.45%
2 17.91% 17.63% 17.43% 15.79% 14.28%
3 17.37% 18.41% 16.66% 14.74% 15.17%
4 16.30% 16.42% 15.60% 18.15% 15.54%
w 14.70% 14.90% 15.90% 17.00% 18.78%

12 months. Specifically, fewer than 20% of concepts in the win-
ner (loser) group remain in the same groups for the following 12
months.

Following Moskowitz and Grinblatt (1999), we use data from
CRSP to replicate the industry-momentum strategy in the US mar-
ket and estimate the persistence of the industry portfolio. In the
Internet Appendix Table IA.6, Panel A we report the return per-
formance of the industry-momentum strategy based on 2-digit SIC
industry classification, where the significance and magnitude are
consistent with what Moskowitz and Grinblatt (1999) report. We
report the probability of remaining in the same quintile or migrat-
ing to another quintile in the following 1 month, 6 months, and
12 months, respectively, in Panel B, Panel C, and Panel D. We repli-
cate industry momentum using Moskowitz and Grinblatt (1999) 20
industry classifications and report the results of persistence in the
Internet Appendix Table IA.7. The persistence patterns reported in
Tables 1A.6 and IA.7 are similar to those reported in Table 10,
showing that both industries and concepts become less persistent
in the following 6 and 12 months.

6. Conclusion

Although investors care about asset categorizations that are
based not only on traditional industry classifications but also on
concept-oriented classifications, detailed data on concept-oriented
asset categories are not available for the US stock market. Using
unique web-crawled data on concept stocks in the Chinese stock
market, we document a new type of momentum effect based on
a concept-level classification that generates significant and robust
profits. We demonstrate that the pronounced concept-momentum
effect we observe cannot be explained by risk-factor models, firm-
level momentum, or industry-level momentum. We show that
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the concept-momentum effect is stronger for relatively ambiguous
concepts, which require investors to take more time to gain the
expertise they need to incorporate concept-level information into
their analyses. Furthermore, in the mechanism analyses, we find
that both the underreaction and cross-stock lead-lag effect chan-
nels can cause gradual information diffusion and drive concept-
momentum effect. Finally, we find that the concept momentum
effect is more pronounced for relatively ambiguous concepts, for
concepts that attract less investor attention, and following high-
sentiment periods.
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