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Abstract

Research on human attention indicates that objects that stand out from their surroundings,
i.e., salient objects, attract the attention of our sensory channels and receive undue weighting in
the decisiormaking process. In the financiakte, salience theory predicts that individuals will
find assets with salient upsides (downsides) appealing (unappealing). We investigate whether this
theory can explain investor behaviour in the
predictians, using a sample of 1,738 cryptocurrencies, we find that cryptocurrencies that are more
(l ess) attractive to fAsalient thinkersodo earn
tend to be overprice@inderpriced). On average, a one cresgional standardieviation increase
in the salience theory value of a cryptocurrency reduces itsnesi return by 0.41%. However,
the salience effect is confined to the micap segment of the market, and its size is moderated by
limits to arbitrage.
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1. Introduction

Conventional models of choice under risk, such as the expected utility model in economics,
usually assume that people pay equal attention to adktbervablenformation thatppears in the
decision frameHowever, the essence of observation is attenindhumanattention is a scarce
resourcgSimon, 1978Viarch, 1982 Eysenck, 198Berger, 199% The literature on visual search
suggests that, at any given time, only a tiny portion of the data that our visual system detects
Aireaches | evels of pr oc e sus otndgnd Kobhaz00N dHowwec t | y i
allocate ouwisual attentionis likely to depend orboth a topdown system that we consciously
contr ol a rup, fast, primitive tmeahanism that biages] towards selecting stimuli
based on the[saliencgo (Itti and Koch, 200)

Salience refers to the property by which some objects of perceptbost, and it is often
caused by differences between an object and its surroundingshyi.ets ficomparatie
distinctiveness Hi@gins, 1999. Psychologistdind that people overweighsalient information
when making decisionsKk@hneman and Tversky, 197Grether, 198). Furthermore, rany
financial anomalies, such as/estment fashions and fads anddkeeswolatility of asseteturns
canalsobeattributedtqpp e o p | e 6 s at tosakett infarmatioth Ghiller c1999. d

Based on these insightsprdaloet al (2012 developas al i ence t heoaofy ( her
decisionmaking to describechoice underisk. Their theory posits that individuals pay more
attentiontca | ot t e r y mostsalienspayofBsymdsepsobabiliesof occurrencarethen
overweighted in subsequent decisioBgilding upon this theoryordalo et al.(20133) further
propose a saliendeased asset pricing modekedicting that assets with salient upsi@es, high
ST values)tend to attract excess demand, become overpriced and generate lower subsequent

returns We refer to this phenomenon as the ST eff&otpirical studiesof this modelare very



limited, and theyfocusexclusivelyon the equity markeWhile these studies offe&some evidence
in support of themodel (Cosemans and Frehg@021), they have also produced conflicting
findings and have raisednew questions such asis the ST effecttonfined to the micr@ap
segment?s it mostly driven by the sheterm reversal effediseeCakici and Zaremha2021)?
Furthermoremanyquestionshave not yet beeaddresseth these studiesuch asWhy has the
size of theST effectdecreased over time the US stock markeind practically disappearsdce
2000(seeTable 9 h Cakici and Zaremh&021)? Secondly, can Sdccount foinvestor behaviour
in markes otherthan the stock market?

To shed light on thesguestionswe investigate wheth&T can explain investor behaviour
in the cyptocurrency marketvhichis an economically important market (its market capitalisation
reached over $2.9 trillion in December 202t)d has been attracting fast growing academic
interest inrecent yearsThe cryptocurrency market fsindamentally different fronthe stock
market (and frontonventionalassetmarket$ in terms of investor population, drivers of value,
and institutional featuresThese differences matter because they may leadubstantial
differences in how the typical investor the markef or ms a ment al represent
payoffs and of their salience.

Following Cosemans and Frehe(2021), we assume that investoronsider each
investmentn isolation (narrow framing) anextrapolate past returns into the futurais allows
us toestimate the ST value of a cryptocurrency based aedenthistorical return distribution.
Our analysis is based on a sample of 1,738 cryptocurrencies and ttov@eriod from January
1, 2014 to Jun80, 2021. We make a number of contributions to the literatirst, consistent
with Bordalo et ald £2013) saliencebased asset pricing modele document a negative

relationship between a crypt ocurThigsacipporsantST v al



step towards the generalisability of ST across markets and investor types. Namely, we estimate
that a one crossectional standardeviation increaseia  cr y pt o STwaluereduaeyit8 s
nextweek excess return by 0.41% relativééis@eersSecond, Wwile previous studigsurelyfocus
on the crossectionaldimensionof this relationship, walsoestablishthata cr ypt ocur r enc
value predicts timeariation in its expected returithird, we show that in the cryptocurrency
market theST effect is not subsumed by the shtatm reversal effecEourth we document that
the ST effect is coffined to the micrecap segment of the market, which accounts for only 3% of
total market capitalisationThis segmenis likely populated by the least sophisticated investors
(Chanet al, 2021, who arethosemostlikely to engage in narrow framin@i( et al, 2010 and
to extrapolate past returns into the futute et al, 2021). This finding leads us tepeculate that
theprogressivalisappearance of ti&r effect in the US stock market during the pestdecades
has been caused by a shift in the composition of the investor popukation(naive) retail
investors to institutionsBenDavid et al., 202]). The lattersupposedlypeingless susceptible to
biases such asarrow framing, extrapolation, asdlience distortiorLastly, we provide evidence
that the magnitude of tH&T effect is moderated by arbitrage constraints.

The rest of the papeés organised as followSection2 reviews the related literatyrand
Section3 develops our hypotheseSection4 describes the dat&ection5 illustrates how the ST
value of a cryptocurrency imeasuredSection6 detailsthe empirical analysis, and Secti@n

concludes.



2. Literature review
2.1. The concept of salience and its applications
By nature, odd or unusual things are more likielycapture human beingsttention
(Kahneman, 2002 Salience measurethe etent to whichan object ofperception, e.g., an
i nvest ment ds payoff I I8 pe@eivediay differens ftodine availabfe t h e
alternatives According toTaylor and Thompso(198),Aiwhen onebés attenti on
directed to one portion of the environment rather than to others, the information contained in that
portion wil!/| receive disproportionate weight.i
Consistent with this view, rpvious researchshows that the salience of events or
information has a significant impact ope op | e 6 s HKalndngae ene Miersky, 1973
Grether, 1980 Hamill et al, 1980, predictions Nisbett and Borgida, 1973ar-Hillel and
Fischhoff, 198)and therefore their choicdsor examp, Dessaint and Matra(2017) investigate
how managers react to hurricane events and findthai e ven t hough the actua
remains unchangeédmanagersrrationally become more concerned about hurricane risk when
their firm happens to beeadquartered near a disaster area, and as such, disasteperceived
asmoresalient.Choiet al (2022 argue thatollegestuce nt s & matpndsto be difecied e
by thedistributionof a small number afuperstar firms that are perceived as sal®pecifically,
if an industrycurrentlyfeatures dirm whose performance has been extraordinary in recent years,
students are mie likely to select majors related to this industhy finance, many market
anomaliessuch as fads and overreactiomaye been found to originate from the salience effect
(Odean, 1998Shiller, 1999. For examplei-rydman and Wan(202Q0s how t hat , when &
capital gain becomes fAmor e vi s(anaiktheyefore moreni ne nt

salien), trading decisions are more strongly affectedheydisposition effect.



While theimpactof saliencés only partially and indirectly encapsulated by diverse effects
documented in the literaturéprdalo et al (2012 are thdirst to formalisean ST model hataims
to describe howndividuals make decisions. Thegrguethatain d eci si on -seekikger i s
when a |l otteryobs -aypsr de wlse s ail ti eMacovwerrnshliemte siks s
thinker typically overweights salient payoffs and underweightssatient payoffs. Their model
incorporateshreekey feaures: (1) orderingwherebythe salienceof a payoffincreases as the
distance between the payoff and the reference point (i.e., the averageopaitefihative lotteries
in this stateof the world increases; (2) diminishing sensitivitwhereby for the same distance
between the payoff and the reference pdhe higher the payoff (in absolute value), the lower its
salience; (3) reflectionwyherebysalience is independent of the sign of the distheteeen payoff
and reference poiift.e.,relative b the reference point, an $)ainis just as salientsan $Xloss).

Subsequent work by the same authopd@esthetheoreticapredictions of thiST model
in the areas ofonsumer choice3rdalo et al., 2013)) judicial decisionsKordalo et al., 201}
and asset primg (Bordalo et al., 2013g DertwinkelKalt and Koster(2020 emgrically test
Bor dal o0(2042 model inacseries ofaboratory experiments arfohd that it can explain
peopl ebs pref er en cnore buocesdslly tha iprospectethemyk additior, s s
usingsurvey datapimmock et al(202)f i nd t hat, consistent with t|
display inverses-shaped probability weighting, overweighting low probabileyv e nt s 6 and
holding underdiversified portfolios

Cosemans and Frehg2021) are the first to empiricallyestB o r dal o (20439 al . 0 s
saliencebased asset pricingodel UsingUS stock market dat#éheyfind that, consistent with the
model 6s prediction, a stockdés ST valextion.s negse

This can be explained byvestorsextrapolatingpast returns ané o v e r ingsaligrh gast



retuwmesm forming expectations about .Ihhlue, di
stocks with salient upsiddsecome attractive to salient thinkewgho then tilt their portfolios
towardsthese stockdUltimately, these stocks becomeearpriced anearn lower future returnin

line with this argumentu et al.(202]) find that,in the Chinese mutual fund mark&tnds with
greater ST values attract greater net inflows of money.

However, wherCakici ard Zaremba(202]) testB o r d a | 0(20&439 saliencebased
asset pricing modeising data frord9 international stock markets, they conclude that the ST effect
is far from robwst. Among their criticisms are that tt&r effect(1) is largely driven by the shert
term return reversadffect (2) is predominantlyobservedifollowing severe down markets and
volatility spike®, and (3)is modly concentrated in the microap segmentwhich accours for
only 3% of total market cap. Moreover, thestimates suggetttat in the US the magnitude of
the ST effect has decreased over titmethe most recent perip@0002015 there isonly little
statistical evidence &fuch areffect.

In a contemporaneous stutty ours Cai and Zhao 2022 find that ST helps explan the
crosssection ofcryptocurrencyreturns Our analysigranscendsheirs in several wayskirst, we
also investigathetime-series relationshipetween the ST value of a cryptocurrency and its future
return i.e,we ask whet her a crypt oc-uvariationm indtyexmecte8 T
return.While crosssectional regressions focos average returns, an appealing qualityirag-
seriesanalyss is that it shesllight on changes in expected retur@econg contrary to their
findings, weshow that the ST effect is confined to the micap segment, which accounts for only
3% of totd market capitalisation. Weelievethat Cai and Zhao 2022 fail to reach a similar
conclusion becaugbey examine the moderating role of cryptocurrency size only in the context

of bivariate portfolio analysisyhich, asis well understood, does not control for the effects of

str

v al



potential confounding factors. Third, Wlecumenthat arbitrage constraints play an important role

in moderatinghe magnitudeof the ST effect. We argue th@ati and Zhao Z022 fail to observe

this phenomenon because theyestigate the role of arbitrage constraints only in the context of
bivariate portfolio analysis aranit their attentionto a single proxyidiosyncratic volatility)for

limits to arbitrage Lastly, we employ multiple tests to show thée predictive power of Si&

relatively stableover timeand isneitherdriven by our methodologyor by our choice of the
benchmark against which investors are believed to evaluate the saliemce ofr y pt ocur r en

payoff.

2.2.Nature of cryptocurrency and mechanics of theeryptocurrency market

Cryptocurrency is a type of digital currency that addresses some of the limitations of the
traditional paymerst system basedn fiat currency, namely the long settlement period, high
transaction fees, the need to share personal informatm@hthe need tbold a bank account
(Maeseet al, 2016. Itis designed as a medium of exchange that can be used to pay for goods and
services Unlike other types of digital curreigs whichrequirecentral authories toverify the
validity of a transaction, cryptocurrencies, such as Bitcoin, employ a distributed verification
mechanisml(uther and Smitf2020).

The cryptocurrency markeis different from conventional asset markets in many ways.
First, there are differences in drivers of valueisl well established thahe intrinsic value of
traditional assets such as stocks and bonds depefasdamentals such aash flows, dividends,
and coupon payment§&0rdon and Shapiro, 195®iller and Modigliani, 196). Conversely
contemporaryresearchhas demonstrated thaetwork externalities andost of productionare

amongtheprimarydrivers of value in the cryptocurrency markebr exampleConget al.(2021)



developa modelin which cryptocurreng tokens allow users to conduct transactions on a digital
mar ket pl ace, which makes them fia hybrid of m
insights are that the value of cryptocurrency tokens depends on the productivity of the digital
marketplace nd on network externalities, . e. t he
user to find a transaction count er paHayygs, and
(2017 claims that cryptocurrency is better thought of as a virtual commodity than virtual money
and finds that the main determinant of its market price is its marginal cost of production, which in
turn depends on electricity prices, mining efficiencyd amining difficulty. Liu et al. (202]) find
empirical evidence in support of the view that network externalities (e.g., user growth) affect
cryptocurrency value, but unlikéayes(2017), they find no evidence thagalue is affected by
production factors (e.g., electricity costs).

Since the drivers of value in the cryptocurrency market are different from the typieasdri
of value with which investors in conventional assets are familiar, the mental representation that
investors form of a cryptocurrencyods payoff a
other traditional assets. The implication is that prevus f i ndi ngs about STOo:
investor behaviour in the equity market are not necessarily extendable to the cryptocurrency
market. Rather, the latter must be studied on its own terms.

Secondlywhile a stock usually trades on a single excleamgon a handful of exchanges
during regular hourghere exist more than 200 cryptocurrency exchanges around the world, and
the most popular cryptocurrencies trade on dozens of #émHansen(20189 highlights how
regul ations and the amount of oversight from ;

structure, trading features, [ ] and security



streses that only some exchanges allow short selling and maading and some do not accept
fiat currency*

Lastly, unlike the stock market, the cryptocurrency market is mostly populated by retail
investors A recent JPMorgan survey among 3,400 insbai investors around the world reveals
that only 11% of them either trade or invest in cryptocurrencies, and 78% of those who have not
donethatb el i eve it i s fAnot | i kelGypbagi0hlat t hey wi

Surveysshowthat cryptocurrency owners possess higher levels of digital litbradgwer
levels of financial literacyhan norowners Panoset al.,2020). Lack offinancial sophistication
and limited trading experieneee often associated witleavier use of heuristics aagacerbation
of behavioural biasesFéng and Seasholes, 2009n particular, there is evidence that
unsophisticated individual investors are more likely to extrapolate past returns into the[ature (
etal, 20210 and engage in narrow framing et d., 2010, which are two of the key prerequisites
on which the ST effect is based.

In conclusion, gen thoughhe cryptocurrencynarket shareseveral features afaditional
markets its unigue investompopulationand d the above factors makie an ideal setting for

extending the exploraton &T6s abi |l ity to explain investor

3. Hypotheses development

Bor dal o (20439 salienceliased asset pricing model predicts tlwatthe cross
sectioncryptocurrencies withigher (lower) ST valug i.e., cryptocurrencies with salient upsides
(downsides)aremore (less) appealing to salient thinkexotilt their portfolios toward (away

from) these cryptocurrencied he implication is thatryptocurreneswith high ST valuebecome

! For a more comprehensive discussion of the cryptocurrency marketisegetti and Nikbakli2021).

10



ovelpricedrelative to cryptocurrencies with low ST valwexlearn lower subsequent retarifihis
leads us to our first testable hypothesis:

H1: In the crosssection, cryptocurrencies with higher ST values earn lower average
returns than cryptocurrencies with lower ST values.

Based onan analogous rationgle we al so conjecture that
predicts timevariation in itsexpected return. Namelwe hypothesizahat as the ST value of a
cryptocurrency rises (falls) over time, it becomes more (less) appealing to salient thvekers.
buying (selling) pressureauseghe cryptocurrencyo becone overpriced (underpricedyyhich
leads tdower (higher) future return&ased on thisrgumentwe test the following hypothesis:

H2: The ST value @ cryptocurreng negatively predidits future return in the timaeries
dimension.

Since previous resear¢b.g.,Zhang and Li, 2021Zhang et al., 2021shows that, in the
cryptocurrency market, the magnitude of some anomalies varies across size segenpotst
that a similar phenomenarises with respect to the ST effecthe rationaleis that liquidity is
likely to be lower and arbitrage constraints are likely to be more severe among smaller
cryptocurrencies. Furthermore, smaller cryptocurrencies are more fikeljtract trades from
unsophsticated investordzor exampleZaremba et al(2021) show that the daily reversal effect
is more pronouncedmongsmall cryptocurrencieswhich account for less than 10% of total
market capThese results parallelrsilar findings in the stock market, &»semans and Frehen
(202)) find that the ST effect is stronger among micep US stock and Cakici and Zaremba
(202)) find evidence of an SE&ffect only among micraap stocks in theinternationalsample
Therefore, we test the following hypothesis:

H3: The predictive power of ST is stronger among m@ap cryptocurrencies.

11



Sincesalience distortion is a behavioupllenomeon that does notalterr y pt ocur r enc
economic fundamentals, one would expeational arbitrageurs tdanstantly eliminate the
mispricingcaused by salient thinketsowever, asiotedby Shleifer and Vishn{1997) andPontiff
(2009, realworld arbitragestrategies are typitds risky and costly. Therefore, arbitrageaen
eliminatepriceinefficiencies only when theexpected profits compensate them for¢bets and
the risk they incur In other words, when arbitrage constraints are more severpritieeof a
cryptocurrency that is appealitugappealing to salient thinkers is more likely to deviate
substantiallyfrom its fundamental Based on this argumemne test thdollowing hypothesis:

H4: The predictive power of ST is stronger among cryptocurrencies that are more difficult

to arbitrage.

4. Data

We collect daily prices, trading volumes, and market capitalisations of all available
cryptocurrenciefrom Coincodex(in US dollars). Unlike other exchangeecific database
Coincodexaggregates data from more than ZigptocurrencyexchangesAs such in our data
set,the price of acryptocurrencyon a given days the volumeweighted average of all prices
reported by these exchanges on that daglit is based on the 00:00 UTC time zcohe.

Our datarelate tothe period from January 1, 2014 to June 30, 2®®%Ve retain only
cryptocurrenciefor which(1) more thah2weelks ofobservationare availablg(2)the time series
of trading volume and market capitalisatiare not missingand (3)the dailypricetime series is

not discontinuousA total of 1,738cryptocurrenas survive this screening. It is worth noting that

2 SeeCoincodexhttps://coincodex.copfor detailed descriptions of the data.
3 We obtained the historical data frébwincodeon July 13, 221. Since trading volume data are only available from
the end of 2013, our sample period starts on January 1, 2014.

12


https://coincodex.com/
https://coincodex.com/
https://coincodex.com/
https://coincodex.com/
https://coincodex.com/

our sample includes both active and defunct cryptocurrenbegby lessening the potential for
survivorship bias.Table 1presentsa set of average cressctionasummary stiisticsby year.It
reveals thathte averagenumber ofactivecryptocurrencies the samplenonotoni@lly increase
from 38in 2015 to 1,604 in 2021 The upwardtrend is particularly obvioustarting from the end
of 2017, since wlenthis market habeen attracting a great dealatfentionfrom the mass media
< Please insertablel here>

In our analysisthe outcomevariablerepresentsryptocurrency returnandis measuredt
a weekly frequencyin using this frequency, &follow the existing literaturenthe behaviour of
cryptocurrency returns. Theationaleis that the cryptocurrency market has a relatively short
history, and the use @ weekly(cf. monthly)frequencyprovides more observations aaffers
greater estimation accuradyi et al, 2021). Additionally, there is evidence that cryptocurrency
returns follow a shortnemory process{robyset al, 2020. Therefore we transformthe daily
time series that we collected froBpincodexinto weekly Eriday-to-Friday) time series of log
returns, trading volumes, and market capitalisatfolféer winsorising tlese variables at the 1st
and 99th percentiles for each week, we repoftinie 1a set ofaverage crossectionasummary
statisticsby year The pattern of meaweekly returns reveals that, on average, cryptocurrencies
delivered unusually high returns in 2017 and very poor returns in 20&8age tading volume
grew rapidly in 2017 and 201&en fell substantially during the following two years and surged
again in 202. Average market capitalisation rofarly steadily until 2018, after which it

experienced aizeabledropcaused byhe launch of a large number of new cryptocurrencies.

4We assign a missing value to price and market capitalisation when trading volume is zero. This protesiLiféo
of the observation$ut the results are robust to this choidée follow Grobys and Junttil§2021) and use log returns
because the distribution of simple cryptocurrency returns is highly positively skewed compared tootiadmtional
assets.
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5. Salience theory value of a cryptocurrencyand control variables

To compute th&T value of a cryptocurrencwe followCo s e mans a @2)Fr ehen
methodology, whichin turn, builds upon Bordalo et al. q20132) saliencebased asset pricing
model Thethreecrucialassumptiongre thatinvestors(1l) engage imarrow framing (i.e.they
evaluate each cryptocurrencylividually rather than as part of their overall portfolio), (2) believe
that a crypt@urrency) s hi storical r et utative ofl itssfuture deturm i o n i
distribution, and (3) evaluate théstorical returrdistribution as described by ST.

Point 3 above requiresaking an assumption about thenchmark against which investors
gauge the salience of,ofdtsreturnopa givenuwaywWeemployéhe pay o
equatweighted cryptocurrency market index @s default benchmarkas the equakleighted
met hod fApreserves the ordering, diminishing se
f u n c tCosemaos afd Frehen, 2021

Point 2 above requires making an assumpabout the length of the historical time
window on which investors focus whertrapolatingpast returngnto the future. In our baseline
analysis, we follownCosemans and Freh€2021) and use a onmonth window. In ther words,
the ST value of a cryptocurrency at the end of wiekks computed based on the distribution of
its pastdaily returnsbetween week-4 and week-1.° Investos who extrapolate past returns but

do not suffer from salience distortioealise hat the objective probability of each of the 28 daily

5 Starting from the universe of cryptocurrencies tracke@ biycodexwe includein the construction othe market

index only thosecryptocurrencies for which (1) at least 14 daily observationseadable, (2) the time series of

trading volume and market capitalisation are not missing, and (3) the daily price time series is not discontinuous. A

total 0of2,726 cryptocurrencieseet these criterids we show laterusng alternative reference posifi.e., zero, the

risk-free rate, thetimes er i es mean of t he cthevgueweghted markeicdgxdeturnandn r et ur
Bi t c oi ndoss notehange onr conclusions

8 As we show latein the sensitivity tesf using alternative timeiindows (i.e., from 1 week to 52 weeks) does not

alter our conclusions.

14


https://coincodex.com/

returnsin this time windowis the same, i.e.1/28 However,salient thinkersunintentionally
overweight(underweight the probability of salienfnon-salient)returns.
The salience ofryptocurrencyidé s | og r &fi g,rwhereeach dhywithin the 4

week windowcan be thought of aspossible state of the world,computel as

wherei is the log return of the equaleighted crptocurrency market indexand—is a
convenience parametem simple terms, i H  measures the distance betwegyptocurrency
i0s payoff and t he atwecryptagerenpemdy dalsf Theagrenter shs a | |
distance, the more noticeable the payoff to salient thinkers.

Instead of relying on the objective probailiof observingi , , salient thinkers
instinctivelyuse cryptocurrencegpecific decision weights that inflate (deflate) pinebabilitiesof
the most (least) salient payoffs, as follows:

‘ ©J q

where" is the objective probability of state“ is thesubjective probability of observing;,

and is the salience weightvhich is computedccording to the following formuia

1T L .
L T L g

Eq. (3)requires ranking cryptocurrenady s dai |y returns i pPdandlveeki nt er

t-1 in decreasing order of salieneehere’Q; is the rank of ;, which ranges from 1 (most salient)

to "Y(least salienty."Yrepresentshe set of stateso thaB ~ “ p. The parametér measures

" —deals witht he salience of states i n whlf-eeretindt added toythet ocur r
denominator, zeroeturn states would always be the most salient ieetsge of the return on the market index. We

set—=0.1 as inBordalo et al(2012), but as we show later, this choice has no material impact on our conclusions.

81n case of tieghe returnsarefurther rankedy trading volume.
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the degree of salience distortiofi] = 1, thedecisioamaker does not suffer from salience
distortion and relies on objective probabilitie. 0 <7 < 1, the decisiommaker overweighs
(underweights) the probability agalient (honsalient)returns. The lowér, the greater thdegree
of salience distortiorf-ollowingBordalo et al (2012, we set = 0.7in our baseline specification.

Lastly, the ST valuef cryptocurrency at the end of week ('Y'&§; ) can becomputed
as the covariance between salience weights and daily log retitins the time window™Y
between week-# and week-.:°

Y 0¥, WEW ph O iy 15 T

Eq. (4)shows that, as pointed out Bpsemans and Frehg021), the ST value of m
asseffi i equalto the difference between salieraeighted and equaleightedpastreturn®. In
other words, theSTV variablecapt ur es h owingditsiad s ent i nwhe sntkor s
expectationsCryptocurrencies witpastsalient upsideg@ownsidestausesalient thinkesto form
rosy (bleak expectations about their future returns, which in turn makes them attractive
(unattractive).In the presence of limits to arbitrage, net demand (supply)afgrealing
(ungopealing cryptocurrenciesnay lead to overpricing (underpmgj) and affectheir future
returns accordingly.

To isolate the abovementioned channel, we include in our analysis a number-of well
documented factors that, according to the existing literature, help explain asset/cryptocurrency
returns. All these contrafariables are defined inable 2

< Please insertable 2here>

91f there are fewer than halfon-missingreturn observations withithe time window, theSTVvariable is assigned a
missing value.
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Table 3 presents some average crkgsstional summary statistics amyptocurrency
returnsthe STVvariable and the set of contrel® All variables arevinsorisedat the 1st and 99th
percentiles for each wegkutour conclusions are robust to this choiPané A reports the mean
and standard deviation of each variable, and Panel B presents the Pearson correlation coefficient
for each pair of variable&TVis most highly correlated witBkewl(shortterm skewnesspom
(momentum),Max (MAX effect), and Rev (shortterm reversal)While Cakici and Zaremba
(2027) argue thatSTVand Revtend to capture similar phenomentjsi worth noting thathte
correlationcoefficientbetweenSTVand Revin our sample isonly 0.18, which is significantly
lower than thaestimatedoy Cosemans and Frehd@021) in the US stock market (0.6%r by
Cakici and Zaremb#&20217) in a sample ointernational stock marke{0.60).

< Please insertable 3here>

6. Empirical analysis
6.1. Crosssectional relationship betweerSTV and future returns
6.1.1. Portfolio analysis

We start investigating whether hi@TVcryptocurrencies earn lower average returns than
low-STVcryptocurrenciesH1) by using univariate portfolio analysi$his does not require any
assumptions about the functional form of the relation bet@d&fand future returngirst, at the
end of ealbb week,we sort cryptocurrencies into decile portfollmsSTV, wheredecilel contains
the lowestSTV cryptocurrencies andlecile 10 the highes8TV cryptocurrencies Next, we

calculate the equateighted (EW) and valuereighted (VW) mean returns of egobrtfolio in the

0 Since we also study the tirseries relationship between tB&Vvariable and futurergptocurrency returns, in
Table Al in theOnline Appendix we present a number of average-Seressummarystatistics on th&TVvariable
and the set of controls.
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following week?! Lastly, we use the resultingturntime series to compute the mean excess return
(over the riskfree rate) and CAPM alpha efichdecile!?

Table 4displaysthe resultswhere the-statistics are based on Newdiest standard errors
with a lag truncation parameter of fivg zerocost longshort strategy thdiuysdecilel (lowest
STV and shod decile10 (highestST\j generateeconomically and statisticalkignificant mean
retums of 10.80% (statistic = 7.60) and 9.13% gtatstic = 5.61)per weekfor the EW and the
VW portfolios, respectivelySince previousvork suggest that the total cost of rebalancing the
cryptocurrencyportfolios is about 200 bps per weékgnchi and Ockerson 2021), thenetmean
returns remairpractcally significant.Our conclusions stay the saméen we adjust returns for
risk by computing thetrategie8 C A P M Thérgfdneabssenitial resultsareconsistent with
the hypothesisH1) thatcryptocurrencies with higher ST values earn loaegrageaeturnsthan
cryptocurrencies with lower ST valu&s

< Please inseftable 4here>

A key limitation of univariate portfolio analysistise lack ofcontrol for the effects of other
factors that happen to be correlated W&h\/** To overcomethis problem,we also perform
bivariate dependerstort portfolio analysiswhich employs two sonariablesand enablesus to
study the relation betweesirVand cryptocurrency returns conditional on a third fadtost, at

the end of each weele sort cryptocurrencies into quintiles based onaorgrol variablgle.g.,

11 Since log returnarenot additive across assetwe transformlog cryptocurrencyeturns into simple returns before

computing the average return of egugrtfolio. We thentransformsimple returns bachto log returnswhich are

additive across time

2The weekly riskfree rate iglerived fromthe onemonth Treasury bilrate fromK e nnet h Fr e When6s webs
estimating the CAPM alphas, we emplbg cryptocurrency market index as a proxy for the market portfolio.

BTheresults ag qualitatively the same if wese alternative benchmarfi.e., zero, the risffree rate, the timseries

mean of the cryptocurwenghdedowmarketurn mdext hetwalnye and
the STVvariableor wedivide the sample inteubsample (i.e., a rollingwindow approach thaises a fixed 2year

window that increments forward 13 weeks (3 months) for each iteration)

1 Indeed, asTable A in the Online Appendix reveals, the mean valuesMdm Rey Skew] Skew2 andIskew

increase monotonicallijmoving from decile 1 (lowessT\j to decile 10 (highesSTV.
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Re\). Next, within each of these quintilese further sort cryptocurrencies into quintilssSTV/1®
Lastly, he oneweekahead return on a giveir\Aquintile is calculated by averaging across the
five conditioningfactor quintilesWerepeat this procedufer eachweekto generata time series
of returns for eacBT\tsortedquintile.

The resultgseeTable A3in the Online Appendix)show that the meagxcesseturnsand
CAPM alphas of th&W zeracostportfolios(long the lowesSTVquintile and short the highest
STVquintile) are all positive andtatisticallysignificant at the 1% level. As for thBNV zerocost
portfolios, their mean excess returns and CAPM alphas are all poisittvenly 10 (out of 18) are
statistically differenfrom zeroat the 5% levelln contrast tdheresults of the univariate analysis,
themean excess returns and CAPM alphas of thezEkcostportfoliosare substantially larger
than those of their VW counterparts, which emphasizes the need to contitw fmonfounding
effects of other factord his patterralsosuggests thahe ST effectnay bestrongeramong small

cryptocurrencie$®

6.1.2. Panel regressions with timéxed effects
Since bivariate portfolio analysis can only control for oaefoundng factor at a timeywe
also employ panel regressiorte control forthe effects ofmultiple covariates abnce Our

preferred regression specification is:

YQOEGT T T Y T 6y Y@y 0y 1 YO
FoMmg Q1 048 @ T wdy T Ovog I 0 dwp
ORI 0% YQAAED O v

15 Since livariate portfolio analysis requiresrting cryptocurrencies int®6 groups(=5x5) each week, a minimum
of 25 cryptocurrencies must betive.The sample period in this part of the analysithisrefore reduceftom March
2015 to June 2021.

16 Since Bitcoin accounts for a lardgeaction of total market capitalisation, we repeat fhatfolio analysesafter
excluding Bitcoinfrom the sample. Owonclusions do not change.
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whereY Q 0¢6; idenotescryptocurrencyié s e bogretigngover the riskfree ratg in weeko,
and the explanatory variables are as definetzinle 2 The inclusion of time (i.eweek fixed
effects FE) allows us to isolate the cresectional variation in the daf&ropko and Kubinec,
2020. We estimate the parameters of the model by Oldsestimate standard errors that are
robust to crossectional and timseries dependence in the error term, we relydoable
clusteing, by both cryptocurrency and wedRetersen, 2009 owet al, 2010.%7

While Eqg.(5) contains a set of2lregressorswve starby estimating a simple linear equation
with a single explanatory variabl&TV (column 1 ofTable 5, and thenwe graduallyadd an
increasing number of covariatéolumns 28). Theestimates show thategardless athe set of
controls, thecoefficient onSTVis always negative anstatisticallysignificant at the 1% level,
which suppod H1. The ST effectis also economically significanAccording to our preferred
specification (column 8 ofable 5, a one crossectional standardeviation increase in the ST
value of a cryptocurrencseduces its nextveek excess return by 0.41% relative to its p&ers.
Considering that the average cregstionalstandard deviation a&turrsis about30% per week
in our samplgsee Panel A of Table 3)ne may argue that the ST eff@ttthe cryptocurrency
marketis not practically large-lowever, b putthe size of this effegh perspectivewenote that,
in the US market-osemansand Freher(202]) find thata onestandaredeviation increase ithe
ST value of a stockeducestsnextmonttd s r et ur n Bhe implication is thatii tBeY%.

cryptocurrency markethe ST effecis about13 times the size of that in thkS stock marketThis

7 While theFamaMacBeth approactvith NeweyWest standard errors is popular in the asset pricing literatore,

et al (2010 demonstratéhatit produces biased standard errors in the presafimerial correlation in the error term
Conversely, clusterobust standard errors perform well. Since we find evidence of serial correlation in oué rodel
error termbased on an ArellanBond autocorrelation tesé\(ellano and Bond, 1991we opt for panel regressions
with time FE and clustemobust standard errors.

8 Note that theestimatedtoefficient onSTVis -0.0255 and theaveragecrosssectional standard deviation 8T Vis
0.16.Hence, the size of the effect-&a41% (=-0.0255<0.16).
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is in line with our expectations, as tipeoportion of naive retail investorgwho are more
susceptible to behavioural biases such as narrow framing, extrapolation, and salience Jistortion
largerin thecryptocurrencymarket.

Our conclusions do not change whenaae tothe regression some additional factors that
have been found to predict the creestion of asset/cryptocurrency returns (columiiss ®f
Table 5. Inpart cul ar , even though salience distortic
positive skewness, the inclusion kewl Skew? Iskew and Coskewdoesnot have material
impacs on the sign and size of the coefficient®h\V. This suggests that theehavour capturel
by theSTVvariable gosbeyond a merpreference foskewness.

< Please inseftable Shere>

To examingthe economidmportance othe ST effegtwe compare its size to thatather
effectsdocumentedh the literatureon the crossection of asset/cryptocurrency retulns-igure
1, which is based on the estimates in column Baifle 5 each point estimate and 95% confidence
interval measureshé impact ona cr y pt o oemtwaele exeeygsdeturn of a one cross
sectional standardeviationchangen one of theexplanatoryariables It emerges thatwith the
exclusion ofRev(shortterm reversal) antlom (momentum), the size of the ST effestaf the
same order of magnitudes tle othersSpecifically, these estimates lead us to conclude that the
ST effect is just as economically meaningful the effects ofDBeta (downside beta)llliq
(iliquidity), PTV (prospect theory), anMax (MAX effect), which have been documented in
recent cryptocurrency studi€shang et al., 2021Zhang and Li, 20Z1Chenet al, 2022 Li et al.,
2021, Grobys and Junttila, 2091In turn, we believe that the ST effeepresents a phenomenon
that is worthy ofurtherinvestigation by thecademic community.

<PleaseénsertFigure 1here>
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It is alsoworth noting that, in column 8 (cf. column 7) Béible 5 the coefficient or8TV
remains practically and statistically significant afterthe inclusid®i®f, | . e. , t he crypt
prospect theory value. Consistent withenet ald 2022 findings, the coefficient oPTV is
negative and statistically significant, suggesting that cryptocurrencies with high pribsguegt
values are attractive to some investors, become overpriced, and earn lower future returns. Our
results support the viethat ST and prospect theory are by no means mutually exclusive, as the
cryptocurrency market may be populated by some investors whose behaviour is better described
by ST and some others whose decisions are better modelled by prospect theory. It isilso pos

that these two theories capture different tra

6.2. Time-series relationship betweersTV and future return

After observing that higlsTVcryptocurrencies earn lower average returns tharSoW
cryptocurrencies, & al so want to explore whether-a cry.
variation in its expected retufil2). Our conjecture is thasST over
value rises (falls)it becomes morand moreappealingrepelling)to salient thinkrs leading to
progressiveverpricing(underpricinglandlowering (raising)its future returraccordingly

To isolate the timeseries variation in the data and estimate the-Garees relation between
a cryptocur r enc ynéxsweeR €xcesratiiry we replaceg the week FE with
cryptocurrency FEn our regressionguation(seekq. (5) (Kropko and Kubinec, 2030We start
by estimating a simplinearregression witltryptocurrency FE ana single explanatory variable,
STV(column 1 ofTable §. Thenwe progressivg include more covariatdsolumns 213). Table
6, which displays all the relevant estimatgspwstha the coefficient or§TVis always negative

and statistically significant déast atthe 5% level. This is consistent with our expectations and
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supportdH2. According to our preferred specification (column 8able §, overtime, a one time
series standardeviation increase im c r y p t o $Tuvalue eeducss Gtssnewteek excess
return by 0.69%? In our view, this makes it an economically meaningful effect.

To examine whether this pattern is driven by our chosen outc@mable (i.e., a
cryptocurrencyo6s r dreeuate)weifolow Bladece snd Niasdn€e@1® e r i s kK
and reestimateour preferredregressiorequationafter replacing our outcome variable wih

variable tlat measures acr y pt o c uabrorenal cexcéss return=g@ x ces sy return
0 Qgdmar ket e x)cUntabslated eesultsrraveal thatr findingsdo not changé®

< Please insertable 6here>

6.3. Two-dimensional relationship betweerSTV and future returns
We next combine the crosgctional and timseries dimensionsy incorporatingnto our
regression equation both week FE and cryptocurrencyse&Eq. (5) (Kropko and Kubinec,
2020. We start by estimating a simple regression equation with a single explanatory v&fable,
(column 1 ofTable 7). Then, we progressively include more covariates (coluri®) 2
Table 7shows thatirrespective of the set of controthe coefficient orSTVis negative
and statistically significant deast atthe 5% level. The effectis also economicallyneaningful
According to our preferred specification (column 8leble 7, over time,a@acr ypt ocur r enc

ST value increases lmne standardeviationrelative to the crossectional average ST value of

19 Note that theestimatectoefficient onSTVis -0.0385 and theaverage timeseriesstandard deviation &TVis 0.18.
Hence, the size of the effect-i669% (=-0.0385¢<0.18).

20In a second robiisesstest wemeasure & r y p t 0 ¢ abtmarneahexcgs@&rirnas the difference between the
cryptocurr ency themarket exeessturn(i.e,tthe valne ofbetd is constrained to béJhtabulated
estimats show thathe coefficient onSTVis still negative, but this time it is not statistically different from z&ve.
regard this result as lessnsequentiahan the previous onascryptocurrencies with different betas are unlikely to
react in the same way to markeide news
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the ative cryptocurrenciesits nextweek excess returfalls by 0.44% relative to theross
sectional average cryptocurrency excess refumwhat follows, to conserve space and keep the
discussion focusseave conduct all analyses using panel regressiatis evyptocurrency and
week FE.

< Please insertable 7here>

6.4. ST effect vs. shoritterm reversal

Cakici and Zaremb#2021) argue thatin their sample of international stoolarketsthe
ST effectcan to a large extenhe explained byheshortterm reversagffect Their claim is based
on evidence fronmeanvariance spanning tests and bivariate portfolio analysline with their
criticism, we notice that, whelRev(shot-term reversal) is added to our regression equations in
column 3 (cf. column 2) ofable 5 6, and7, the magnitude of the coefficienbh & TVexperiences
a substantial drop, as does itstatistic. Nevertheless, the coefficient remains statistically
significant, and its size remains economically meaningful.

Secondly our bivariate portfolio analysis shows thafter sorting cryptocurrencieato
quintiles byRey there isstill a statistically significant crossectional relationship betwe&1V
and nextweek excess returnSpecifically,conditional onRey a zerecost strategy thas long
quintile 1 (lowestST\j and short quintile 5 (higheST\j generates mean returns 2030 (t-
statistic = 4.0) and 1.89% (statistic = 2.10) per week for the EW and the VW portfolios,

respectively (see Table3An theOnline Appendix).

21 While this description may seem wordy, it is in line witile criticism byKropko and Kubine¢2020, who point

out that a tweway FE estimatocannotsimply be interpreted aprovidingiia si ngl e e s twhimat e of
accounting forunit e v e | het er og e n eNote that theasimatedcoefficierds STV ik 9.0229. To

constructa reasonableounterfactualas recommended byummolo and Petersof2019, wefirst regressSTVon

week and cryptocurrency FE, and then we calculate the standard deviation of the residuals, which yields a value of
0.19. Hence, the size of the effect0s44% (=-0.022%0.19).
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To shed further light on this issuere recalculate theSTVvariableusing daily returns
fromweekt5tot2 (.e,wes ki p t he pr e v andreestimate aikpanel regressians n )
accordingly The coefficient orSTVremains negative and statistically significésge Table A
in theOnline Appendix) Thereforewe conclude thatn the cryptocurrency markehe predictive

power of ST canndtefully explained bythe shortterm reversagffect

6.5. Analysis by sizesegment

Sincethe results of our bivariate portfolio analysis suggestthi@aST effect is stronger for
EW (cf. VW) long-short portfolios, wavant toexaminefurtherwhether this effect is pervasive or
limited to certain sizeegments of the mark&Ve begin byfollowingHou et al.(2020 andCakici
and Zarembg2021) and estimaing our panel regression equations gighted least squase
(WLS), where the weights are given the market capitalisation of a cryptocurrency relative to
total market capitalisatioat the end oéach weekTheestimateshow thatle coefficient or§TV
graduallybecomes statistically insignificaas morecontrol variables are addéd the equation
(see Table Ain theOnline Appendix) This supportshe esuls ofourbivariate portfolio analysis
and suggestihat the ST effect is mainly driven Bynaller cryptocurrencies

However, b formally test whether the predictive power of ST is strongesregrmicrocap
cryptocurrenciesH3), we need to properly allocate cryptocurrencies to different size gabtiues
end of each week in the sample periBthce thee is no clear consensus in ttryptocurrency
literatureregarding how to do thisye employtwo alternativemethodgsee Table Ain theOnline
Appendix. In the irst classification wefollow Cakici and Zaremb§2021). Namely, we assume
thatthe cryptocurrencies that account for the bot83%mof total market capitalisaticfall into the

micro-cap groupThe smaHlcap group consists of those cryptocurrenciesabedunt for the next
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7% of market capitalisation, and the largap group consistof those cryptocurrencies that
account for the remainin@0% of total market capitalisation.

The fcondclassification is based on the number of active cryptocurrencies. We rank all
active cryptocurrencies by market capitalisation and assign the b6@&mto the micrecap
group, thenext 20% to the smadlap group, and the top 20% to the lacge group. Based on this
rule, the micrecap groupaccounts for only abou2.45% of total market cafalisationin the
averageweek

We then reestimate our paheegression equations with the inclusion of an interaction
betweenSTVand Smalland an interaction betweeilVand Large, whereSmall (Large) is a
dummy variable that takesevalue of 1 when the cryptocurrency belongs to the soagil(large
cap) group, and O otherwisEhe resultsare displayed ifable § where he estimates in the odd
(ever) columnsare obtained by including (excludinBjtcoinin (from) the sampleln columns 1
4, the coefficient onSTVis negative and statistically significant at the 1% level, indicating that,
among micrecap cryptocurrencies, there is strong evidence of a negative relationship between
STVand future returns. @wersely, among smallbnd largecap cryptocurrenciesthere is no
evidence of an ST effect, as the corresponding coefficie®EV{STWwSmall and
STV+STWLarge) are not statistically different from zewdhen Bitcoin is excluded-urthermore,
the coefficiem on theinteraction ternST\k Largeis positive and statistically different from zero
at conventional levels, providing evidence that the ST effect is stronger amongcapcro
cryptocurrenciegcf. largecap cryptocurrencies)Therefore, the results are consistent with our
expectations andupportsH3.

The estimates displayedimble 8also help us shed light on the progressiigappearance

of the ST effect in the US stock market during the past few de¢adées:i and Zarembg2021).
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If the ST effect is mainly driven by the behaviour of unsophisticated individual investors, like the
ones whdikely populate the micreap segment of the cryptocurrency marketn a shift in the
composition of the investor population, fromaiéto institutional, should be accompanieday
diminishing ST effect. Indeedavhile individual investors clearly dominated the US stock market
until the 1970s, tarting from the 1980s the share of stock market capitalisation held by retail
investors hagraduallydecreasedGompers and Metrick, 20).1Since the middle of the 1990s
institutions have been dominatinggmarket BenDavid et al, 202]). While oursis not a formal
statistical testour data are consistent with the above interpretation. We leave it to future research
to explore this phenomenon in greater depth.

< Please insertable8 here>

6.6. Is the ST effect moderated i limits to arbitrage?

We conjecture that the mispricingaused by salient thinkecamot be fully eliminated
by arbitrageursvhen there are constraintthat limit arbitrage activity.Thus, we expect the
predictive power of STo bestronger among cryptocurrencies that are more difficult to arbitrage
(H4). To test tis hypothesiswe follow the existing literatur€Zhang 2006 Lam and Wei2017)
andemploy six individual proxies for limits to arbitrageryptocurrency ageXge, bid-ask spread
(BAS, Amihudilliquidity ratio (llliq), idiosyncratic volatility [vol), market capitalisatiorS(zg,
andvolatility (Vol). For each proxy, we restimate our preferred parelgression specification
after adding to the equation the proxy itself and an interaction beSieésnd the proxy.

Table 9reports the results. The signs of the coefficients on the interaction$@ivk¥ol,
STWBAS andST\kIvol are all negativeandthe coefficients are statisticalgignificant atthe

1% level Consistent with our expectations, thiglicates that the Saffect ha a strongelimpact
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on the pricing ofcryptocurrencies with higher volatility, higher kédk spread, and higher
idiosyncratic volatility which are more difficult to arbitrag@&he coefficients on the interaction
terms ST\k Sizeand ST\kAge have apositive sign,which is consistent witlthe view that
information costsand therefore arbitrage constraimatise lower for largeap and welestablished
cryptocurrencies. However, they are not statistically different from zero. Lastly, in line with the
beliefthat illiquid cryptocurrencies are harder to arbitrage, the sign of the coeffici&hvailig
IS negativebut the coefficient itself is not statistically significant
< Please inseftable9 here>

In a second testvefollow Stambaugh et a@. 2015 approackand examine whether the
predictive power of ST is stronger amooryptocurrenies that aremore mispriced (.e., either
highly undepricedor highly overpriced) The raitonale is that degree of mispricing and severity
of limits to arbitrage are likely to go hand in had@d measurea cr ypt ocurrencyos
mispricing, instead of relying on individual proxi¢isatmay be noisywe construct an indexsing
the control variableandtheestimateshat appear in column 8 dfible 722 Each of these variables
represents an anomaly documented in the literafareexamplethe estimated coefficient dRev
(HMiq) is negative(positive) suggesting that cryptocurrencies with higRew(llliq) values tend
to earn lower (higher) subsequent returns, and consequently theg tteought of aveingmore
overpriced(underpricejl

Therefore at the end oéach welk, we first sort cryptocurrencies into quintiles one of
the nineanomalyvariables (e.g.Rey. Quintile 1(5) containsthe cryptocurrenciethatare most
highly underpricedoverpriced. Thehigherthequintile in which a cryptocurrency falls, thegher

the rank that we assign to We thenrepeat this procedure for each of the remaining anomaly

22\We excludeSizebecause, as discussed3ection 6.5, there is evidence of an ST effect only among moap
cryptocurrencies.
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variablesand o mput e a cr ypt oc ur thesur gité individualnapke Bhet e r ar
compositemispricingrankranges from gmost underpricedp 45(most overpriced)

Subsequentlyat the end of each week, we soryptocurrencies intguintiles by their
composite rankNext, we generate &orrespondinget of dummy variable#ighlyUnderpriced
(Underpriced Overpriced HighlyOverpriced takesvalue of 1 when a cryptocurrency falls into
quintile 1 (2, 4, 5) and 0 otherwisel'he middlequintile, consisting of cryptocurrencies that are
fairly priced relative to their peerserves as the reference categbsastly, we regress ongeek
ahead cryfcurrency excess returns &TV, the set of dummies that we have just described,
interactions betweeBTVand theséour dummies Size and cryptocurrency and week FEgure
2 displays the point estimate and confidence intepofathe ST effect for each of the five
mispricingbased quintilesAn inverted Ushaped pattern is clearly visiblEhe more mispriced a
cryptocurrency, in either direction, the greater the magnitudeeo8T effect in absolute value.

This pattern provides further evidence in suppotif

Our setting also provides an opportunity for investigating the effectarlmfrage
asymmetry The literature on this topicontends that buying underpriced assetsaisier than
shorting overpriced one€fek et al, 2004 Lamont, 201p. Consistent with this argument,
Stambaugh et a(2019 findthatit he negati ve | VOL effect among
than the positive ef f kollovingamemalogouslinedberegagonioge e d st
would expect the ST effect to be strongarong highly overpriced cryptocurrencies than among
highly underpriced one$ndeed,asFigure 2revealsthe difference in point estimates between
highly overpriced and highly underpriced cryptocurren@asegative {0.0340), but there is not
enough statistical evidence to reject the null hypothesis of no differevadu@gp= 0358).

<PleasensertFigure 2here >
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6.7. Sensitivity analyses

An important question is whether our main results are semsdithe sample period or to
the methodology used in quantifying the ST value of a cryptocurrency. To address these concerns,
we perform several sensitivity testsEirst, to examine the stability of the coefficient of interest,
we reestimate our prefeed panefegression specification using a rolliagndow approach.
Specifically, we employ a fixed-gear window that increments forward 13 weeks (3 months) for
each iteration until the end of the sample period. Panel Aigfre 3 plots the resulting point
estimates of the coefficient @iTVand their 95% and 99% confidence intervals. The estimated
coefficient onSTVis always negative. It is not surprising that the confidence intervals are fairly
wide in the early part afhe sample period as the number of active cryptocurrencies was quite
small. Nevertheless, the point estimate is relatively stable over time, which reassures us that the
effect that we have detected is not driven by an abnormadauble of data.

In a seond exercise, we investigate the sensitivity of our results to the length of the
historical time window on which investors are assumed to focus when forming their expectations
about the future distribut i oncalcaulitetlkeSTYvanalpg ocur r
using alternative window lengths, from 1 week (i.e., wegktb 52 weeks (i.e., from weelsR
to week t1). Next, for each window length, we-estimate our preferred parrelgression
specification where our originalSTVvariable s replaced by its modified version. Panel B of
Figure 3plots the resulting point estimates of the coefficierfdand their confidence intervals.

With the exclusion of the shortest time windows (from 1 to 3 weeks in [grigéhfigure reveals
remarkable stability in the estimated size of the ST effect. It is also worth noting that, on average,

the wider the historical time window used in the construction oSihévariable, thesmallerthe

23 Note that the exclusion of Bitcoin from the sample does not alter our conclusions.
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estimated size of the ST efféntabsolute value. This is consistent with the findingS@femans
and Frehen(2021) andCakici and Zaremb#2021), suggesting that salient thinkers tend to focus
on the recentgst when extrapolating historical returns into the future.

In a third exercise, we explore whether our main results are sensitive to the values of the
parameters that govern the Bgal-hemaod ohvastoypt
of salience distortion ixq. 2( ). First, we recalculate the&sTVvariable using alternative values
for —and] , and then we restimate our preferred panelgression specification accordingly.
Sincevarying the value of—(in the regionfrom 0.05to 0.3) has no material impact on our
estimates, in Panel C &fgure 3we only display the output generated by varying the value of
between 0.1 and 0.9vhile keeping—constant at 0.1. What emerges is that the estimated
coefficient onSTVis always negative, but it is statistically different from zero only when
between 0.2nd0.9.Thisresultis supported bipordalo et ald €012 experimental resultsvhich
show that theypical degree of salience distortin) (s about 0.7

In a fourth exercise, we examine whether our results are sensitive to our choice of the
benchmar k against which investors are assume
payoff. First, we e-calculate thesTVvariable usinganalternative benchmark (i.e., zero, the fisk
free rate, thetms er i es mean of the crypt-oeghtednarkety 6s o
index return andB i t ¢ oetumpand then we restimate our preferred pdregression
specification accordingly. Panel D Bfgure 3shows that the use of alternative reference points
does not alter our conclusions.

Lastly, to investigate whether the ST effect is pervasive across cryptocurretarg,see
re-estimate our preferred parrelgression specification individually for each sector (e.g., Proof of

Stake, Privacy coins, etc). The estimated coefficierbylis negativeand statistically different
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from zero for 2 out of 13 sectors, whichnist surprising considering that, for most sectors, the
number of available cryptocurrencies and observationerissmall (see Table Ain the Online
Appendi®. Nevertheless, the sign of the coefficient is negative for 11 out of 13 sectors, which
suppors the interpretation that the ST effect is a general phenomenon that is neither confined to a
single cryptocurrency sector nor driven by a specifiecgrple of data.

<PleasensertFigure 3here>

7. Conclusion

Variousstreams of literature suggest that objects of perception that stand out from their
surroundingsi.e., salient objectsend to attract the attention of our sensory chan@els visual
systemshar dwi red to detect oDb]j eredttosthesunreundingvisfiaf er |
i np dreue, 2Q0R And our auditory system has evolved to desecinds that differ in intensity
and spectral/temporal modulation from background ndisg<eret al, 2005.

However, only recently has the concept of salience begun to attract the interest of
researchers in tHeelds of economics and finandeordalo et al (2012 proposea salience theory
of decison-makingaccording to whichndividuals pay more attention tma nve st ment & s
salient payoffsin turn this leads them to overweight thebabilitiesthat these payoffs will occur
Bordalo et al.(2013) take this theory a step further and predict that as@#i salient upsides
become overpriced because tlaeg appealing to salient thinkers.

We test this prediction usirgylargedatasetfrom the cryptocurrencmarket Our results
provideempirical support for salience theolfe find that cyptocurrencies with salient upsides
(i.e., high ST values) earn lower subsequent returns than cryptocurrencies with salient downsides

(i.e., low ST values)suggesting thaheformerare overpricedelative to the latteHowever,we
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detectthis effect onlyamong micrecap cryptocurrencies, which account for a mere 3% of total
market capitalisatiorand likely entail substantial transaction codf¢hile our findings are
supportive of the theoryand are valuabléo our understanding of investor behaviotrom a
practical perspective &y indicatethat theconcreteamplementation of investment strategtbat

try to exploit thesaliencebiasin financial marketsnay be challeging for practitioners
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Tables and Figures

Table 1.Sample eyptocurrencies: Average crosssectionalsummary statistics by year
Number of active

Year . Weekly return Trading volume (in thousandsof $) Market cap (in millions of $)
cryptocurrencies

Mean Mean SD Median Mean SD Median Mean SD Median
2015 38 -0.0045 0.2209 -0.0158 1168.79 5497.98 5.70 145.29 674.27 1.12
2016 68 0.0140 0.2679 -0.0016 1346.31 9812.17 2.75 142.70 1062.20 0.60
2017 93 0.0775 0.3134 0.0522  23421.97 117787.12 178.65 736.37 4205.32 8.22
2018 168 -0.0605 0.2180 -0.0638 45394.26 248018.97 223.30 1208.42 6461.28 13.05
2019 695 -0.0202 0.3031 -0.0209 9772.46 57779.16 34.74 49.68 244.88 2.23
2020 1328 0.0011 0.3899 -0.0015 7794.30 46280.72 14.10 34.29 167.75 0.92
2021 1604 0.0175 0.4293 -0.0013 40160.84 224344.75 26.67 197.07 893.74 2.87

This tablerepors a set ofaverage crossectionasummary statisticBy yearon thecryptocurrencie the sampleFor each year in the sample period,
we compute th@veragecrosssectional mearstandard deviation (SD), and mediannaekly logreturn, trading volume, and markepitalisation.
Trading wlumereferstoa cr yptocurrency©6s nreagiven deek, andmartkat eagréfersgtoav oclruynpet oc ur r en
capitalisatiorat the end o& givenweek The sample period is from January 2, 2015 to June 25, 2021
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Table 2.Variable definitions

Variable Definition References
Return Weekly (Fridayto-Friday)log return @ a cryptocurrency in week t Grobys and Junttila, 2021
STV Salience theory value ofar y pt ocurrency6s histori Cosemans and Frehen, 2021
week t4 to t1
Beta Slope obtained by regressiagryptocurrency daily excess return on the Liu et al., 2020Shen et al., 202Q.iu
cryptocurrency market excessgturn from week-4 to t1 et al., 2022
Size Natural logarithmohcr ypt ocurrency6s mar ket -k Elendner et al., 20%1i and Yi, 2019
Liu et al., 202QShen et al., 202Q.iu
et al., 2022
Mom Cumulative returron a cryptocurrencfrom week 3 to week £2 Liu et al., 2022
Iliq Meanofac r y pt oc ur r e n c netérs divaldd $yoits daily eradidga i | Amihud, 2002Zhang and Li, 2021
volume in week-i
Rev Returnon a cryptocurrencin week t1 Li and Yi, 2019Shen et al., 2020
Lt_rev Cumulative returron a cryptocurrencfrom week 60 to week+13 Fama, 1998
Vol Standard deviation afcryptocurrencg s dai ly rdturns in Jia et al., 2021
Ivol Idiosyncratic volatilityofac r y pt ocur rency 06s ddaotl y Ang et al., 2006Zhang and Li, 2020
Max Maximumofacr ypt ocurrencyo6s-1daily retur Bali et al., 2011 Grobys and Junttila,
202% Lietal., 2021
Min Negative of the minimumaicr ypt ocurrencyods-l1dai |l vy Bali et al., 2011 Grobys and Junttila,
2023 Li et al., 2021
PTV Prospect theory value of a cryptocu Barberis et al., 2016Chen et al 2022
from week 52 to t1
Volume Natural logarithmocr ypt ocurrency6s mean -flai Liu et al., 2022
StdVolume Natural logarithm of the standard deviatioreaf r y pt ocur r encyd Liu et al., 2022
volume in week-i
DBeta Downsi de beta, i.e., sl ope oweeklyexoess Ang et al., 200pZhang et al., 2021
returns on theryptocurrencymarketexcesseturnfrom week 52 to t1. An
observation is included in the regression onth& market return iess tharthe
average weekly market retuimthat time interval
Skewl Shortterm Skewness.e.,skewnessod c r y p t odaily retures mweelots Jia et al., 2021Liu et al., 2022
Skew?2 Longterm Skewness.e.,.skewnessof cr y pt oweakly reeimscfrond s Barberis et al., 2016
week t52 to t1
Iskew Idiosyncratic skewnessafc r y pt ocurrencyodos we2thily Harvey and Siddique, 2000
Coskew Coefficient on the squared market excess return when regressing Harvey and Sidique, 2000

cryptocurrencybés weekly excess ret

and the squared market excess return from wéekio t1
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Table 3. Outcome variable and explanatory variablesAverage cross-sectioral summary statistics

Panel A. Mean and standard deviation

Return STV Beta Size Mom Rev llligq Lt _rev Vol lvol Max Min PTV Volume StdVolume Skewl Skew2 Iskew Coskew DBeta
Mean 0.00 0.03 0.66 1448 0.01 000 023 -0.18 0.20 0.20 0.30 0.28 -0.22 9.57 8.79 0.06 0.36 0.40 -0.01 0.44
Standard 0.30 0.16 117 282 0.36 030 162 147 018 0.15 0.30 0.27 0.11 3.92 3.71 0.65 0.88 0.86 225 0.86
deviation
Panel B. Pearsonbds pairwise corre

Return STV Beta Size Mom Rev llliq Lt_rev Vol lvol Max Min PTV Volume StdVolume Skewl Skew2 Iskew Coskew
STV -0.08
Beta 0.00 -0.03
Size -0.02 0.00 -0.04
Mom 0.00 0.19 -0.01 0.06
Rev -0.26 0.18 0.00 0.05 -0.23
Illig 0.01 -0.01 0.00 -0.30 -0.03 -0.01
Lt rev -0.01 -0.01 0.00 0.32 -0.01 0.00 -0.13
Vol -0.04 0.10 0.05 -0.39 0.03 0.09 0.26 -0.15
Ivol -0.02 0.13 0.01 -049 0.05 0.01 0.28 -0.18 0.73
Max -0.10 0.19 0.04 -0.33 -0.02 0.30 021 -0.13 0.92 0.65
Min 0.03 -0.02 0.05 -0.37 0.08 -0.15 025 -0.13 091 0.67 0.72
PTV -0.04 0.03 -0.02 0.60 0.07 0.08 -0.28 0.49 -0.36 -0.46 -0.29 -0.34
Volume -0.01 0.04 -0.05 0.86 0.07 0.04 -0.37 0.24 -0.34 -0.47 -0.29 -0.33 0.56
StdVolume  -0.02 0.05 -0.05 0.84 0.08 0.06 -0.35 0.24 -0.29 -043 -0.23 -0.29 0.54 0.98
Skewl -0.05 0.20 0.00 0.00 -0.03 0.17 -0.02 -0.01 0.06 0.03 0.30 -0.20 0.01 0.02 0.04
Skew?2 -0.04 0.07 -0.02 0.05 0.03 0.04 -0.07 0.22 -0.01 -0.02 0.01 -0.03 0.39 0.06 0.07 0.04
Iskew -0.04 0.07 -0.02 0.13 0.04 0.05 -0.07 0.20 -0.05 -0.06 -0.02 -0.06 0.42 0.13 0.13 0.04 0.76
Coskew -0.01 0.00 0.02 0.00 0.00 0.00 0.04 0.00 -0.01 -0.01 -0.01 -0.01 0.02 0.01 0.01 0.00 0.08 -0.10
DBeta 0.00 -0.01 0.03 0.00 0.00 0.00 -0.03 0.01 -0.01 -0.02 -0.01 -0.01 0.07 -0.01 -0.01 -0.01 -0.04 0.08 -0.56

This tablerepors the timeseries averages tfeweekly crosssectional summary statistios the variables employed in the empirical analyRanel
A displ ays

theory

v al

t he

ue

of

mean and

a

standard
cryptocurr ency 0-4totiliTlsetemaining \ariablet areé defjnediinél¢ AiThensantple s t
periodis fromJanuary 22015 to June 25, 2021.
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Table 4. Univariate portfolio analysis

Low STV?2 STV3 STV4 STV5 STV6 STV7 STVS STV9 High Low-High
Excess return
EW 0.1389*** 0.0540*** (0.0412*** (0.0318*** 0.0372** 0.0297*** 0.0423*** 0.0404*** (0.0363*** 0.0309*  0.1080***
(8.03) (4.39) (3.93) (3.19) (3.47) (2.99) (3.76) (3.48) (2.89) (2.54) (7.60)
VW 0.0651*** 0.0139 0.0103 0.0157* 0.0148 0.0144 0.0120 0.0050 0.0054 -0.0262*  0.0913***
(4.29) (1.12) (1.10) (1.70) (1.61) (1.49) (1.20) (0.46) (0.37) (-1.82) (5.61)
CAPM alpha
EW 0.1384*** 0.0534*** (0.0407*** 0.0312** 0.0366*** 0.0292*** 0.0417*** 0.0400*** 0.0357*** 0.0302** 0.1082***
(7.98) (4.34) (3.89) (3.15) (3.43) (2.95) (3.72) (3.44) (2.86) (2.49) (7.61)
VW 0.0647** 0.0134 0.0099 0.0154* 0.0143 0.0140 0.0116 0.0047 0.0052 -0.0269*  0.0915***
(4.28) (1.09) (1.06) (1.66) (1.55) (1.47) (1.16) (0.43) (0.36) (-1.88) (5.60)
This table reports the mean excess returns and CAPM alplsaS/siorted portfolioswhereSTVi s t he sal i ence theory

historical daily return distribution from weekdtto t1. We form the portfolios tathe end of each weekndwe hold themfor one weekThe mean
excess retusiand CAPM alphsaof zerocostlong-short portfolis thatarelong decilel (lowestST\j and short decil&0 (highestST\j are displayed
in the rightmost columnWe computeboth equalweighted (EW) and valueeighted (VW) mean excess returns and CAPM alpha<alculate the
CAPM alphas weusethevalueweightedcryptocurrency market indeas a proxy for the market portfolidhe sample period is frodanuary 22015
to June 25, 202T het-statistics in parenthesase based on Newalyest standard errovgith a lag truncation paranestof five *, **, and *** indicate
statistical significance at the 10%, 5%, and 1% level, respectively.
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Table 5. Panel regressios: Cross-sectionalrelationship betweenSTV and next-week excesseturns

1) 2 3 (©) (O] (6) ) (8 9 (10) (11) (12) (13)
STV -0.1701*** -0.1650*** -0.0248*** -0.0219*** -0.0220*** -0.0247*** -0.0273*** -0.0255*** -0.0267*** -0.0269*** -0.0251*** -0.0258*** -0.0267***
(-18.10) (-17.30) (-3.10) (-2.77) (-2.78) (-3.18) (-3.31) (-3.05) (-3.26) (-3.27) (-3.07) (-3.16) (-3.27)
Beta -0.0001 0.0006 0.0007 0.0007 0.0014 0.0014 0.0014 0.0015 0.0015 0.0015 0.0015 0.0015
(-0.07) (0.49) (0.57) (0.63) (1.15) (2.17) (1.15) (1.22) (1.22) (1.23) (1.21) (1.22)
Size -0.0019** 0.0009 0.0011 0.0012 -0.0001 -0.0001 0.0006 -0.0005 -0.0006 -0.0010 -0.0007 -0.0005
(-2.57) (1.19) (1.52) (1.63) (-0.14) (-0.13) (0.87) (-0.65) (-0.67) (-1.19) (-0.89) (-0.65)
Mom -0.0015 -0.0990*** -0.0991*** -0.0992%*** -0.0977*** -0.0975*** -0.0963*** -0.0962*** -0.0962*** -0.0957*** -0.0959*** -0.0962***
(-0.42) (-20.22) (-20.38) (-20.18) (-19.80) (-19.75) (-19.78) (-19.76) (-19.77) (-19.69) (-19.73) (-19.76)
Rev -0.3495*** -0.3495*** -0.3493*** -0.3480*** -0.3518*** -0.3504*** -0.3501*** -0.3515*** -0.3499*** -0.3499*** -0.3501***
(-43.69) (-43.49) (-43.50) (-43.03) (-37.65) (-37.53) (-37.55) (-35.90) (-37.62) (-37.61) (-37.54)
lllig 0.0012%** 0.0011%** 0.0012*** 0.0012%** 0.0012*** 0.0012*** 0.0012*** 0.0012*** 0.0012*** 0.0012***
(2.80) (2.71) (2.95) (2.97) (2.87) (3.08) (3.07) (3.06) (3.08) (3.08)
Lt_rev -0.0007 -0.0009 -0.0009 0.0011 0.0013 0.0013 0.0018* 0.0015 0.0013
(-0.79) (-1.12) (-1.11) (2.07) (1.30) (1.31) (1.73) (1.46) (1.29)
Vol 0.0042 -0.0696 -0.0743* -0.0785* -0.0779* -0.0791* -0.0789* -0.0786*
(0.35) (-1.59) (-1.69) (-1.78) (-1.76) (-1.79) (-1.79) (-1.78)
Ivol -0.0523*** -0.0508*** -0.0633*** -0.0599*** -0.0599*** -0.0527*** -0.0565*** -0.0599***
(-4.14) (-4.07) (-4.98) (-4.90) (-4.90) (-4.30) (-4.59) (-4.90)
Max 0.0341** 0.0364** 0.0363** 0.0408** 0.0373** 0.0368** 0.0362**
(2.07) (2.21) (2.19) (2.22) (2.26) (2.23) (2.19)
Min 0.0163 0.0177 0.0184 0.0135 0.0176 0.0180 0.0184
(0.93) (1.01) (1.04) (0.69) (1.00) (1.02) (1.05)
PTV -0.0626*** -0.0669*** -0.0667*** -0.0429** -0.0509*** -0.0663***
(-3.35) (-3.51) (-3.50) (-2.26) (-2.62) (-3.47)
Volume -0.0018 -0.0018 -0.0018* -0.0018 -0.0018
(-1.59) (-1.65) (-1.66) (-1.60) (-1.61)
StdVolume 0.0030* 0.0031* 0.0030* 0.0030* 0.0030*
(1.83) (1.89) (1.83) (1.84) (1.84)
DBeta 0.0014 0.0014 0.0011 0.0017 0.0005
(0.75) (0.74) (0.56) (0.88) (0.23)
Skewl -0.0020
(-0.77)
Skew2 -0.0078***
(-4.83)
Iskew -0.0050***
(-3.07)
Coskew -0.0008
(-0.94)
Crypto FEs No No No No No No No No No No No No No
Week FEs Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes
Adj. R- 0.1278 0.1335 0.2255 0.2260 0.2261 0.2268 0.2269 0.2271 0.2273 0.2273 0.2276 0.2274 0.2273
squared
N 140914 135333 135333 134957 134722 134430 134430 134429 134298 134273 134294 134298 134298

This tabledisplays theestimategienerated bpanel regressions with week FE and a varying set of controls. In all specifications, the dependent varia
measur es a congweekahead excesaretyrnd Bhstatistics in parentheses are based on standard errors clustered by cryptocurren
andweekSTVi s t he salience theory value of a crypt-étotlrTheeamaiyiny saridblessate o r
defined inTable 2 The sample perios fromJanuary 22015 to June 25, 2021. *, **, and *** indicate statistical significance at the 10%, 5%, and 1%
level, respectively.

43



Table 6. Panel regressios: Time-seriesrelationship betweenSTV and next-week excesseturn

(O] ) (©) 4 (©) (6) (7 ®) 9 (10) 11 (12) (13)
STV -0.1761**  -0.1515***  -0.0486***  -0.0453***  -0.0454**  -0.0450**  -0.0455***  -0.0385** -0.0398***  -0.0401***  -0.0380** -0.0397** -0.0398***
(-13.29) (-11.14) (-3.22) (-2.97) (-2.99) (-2.95) (-2.92) (-2.51) (-2.59) (-2.62) (-2.50) (-2.58) (-2.60)
Size -0.0400***  -0.0261***  -0.0257***  -0.0255***  -0.0255***  -0.0255***  -0.0221***  -0.0254***  -0.0255***  -0.0247***  -0.0254***  -0.0253***
(-7.02) (-5.03) (-4.93) (-5.32) (-5.25) (-5.25) (-4.37) (-4.94) (-4.95) (-4.99) (-5.01) (-4.92)
Mom 0.0132 -0.0644***  -0.0641**  -0.0642***  -0.0642**  -0.0641***  -0.0649**  -0.0652***  -0.0651***  -0.0646***  -0.0651***  -0.0653***
(1.15) (-4.76) (-4.72) (-4.64) (-4.70) (-4.70) (-4.80) (-4.83) (-4.83) (-4.76) (-4.82) (-4.85)
Rev -0.3095***  -0.3092***  -0.3090***  -0.3093***  -0.3098***  -0.3089***  -0.3087**  -0.3136***  -0.3085***  -0.3086***  -0.3087***
(-18.43) (-18.26) (-18.16) (-18.04) (-17.28) (-17.14) (-17.20) (-16.58) (-17.28) (-17.29) (-17.19)
lllig 0.0016*** 0.0016*** 0.0016*** 0.0016*** 0.0015*** 0.0016*** 0.0016*** 0.0016*** 0.0016*** 0.0016***
(3.52) (3.46) (3.40) (3.40) (3.13) (3.43) (3.43) (3.41) (3.43) (3.42)
Lt_rev -0.0004 -0.0004 -0.0004 0.0018 0.0020 0.0020 0.0024 0.0020 0.0020
(-0.13) (-0.13) (-0.13) (0.45) (0.49) (0.49) (0.61) (0.51) (0.49)
Vol 0.0280 -0.0632 -0.0687 -0.0744 -0.0729 -0.0751 -0.0746 -0.0743
(1.40) (-1.13) (-1.22) (-1.32) (-1.29) (-1.34) (-1.33) (-1.32)
Ivol -0.0341* -0.0324 -0.0551***  -0.0516** -0.0513** -0.0483** -0.0514** -0.0513**
(-1.65) (-1.58) (-2.62) (-2.43) (-2.42) (-2.30) (-2.41) (-2.42)
Max 0.0320 0.0359* 0.0343* 0.0507** 0.0352* 0.0344* 0.0342*
(1.60) 1.77) (1.69) (2.23) (1.75) (1.71) (1.68)
Min 0.0302 0.0331 0.0334 0.0161 0.0323 0.0334 0.0335
(1.40) (1.54) (1.56) (0.67) (1.50) (1.56) (1.56)
PTV -0.1936* -0.1961* -0.1959* -0.1634 -0.1936* -0.1954*
(-1.87) (-1.90) (-1.89) (-1.46) (-1.72) (-1.89)
Volume -0.0029 -0.0030 -0.0032 -0.0029 -0.0030
(-1.14) (-1.17) (-1.26) (-1.14) (-1.17)
StdVolume 0.0062* 0.0064** 0.0065** 0.0063* 0.0063**
(1.96) (2.97) (1.99) (1.96) (1.98)
Skewl -0.0070
(-1.46)
Skew2 -0.0106
(-1.39)
Iskew -0.0011
(-0.20)
Coskew -0.0023
(-1.04)
Crypto FEs Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes
Week FEs No No No No No No No No No No No No No
Adj. R- 0.0010 0.0139 0.0988 0.0989 0.0987 0.0987 0.0987 0.1010 0.1014 0.1015 0.1017 0.1014 0.1014
squared
N 140901 135321 135321 134945 134710 134416 134416 134415 134312 134287 134308 134312 134312

This tabledisplays thestimategenerated bpanel regressions with cryptocurrency FE and a varying set of controls. In all specifications, the depend
variableme asur es a c ongweekalheadrerkcess ceturd.sThestatistics in parentheses are based on standard errors clustered b
cryptocurrency and weel&TVi s t he salience theory value of a cryptdactl. The emanng s
variables are defined inable 2 The sample perioid fromJanuary 22015 to Jure 25, 2021. *, **, and *** indicate statistical significance at the 10%,
5%, and 1% level, respectively.
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Table 7. Panel regressios: Two-dimensionalrelationship betweenSTV and future cryptocurrency returns

1) 2 3 4 (O] (6) ()] (8 9 (10) (11) (12) 13)
STV -0.1905*** -0.1565*** -0.0222** -0.0190** -0.0206** -0.0215** -0.0246*** -0.0229** -0.0235*** -0.0237*** -0.0230** -0.0234** -0.0235***
(-19.75) (-15.89) (-2.57) (-2.19) (-2.36) (-2.45) (-2.70) (-2.50) (-2.59) (-2.60) (-2.54) (-2.58) (-2.59)
Size -0.0521*** -0.0294*** -0.0289*** -0.0268*** -0.0274*** -0.0275*** -0.0242*** -0.0258*** -0.0258*** -0.0256*** -0.0257*** -0.0258***
(-15.42) (-11.93) (-11.93) (-10.88) (-11.08) (-11.15) (-10.24) (-10.25) (-10.28) (-10.18) (-10.24) (-10.25)
Mom 0.0050 -0.0991*** -0.0992*** -0.1006*** -0.0997*** -0.0994*** -0.0976*** -0.0979*** -0.0979*** -0.0978*** -0.0978*** -0.0979***
(1.39) (-20.69) (-20.98) (-21.05) (-20.69) (-20.67) (-20.35) (-20.45) (-20.46) (-20.45) (-20.48) (-20.45)
Rev -0.3469*** -0.3470*** -0.3481*** -0.3476*** -0.3526*** -0.3500*** -0.3501*** -0.3513*** -0.3501*** -0.3500*** -0.3501***
(-43.42) (-43.44) (-43.44) (-43.03) (-37.38) (-37.10) (-37.06) (-35.41) (-37.08) (-37.07) (-37.06)
Illlig 0.0012** 0.0012** 0.0012** 0.0012** 0.0012** 0.0012*** 0.0012*** 0.0012%** 0.0012*** 0.0012***
(2.57) (2.49) (2.54) (2.55) (2.46) (2.62) (2.63) (2.63) (2.62) (2.62)
Lt_rev -0.0053*** -0.0056*** -0.0056*** -0.0022* -0.0021 -0.0021 -0.0020 -0.0021 -0.0021
(-4.64) (-4.77) (-4.79) (-1.69) (-1.61) (-1.58) (-1.50) (-1.60) (-1.60)
Vol 0.0083 -0.0833* -0.0877* -0.0905* -0.0901* -0.0905* -0.0906* -0.0905*
(0.70) (-1.79) (-1.87) (-1.93) (-1.93) (-1.94) (-1.94) (-1.93)
Ivol -0.0522%** -0.0506*** -0.0624*** -0.0605*** -0.0604*** -0.0583*** -0.0600*** -0.0605***
(-3.93) (-3.84) (-4.76) (-4.70) (-4.69) (-4.59) (-4.67) (-4.70)
Max 0.0432** 0.0458*** 0.0445** 0.0486** 0.0446** 0.0446** 0.0445*
(2.48) (2.62) (2.54) (2.48) (2.56) (2.55) (2.54)
Min 0.0193 0.0210 0.0211 0.0167 0.0207 0.0210 0.0211
(1.06) (1.15) (1.15) (0.84) (1.14) (1.15) (1.15)
PTV -0.1477*** -0.1488*** -0.1486*** -0.1340*** -0.1440*** -0.1485***
(-5.60) (-5.59) (-5.58) (-4.91) (-5.22) (-5.58)
Volume -0.0024 -0.0024 -0.0024* -0.0024 -0.0024
(-1.61) (-1.61) (-1.65) (-1.61) (-1.62)
StdVolume 0.0043*** 0.0043*** 0.0043*** 0.0043*** 0.0043***
(2.64) (2.65) (2.65) (2.64) (2.65)
Skewl -0.0018
(-0.69)
Skew?2 -0.0038
(-1.37)
Iskew -0.0013
(-0.50)
Coskew -0.0005
(-0.52)
Crypto FEs Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes
Week FEs Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes
Adj. R- 0.1232 0.1421 0.2306 0.2312 0.2316 0.2320 0.2321 0.2327 0.2329 0.2329 0.2329 0.2329 0.2329
squared
N 140901 135321 135321 134945 134710 134416 134416 134415 134312 134287 134308 134312 134312

This tabledisplaysthe estimategenerated bpanel regressions with cryptocurrency FE, week FE, and a varying set of controls. In all specificatior

the dependent variablee as ur e s
by cryptocurrency and weelsTVi s

remaining variables are definedliable 2 The sample perios fromJanuary 22015 to June 25, 2021. *, **, and *** indicate statistical significance
at the 10%, 5%, and 1% level, respectively.
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Table 8. ST effect by size segment: Micrecap, smaltcap, and largecap

1) 2) 3 (4)
Allocation based on: Market cap (3%, 7%, Market cap (3%, 7%, # of cryptos (60%, # of cryptos (60%,
90%) 90%) 20%, 20%) 20%, 20%)
STV -0.0343*** -0.0346*** -0.0352*** -0.0353***
(-3.70) (-3.73) (-3.52) (-3.53)
STVxSmall 0.0448 0.0497 0.0080 0.0098
(1.29) (1.55) (0.312) (0.37)
STVxLarge 0.1159** 0.1029** 0.0814** 0.0793**
(2.49) (2.27) (2.18) (2.14)
Small -0.0074* -0.0068 -0.0238*** -0.0234***
(-1.85) (-1.64) (-5.44) (-5.36)
Large -0.0025 -0.0031 -0.0328*** -0.0328***
(-0.34) (-0.42) (-4.44) (-4.47)
STV+STVxSmall 0.0105 0.0150 -0.0273 -0.0256
P-value 0.755 0.628 0.246 0.289
STV+STVxLarge 0.0816* 0.0683 0.0462 0.0439
P-value 0.074 0.122 0.187 0.203
Bitcoin included Yes No Yes No
Crypto FEs Yes Yes Yes Yes
Week FEs Yes Yes Yes Yes
Adj. R-squared 0.2304 0.2304 0.2307 0.2306
N 134415 134076 134415 134076

This table presentthe estimategyenerated byanel regressions with cryptocurrer€lf and weel=E. In all specifications, the dependent variable
measur es a cangwedkahead excessretuyndhe odd (even) columns, Bitcoin is included in (excluded from) the sammelumns
1-2, cryptocurrencies are allocated to size segments by market capitali§dteommicrecap (smaHcap, largecap) segment consists tiose
cryptocurrencies that account for the bottom 3% (middle 7%, top 90%) of market capitalisation at the end of edohcolaains 34, they are
allocated to size segments by number of active cryptocurreAditte end of each week, we rank all aetcryptocurrencies by market capitalisation
and assign the bottom 60% to the micap group, the next 20% to the srEdp group, and the top 20% to the laoge groupSTVis the salience
theory value of a c¢crypt ocibutionfomaevegeki to #l.iSmdll(@arge) s a dummhyavariabfe thateakes valoe ofili ifa t
cryptocurrency falls into the smadhp (largecap) segment, and 0 otherwig&ach regression equation includes the following contktdsn Revy llliq,

Lt _rev, Vol, Ivol, Max, Min, andPTV, which are defined iffable 2 The sample periots fromJanuary 22015 to June 25, 2021. Thestatistics in
parentheses are based on standard errors clustered by cryptocurrency and week. *, **, and *** indicate statisticatsightheah0%, 5%, and 1%
level, respectively.
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Table 9. Limits to arbitrage and ST effect
) 2) 3 (4) 5) (6)

STV -0.0783 -0.0393x** 0.0369***  -0.0267** 0.0086 0.0329**
(-1.47) (-2.16) (2.72) (-2.94) (0.55) (1.98)
STVxSize 0.0041
(1.00)
STVxAge 0.0001
(0.79)
STVxVol -0.1107***
(-5.41)
STVxlllig -0.0000
(-0.03)
STVxBAS -0.0839***
(-2.59)
STVxlvol -0.0955***
(-3.70)
Size -0.0243*** -0.0243*** -0.0245***  -0.0242*** -0.0244*** -0.0243***
(-10.51) (-10.53) (-10.71) (-10.51) (-10.64) (-10.53)
Illig 0.0011** 0.0011** 0.0011** 0.0011** 0.0011** 0.0011**
(2.02) (2.08) (2.07) (2.23) (2.06) (2.03)
Vol -0.0734 -0.0728 -0.0756 -0.0728 -0.0710 -0.0712
(-1.46) (-1.45) (-1.52) (-1.45) (-1.42) (-1.42)
Ivol -0.0547* -0.0513* -0.0554* -0.0516* -0.0540* -0.0582*
(-1.74) (-1.66) (-1.80) (-1.67) (-1.74) (-1.89)
BAS -0.0109 -0.0141 -0.0116 -0.0141 -0.0135 -0.0095
(-0.31) (-0.41) (-0.33) (-0.40) (-0.38) (-0.27)
Controls Yes Yes Yes Yes Yes Yes
Crypto FEs Yes Yes Yes Yes Yes Yes
Week FEs Yes Yes Yes Yes Yes Yes
Adj. R-squared 0.2353 0.2353 0.2359 0.2353 0.2354 0.2355
N 131359 131359 131359 131359 131359 131359

This table presentthe estimatesgenerated byanel regressions with cryptocurrenEf and weekFE. STVis the salience theory value of a
cryptocurrencyos histor i c adtotd Adgemeasunethetnumber ofdvéekshceaicrpptoturremaentéedourmdataget e k
BASis Now-Marx and Velikod €016 measure of bighsk spread, which ithe squared root of the negative covariance betweatay lhggedand2-
daylagged cryptocurrency returns from week b week 1. The remaining variables are as defined@ble 2 Each regression equation includes t
following controls Mom Rey Lt_rev, Max, Min, andPTV, which are defined imable 2 The sample periois fromJanuary 2 2015 to June 25, 20R

The tstatistics in parentheses are based on standard errors clustered by cryptocurrency and week. *, **, and *** indicalesgiatfgtance at the
10%, 5%, and 1% level, respectively.
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Figure 1. Economicsignificanceof the ST effect
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This figureis based on the estimates in column 9 of Table 5. RBattt estimate and 95% confidence interval
measures the partial e fweek eXcessoreturobia oner cyogsectional standait c y
deviation change in onaf the explanatory variables the model All variablesareasdefined inTable 2 For

ease of comparison, all point estimatessin@wn with a positive sigriror ease of presentatiohgtright yaxis
measures the effect Bev and the left yaxismeasures the effects of the remainmagablesThe sample period

is from January 22015 to June 25, 20R The confidence intervals are based on standard errors clustered by
cryptocurrency and week
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Figure 2. Mispricing and ST effect
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This figure plots the point estimates and the 95% and 99% confidence interval$Safeffect for each of five
mispricingb ased quintil es, namely AHIighlyUnderpricedo
AHiIi ghl y Ov e the endoteadah aveekya first sort cryptocurrencies into quintiles on one of the nine
anomaly variables (e.gRey. Quintile 1 (5) contains the cryptocurrencies that are most highly underpriced
(overpriced). The higher the quintile in which a cryptocurrends,fdie higher the rank that we assign to it. We
then repeat this procedure for each of the remaining anomaly variglaesi(t rev, Vol, Ivol, PTV, llliq, Max,

Min) and compute a cryptocurrencyds composite rank
rank ranges from 9 (most underpriced) to 45 (most overpriced). Subsequently, at the end of each week, we
cryptocurrencies into quintiles by din composite rank. Next, we generate a corresponding set of dummy
variables: HighlyUnderpriced (Underpriced Overpriced HighlyOverpriced takes value of 1 when a
cryptocurrency falls into quintile 1 (2, 4, 5), and 0 otherwise. The middle quintile, tog®& cryptocurrencies

that are fairly priced relative to their peers, serves as the reference category. Lastly, we regves&ahead
cryptocurrency excess returns 8m\, the set of dummies that we have just described, interactions bediigen
andthese four dummiesize and cryptocurrency and week FEhe sample periots fromJanuary 22015 to

June 25, 202 The confidence intervals are based on standard errors clustered by cryptocurrency and week.
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Figure 3. Sensitivity tests

Panel A: ST effect based on rolling-window regressions Panel B: Alternative time windows when constructing the STV variable
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This figure plots the point estimates and the 95% and 99% confidence intervals of the coeffi§i€vtrom a
number of sensitivityests.All estimates are based on panel regressions with cryptocurrency FE and week FI
The dependent variableeasuresc r y pt o ¢ omeweekualtegdéegcess returBTVis thesaliencetheory
value of a cryptocurrencyo6s histor i c 8ize ModnaRellllig,r et
Lt _rev, Vol, Ivol, Max, Min, andPTV, which are defined ifable 2 In Panel A the estimates agenerated by
rolling-window regressions. The fixed window is 104 weeks (2 years) in length and increments forward 13 wee
(3 months) for each iteration. The labels on treeis refertothe starfo t he r ol | i ng wlumdo
20190 i ndi c alastregressioraid basechom data from the enduoe2019 to the end oflune2021. In

Panel B to construct th&sTVvariable,we use historical time windows of varying length, fronwéek to 52
weeks. For examplehte | a b &-lwe & P @ s b-axis indicates that weneasure the ST valuef a
cryptocurrency based on its historidally return distribution from week& to t-1. In Panel Cwe use alternative
salience distortioparane t er v al ues when meas ur.iHolding-aconstanyaf.1, wec u r
let] vary betwee®.1and0.9.InPanelD we wuse alternative reference p
ST value, where the reference point refers to thetbaadk against which investors are assumed to evaluate the
salience of a crygpthecdrarbedc yiRawpaydfufr:mo indicate
cryptocurr ency 0 geturngd., theysimaydoaus onghe crygatauzr erreon ¢ y 0.3he otlaeww  r
reference points arhe riskfree rate of retur, h e ¢ r y p towr sampieenean yeturs, theturn on the
valueweighted cryptocurrency market indendB i t c¢ eturn Bhe sample perios fromJanuary 22015 to

June 25, 2021. The confidence intervals are based on standard errors clustered by cryptocurrency and week
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Online Appendix

Table Al. Average timeseriessummary statistics
Panel A. Mean and standard deviation
Return STV Beta Size Mom Rev lllig Lt rev Vol Ivol  Max Min  PTV  Volume StdVolume Skewl Skew2 Iskew Coskew DBeta

Mean -0.01 0.00 0.48 1381 -0.02 -0.01 081 -083 0.28 0.28 039 039 -0.34 8.58 7.73 0.00 -0.05 0.13 -0.10 0.21
Standard 040 0.18 131 0.84 047 040 207 124 020 0.14 0.33 033 011 1.87 1.97 0.68 0.62 0.54 1.19 057
deviation

Panel B. Pearsonbds pairwis

Return STV Beta Size Mom Rev llligq Lt rev Vol Ivol Max Min PTV Volume StdVolume Skewl Skew2 Iskew Coskew
STV -0.07

Beta 0.02 0.00

Size -0.21 0.18 0.02

Mom -0.01 0.13 -0.02 0.16

Rev -0.26 0.15 0.00 0.19 -0.24

Illig 0.05 -0.07 0.01 -0.24 -0.06 -0.02

Lt _rev -0.04 -0.01 -0.05 0.18 -0.04 -0.03 -0.03

Vol 0.00 0.03 0.04 0.04 005 0.03 0.22 0.02

Ivol -0.02 0.06 000 0.04 0.04 001 O0.13 0.04 0.60

Max -0.07 0.13 0.03 0.11 -0.02 0.31 0.17 0.01 0.88 0.52

Min 0.07 -0.07 0.03 -0.03 0.11 -0.26 0.22 0.03 0.88 0.53 0.62

PTV -0.10 0.11 -0.01 0.28 -0.01 0.08 -0.08 0.13 0.00 -0.07 0.02 -0.03

Volume -0.08 0.12 0.02 044 011 0.03 -0.44 0.05 0.13 0.04 0.13 0.09 0.17

StdvVolume  -0.07 0.12 0.03 040 0.10 0.06 -0.31 0.06 020 0.09 0.21 0.15 0.15 0.89

Skewl -0.07v 0.17 0.00 0.07 -0.04 0.21 -0.03 -0.02 0.02 0.02 031 -0.28 0.03 0.04 0.06

Skew2 -0.09 0.11 000 0.23 0.05 0.07 -0.06 0.11 0.01 0.02 0.04 -0.02 0.29 0.10 0.10 0.04

Iskew -0.08 0.10 001 0.17 0.06 0.09 -0.05 0.07 0.00 -0.01 0.04 -0.04 0.21 0.08 0.08 0.04 0.72
Coskew 0.00 0.00 -0.02 0.05 -0.05 -0.04 o0.01 0.02 0.03 0.04 0.02 0.04 0.08 0.02 0.02 0.00 0.00 -0.03
DBeta 0.03 -0.01 0.06 -0.05 0.01 -0.02 -0.02 -0.08 -0.05 -0.09 -0.05 -0.04 0.04 -0.01 -0.02 0.00 0.02 0.02 -0.48

This table presents the cressctional averages tifetime-series summary statistics. Panel A displays the mean and standard deviation of each varial
and panel B displays the PeaBBR/badshpasaWieeceothebayi omal ceefoffi
distribution from week-# to t1. The remaining variables are definedlimble 2 The sample periots fromJanuary 22015 to June 25, 2021.
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Table A2. Characteristics of STV-sorted portfolios

Portfolios Low STV STV2 STV3 STV4 STV5 STV6 STV7 STV8 STV9 High STV
STV -0.25 -0.09 -0.04 -0.01 0.01 0.03 0.06 0.09 0.15 0.32
Beta 0.76 0.70 0.64 0.64 0.60 0.62 0.65 0.69 0.62 0.63
Size 12.75 13.87 14.93 15.53 15.52 15.35 15.09 14.58 13.93 13.19
Mom -0.10 -0.06 -0.03 -0.02 -0.01 0.00 0.01 0.04 0.09 0.16
Rev -0.09 -0.04 -0.02 -0.01 -0.01 0.00 0.01 0.02 0.05 0.13
llig 0.74 0.27 0.16 0.10 0.11 0.08 0.13 0.12 0.16 0.39
Lt rev -0.44 -0.22 -0.08 -0.02 -0.02 0.02 0.01 -0.07 -0.27 -0.47
Vol 0.35 0.20 0.16 0.13 0.13 0.14 0.15 0.18 0.23 0.37
Ivol 0.36 0.20 0.15 0.13 0.12 0.13 0.15 0.18 0.23 0.38
Max 0.45 0.28 0.22 0.19 0.18 0.20 0.23 0.28 0.36 0.61
Min 0.55 0.30 0.23 0.19 0.18 0.19 0.21 0.25 0.30 0.46
PTV -0.28 -0.22 -0.20 -0.19 -0.18 -0.19 -0.19 -0.20 -0.22 -0.26
Volume 7.11 8.63 10.08 10.87 10.94 10.78 10.57 9.96 9.16 8.19
StdVolume 6.56 7.85 9.16 9.87 9.94 9.85 9.70 9.20 8.54 7.73
DBeta 0.47 0.47 0.40 0.44 0.41 0.41 0.45 0.44 0.42 0.42
Skewl -0.17 -0.05 -0.03 0.00 0.04 0.05 0.09 0.16 0.23 0.31
Skew?2 0.26 0.39 0.36 0.32 0.36 0.35 0.38 0.40 0.39 0.48
Iskew 0.27 0.42 0.42 0.44 0.42 0.40 0.41 0.44 0.44 0.50
Coskew -0.09 -0.13 -0.03 0.00 0.10 0.18 0.07 0.01 0.04 -0.24
At the end of ach week, we sort cryptocurrencies into dedieSTV, whichmeasures he sal i ence theory value of

return distribution from week4 to t1. Next, for each decilewe calculatethe mea values of the characteristics listed in the first column across all
cryptocurrencieghat belong to thdecile. Subsequently, wemputethe timeseries averages of these mean characteristic values across all weeks.
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Table A3. Bivariate dependentsort portfolio analysis

Excess Low STV2 STV3 STVv4 High Low-High CAPM Low STV2 STV3 STV4 High Low-High

return alpha

Beta

EW 0.1034**  0.0469***  0.0418***  0.0436*** 0.0315***  0.0718*** 0.1028**  0.0463***  0.0414***  0.0430***  0.0309***  0.0719***
(7.14) (4.43) (4.26) (3.82) (2.88) (7.85) (7.10) (4.39) (4.22) (3.78) (2.85) (7.87)

VW 0.0264** 0.0123 0.0221** 0.0122 -0.0069 0.0333*** 0.0259** 0.0119 0.0216** 0.0118 -0.0074 0.0333***
(2.22) (1.43) (2.46) (1.08) (-0.65) (3.26) (2.21) (1.39) (2.42) (1.05) (-0.70) (3.25)

Size

EW 0.0956***  0.0480***  0.0439***  0.0443***  0.0364***  0.0593*** 0.0951**  0.0474**  0.0433***  0.0438***  0.0358***  0.0593***
(6.66) (4.75) (4.26) (4.10) (3.12) (6.35) (6.62) (4.71) (4.22) (4.06) (3.08) (6.35)

VW 0.0173 0.0128 0.0236** 0.0129 0.0065 0.0108 0.0170 0.0123 0.0232** 0.0125 0.0061 0.0109
(1.64) (1.51) (2.51) (1.37) (0.50) (1.35) (1.61) (1.46) (2.47) (1.33) (0.47) (1.36)

Mom

EW 0.0991**  0.0464**  0.0377***  0.0392***  0.0379***  0.0611*** 0.0985***  0.0458***  0.0371***  0.0386*** 0.0374***  0.0612***
(7.07) (4.52) (3.68) (3.38) (3.56) (6.76) (7.03) (4.48) (3.63) (3.35) (3.52) (6.76)

VW 0.0241** 0.0163** 0.0179** 0.0096 -0.0040 0.0282*** 0.0237** 0.0158* 0.0174** 0.0092 -0.0044 0.0281***
(2.25) (1.98) (2.05) (0.94) (-0.32) (2.83) (2.23) (1.93) (2.00) (0.91) (-0.35) (2.82)

Rev

EW 0.0921**  0.0448**  0.0402***  0.0385***  0.0526***  0.0395*** 0.0915***  0.0442**  0.0397***  0.0380***  0.0520***  0.0395***
(6.26) (4.46) (3.90) (3.55) (4.56) (4.10) (6.21) (4.43) (3.85) (3.51) (4.54) (4.10)

VW 0.0160 0.0172* 0.0151* 0.0104 -0.0029 0.0189** 0.0157 0.0169* 0.0146* 0.0099 -0.0033 0.0190**
(1.51) (1.71) (1.81) (1.16) (-0.25) (2.10) (1.49) (1.68) (1.76) (1.12) (-0.28) (2.09)

Illig

EW 0.0923**  0.0500***  0.0436***  0.0456***  0.0327***  0.0596*** 0.0917**  0.0495***  0.0431***  0.0450***  0.0321***  0.0595***
(6.55) (4.85) (4.36) (4.10) (2.86) (7.01) (6.51) (4.81) (4.31) (4.06) (2.83) (7.00)

vw 0.0155 0.0154* 0.0231** 0.0085 0.0066 0.0088 0.0152 0.0149* 0.0226** 0.0081 0.0062 0.0089
(1.44) (1.86) (2.55) (0.91) (0.51) (1.13) (1.42) (1.82) (2.52) (0.87) (0.49) (1.14)

Lt _rev

EW 0.1049**  0.0428***  0.0407***  0.0392***  0.0415***  0.0634*** 0.1043**  0.0423***  0.0401***  0.0387***  0.0408***  0.0635***
(7.14) (4.20) (4.07) (3.46) (3.62) (6.28) (7.09) (4.16) (4.02) (3.42) (3.59) (6.30)

VW 0.0249** 0.0146 0.0177** 0.0133 0.0006 0.0242** 0.0244** 0.0143 0.0173** 0.0130 0.0001 0.0243**
(2.16) (1.61) (2.21) (1.30) (0.05) (2.49) (2.13) (1.58) (2.17) (1.26) (0.01) (2.49)

Vol

EW 0.0911**  0.0541**  0.0459***  0.0334**  0.0432***  0.0480*** 0.0905***  0.0536***  0.0454***  0.0328***  0.0426***  0.0480***
(6.43) (5.29) (4.26) (3.19) (3.69) (4.78) (6.39) (5.25) (4.21) (3.14) (3.66) (4.77)

VW 0.0211* 0.0137 0.0168* 0.0078 0.0140 0.0071 0.0207* 0.0133 0.0162* 0.0074 0.0137 0.0070
(1.82) (1.58) (1.92) (0.83) (1.27) (0.73) (1.81) (1.54) (1.86) (0.79) (1.25) (0.72)

Ivol

EW 0.0941**  0.0529***  0.0492***  0.0422***  0.0289***  0.0652*** 0.0935***  0.0523**  0.0487***  0.0416*** 0.0283***  0.0653***
(6.71) (5.14) (4.46) (3.74) (2.68) (6.18) (6.68) (5.08) (4.41) (3.70) (2.65) (6.18)

VW 0.0175 0.0169* 0.0153* 0.0088 0.0164 0.0011 0.0171 0.0165* 0.0148* 0.0083 0.0161 0.0010
(1.50) (1.78) (1.92) (1.00) (1.36) (0.14) (1.47) (1.74) (1.87) (0.95) (1.33) (0.13)

Max

EW 0.1022**  0.0478**  0.0358***  0.0346***  0.0472***  0.0550*** 0.1016***  0.0473***  0.0353***  0.0341***  0.0466***  0.0551***
(7.27) (4.38) (3.54) (3.09) (4.28) (5.62) (7.23) (4.34) (3.49) (3.04) (4.25) (5.63)

VW 0.0272** 0.0137 0.0122 0.0159 0.0036 0.0236*** 0.0268** 0.0133 0.0116 0.0155 0.0034 0.0234***
(2.21) (1.35) (1.47) (1.65) (0.34) (2.74) (2.19) (1.32) (1.42) (1.62) (0.31) (2.71)

Min
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EW 0.0891***  0.0533***  0.0480***  0.0418***  0.0333***  (0.0558*** 0.0885***  0.0527**  0.0475**  0.0413***  0.0327***  0.0558***

(6.42) (5.05) (4.70) (3.82) (2.92) (5.85) (6.38) (5.00) (4.65) (3.78) (2.89) (5.84)

VW 0.0182* 0.0145* 0.0147* 0.0130 0.0074 0.0108 0.0179* 0.0141~ 0.0141* 0.0127 0.0071 0.0108
(1.68) (1.75) (1.73) (1.40) (0.58) (1.10) (1.66) (1.71) (1.68) (1.37) (0.56) (1.10)

PTV

EW 0.0946***  0.0500***  0.0390***  0.0509***  0.0332***  0.0614*** 0.0940***  0.0494***  0.0385***  0.0503*** 0.0326*** 0.0615***
(6.80) (4.83) (3.93) (4.47) (2.92) (6.82) (6.76) (4.79) (3.89) (4.43) (2.88) (6.82)

VW 0.0224** 0.0127 0.0196** 0.0172 -0.0013 0.0237** 0.0220** 0.0122 0.0192** 0.0167 -0.0016 0.0235**
(2.04) (1.64) (2.24) (1.44) (-0.11) (2.49) (2.01) (1.59) (2.20) (1.40) (-0.13) (2.47)

Volume

EW 0.0979***  0.0461**  0.0445***  0.0391**  0.0422***  0.0557*** 0.0973***  0.0457**  0.0439***  (0.0385*** 0.0416***  0.0557***
(6.96) (4.48) (4.41) (3.63) (3.51) (6.13) (6.91) (4.44) (4.37) (3.57) (3.49) (6.13)

VW 0.0181* 0.0131 0.0166* 0.0067 0.0109 0.0071 0.0178* 0.0127 0.0162* 0.0063 0.0106 0.0072
(1.76) (1.60) (1.92) (0.68) (0.86) (0.87) (1.74) (1.55) (1.87) (0.64) (0.84) (0.88)

StdVolume

EW 0.0944***  0.0508***  0.0408***  0.0395***  0.0424***  0.0520*** 0.0938***  0.0503***  0.0403***  0.0389*** 0.0418**  0.0519***
(6.53) (4.96) (4.10) (3.67) (3.49) (5.31) (6.49) (4.92) (4.06) (3.62) (3.47) (5.31)

VW 0.0157 0.0139* 0.0190** 0.0075 0.0080 0.0077 0.0154 0.0135 0.0186** 0.0070 0.0077 0.0077
(1.51) (1.68) (2.07) (0.71) (0.60) (0.82) (1.48) (1.63) (2.03) (0.67) (0.58) (0.83)

DBeta

EW 0.1015***  0.0454***  0.0396***  0.0409***  0.0406***  0.0609*** 0.1009***  0.0448**  0.0391***  0.0404***  0.0398***  0.0611***
(7.11) (4.32) (3.92) (3.64) (3.51) (6.25) (7.06) (4.28) (3.88) (3.60) (3.48) (6.27)

VW 0.0219** 0.0162* 0.0119 0.0159 -0.0003 0.0221** 0.0214** 0.0157* 0.0115 0.0156 -0.0007 0.0222**
(2.11) (1.73) (1.60) (1.58) (-0.02) (2.26) (2.08) (1.68) (1.55) (1.55) (-0.05) (2.26)

Skewl

EW 0.1011***  0.0479**  0.0381***  0.0322***  0.0470***  0.0540*** 0.1005***  0.0474***  0.0376***  0.0317***  0.0464***  0.0541***
(7.18) (4.37) (3.71) (3.00) (4.01) (5.60) (7.13) (4.34) (3.67) (2.95) (3.98) (5.60)

VW 0.0217** 0.0217** 0.0219** 0.0072 0.0021 0.0197* 0.0213** 0.0212* 0.0215** 0.0067 0.0017 0.0196*
(2.06) (2.00) (2.03) (0.75) (0.17) (1.90) (2.03) (1.96) (1.99) (0.70) (0.13) (1.89)

Skew?2

EW 0.1065***  0.0399***  0.0399***  0.0399***  0.0429***  0.0636*** 0.1060***  0.0393***  0.0394***  (0.0394***  0.0423***  0.0637***
(7.61) (3.68) (3.85) (3.75) (3.60) (6.86) (7.56) (3.64) (3.82) 3.71) (3.57) (6.87)

VW 0.0222** 0.0089 0.0165** 0.0147 0.0005 0.0217*** 0.0218** 0.0084 0.0161** 0.0143 0.0000 0.0218***
(2.08) (1.05) (2.10) (1.41) (0.04) (2.64) (2.05) (1.00) (2.05) (1.38) (0.00) (2.64)

Iskew

EW 0.1080***  0.0407***  0.0387***  0.0395***  0.0410***  0.0670*** 0.1074**  0.0402***  0.0382***  0.0390***  0.0403***  0.0671***
(7.49) (4.09) (3.73) (3.45) (3.57) (7.27) (7.44) (4.05) (3.69) (3.41) (3.53) (7.27)

VW 0.0277** 0.0137 0.0166* 0.0043 0.0028 0.0250** 0.0272** 0.0133 0.0162* 0.0039 0.0024 0.0249**
(2.27) (1.50) (1.93) (0.43) (0.21) (2.45) (2.26) (1.46) (1.88) (0.39) (0.18) (2.44)

Coskew

EW 0.1044***  0.0430***  0.0348***  0.0456*** 0.0412***  0.0632*** 0.1038***  0.0424***  0.0343***  0.0451***  0.0405***  0.0633***
(7.21) (4.04) (3.51) (4.10) (3.61) (6.31) (7.16) (4.00) (3.47) (4.06) (3.57) (6.33)

VW 0.0303** 0.0095 0.0131 0.0193* 0.0061 0.0241** 0.0299** 0.0091 0.0127 0.0189* 0.0056 0.0243**
(2.53) (1.05) (1.54) (1.86) (0.45) (2.35) (2.52) (1.00) (1.50) (1.83) (0.41) (2.36)

This table reports the mean excess returns and CAPM alphas of-dottble portfoliosWe form theportfolios at the end of each week amtbithem
for one weekAt the end of ach week, & first sort cryptocurrencies into quintileg one characteristieta, Size, Mom, Rev, lllig, Lt_rev, Vol, Ivol,
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Max, Min,PTV,Volume, StdVolume, DBeta, Skew1l, Skew2, Isk&askew. Next, within each quintile, we further sort cryptocurrencies into quintiles
by STV, All the variables are definad Table 2 Lastly, the oneweekahead return on a give&ir\fquintile is calculated by averaging across the five
characteristidbased quintiles. This procedure generates a time series of returns f8&apkintile. We report both equaleighted (EW) and value
weighted (VW) mean excess returns and CAPM alphasrevie usethe valueweightedcryptocurrency market indexs a proxy for the market
portfolio. Sincebivariate portfolio analysis requires least 25 active cryptocurrencies per week, the sample period is from2Ma2€i15 to June 25,
2021.Thet-statidics in parenthesese based on Newayest standard errors with a lag truncation parametéreof*, **, and *** indicate statistical
significance at the 10%, 5%, and 1% level, respectively.

55



Table A4. Panel regressios: Two-dimensional relationship between STV and future cryptocurrency returns (skipping one week in the

construction of STV)

1) 2 3 @ (5) (6) @ (8) 9) (10) (11) (12) 13)
STV -0.0351*** -0.0024 -0.0366*** -0.0348*** -0.0371*** -0.0378*** -0.0376*** -0.0352*** -0.0360*** -0.0359*** -0.0355*** -0.0358*** -0.0360***
(-4.65) (-0.35) (-4.30) (-4.08) (-4.34) (-4.39) (-4.39) (-4.16) (-4.29) (-4.31) (-4.27) (-4.30) (-4.29)
Size -0.0560*** -0.0289*** -0.0283*** -0.0262*** -0.0269*** -0.0270*** -0.0238*** -0.0255*** -0.0256*** -0.0253*** -0.0254*** -0.0255***
(-15.85) (-11.76) (-11.74) (-10.70) (-10.94) (-11.04) (-10.14) (-10.12) (-10.14) (-10.03) (-10.10) (-10.11)
Mom -0.0050 -0.0985*** -0.0983*** -0.0998*** -0.0988*** -0.0988*** -0.0970*** -0.0973*** -0.0973*** -0.0972*** -0.0973*** -0.0973***
(-1.44) (-20.82) (-21.04) (-21.18) (-20.70) (-20.66) (-20.32) (-20.43) (-20.42) (-20.40) (-20.45) (-20.43)
Rev -0.3512%** -0.3508*** -0.3522*** -0.3515%** -0.3545*** -0.3520*** -0.3520*** -0.3530*** -0.3520*** -0.3520*** -0.3520***
(-43.42) (-43.36) (-43.45) (-42.97) (-36.92) (-36.62) (-36.59) (-34.92) (-36.60) (-36.61) (-36.59)
lllig 0.0012** 0.0012** 0.0012** 0.0012** 0.0012** 0.0012** 0.0013** 0.0013** 0.0013** 0.0012**
(2.50) (2.43) (2.47) (2.49) (2.40) (2.57) (2.57) (2.57) (2.57) (2.57)
Lt_rev -0.0055*** -0.0058*** -0.0057*** -0.0025* -0.0024* -0.0024* -0.0023* -0.0024* -0.0024*
(-4.69) (-4.83) (-4.85) (-1.87) (-1.78) (-1.76) (-1.68) (-1.78) (-1.78)
Vol 0.0093 -0.0844* -0.0887* -0.0915* -0.0912* -0.0916* -0.0916* -0.0916*
(0.78) (-1.81) (-1.89) (-1.95) (-1.94) (-1.95) (-1.95) (-1.95)
Ivol -0.0535*** -0.0518*** -0.0633*** -0.0611*** -0.0610*** -0.0590*** -0.0606*** -0.0611***
(-4.06) (-3.96) (-4.86) (-4.79) (-4.78) (-4.67) (-4.76) (-4.79)
Max 0.0387** 0.0416** 0.0401** 0.0436** 0.0404** 0.0402** 0.0401**
(2.28) (2.45) (2.36) (2.32) (2.38) (2.37) (2.36)
Min 0.0253 0.0266 0.0268 0.0232 0.0264 0.0267 0.0268
(1.39) (1.45) (1.46) (1.15) (1.44) (1.45) (1.46)
PTV -0.1439*** -0.1452%** -0.1449** -0.1299*** -0.1399*** -0.1449***
(-5.48) (-5.46) (-5.46) (-4.72) (-5.03) (-5.45)
Volume -0.0022 -0.0022 -0.0022 -0.0022 -0.0022
(-1.44) (-1.44) (-1.49) (-1.45) (-1.46)
StdVolume 0.0042** 0.0043** 0.0043** 0.0042** 0.0043**
(2.53) (2.53) (2.55) (2.54) (2.54)
Skewl -0.0015
(-0.59)
Skew?2 -0.0039
(-1.40)
Iskew -0.0014
(-0.54)
Coskew -0.0005
(-0.53)
Crypto Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes
FEs
Week FEs  Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes
Adj. R- 0.1163 0.1370 0.2313 0.2319 0.2323 0.2327 0.2328 0.2334 0.2336 0.2336 0.2336 0.2336 0.2336
squared
N 138934 133698 133698 133320 133092 132852 132852 132851 132749 132727 132744 132749 132749

This table reportshe estimategenerated bypanelregressions with cryptocurren€&f, weekFE, and a varying set of controls. In all specifications,
the dependentvariablee a s ur es a cangwedkahead excessmetuyn OTkstatistics in parentheses are based on standard errors clustere
by cryptocurrency and weekJnlike in the main analysis, he@Vmeasur es the salience t heor yailwraturru e
distributionfrom week t5 to t2. In other wordswes ki p t h e p daywedatuosuwden soastricting tH&ET VWariable The remaining variables

are defined imable 2 The sample perios fromJanuary 22015 to June 252021. *, **, and *** indicate statistical significance at the 10%, 5%, and
1% level, respectively.
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Table A5. WLS panel regressios. Two-dimensionalrelationship betweenSTV and future cryptocurrency returns

1) 2 3 (©) (5 (6) ) (8 9 (10) (11) (12) (13)
STV -0.1901*** -0.1822%** -0.0574** -0.0563** -0.0577** -0.0406 -0.0372 -0.0314 -0.0365 -0.0370 -0.0346 -0.0353 -0.0368
(-7.27) (-6.81) (-2.09) (-2.05) (-2.10) (-1.61) (-1.55) (-1.33) (-1.57) (-1.59) (-1.49) (-1.52) (-1.58)
Size -0.0318*** -0.0236*** -0.0236*** -0.0215*** -0.0208*** -0.0208*** -0.0177*** -0.0212%** -0.0213*** -0.0208*** -0.0212%** -0.0214***
(-8.04) (-6.95) (-6.95) (-6.59) (-6.43) (-6.40) (-5.10) (-5.78) (-5.77) (-5.80) (-5.85) (-5.88)
Mom 0.0158 -0.0239 -0.0240 -0.0262* -0.0270* -0.0272* -0.0244 -0.0271* -0.0270* -0.0270* -0.0269* -0.0272*
(1.25) (-1.61) (-1.62) (-1.76) (-1.80) (-1.82) (-1.63) (-1.74) (-1.74) (-1.74) (-1.73) (-1.76)
Rev -0.2060*** -0.2057*** -0.2079*** -0.21171%** -0.2078*** -0.2042*** -0.2070*** -0.2106*** -0.2071*** -0.2070*** -0.2071***
(-11.20) (-11.12) (-11.25) (-10.67) (-8.62) (-8.43) (-8.54) (-7.85) (-8.56) (-8.55) (-8.55)
Illlig -0.0028** -0.0028** -0.0028** -0.0028** -0.0027** -0.0026* -0.0026* -0.0025* -0.0025* -0.0025*
(-2.23) (-2.16) (-2.06) (-2.06) (-2.08) (-1.85) (-1.85) (-1.83) (-1.84) (-1.82)
Lt_rev -0.0085*** -0.0085*** -0.0085*** -0.0057** -0.0057** -0.0057** -0.0052** -0.0054** -0.0056**
(-3.68) (-3.67) (-3.69) (-2.15) (-2.14) (-2.14) (-1.99) (-2.01) (-2.12)
Vol 0.0671 0.2798*** 0.2706** 0.2730*** 0.2694*** 0.2726*** 0.2733*** 0.2737***
(1.63) (2.67) (2.56) (2.60) (2.62) (2.60) (2.60) (2.60)
Ivol -0.0982*** -0.1010*** -0.1098*** -0.1003*** -0.0999*** -0.0936*** -0.0975*** -0.1004***
(-3.12) (-3.26) (-3.65) (-3.47) (-3.49) (-3.22) (-3.37) (-3.47)
Max -0.0837** -0.0798** -0.0865** -0.0753* -0.0856** -0.0860** -0.0871**
(-2.12) (-2.02) (-2.29) (-1.70) (-2.27) (-2.28) (-2.31)
Min -0.0612 -0.0579 -0.0608 -0.0697 -0.0618 -0.0618 -0.0609
(-1.45) (-1.37) (-1.45) (-1.47) (-1.48) (-1.48) (-1.45)
PTV -0.2014** -0.2091** -0.2087** -0.1783* -0.1877** -0.2047**
(-2.10) (-2.18) (-2.18) (-1.86) (-1.98) (-2.15)
Volume -0.0022 -0.0023 -0.0022 -0.0023 -0.0022
(-0.68) (-0.71) (-0.67) (-0.70) (-0.68)
StdVolume 0.0069** 0.0070** 0.0069** 0.0070** 0.0070**
(2.43) (2.44) (2.42) (2.47) (2.47)
Skewl -0.0023
(-0.69)
Skew?2 -0.0057*
(-1.90)
Iskew -0.0041
(-1.46)
Coskew -0.0044
(-1.53)
Crypto FEs Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes
Week FEs Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes
Adj. R- 0.3377 0.3447 0.3725 0.3727 0.3735 0.3738 0.3741 0.3750 0.3763 0.3764 0.3765 0.3764 0.3765
squared
N 138551 135321 135321 134945 134710 134416 134416 134415 134312 134287 134308 134312 134312

This table reportshe weighted leastquares (WLSgstimatesof panelregressions with cryptocurren&g, weekFE, and a varying set of controls.
The weighs are given bthe market capitalisation of a cryptocurrency relative to total market capitaliaatimend oéad week. In all specifications,

the dependent variablee a s ur e s

by cryptocurrency and wee®TVmeasureghe salience theory valueofey pt ocur rency6s
remaining variables are definedliable 2 The sample perios fromJanuary 22015 to June 252021. *, **, and *** indicate statisticakignificance

a cangwedkahead excessmetuyn OTBstatistics in parentheses are based on standard errors clustere

at the 10%, 5%, and 1% level, respectively
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Table A6. Allocation of cryptocurrencies to size segments

Segment Combined Percentage of > Based on Segment Combined Percentage of
1. Based on market cap cryptos r{umber of market cap cryptos
aggregate Micro 3% 86% active Micro 045% 60%
market cap Small 7% 8% Cryptos Small 1.46% 20%
Large 90% 6% Large 98.08% 20%

This tabledisplays how, at the end of each week, we allocate cryptocurrencies to three size sdfjorentap, smaklcap, and largeap. We employ
two alternative classificatiomethod (note that Bitcoin is included in the sampl&he firstclassificationmethodis based on aggregate market
capitalisationThe micrecap (smahcap, largecap)segment consists of thosgy/ptocurrencies thatccount for the bottom 3¥hext 7%, top 90%cof
total market capitalisatio.he seconalassificatiormethodis based on theumberof activecryptocurrenciesiWe rank all active cryptocurrencies by
market @pitalisation and assign the bottom 60% to the rieq@segmentthe next 20% to the smalapsegmentand the top 20% to the largap
segmentThecombinedmarket capitalisationf each size segment and the percentd@eyptocurrenciefalling into eachsize segmerdre displayed
next to eaclsegment
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Table A7. Disaggregated resultdy cryptocurrency sector

1)

)

®)

(4)

(6)

(6)

(@)

Defi Coins Binance Smart Chain Exchange Tokens Ethereum ERC2C Tron Network Tokenized Stocks StableCoins
STV -0.0663 -0.1131 0.1635 -0.0230 -0.3325 -0.0966 -0.1863
(-1.52) (-1.66) (1.27) (-1.42) (-2.55) (-1.17) (-0.91)
Controls Yes Yes Yes Yes Yes Yes Yes
Crypto FEs Yes Yes Yes Yes Yes Yes Yes
Week FEs Yes Yes Yes Yes Yes Yes Yes
Adj. R-squared 0.3014 0.2584 0.2846 0.2411 0.2749 0.2181 0.1996
Number of observations 5080 2109 1573 53506 671 942 1068
Number of cryptos 60 29 20 665 13 15 18
Bootstrapped pvalues 0.14 0.33 0.25 0.19 0.65
(8) ) (10) 11) 12) 13)
Gaming Proof of Stake NFT Tokens Proof of Work Privacy coins Unsectored
STV -0.1020 -0.0528 -0.1844** -0.0228 0.0101 -0.0211*
(-1.38) (-0.69) (-2.28) (-0.40) (0.10) (-2.10)
Controls Yes Yes Yes Yes Yes Yes
Crypto FEs Yes Yes Yes Yes Yes Yes
Week FEs Yes Yes Yes Yes Yes Yes
Adj. R-squared 0.2485 0.6068 0.2815 0.4798 0.3652 0.2230
Number of observations 2101 2554 1710 3856 2901 70421
Number of cryptos 28 19 22 19 21 920
Bootstrapped pvalues 0.25 0.50 0.03 0.61 0.94

This table presents estimatgEnerated bpanel regressions with cryptocurreriely and week-E. The tstatistics in parentheses are based on standard
errors clustered by cryptocurrency and week. In all specifications, the dependent vagatlesa c r y p t oaeweekahear gxdess return.
STVis thesaliencet heory value of a dalyrgundistubutiorefrorn wegkst toltl. Bhe contriol vaidbles ar®ize Mom,

Rev llliq, Lt_rev, Vol, Ivol, Max, Min, andPTV, which are defined imable 2 We sort the cryptocurrenciésto 14 sectos according tdhe information
provided byCoincodexWethenre-estimate our preferrqunetregressiorspecificatiorseparately for each sector (colusdnl?2), with the exclusion

oft he A Yi e lad dF airiveinmeectd@soviialm soatain only &nd Scryptocurrenciesrespectivelyln column B( i Un s e ¢thesampgled 0 )
consists of all theryptocurregies that do not belong to any specific sedfdhen a sector contains less than 50 cryptocurrencies, the elnistest
standard errors may be biased. For this reaserfollow Roodman et a(2019 andcompute thg-values of the coefficients darl'V usingthe wild
cluster bootstrap procedurewherethe standard errors are clustered by cryptocurrency and week and bootstrapped on the cryptocurrency dimer
(null imposed; 999 replications)he results show that the estimated coefficienBbviis negative for 11 out of3lsectors and is statistically different
from zero for2 out of 13 sectors. Note thafoincodexassigns somn cryptocurrencies to multiple sectoesd consequentlthe total number of
cryptocurrencies in this table 857, i ncl udi ng ainyd efl Me nijes g@atamtmsd d38 (cf. Section 4in the main texXt *, **, and

*** indicate statistical sigificance at the 10%, 5%, and 1% level, respectively.

59


https://coincodex.com/
https://coincodex.com/

