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A B S T R A C T   

This paper explores the role of information flows for the law of one price in an almost frictionless environment. 
Specifically, we examine whether the volume and content of social media messages are related to the exchange 
rate pass-through (ERPT) to prices of dual-listed stocks. Our sample includes 37 million tweets mentioning the 
name of a stock cross-listed in the United Kingdom (UK) and the United States (US) from 2015 to 2018. Using a 
high-frequency intraday data sample, we observe a negative (positive) link between the ERPT and volume 
(agreement) of tweets. The findings suggest that large information flows and a high degree of disagreement add 
extra frictions for the law of one price. In addition, there is an asymmetric pattern of the pass-through, 
notwithstanding that there are no import/export or geographically-related frictions. This presents further evi
dence of the importance of information flows in understanding the law of one price.   

1. Introduction 

Extensive economic literature investigates whether the law of one 
price, or its weaker version, the purchasing power parity (PPP), holds in 
practice and how quickly deviations from the law are eliminated (e.g., 
Campa & Goldberg, 2005; Rogoff, 1996). There are various reasons why 
the law of one price seldom holds in the real world. Previous literature 
shows that deviations from the law of one price are time-varying and 
heterogeneous across countries, with potential causes being price 
stickiness (e.g., Campa & Goldberg, 2005), exchange rate regime 
changes (e.g., Takhtamanova, 2010), or home bias in consumption, 
noise traders and limits to arbitrage (e.g., Itskhoki & Mukhin, 2021). We 
aim to investigate whether information flows on social networks are 
related to exchange rate pass-through in the context of multiple-market 
traded stocks, this being a close-to-ideal laboratory. 

Market frictions and geographical factors are among the causes for 
the law of one price seldom holding in the real world. However, we 
exploit stocks listed in multiple markets in which these price-setting 
frictions are minimized. Investors can access information on stock pri
ces and exchange rates with ease. Arbitrage opportunities can be 
exploited instantly via online trading tools from anywhere in the world. 

The cost related to trading stocks is also lower compared to trading 
goods. Buying and selling stocks mainly involves commissions, while 
trading products requires additional search and transportation costs. 
There are no producers, importers, or exporters in stock markets, 
highlighting legitimate reasons why price discrepancies for goods 
cannot be applied to stocks. This ideal setting provokes expectations of a 
perfect exchange rate pass-through. However, our empirical evidence 
shows that the pass-through for dual-listed stocks is still not perfect, 
although it is significantly higher than for conventional goods. We also 
find that significant deviations from the law of one price are strongly 
linked to the volume of social media information. 

This paper mainly contributes to the existing exchange rate pass- 
through literature. Various lines of research have studied the relation
ship between exchange rate pass-through and the price of traded goods. 
For example, Campa and Goldberg (2005) show that exchange rate pass- 
through can be incomplete and can vary for different countries. Imbs, 
Mumtaz, Ravn, and Rey (2005, 2010) employ micro-level price data and 
find that pass-through and the speed of price adjustment are larger for 
more precisely defined goods, with the half-life decreasing to around 
one year. Itskhoki and Mukhin (2021) present a theoretical model 
explaining deviations from the law of one price where noise traders and 
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limits to arbitrage are the main ingredients. Our paper provides 
empirical evidence for their propositions. A large number of papers have 
investigated micro data and the exchange rate pass-through to prices 
and trade.1 In addition, exchange rate pass-through is documented to be 
asymmetric for goods (e.g., Brun-Aguerre, Fuertes, & Greenwood- 
Nimmo, 2017; Bussiere, 2013; Pollard & Coughlin, 2004). Our empir
ical results also find asymmetric exchange rate pass-through for finan
cial assets. Prior papers examine the relationship between the exchange 
rate pass-through and the price of goods, but no study exists in which the 
exchange rate pass-through of dual-listed stock prices is empirically 
investigated. To the best of our knowledge, this paper is the first to 
investigate the relationship between social media information and the 
exchange rate pass-through of cross-listed stock prices and the under
lying economic forces. 

The data used in this study cover British stocks cross-listed in the UK 
and the US exchanges from August 2015 to December 2018. The data are 
from two sources. First, our unique Twitter dataset contains 37 million 
tweets containing the names of the sampled companies. Second, the 
intraday and daily stock prices and exchange rates are from Bloomberg. 
Following previous literature, we estimate the long-run pass-through to 
examine whether there is any deviation from the law of one price for 
cross-listed stock prices.2 An error correction/cointegration model of 
stock price differences is used to measure the speed of price adjustment 
to investigate how fast the (dual-listed stock) price discrepancies are 
eradicated. 

The values of pass-through are high, and the speed of the price 
adjustment of the GBP/USD exchange rate on the UK-US dual-listed 
stock prices varies, particularly during the 2-h overlapping trading 
period. The magnitude of the pass-through varies from 89% to 96%. 
These figures are significantly higher than those for goods, but are still 
less than perfect. There is a statistically significant and negative rela
tionship between tweet volume and stock price discrepancies, sug
gesting that a large volume of information flow is associated with extra 
frictions. We also find positive associations between the agreement 
measure of tweets and stock price differences. This evidence indicates 
that higher uncertainty, proxied by a high level of disagreement 
among social media users, leads to a reduced exchange rate pass- 
through to prices of cross-listed stocks. Our findings support the 
theoretical propositions in Itskhoki and Mukhin (2021). An abnormal 
amount of social media information is linked to high costs of infor
mation processing and increased costs of arbitrage. An abnormal vol
ume of social media posts is also associated with a higher degree of 
noise trader risk. 

In addition, we find an asymmetric effect of GBP/USD exchange rate 
pass-through on the UK-US cross-listed stock price discrepancies, which 
is consistent with prior literature. However, there are fewer frictions in 
stock markets than in the market for goods. Specifically, the deprecia
tion of the British pound against the US dollar combined with a higher 
level of agreement on social media is passed through more strongly than 
the appreciation of GBP relative to USD when there is higher 
uncertainty. 

This paper connects several strands of literature on multi-market 
trading, financial market integration, and social media’s relationship 
with stock markets. First, the literature on multi-market trading high
lights the critical role of arbitrage in maintaining financial market ef
ficiency (e.g., Foucault, Kozhan, & Tham, 2017). Arbitrageurs play a 

critical role in enforcing the law of one price and market efficiency 
while facing significant costs (e.g., Pontiff, 2006). Gagnon and Karolyi 
(2010) measure arbitrage opportunities by comparing the intraday 
prices of American Depositary Receipts (ADRs) with synchronous prices 
of corresponding home-market shares adjusted by foreign exchange 
rates. Additionally, several studies document that the prices of ADRs 
and underlying stocks do not violate the law of one price.3 In contrast, 
some works find the opposite: financial markets are not fully efficient.4 

We add to this stream of literature by investigating the role of infor
mation flows on social networks for the law of one price for dual-listed 
stocks. 

This study also adds additional evidence to the literature on financial 
market integration. If the law of one price holds, markets where stocks 
are listed should be integrated. Certain previous studies show that 
financial markets are, to some degree, integrated (e.g., Kryzanowski & 
Zhang, 2002; Lowengrub & Melvin, 2002). However, results presented 
in other papers indicate that capital markets are segmented (e.g., Froot 
& Dabora, 1999; Hupperets & Menkveld, 2002; Werner & Kleidon, 
1996). Hence, the question of market integration/segmentation remains 
only partially resolved. We contribute to this body of literature by 
investigating whether the rapid spread of information on social net
works is linked to capital market integration and the law of one price. 
Specifically, our paper suggests that social networks play an essential 
role in financial market integration. The fast-moving nature and the 
sheer volume of social media information widens price discrepancies. 

Furthermore, our paper connects to the emerging literature on the 
linkage between social media and financial markets. Some studies 
examine the relationship between social media features and stock 
market characteristics. For example, Renault (2017) constructs a lexicon 
to deduce investor sentiment from messages posted on the micro
blogging platform, StockTwits, and shows that this can help when 
forecasting intraday stock index returns. Giannini, Irvine, and Shu 
(2019) document that around earnings announcements, the conver
gence of views across tweets is associated with negative abnormal 
returns, while the divergence of opinions of Twitter posts is related to 
positive abnormal returns. Shen, Urquhart, and Wang (2019) use the 
number of tweets from Twitter as a measure of investor attention and 
find that it drives next day Bitcoin trading volume and realized vola
tility. Al-Nasseri, Ali, and Tucker (2021) extract the investor sentiment 
of Dow Jones 30 stocks based on tweets from StockTwits, and examine 
its ability to predict stock returns using quantile regression.5 Other 
research investigates the use of social networks in forming trading 
strategies. For instance, Sun, Lachanski, and Fabozzi (2016) propose 
profitable trading strategies using textual information generated from 
microblogs to forecast S&P 500 stock returns. Cookson and Niessner 
(2020) find that a disagreement measure used on messages from 
StockTwits presents a connection with trading. However, to the best of 

1 For example, Rigobon (2020) discusses what online prices can reveal about 
exchange rate pass-through. Casas (2020) finds an association between the use 
of imported inputs and the reaction of prices to movement in F/X rates across 
manufacturing industries using microdata from Colombia. Giuliano and Luttini 
(2020) document that the majority of Chilean imports are invoiced in USD, and 
the changes to the exchange rate against USD can explain most of the exchange 
rate pass-through to border prices in the short run.  

2 See a survey on the related literature by Goldberg and Knetter (1997). 

3 For example, Kato, Linn, and Schallheim (1990) find no significant price 
differences between the ADRs and the foreign (the UK, Australia and Japan) 
stocks on which they are based, which supports the law of one price. Alaganar 
and Bhar (2001) also show that the ADRs of the underlying Australian stocks 
are priced efficiently and the law of one price holds.  

4 For instance, Suarez (2005) demonstrates that large deviations from the law 
of one price are found using high frequency French and American stock price 
data, and argues that these markets are inefficient. Grossmann, Ozuna, and 
Simpson (2007) investigate 74 ADRs from nine countries and find that ADRs 
with higher transaction costs and lower dividend payments exhibit larger price 
discrepancies from the underlying assets during higher interest rate periods.  

5 In addition, Wu, Tiwari, Gozgor, and Huang (2021) and Aharon, Demir, 
Lau, and Zaremba (2022) find a causal link between the two Twitter-based 
economic policy uncertainty measures and the returns of four cryptocurren
cies. Chatterjee and French (2021) find that Twitter-based market uncertainty 
predicts stock market returns during the COVID-19 pandemic. Guindy (2021) 
also shows that discussions on Twitter about COVID-19 correlate with stock 
market returns. 
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our knowledge, there is no prior study which examines the association 
between social media information and dual-listed stocks and the link to 
the law of one price and financial market integration. 

Finally, some literature illustrates that investors are biased 
regarding the forms of information disclosure.6 Prior studies document 
that there are two main views related to the mechanism via which 
media information can affect stock markets: the information view 
highlights that public information can make information acquisition 
easier and reduce information asymmetry (e.g., Bushee, Core, Guay, & 
Hamm, 2010; Tetlock, 2010), while the salience view says that media 
coverage attracts investor attention and increases investment demands 
(e.g., Da, Engelberg, & Gao, 2011; Solomon, Soltes, & Sosyura, 2014). 
However, certain types of public news, such as social media, can affect 
investor behaviour by creating excess information. We contribute to the 
information disclosure literature by documenting that social media 
information flows may create distortions in relation to the law of one 
price. 

Our results have several implications. First, it is potentially bene
ficial for investors to monitor abnormal information flows on social 
networks to exploit informational frictions and deviations from the law 
of one price. Second, policymakers should have a regulatory code of 
practice which they could use to enhance transparency and to verify the 
credibility of information. This would significantly reduce the amount 
of noise and informational frictions and would enhance market effi
ciency. Our paper shows that making social media data available is 
beneficial for academia and for the public. Social media data related to 
a broader sample of stocks from a wider range of geographical regions 
would be useful for future investigations and studies. 

This paper is organized as follows. Section 2 describes the data and 
methodology employed in the study. Section 3 explains the empirical 
estimation methods. Section 4 discusses the empirical results. Section 5 
concludes the paper. 

2. Data and methodology 

2.1. Data 

This paper employs the Twitter Streaming application programming 
interface (API) to gather the Twitter data. API can be considered a 
messenger between the users and the system of Twitter servers. The 
messenger passes the queries from the users to the system, and then 
sends the replies back to the users. In this paper, we make requests to 
obtain tweets containing a UK and US cross-listed British firm name and 
then obtain a sample of tweets with the keywords. Each tweet we obtain 
includes data of the text of the tweet, username and ID, date, and fol
lower counts. A total of 37 million tweets with the name of a UK and US 
dual-listed company are collected from the three years between 15th 
August 2015 and 31st December 2018. We obtain 5-min and daily stock 
prices and exchange rates from Bloomberg. In particular, we centre on 
20 UK and US cross-listed British firms, which have a daily average of 
>100 tweets.7 

Tweets are cleaned using three steps following Fan, Talavera, and 
Tran (2020). First, special characters in tweets, for example, link tokens 
(starting with ‘http’, ‘https’, ‘www’), hashtag tokens (starting with ‘#’), 
and user identifier tokens (starting with ‘@’) are eliminated from the 
tweets. Second, we delete all tweets with only links or URLs. Finally, we 
exclude all non-English tweets. 

2.2. Aggregation of tweet information 

We acknowledge the importance of the sentiment of news and 
separate the positive and negative tweets. TextBlob, a text-processing 
tool in Python, is used to obtain a polarity score of the sampled tweet 
messages.8 The polarity score of each tweet ranges from − 1 to 1. Tweets 
with negative (positive) scores are categorised as negative (positive) 
sentiment tweets, while tweets with zero scores are identified as neutral 
sentiment tweets. We employ PatternAnalyzer and NaiveBayesAnalyzer 
in TextBlob to conduct a sentiment analysis and obtain the same senti
ment score for each tweet posting.9 

All tweets are aggregated during interval t to explore the relationship 
between tweet postings and stock price discrepancies at the end of in
terval t. The time intervals cover every five minutes during the 2-h 
overlapping period for the intraday investigation, a measure which is 
widely employed in prior literature. For the daily analysis, we focus on 
four different time points during a day, i.e. when the London Stock 
Exchange (LSE) opens and closes and when the New York Stock Ex
change (NYSE)/NASDAQ stock market (NASDAQ) opens and closes. 
Aggregate measures are based on tweets published just before these 
points. This is done to mitigate any potential reverse causality issues. 
Following Antweiler and Frank (2004), Sprenger, Tumasjan, Sandner, 
and Welpe (2014) and Cookson and Niessner (2020), we define the 
aggregate tweet measures as follows: 

Positivenesst = ln
(

1 + Mpositive
t

1 + Mnegative
t

)

, (1)  

Agreementt = 1 −

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

1 −

(
Mpositive

t − Mnegative
t

Mpositive
t + Mnegative

t

)2
√

, (2)  

where Mt
positive and Mt

negative give the counts of positive and negative 
tweets on day t. Positivenesst is a sentiment measure as a fraction of 
positive tweets. Agreementtconveys the extent to which tweets agree 
with each other, i.e. whether there is an identical or different number 
of positive and negative tweets. The agreement measure is one if all 
tweets are positive or negative. Tweet volume is the natural loga
rithm of the number of tweets with a UK-US dual-listed firm name on 
day t. 

3. Estimation framework 

One method commonly used to capture the properties of price dif
ferences of cross-listed stocks by economists is to use two measures: 
pass-through and the speed of price adjustment. Pass-through describes 
the degree to which changes in nominal exchange rates are translated 
into changes in the prices of goods (stocks in our case), while the speed 
of price adjustment shows how quickly the prices move to the equilib
rium levels.10 Adapting the framework found in the study by Gor
odnichenko and Talavera (2017), we define an error correction model as 
follows: 

log

(
PUK

i,t

PUS
i,t

)

= αFXt + β1Positivenessi,t ×FXt + β2Messagei,t ×FXt

+ β3Agreementi,t ×FXt + δCt + εi,t,

(3)   

6 For example, Hirshleifer and Teoh (2003) find that information disclosures 
can influence investors’ decisions. Barber and Odean (2008) show that the 
majority of investors have limited attention and are more likely to purchase 
stocks that attract their attention.  

7 A list of the 20 firms in the sample can be found in Appendix B. 

8 See Loria (2020) for more information about TextBlob.  
9 Fan et al. (2020) find that the correlation between the sentiment score 

obtained by TextBlob and Renault (2017)’s social media dictionary is 0.7 for 
their sampled firms, on the condition that the sentiment is found (one or more 
words are detected as being either positive or negative).  
10 See Goldberg and Knetter (1997) for a review of a general specification of 

the exchange rate pass-through in the literature. 
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where i stands for firm and t denotes time, Pi, t denotes the prices of the 
UK-US dual-listed stocks in LSE and NYSE/NASDAQ, respectively. FXt is 
the natural logarithm of the GBP/USD exchange rate at time t. 

The main departure from the methodological frameworks that exist 
in prior papers is that we add interaction terms between exchange rates 
and social media variables in eqs. (3) and (4). Positivenessi, t, Messagei, t, 
and Agreementi, t are aggregate tweet features observed during time 
windows just before the corresponding points of time and are used to 
estimate the dependent variables. We understand that there are some 
concerns related to the endogeneity issue, hence we use lagged 
explanatory variables to partially address the reverse causality. Con
cerning omitted variables, we use fixed effects to control for unobserved 
time-invariant heterogeneity, but we also acknowledge time-variant 
heterogeneity. With regard to mismeasurement, it is not clear whether 
our measurement error is correlated with the error term. Positivenessi, t 
examines the relationship between sentiment and stock market features. 
Messagei, t is calculated as the natural logarithm of the number of tweets. 
Given that more tweets will bring more frictions to the markets, we 
expect a negative coefficient of message in explaining stock price dis
crepancies. Agreementi, t measures the degree to which tweets agree with 
or are different from each other, i.e. similar or a significantly different 
number of positive against negative tweets. We anticipate a positive 
coefficient of agreement in explaining stock price differences, because a 
higher agreement measure indicates similar beliefs about the informa
tion in the markets, suggesting higher pass-through values. Ct is a vector 
of control variables. 

The coefficient α is equal to one if the law of one price holds, but 
practically it is less than one, which indicates minor deviations from the 
law of one price. Our experiment with cross-listed stocks is an ideal 
setup in which α value should be close to one, but the information on 
social networks may create extra frictions, and hence could cause the 
value of α to be less than one. An error correction/cointegration model is 
used, where β captures how fast the deviations from the equilibrium 

disappear. Given that the error terms in eqs. (1) and (2) may be corre
lated over time, Driscoll and Kraay (1998)’s standard errors are 
employed. The more negative the value of β, the quicker the speed of 
price adjustment. Positivenessi, t × FXt, Messagei, t × FXt, and Agreementi, 
t × FXt are the interaction terms between positiveness, message, agree
ment, and the pound dollar exchange rate at time t. 

LSE opening hours are between 8:00 and 16:30 London time, while 
NYSE/NASDAQ opens from 9:30 to 16:00 New York time, hence there 
are two hours which overlap. We exploit this to investigate how tweets 
posted during this period are linked to the UK-US dual-listed stocks. 
Moreover, we also focus on the determinants of price discrepancies 
between the UK stocks and the corresponding ADRs on the same day by 
examining the relationship between the stock price differences and the 
aggregate indicators from tweets at four different time points, i.e. when 
LSE opens, when NYSE/NASDAQ opens, when LSE closes and when 
NYSE/NASDAQ closes, using similar regression specifications as before. 

4. Empirical results 

4.1. Summary statistics 

A total of 37 million tweets with the name of a UK-US dual-listed 
company are collected. Table 1 and Table A1 in Appendix A show the 
descriptive statistics of the market and tweet indicators. The mean 
number of daily tweets is 1846, while the standard deviation is around 
5590 tweets a day. A large number of tweet postings for each company 
on each day indicates that our data contains a sound information flow. 
The mean of log UK-US stock price difference is around − 0.31, and the 
standard deviation is around 0.06. This standard deviation is sign
ficiantly lower than the standard deviation of 0.22 to 0.27 for online 
prices of electronic goods (Gorodnichenko & Talavera, 2017), but is in 
line with the standard deviation of 0.09 to 0.11 for price differences 
within and across countries (Engel & Rogers, 1996). Although the 

Table 1 
Descriptive statistics – based on intraday data.   

Mean SD Q1 Q2 Q3 

Price Difference − 0.3079 0.0645 − 0.3556 − 0.2911 − 0.2601 
Log(GBP/USD) − 0.3049 0.0647 − 0.3532 − 0.2840 − 0.2573 
Price Difference – Log 

(GBP/USD) 
− 0.0029 0.0180 − 0.0107 − 0.0018 0.0015 

Message 2.2928 1.0713 1.3863 2.1972 3.0910 
Positiveness 0.5936 0.8855 0.0000 0.6931 1.0986 
Agreement 0.5871 0.4452 0.0868 1.0000 1.0000 

This table reports the summary statistics of all variables using intraday data. 
Price difference is the (log) difference between the UK price and the US price. 
Aggregate tweet measures include Positiveness, Message, and Agreement. 
Message is calculated as the natural logarithm of the number of tweets, Posi

tiveness is Positivenesst = ln

(
1 + Mpositive

t

1 + Mnegative
t

)

, where Mt
positive and Mt

negative are the 

number of positive and negative tweets on day t, and Agreement is defined as 

Agreementt = 1 −

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

1 −

(
Mpositive

t − Mnegative
t

Mpositive
t + Mnegative

t

)2
√
√
√
√ . Number of 

observations = 160,514.  

Table 2 
Correlations – based on intraday data.   

Price 
Difference 

Log(GBP/ 
USD) 

Message Positiveness 

Log(GBP/ 
USD) 

0.9080***         

Message − 0.0736*** − 0.1110***        

Positiveness − 0.0342*** − 0.0503*** 0.4660***       

Agreement − 0.0047 0.0007 − 0.5500*** 0.1990*** 

This table displays the correlations between market and tweet features using 
intraday data. Market features include price difference and log pound dollar 
exchange rate. Message is the natural logarithm of the number of tweets, Posi

tiveness is given as Positivenesst = ln

(
1 + Mpositive

t

1 + Mnegative
t

)

, where Mt
positive and Mt

negative 

are the counts of positive and negative tweets on day t, and Agreement is 

Agreementt = 1 −

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

1 −

(
Mpositive

t − Mnegative
t

Mpositive
t + Mnegative

t

)2
√
√
√
√ . *, **, *** denotes correlations 

that are significantly different from 0 at the 5%, 1%, 0.1% significance level, 
respectively.  

dlog

(
PUK

i,t

PUS
i,t

)

= β

(

log

(
PUK

i,t− 1

PUS
i,t− 1

)

−
(
α+ γ1 ×Positivenessi,t + γ2 ×Messagei,t + γ3 ×Agreementi,t

)
FXt− 1

)

+ ηdlog

(
PUK

i,t− 1

PUS
i,t− 1

)

+ θdFXt− 1 + δCt + εi,t, (4)   
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characteristics of cross-listed stock price discrepancies are, to some 
extent, similar to those of regular stores and online markets, the scale of 
the price difference is smaller. This suggests that the frictions in stock 
markets are smaller, though there are some price discrepancies that 
cannot be ignored. Correlations between stock market features and 
tweet features are statistically significant, as shown in Table 2 and 
Table A2 in Appendix A. 

Fig. 1 shows a plot of the kernel density of log price differences on the 
20 sampled UK-US cross-listed firms between August 2015 and 
December 2018. The differences between the natural logarithm of UK- 
US dual-listed stock price discrepancies and the (log) GBP/USD ex
change rate fluctuate around zero. In other words, the raw price dis
crepancies (i.e. before they are adjusted by exchange rate) are indeed 
largely driven by exchange rate movement. Interestingly, we find that 
most quotes are below the median value, suggesting an exchange rate 
asymmetric effect. When the British pound appreciates against the US 
dollar, the GBP/USD exchange rate increases. If there is a delayed price- 
setting process in one of the countries, then we will have negative 
quotes. Contrastingly, when GBP depreciates against the USD, the pound 
dollar F/X rate is lower. If there is a large exchange rate pass-through to 
prices of dual-listed stocks, then there will be positive quotes. 

These observations are consistent with prior literature on the 
asymmetric effect of exchange rate pass-through on goods (e.g., Brun- 
Aguerre et al., 2017; Bussiere, 2013), which finds that domestic cur
rency depreciation is passed through more strongly than appreciation. 
The figure suggests that asymmetric exchange rate pass-through exists, 
although there are fewer frictions in stock markets than in the market for 
products. Our results are also in line with previous research on market 
integration. For example, Suarez (2005) studies the price differences 
between French stocks and their corresponding ADRs using high- 
frequency data and shows that there are considerable but infrequent 
deviations from the law of one price. Our paper confirms the conclusions 
using 5-min UK-US dual-listed stock prices data and finds that these 
financial markets are segmented and inefficient. 

4.2. Twitter and the timeliness of information diffusion 

Fixed effects panel regressions for price differences between the UK- 
US cross-listed stocks in LSE and NYSE/NASDAQ as dependent variables 
are reported in Table 3. The employed independent variables include the 
interaction terms between the three tweet features, i.e. the positiveness 
sentiment measure of tweets, tweet volume, the agreement measure of 

tweets, and GBP/USD exchange rate. The tweets variables are derived 
from all tweets with a sampled UK-US dual-listed company name. 

We use three different specifications in Table 3, which employ year 

0
20

40
60

8 0

-.05 0 .05

Fig. 1. Kernel density of log price differences. 
This figure shows the kernel density of log price differences on the 20 sampled 
UK-US dual-listed companies from August 2015 to December 2018. The dif
ferences between the natural logarithm of UK-US cross-listed stock price dis
crepancies and log (GBP/USD) exchange rate are close to zero with 
small deviations. 

Table 3 
Pass-through during multiple-trading period.   

(1) (2) (3) (4) 

Log(GBP/USD) 0.9605*** 0.9640*** 0.9648*** 0.9647***  
(0.0012) (0.0016) (0.0016) (0.0016) 

Log(GBP/USD) x 
Positiveness  

0.0001 0.0001 0.0001   

(0.0003) (0.0003) (0.0003) 
Log(GBP/USD) x 

Message  
− 0.0132*** − 0.0131*** − 0.0131***   

(0.0004) (0.0004) (0.0004) 
Log(GBP/USD) x 

Agreement  
0.0050*** 0.0051*** 0.0051***   

(0.0005) (0.0005) (0.0005) 
Year Dummies Yes Yes Yes Yes 
Month Dummies Yes No Yes Yes 
Day-of-week 

Dummies 
Yes No No Yes 

R2 0.9245 0.9246 0.9247 0.9247 
No. of Obs. 160,514 160,514 160,514 160,514 

This table reports the fixed-effects regressions of the UK-US price discrepancies 
during the multiple-trading period. The dependent variable is (log) price dif

ference log

(
PUK

i,t

PUS
i,t

)

at the end of each 5-min interval. Main independent variables 

are contemporaneous (log) GBP/USD exchange rate and the interactions be
tween the exchange rate and aggregate tweet measures. Message is calculated as 
the natural logarithm of the number of tweets, Positiveness is Positivenesst =

ln

(
1 + Mpositive

t

1 + Mnegative
t

)

, where Mt
positive and Mt

negative are the number of positive and 

negative tweets on day t, and Agreement is defined as Agreementt = 1 −
̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

1 −

(
Mpositive

t − Mnegative
t

Mpositive
t + Mnegative

t

)2
√
√
√
√ . Tweets are collected during each 5-min interval. 

Driscoll-Kraay standard errors are in parentheses. *, **, *** denotes 10%, 5%, 
1% significance, respectively. The sample uses intraday data of 20 British cross- 
listed stocks during the period from 15th August 2015 to 31st December 2018.  

Table 4 
Speed of price adjustment.   

(1) (2) (3) (4) 

ΔPricet-1 – α*Log 
(GBP/USD)t-1 

− 0.0228***     

(0.0003)    
ΔPricet-1 – 

[α + γ*Twitter]* 
Log(GBP/USD)t-1  

− 0.0322*** − 0.0323*** − 0.0323***   

(0.0008) (0.0008) (0.0008) 
Lagged Return 

Difference 
− 0.1548*** − 0.1487*** − 0.1487*** − 0.1487***  

(0.0103) (0.0108) (0.0108) (0.0108) 
Lagged ΔLog(GBP/ 

USD) 
− 0.1003*** − 0.0952*** − 0.0952*** − 0.0952***  

(0.0094) (0.0097) (0.0097) (0.0097) 
Year Dummies Yes Yes Yes Yes 
Month Dummies Yes No Yes Yes 
Day-of-week 

Dummies 
Yes No No Yes 

R2 0.0166 0.0159 0.0159 0.0159 
No. of Obs. 159,960 159,960 159,960 159,960 

This table reports the fixed-effects regressions of the UK-US return difference 
during the multiple-trading period, i.e. 2-h overlapping period. The dependent 
variable is the change in price differential at the end of each 5-min interval. 
Driscoll-Kraay standard errors are in parentheses. *, **, *** denotes 10%, 5%, 
1% significance, respectively. The sample uses intraday data of 20 British cross- 
listed stocks during the period from 15th August 2015 to 31st December 2018. 
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dummies, year and month dummies, and year, month, and day-of-week 
dummies. All results show that the estimated pass-through value is 
higher than 96%. These values are much larger than the values (60%– 
75%) obtained based on prices for goods collected from online markets 
(Gorodnichenko & Talavera, 2017), and the values (20%–40%) from 
prices of goods received through regular stores (Campa & Goldberg, 
2005). We argue that there may be several potential reasons for the high 
pass-through values of stocks. First, stock price movement is instanta
neous. Second, investors can trade stocks online easily from anywhere in 
the world. Third, the cost associated with trading is relatively low. 

There is a significant positive relationship between the agreement 
measure and stock price discrepancies. This link suggests that if there is 
a higher level of agreement about information in the markets, then a 
larger proportion of the nominal exchange rate movement is translated 
into stock price difference movement. We also find significant negative 
correlations of tweet volume with stock price differences. In line with 
recent evidence (e.g., Cookson & Niessner, 2020), these results support 
the argument that high levels of tweet traffic and disagreement among 
social media users motivates trading, this being our conjecture. A large 
volume of information combined with a high disagreement measure on 
social networks may create more frictions in the markets. Our results are 
also similar in nature to Renault (2017), who documents empirical ev
idence that the messages on investor social media platform, StockTwits, 
could prompt trading at the intraday level. Our findings are also 
consistent with prior literature on financial market integration. For 
example, Froot and Dabora (1999) find discrepancies between stock 
prices of ‘twin’ companies listed in different countries’ stock exchanges 
and argue that the frictions in the market could be a potential cause of 
stock market segmentation. However, they suggest that it is hard to 
identify the exact source of frictions. While our study demonstrates that 
information flows on social media could bring the markets more 
frictions. 

The results of estimating the speed of price adjustment using all three 
different specifications are similar and are reported in Table 4. The 
obtained β values indicate that the speed of conversion of prices to 
equilibrium is rapid. Over 3.2% of the gap to the long-term equilibrium 

is closed during the 5-min interval, which means that deviations from 
the equilibrium disappear in around 30 intervals or two and a half hours, 
and this is equivalent to a half-life of around one hour and 15 min. 
Hence, our estimates of the half-life are much shorter than the half-life of 
2.9 quarters for the same goods in regular stores from different countries 
(Broda & Weinstein, 2008) and shorter than the approximated three to 
five years for price indexes (Rogoff, 1996). Again, the possible reason for 
the rapid speed of price adjustment could be that investors can easily 
compare the prices of dual-listed stocks and can trade instantly from any 
location.11 

4.3. Twitter information incorporation when stock markets open/close 

The price discrepancies between the UK-US dual-listed British stocks 
and their corresponding ADRs are examined by checking the correla
tions between the tweet indicators and the stock price differences at four 
different times, i.e. when LSE opens and closes and when NYSE/NAS
DAQ opens and closes. Table 5 reports the regression results for price 
differences at different time intervals as the dependent variables. As 
expected, the pass-through values at these times are smaller than during 
the 2-h overlapping period when both the UK and US stock markets are 
trading. 

There are also some marginal differences across the four periods. 
Specifically, the pass-through stands at 88.98% before both the UK and 
US stock markets open and then rises to 90.24% when the UK stock 
market starts to trade. It increases further to 90.26% when both markets 
are operating before finally declining to 89.89% when both markets 
close. These values are all lower than the pass-through value (96.05%) 
in Table 3, which indicates that the largest amount of exchange rate 
movement is passed through when information is collected at 5-min 
intervals during the 2-h overlapping period. The reason for this is that 

Table 5 
Varying pass-through.   

Price Difference at LSE open Price Difference at NYSE open Price Difference at LSE close Price Difference at NYSE close  

(1) (2) (3) (4) (5) (6) (7) (8) 

Log(GBP/USD) 0.8898*** 0.8981*** 0.9024*** 0.9147*** 0.9026*** 0.9160*** 0.8989*** 0.9112***  
(0.0091) (0.0103) (0.0035) (0.0060) (0.0034) (0.0060) (0.0088) (0.0101) 

Log(GBP/USD) x Positiveness  0.0003  0.0121  0.0136*  0.0125*   
(0.0018)  (0.0017)  (0.0017)  (0.0016) 

Log(GBP/USD) x Message  − 0.0246***  − 0.0318***  − 0.0332***  − 0.0314***   
(0.0007)  (0.0006)  (0.0006)  (0.0006) 

Log(GBP/USD) x Agreement  0.0321***  0.0198**  0.0175**  0.0195**   
(0.0066)  (0.0066)  (0.0063)  (0.0064) 

R2 0.8068 0.8088 0.8290 0.8308 0.8294 0.8312 0.8227 0.8245 
No. of Obs. 14,634 14,634 14,850 14,850 14,899 14,899 15,055 15,055 

This table reports the fixed-effects regressions of the UK-US price discrepancies at four different points in time on a trading day. The price difference is measured at LSE 
open, NYSE open, LSE close, and NYSE close in columns (1) and (2) to (7) and (8), respectively. In columns (1) and (2), the price difference is between the UK price at 
8:00 am and the US price at 9:00 pm the previous day, while it is the difference between the UK and US price at 2:30 pm in columns (3) and (4) and at 4:30 pm in 
columns (5) and (6). In columns (7) and (8), the price difference is between the UK price at 4:30 pm and US price at 9:00 pm. Our time stamp is always the UK local 
time, which is Greenwich Mean Time (GMT) in the winter and British Summer Time (BST) in the summer. Main independent variables are contemporaneous (log) GBP/ 
USD exchange rate and the interactions between the exchange rate and aggregate tweet measures. Message is calculated as the natural logarithm of the number of 

tweets, Positiveness is Positivenesst = ln

(
1 + Mpositive

t

1 + Mnegative
t

)

, where Mt
positive and Mt

negative are the number of positive and negative tweets on day t, and Agreement is defined 

as Agreementt = 1 −

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

1 −

(
Mpositive

t − Mnegative
t

Mpositive
t + Mnegative

t

)2
√
√
√
√ . Tweets are collected before the estimations of the price difference. Year-month-day-of-week effects are controlled 

for. Driscoll-Kraay standard errors are in parentheses. *, **, *** denotes 10%, 5%, 1% significance, respectively. The sample uses the daily data of 20 British cross-listed 
stocks during the period from 15th August 2015 to 31st December 2018.  

11 Moreover, we use the firm-year-month-day clustered standard errors and 
repeat the regressions of pass-through and the speed of price adjustment. The 
findings reported in Table A3 and A4 in Appendix A are in line with the main 
results and support our conclusions. 
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when both markets open, there is a higher percentage of nominal ex
change rate variations incorporated into stock price changes, compared 
to when one or both countries’ markets close. 

Consistent with our previous results, the coefficients of the agree
ment measure are positive and statistically significant, and the co
efficients of tweet volume are significantly negative. These findings 
indicate that a large volume of tweets may be treated as frictions and are 
associated with lower pass-through. Again, our results are consistent 
with prior literature in relation to stock trading and social media (e.g., 
Renault, 2017), in that tweets on social networks may be associated with 
stock trading. Giannini et al. (2019) also document that agreement in 
beliefs among social media tweets is associated with lower returns 
around earnings announcements. This further evidences that the 
convergence of opinions on social networks is related to stock prices. 

4.4. The asymmetric effect of exchange rate 

If the market is frictionless and has perfect competition, then the law 
of one price suggests that all foreign exchange rate changes (apprecia
tion and depreciation) should be incorporated into price changes. 
However, in the real world, the impact of appreciation and depreciation 
on pass-through is usually asymmetric. Therefore, we divide our sample 
into sub-periods, when the pound appreciates and depreciates, and 
conduct a similar analysis for pass-through. 

Specifically, we follow Koutmos and Martin (2003) to separate GBP/ 
USD exchange rates into two parts, i.e. when the pound appreciates 
against the dollar and when GBP depreciates against USD.12 We define 
FXt

− and FXt
+ as pound-dollar exchange rates when there are negative 

and positive changes, respectively, and we denote the following 
regression: 

log

(
PUK

i,t

PUS
i,t

)

= α+ ζ− FX−
t + ζ+FX+

t + δCt + εi,t. (5) 

The null hypothesis says that the effect of exchange rate is sym
metric, i.e. H0 : ζ− = ζ+, while the alternative hypothesis states that the 
F/X rate exposure is asymmetric and H1 : ζ− ∕= ζ+. Rearranging eq. (5), 
we get 

log

(
PUK

i,t

PUS
i,t

)

= α+(β0 + βDDt)FXt + δCt + εi,t, (6)  

where β0 = ζ+ and βD = ζ+ − ζ− . When the pound appreciates against the 
dollar, i.e. ΔFXt > 0, dummy Dt = 0, and the impact of the exchange rate 
is β0. When GBP depreciates against USD, i.e. ΔFXt < 0, dummy Dt = 1, 
and the effect of F/X rate is equal to β0 + βD. Therefore, eq. (6) provides a 
clearer explanation for the exchange rate asymmetry hypothesis. 
Equivalently, the hypothesis on asymmetry tests that βD is statistically 
significantly different from zero. 

There are two theories about the asymmetric effect of exchange rate 
on pass-through. On the one hand, the capacity constraints theory says 
that exporter companies often operate at full capacity and cannot 
manage an increasing demand if the importer country’s currency ap
preciates. Exporters could choose to keep the price and increase their 
mark-ups to gain more profit, consistent with sticky prices modelling. 
Depreciation of domestic currency can lead to higher pass-through than 
appreciation. When a domestic currency depreciates, foreign exporters 
usually increase the price to keep the margin constant in order to pre
vent a loss. However, this usually happens when a domestic country is 
more import-dependent. Exporters have some pricing power, and there 
is imperfect competition between exporters for the products. On the 
other hand, the market share theory states that exporter firms reduce the 

price when the importer country’s currency appreciates in order to in
crease the market share and pass through appreciation (Krugman, 
1986). 

The empirical evidence on this is mixed. For example, Pollard and 
Coughlin (2004) find the asymmetric effect of dollar appreciation and 
depreciation on 30 US industries, but the direction of asymmetry varies. 
On the contrary, Bussiere (2013) states that domestic currency depre
ciation is passed through more strongly than appreciation for G7 
countries’ economies between 1980 and 2006. Brun-Aguerre et al. 
(2017) also document that home country currency depreciation leads to 
higher pass-through than appreciation for 33 emerging and developed 
economies from 1980 to 2010. 

However, no obvious producers, importers, or exporters exist in 
stock markets, thus, some explanations applicable to price discrepancies 
for products may not work on stocks. Table 6 shows that the estimate of 
βD, which stands for the coefficient of pound depreciation against the 
dollar, is positive and statistically significant. Therefore, we conclude 
that there is an asymmetric effect of GBP/USD exchange rate pass- 
through on the UK-US cross-listed stock price differences, despite the 
fact that stock markets have fewer frictions than the market for goods. 
Moreover, there is a statistically significant coefficient of the interaction 
term between pound dollar exchange rate depreciation dummy and 
agreement. This evidence suggests that the depreciation of GBP against 
USD when there is a higher agreement measure of tweets is passed 
through more strongly than the appreciation of the British pound rela
tive to the US dollar combined with lower agreement among tweets. 

Table 6 
Pass-through when British pound appreciates/depreciates against US dollar.   

(1) (2)  

Price Difference Price Difference 

Log(GBP/USD) 0.9735*** 0.9785***  
(0.0015) (0.0018) 

Log(GBP/USD) Negative 0.0027*** − 0.0022  
(0.0003) (0.0011) 

Log(GBP/USD) x Positiveness  0.0011   
(0.0003) 

Log(GBP/USD) Negative x Positiveness  − 0.0013   
(0.0004) 

Log(GBP/USD) x Message  − 0.0146***   
(0.0004) 

Log(GBP/USD) Negative x Message  0.0033   
(0.0004) 

Log(GBP/USD) x Agreement  0.0026**   
(0.0005) 

Log(GBP/USD) Negative x Agreement  0.0060***   
(0.0006) 

R2 0.9248 0.9250 
No. of Obs. 160,514 160,514 

This table reports the fixed-effects regressions of the UK-US price difference 
during the multiple-trading period, i.e. 2-h overlapping period. The regression 

equation used is log

(
PUK

i,t

PUS
i,t

)

= α+ (β0 + βDDt)FXt + δCt + εi,t . The dependent 

variable is price difference at the end of each 5-min interval. The main inde
pendent variables are (log) exchange rates, dummy for GBP depreciation against 
USD, and interaction terms with tweets aggregate features. Message is calculated 
as the natural logarithm of the number of tweets, Positiveness is Positivenesst =

ln

(
1 + Mpositive

t

1 + Mnegative
t

)

, where Mt
positive and Mt

negative are the number of positive and 

negative tweets on day t, and Agreement is defined as Agreementt = 1 −
̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

1 −

(
Mpositive

t − Mnegative
t

Mpositive
t + Mnegative

t

)2
√
√
√
√ . Control variables include year, month, day-of-week 

effects. Driscoll-Kraay standard errors are in parentheses. *, **, *** denotes 10%, 
5%, 1% significance, respectively. The sample uses intraday data of 20 British 
cross-listed stocks during the period from 15th August 2015 to 31st December 
2018.  12 See Jorion (1990) and Choi and Prasad (1995) for the standard way to 

formulate the regression equation in the literature. 
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5. Conclusions 

Various literature has examined whether the law of one price can 
hold in the real world and studies have found different types of frictions 
(e.g., search costs, distributions costs, etc.) that violate the law of one 
price. Stock markets possess certain characteristics, i.e. lower search and 
transportation costs compared to the market for goods. This gives us a 
new mode for examining whether the law of one price can be established 
in this almost frictionless environment. The recent rise of social media 
usage has also supplied a new opportunity to investigate its association 
with stock markets (e.g., Cookson & Niessner, 2020; Renault, 2017). In 
this study, we explore whether information flows on social media are 
associated with exchange rate pass-through in the context of multiple- 
market traded stocks. This unique setting offers a new angle for us to 
uncover the economic forces behind the influence of Twitter informa
tion, dual-listed stocks, and financial market integration. 

There is a statistically significant negative association between tweet 
volume and stock price differences, indicating that a high volume of 
tweets may be regarded as frictions. There is a positive relationship 
between the agreement among tweets and stock price discrepancies, 
which suggests that more uncertainty in the market is linked to a 
reduced exchange rate pass-through to prices of dual-listed stocks. The 
values of pass-through and the speed of price adjustment of pound dollar 
F/X rate on the UK-US cross-listed stock price discrepancies are large, 
and the estimates of pass-through vary over time when NYSE/NASDAQ 
opens and closes, and are greater when one or both countries’ markets 
open. There is also the asymmetric effect of GBP/USD exchange rate 
pass-through on the UK-US dual-listed stock price differences, and the 
depreciation of GBP against USD is passed through to a greater extent 
than the appreciation of the British pound relative to the US dollar. 

Collectively, our results show that social media information flows are 
related to exchange-rate pass-through in the context of multiple-market 

traded stocks, a close-to-ideal environment, and the law of one price 
does not hold. Our paper provides several important implications. First, 
attention should be given to informational frictions in future research on 
the law of one price and its deviations. Second, the study highlights the 
transparency of information and the potential monitoring role of regu
lators on social networks. This would significantly reduce the amount of 
noise and informational frictions. Further to this, policymakers should 
use these findings to increase the social media literacy of the public in 
order to mitigate the potential impact of false information on social 
networks. Additionally, the evidence has practical implications for in
vestors and arbitrageurs who can exploit these deviations by carefully 
embedding social media information into their investment strategies. 
Finally, these findings also suggest that social media data should be 
made publicly available. There will be ample new research opportunities 
for academics and practitioners stemming from social media networks, 
which may support policymakers in their decision making and help to 
bring benefits to the general public. 

There are several potential directions for future work. First, further 
research on investment strategies incorporating this new source of data 
could be beneficial for investors. Additionally, further research may also 
cover a wider geographical area and cross-listed stocks from different 
pairs of countries could be examined. Examples include the US and 
Canada, New Zealand and Australia, and the UK and other European 
countries, as the time difference is less and there is a closer geographical 
relationship between the two countries in the pairs. Finally, further 
research could also extend to investigate other social network platforms, 
such as StockTwits and Facebook. 

Disclosure statement 

We have no interests to disclose in connection with this research.  

Appendix A  

Table A1 
Descriptive statistics – based on daily data   

Mean SD Q1 Q2 Q3 

Panel A: Daily data at LSE open (No. of observations = 14,634) 
Price Difference − 0.3082 0.0712 − 0.3558 − 0.2910 − 0.2585 
Log(GBP/USD) − 0.3033 0.0641 − 0.3508 − 0.2835 − 0.2570 
Price Difference – Log(GBPUSD) − 0.0049 0.0324 − 0.0123 − 0.0028 0.0046 
Message 5.4881 2.0123 3.9318 5.3327 7.0926 
Positiveness 0.9004 0.9840 0.3610 0.9226 1.4788 
Agreement 0.2698 0.3161 0.0501 0.1458 0.3386 
Panel B: Daily data at NYSE open (No. of observations = 14,850) 
Price Difference − 0.3084 0.0702 − 0.3557 − 0.2905 − 0.2596 
Log(GBP/USD) − 0.3032 0.0639 − 0.3510 − 0.2830 − 0.2574 
Price Difference – Log(GBPUSD) − 0.0052 0.0302 − 0.0121 − 0.0025 0.0015 
Message 5.8778 1.9718 4.3438 5.7301 7.4248 
Positiveness 0.9510 0.9643 0.4055 0.9808 1.5159 
Agreement 0.2415 0.2813 0.0501 0.1411 0.3043 
Panel C: Daily data at LSE close (No. of observations = 14,899) 
Price Difference − 0.3084 0.0702 − 0.3556 − 0.2904 − 0.2595 
Log(GBP/USD) − 0.3031 0.0639 − 0.3511 − 0.2830 − 0.2571 
Price Difference – Log(GBPUSD) − 0.0053 0.0302 − 0.0121 − 0.0024 0.0014 
Message 5.9842 1.9669 4.4543 5.8435 7.5332 
Positiveness 0.9595 0.9549 0.4055 0.9901 1.5088 
Agreement 0.2341 0.2723 0.0500 0.1391 0.3001 
Panel D: Daily data at NYSE close (No. of observations = 15,055) 
Price Difference − 0.3080 0.0707 − 0.3561 − 0.2905 − 0.2587 
Log(GBP/USD) − 0.3029 0.0640 − 0.3520 − 0.2823 − 0.2569 
Price Difference – Log(GBPUSD) − 0.0051 0.0309 − 0.0126 − 0.0033 0.0039 
Message 5.9821 1.9669 4.4427 5.8435 7.5310 
Positiveness 0.9579 0.9545 0.4055 0.9876 1.5044 
Agreement 0.2339 0.2724 0.0492 0.1391 0.3001 

This table reports the summary statistics of all variables using daily data. Price difference is the (log) difference between the UK price and the US price. Aggregate 
tweet measures include Positiveness, Message, and Agreement. Message is calculated as the natural logarithm of the number of tweets, Positiveness 
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is Positivenesst = ln

(
1 + Mpositive

t

1 + Mnegative
t

)

, where Mt
positive and Mt

negative are the number of positive and negative tweets on day t, and Agreement is defined as Agreementt =

1 −

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

1 −

(
Mpositive

t − Mnegative
t

Mpositive
t + Mnegative

t

)2
√
√
√
√ . 

Table A2 
Correlations - based on daily data.   

Price Difference Log(GBP/USD) Message Positiveness 

Log(GBP/USD) 0.8970***         

Message − 0.1810*** − 0.2240***        

Positiveness − 0.0946*** − 0.0941*** 0.3480***       

Agreement − 0.0142 0.0304*** − 0.3790*** 0.5010*** 

This table displays correlations between market and tweet features using daily data. Market features include price difference and log pound 

dollar exchange rate. Message is the natural logarithm of the number of tweets, Positiveness is given as Positivenesst = ln

(
1 + Mpositive

t

1 + Mnegative
t

)

, 

where Mt
positive and Mt

negative are the counts of positive and negative tweets on day t, and Agreement is Agreementt = 1 −
̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

1 −

(
Mpositive

t − Mnegative
t

Mpositive
t + Mnegative

t

)2
√
√
√
√ . *, **, *** denotes correlations that are significantly different from 0 at the 5%, 1%, 0.1% significance level, 

respectively.  

Table A3 
Pass-through during multiple-trading periods (Firm-year-month-day clustered errors)   

(1) (2) (3) (4)  

Price Difference Price Difference Price Difference Price Difference 

Log(GBP/USD) 0.9605*** 0.9640*** 0.9648*** 0.9647***  
(0.0048) (0.0051) (0.0051) (0.0051) 

Log(GBP/USD) x Positiveness  0.0001 0.0001 0.0001   
(0.0005) (0.0005) (0.0005) 

Log(GBP/USD) x Message  − 0.0132** − 0.0131** − 0.0131**   
(0.0011) (0.0011) (0.0011) 

Log(GBP/USD) x Agreement  0.0050*** 0.0051*** 0.0051***   
(0.0008) (0.0008) (0.0007) 

Year Dummies Yes Yes Yes Yes 
Month Dummies Yes No Yes Yes 
Day-of-week Dummies Yes No No Yes 
R2 0.9245 0.9246 0.9247 0.9247 
No. of Obs. 160,514 160,514 160,514 160,514 

This table reports the fixed-effects regressions of the UK-US price discrepancies during the multiple-trading period. The dependent variable is (log) price difference 
at the end of each 5-min interval. The main independent variables are contemporaneous (log) GBP/USD exchange rate and the interactions between the exchange 

rate and aggregate tweet measures. Message is calculated as the natural logarithm of the number of tweets, Positiveness is Positivenesst = ln

(
1 + Mpositive

t

1 + Mnegative
t

)

, where 

Mt
positive and Mt

negative are the number of positive and negative tweets on day t, and Agreement is defined as Agreementt = 1 −

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

1 −

(
Mpositive

t − Mnegative
t

Mpositive
t + Mnegative

t

)2
√
√
√
√ . Tweets 

are collected during each 5-min interval. Firm-year-month-day-of-week clustered standard errors are in parentheses. *, **, *** denotes 10%, 5%, 1% significance, 
respectively. The sample uses intraday data of 20 British cross-listed stocks during the period from 15th August 2015 to 31st December 2018.  

Table A4 
Speed of price adjustment (Firm-year-month-day clustered errors)   

(1) (2) (3) (4)  

Return Difference Return Difference Return Difference Return Difference 

ΔPricet-1 – α*Log(GBP/USD)t-1 − 0.0227***     
(0.0003)    

ΔPricet-1 – [α + γ*Twitter]* 
Log(GBP/USD)t-1  

− 0.0322*** − 0.0323*** − 0.0323***   

(0.0008) (0.0008) (0.0008) 
Lagged Return Difference − 0.1548*** − 0.1487*** − 0.1487*** − 0.1487***  

(0.0121) (0.0127) (0.0127) (0.0127) 
Lagged ΔLog(GBP/USD) − 0.1003*** − 0.0952*** − 0.0952*** − 0.0952***  

(0.0106) (0.0109) (0.0109) (0.0109) 
Year Dummies Yes Yes Yes Yes 
Month Dummies Yes No Yes Yes 

(continued on next page) 
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Table A4 (continued )  

(1) (2) (3) (4)  

Return Difference Return Difference Return Difference Return Difference 

Day-of-week Dummies Yes No No Yes 
R2 0.0166 0.0159 0.0159 0.0159 
No. of Obs. 159,960 159,960 159,960 159,960 

This table reports the fixed-effects regressions of the UK-US return difference during the multiple-trading period, i.e. 2-h overlapping period. The dependent variable is 
return difference (i.e. the first derivative of price difference) at the end of each 5-min interval. The main independent variable is the lagged difference between the UK- 
US price difference and a product of (log) GBP/USD exchange rate and its coefficients estimated from eq. (1). Firm-year-month-day-of-week clustered standard errors 
are in parentheses. *, **, *** denotes 10%, 5%, 1% significance, respectively. The sample uses intraday data of 20 British cross-listed stocks during the period from 15th 
August 2015 to 31st December 2018. 

Appendix B: Sampled companies 

This table lists the names of the firms in the sample.    

Firm name  Firm name 

1 AstraZeneca 11 Intercontinental Hotels 
2 Barclays 12 Lloyds 
3 BHP Billiton 13 National Grid 
4 British American Tobacco 14 Pearson 
5 British Petroleum 15 Prudential 
6 BT Group 16 Rio Tinto 
7 Carnival 17 Royal Bank of Scotland 
8 Diageo 18 Royal Dutch Shell 
9 GlaxoSmithKline 19 Unilever 
10 HSBC 20 Vodafone  
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