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Abstract

We hypothesized that sharp movement in the USDX, GBP/USD, and USD/CNY might
result in stock market fluctuations owing to heightened investors’ sentiments. The
subsequent performance of trading stocks right after such sharp movements in
exchange rates is seldom explored in existing studies. We examined the historical
data of the constituent stocks of the DJ 30, FTSE 100, and SSE 50 indexes and found
that the share prices were more volatile after sharp movements in the CNY, even
though the currency is less volatile because of China’s exchange rate policy.
However, for the USD and GBP, share prices of the DJ 30 and FTSE 100, respectively,
rose after sharp appreciation and depreciation of the currencies.

Keywords: Investing strategies, Exchange rates, Investors’ sentiments

Introduction
Share prices are difficult to predict since prices always reflect relevant information ac-

cording to the efficient market hypothesis (Fama, 1965, 1991, 1998). However, this

viewpoint is challenged by the overreaction hypothesis (Debondt & Thaler, 1985,

1987), which supposes that (i) investors may overreact to the available and private in-

formation released owing to excessive self-confidence (Chuang & Lee, 2006; Daniel,

Hirshleifer, & Subrahmanyam, 1998), (ii) herd behaviors result in chasing rising or fall-

ing prices (Chalmers, Kaul, & Phillips, 2013; Mendel & Shleifer, 2012), and (iii) inves-

tors’ sentiments and behavioral pscyhology have an impact on price movements (Da,

Engelberg, & Gao, 2015; Dergiades, 2012; Huang et al., 2014; Huang & Ni, 2017;

Kumar, Page, & Spalt, 2013).

In this study, in divergence from the commonly explored causal relationship between

share prices and exchange rates (Ajayi & Mougouė, 1996; Basher, Haug, & Sadorsky,

2012; Dornbusch, 1987; Grammig, Melvin, & Schlag, 2005; Pan et al., 2007a, b), we

mainly investigated whether market participants are able to beat the market. Instead of

employing time-series models, we used the standard event study approach to examine

whether investors are able to gain abnormal returns (ARs) and cumulative abnormal

returns (CARs). Specifically, we explored whether market participants outperform the
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markets right after a sharp rise or fall in exchange rates represented by USDX, GBP/

USD, and USD/CNY.1

We included the constituent stocks of the Dow Jones Industrial Average 30 index (DJ

30), Financial Times Stock Exchange 100 index (FTSE 100), and the Shanghai Stock Ex-

change 50 index (SSE 50) as our samples, since investors are able to buy the constituent

stocks of these stock indexes instead of index spots. We then explored whether our re-

sults are different among these representative stock markets.

We define sharp rises or falls in exchange rates (i.e., the rises or falls in exchange

rates over 0.25%, 0.5%, 0.75%, and 1%) as our events. The events explored in this study

are different from those explored in other studies, such as the declaration of dividend

yield (Charest, 1978; Firth, 1996), merger or acquisition (Barney, 1988; Hackbarth &

Morellec, 2008), and stock repurchase (Lie, 2005; Netter & Mitchell, 1989), among

others. That is, we tested whether investors are able to beat the market following sharp

movements in the exchange rate instead of these other events tested in previous stud-

ies. Our study expands the applications of the event study approach.

The contributions of this study are as follows: first, we explored whether a sharp rise

(fall) in exchange rates provides valuable and unrevealed information to market partici-

pants for trading our selected sample stocks, which is rarely examined in the literature.

Second, we compared the profitability of trading the constituent stocks of the DJ 30,

FTSE 100, and SSE 50, as these three stock markets are representative markets. Third,

this study links the occurrence of sharp rises (falls) in exchange rates with market effi-

ciency and inefficiency, overreaction, investors’ sentiments, and herd behaviors, which

is not adequately studied in the existing literature.

We found that share prices rose when the USD and GBP depreciate or appreciate

sharply, and positive CARs are observed without exception. Share prices were more

volatile following sharp movements in the CNY, especially with sharp depreciation.

Our results are beneficial for investors who trade these constituent stocks around oc-

currences of sharp currency movements. We argue that these stock markets might be

inefficient, as sharp movements in exchange rates result in stock price overreaction

possibly because of investors’ heightened sentiments and/or herd behaviors.

The rest of the study is organized as follows: we survey the relevant literature in the

second section. The third section describes the study design and data. The fourth sec-

tion presents the empirical results. The concluding remarks and recommendations are

provided in the final section.

Literature review
We reviewed the relevant literature related to market efficiency, market inefficiency,

herd behaviors, and positive feedback trading. Given that whether investors are able to

beat the market around sharp movements in exchange rates is related to investing

strategies, we also reviewed the relevant literature related to investing strategies and the

relationship between exchange rates and stock markets.

With regard to market efficiency and inefficiency, we found no consistent conclusion

documented in the literature (Debondt & Thaler, 1985, 1987; Fama, 1965, 1991;

1USDX: US Dollar (USD) to a basket of currenciesGBP/USD: Great British Pound (GBP) to USD exchange
rateUSD/CNY: USD to Chinese Yuan (CNY) exchange rate
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Kahneman & Tversky, 1979; Malkiel & Fama, 1970; Nguyen, 2016). Technical trading

rules that are widely applied in the real world seem to challenge the market efficiency

hypothesis (Bessembinder & Chan, 1995; Brock, Lakonishok, & Lebaron, 1992).

Schwert (2003) argued that there exist anomalies that seem to be inconsistent with the

market efficiency hypothesis, indicating that market inefficiency likely exists in the

stock markets.

Herd behaviors, such as simultaneous buying or selling of the same stocks by many

investors, have been reported (Balcilar, Demirer, & Hammoudeh, 2013; Economou,

Kostakis, & Philippas, 2011; Frey, Herbst, & Walter, 2014; Grinblatt, Titman, & Wer-

mers, 1995; Lakonishok, Shleifer, & Vishny, 1992; Ni, Liao, & Huang, 2015; Nofsinger

& Sias, 1999; Wu, Huang, & Ni, 2017a), which indicates that momentum strategies

may be useful in trading. Herd behaviors are often observed in trading by institutions,

such as mutual and pension funds (Brown, Wei, & Wermers, 2013; Dennis & Strick-

land, 2002; Kremer & Nautz, 2013; Raddatz & Schmukler, 2013; Sias, 2004; Zheng

et al., 2015). Griffin, Harris, and Topaloglu (2003) found that strong contemporaneous

daily patterns can be largely explained by net institutional trading following the past

intraday excess stock returns.

Positive feedback trading refers to buying past winners and selling past losers, in

which investors are likely to chase rising (falling) prices, which, in turn, will result in

share prices rising (falling) continuously. Regarding positive feedback trading, Nofsinger

and Sias (1999) showed that institutional investors engage in more positive feedback

trades than individual investors. Koutmos and Saidi (2001) also reported evidence of

positive feedback trading and selling/buying during market declines/advances in devel-

oped stock markets. Kurov (2008) showed that traders in the index futures markets are

positive feedback traders. Dennis and Strickland (2002) also found positive feedback

trading by some institutions, particularly mutual and pension funds. Wang (2002)

found that large hedgers behave like positive feedback traders, but small traders are li-

quidity traders. Antoniou, Koutmos, and Pericli (2005) supported the view that futures

markets help stabilize the underlying spot markets by reducing the effect of feedback

traders, thereby attracting more rational investors who make the markets more infor-

mationally efficient and providing investors with superior ways of managing risk.

Regarding momentum strategies, Menkhoff et al. (2012) reported a significant cross-

sectional spread in excess returns between past winner and loser currencies in the for-

eign exchange market. Ni, Liao, and Huang (2015) found that investors might adopt

momentum strategies in trading stocks in the Chinese stock exchanges because of

over-optimism that likely exists because individual investors account for 80% of the

trading volume. With respect to contrarian strategies, De Haan and Kakes (2011)

pointed out that several institutional investors in the Netherlands, such as pension

funds and life and non-life insurers, tended to be contrarian traders. Malin and Born-

holt (2013) found that the reversal of long-term returns in international equity markets

may be stronger and more persistent than is generally understood, indicating that con-

trarian strategies might be appropriate in long-run investments.

Concerning the relationship between exchange rates and stock markets, Aggarwal

(1981) found that US stock prices and the dollar were positively correlated. Donnelly

and Sheehy (1996) documented a significant contemporaneous relation between ex-

change rates and the market values of large UK exporters. Bahmani-Oskooee and
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Sohrabian (1992) showed that there is bidirectional causality between the S&P 500

stock index and the effective exchange rates of the dollar. Chiang and Yang (2003)

found that stock returns and currency values were positively related in nine Asian

markets.

However, Ajayi et al. (1999) showed unidirectional causality from the stock markets

to the currency markets for advanced economies but not for emerging economies.

Ramasamy and Yeung (2002) found that the results are inconsistent for bivariate caus-

ality between stock prices and exchange rates. Bartov and Bodnar (1994) did not find a

significant contemporaneous relation between USD movements and stock returns for

US firms. Griffin and Stulz (2001) found that weak exchange rate shocks had negligible

impacts on the performance of industries in six industrialized countries.

The relationship between exchange rates and stock markets has been explored in nu-

merous studies (Aggarwal, 1981; Ajayi et al., 1999; Bahmani-Oskooee & Sohrabian,

1992; Bahmani-Oskooee & Saha, 2017; Bartov & Bodnar, 1994; Chiang & Yang, 2003:

Donnelly & Sheehy, 1996; Hamao et al., 1990; Jorion, 1990; Griffin & Stulz, 2001; Karo-

lyi, 1995; King & Wadhwani, 1990; Lin, 2011; Lin et al., 1994; Ramasamy & Yeung,

2002; Schwert, 1990; Theodosiou & Lee, 1993). The market efficiency hypothesis has

been challenged by researchers (Chuang & Lee, 2006; Daniel et al., 1998) who claim

that overreactions, herd behaviors, positive feedback, investors’ sentiments, and other

factors oppose the hypothesis (Antoniou, Koutmos, & Pericli, 2005; Baker & Wurgler,

2006; Chiang & Zheng, 2010; Debondt & Thaler, 1985, 1987; Kurov, 2008; Liao, Huang,

& Wu, 2011; Nofsinger & Sias, 1999; Scharfstein & Stein, 1990; Schmeling, 2009).

We argue that currency appreciation (depreciation) results from capital inflows (out-

flows) that result in rising (falling) share prices in accordance with the viewpoints about

the behaviors and impacts of the capital account (Calvo, Leiderman, & Reinhart, 1993,

1996; Wu, Huang, & Ni, 2017b). However, currency depreciation (appreciation) might

also increase exports (imports) by enhancing (reducing) the competitiveness of domes-

tic products, resulting in rising (falling) share prices based on the viewpoints about the

current account (Chinn, 2006; Corsetti et al. 2000; Fang, Lai, & Miller, 2006; Gruber, &

Kamin, 2007; Zia & Mahmood, 2013).2

Aside from the above mechanism, the short-term stock price performance (CARs)

might be affected by the interpretation of individual investors and institutional market

participants. In addition, short-term share price performance is likely affected by the

heightening of investors’ sentiments due to sharp rises (falls) in exchange rates (Heiden,

Klein, & Zwergel, 2013; Rehman, 2013), which might result in herd behaviors as per

the theories of behavioral finance (Bekiros et al. 2017; Ramiah, Xu, & Moosa, 2015).

Accordingly, we argue that investors’ sentiments would be another mechanism. We re-

gard that share prices are likely affected by not only economic factors but also psycho-

logical factors. In sum, we examined the subsequent performance of trading stocks

immediately after sharp movements in the USDX, GBP/USD, and USD/CNY. This rela-

tionship is insufficiently explored in the existing literature.

2The current and capital accounts represent two halves of a nation’s balance of payments. The current
account represents a country’s net income over a period of time, while the capital account records the net
change of assets and liabilities during a particular year.
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Study design and data
Design of this study

We argue that a sharp rise (fall) in exchange rates conveys valuable information. We

first classified sharp rises (falls) in exchange rates according to the thresholds of 0.25%,

0.5%, 0.75%, and 1% as our events. We then measured the one-, two-, three-, four-, and

five-day cumulative abnormal returns around the occurrence of these events. We used

the standard event study approach to examine stock price movements following these

events.

We defined day 0 as the day when the above-mentioned events occurred. Abnormal

return was defined as the difference between the actual return and the expected return

generated by the market model. We used three indices, namely DJ 30, FTSE 100, and

SSE 50, as the proxies for market returns and then estimated the parameters of the

market model by using data over the period from − 155 to − 6 days (i.e., 150 days) be-

fore day 0.

Cumulative abnormal returns at t days (CAR(t)) are the cumulative abnormal returns

from AR (1) to AR (t). Given that investors might hold stocks for a short period, we

measured one-, two-, three-, four-, and five-day CARs considering them as short win-

dows in line with the literature (Ahern, 2009; Chopra, Lakonishok, & Ritter, 1992; Mar-

shall, Young, & Rose, 2006). Finally, we tested whether these CARs are statistically

different from zero based on their t statistics.

We present the empirical results for the constituent stocks of the DJ 30, FTSE 100, and

SSE 50 in Columns 1–3 of Tables 3 and 4 in Section 4. The CAR results associated with

the sharp rises and falls in exchange rates are shown in Panels A–D of Tables 3 and 4,

respectively.

Data

We used the daily data for USDX, GBP/USD, and USD/CNY and the constituent stocks

of the DJ 30, FTSE 100, and SSE 50 from Datastream (a financial database) from 2006

to 2015. Figure 1 shows an upward trend in the US stock market after the 2008 stock

market crisis, a stable trend in the UK stock market, and two peaks, in 2007 and 2015,

Fig. 1 Trends of DJ 30, FTSE 100, and SSE 50 indices from 2006 to 2015
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for the China stock market. Figure 1 indicates that the China stock market is more

volatile than the US and UK stock markets; however, the volatility of USD/CNY seems

less than that of USDX and GBP/USD, as shown in Fig. 2.

Table 1 lists the means, medians, standard deviations, minima, and maxima for the

currencies and representative indices for data over the period of 2006–2015.

Panel A of Table 1 shows that the ranges of these stock indices are rather wide

as revealed by their minima and maxima, especially for the China stock index. The

minima may be a result of the global financial crisis in 2008. USD/CNY is less

volatile than USDX and GBP/USD, as shown in Panel C of Table 1. These statis-

tics suggest that the China stock market is more volatile than the other two mar-

kets, whereas the currency volatility of the CNY is less than the USD and GBP.

Fig. 2 Trends of three currencies from 2006 to 2015
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The results indicate that the stock market in China seems to be sensitive to sharp

currency movements even though exchange rate movements are managed by the

government. We argue that these statistics might contain valuable and unreleased

information for stock trading.

We investigated the association between currency movements and stock market per-

formance and examined whether investors are able to beat the markets in the trading

of the constituent stocks of the DJ 30, FTSE 100, and SSE 50 right after a sharp rise

(fall) in the USDX, GBP/USD, and USD/CNY. We defined our events as the rises (falls)

in exchange rates of more than 0.25%, 0.5%, 0.75%, and 1%.3 We have listed the num-

bers of the sharp rise (fall) in exchange rates that occurred for the constituent stocks of

these indices over the data period in Table 2.

The samples of the sharp rise in exchange rates for the four thresholds (i.e., over

0.25%, 0.5%, 0.75%, or 1% rise) are similar to those of the sharp falls, indicating

that the currency appreciation and depreciation shocks occurred similarly over the

data period from 2006 to 2015. An over 1% fall did not occur in the data period

for China, which might be a result of the central management of the CNY. Sharp

movements in the GBP occurred often in the United Kingdom, which might be re-

lated to the share prices and constituent companies of the FTSE 100.

Table 1 Summary statistics. This table reports the means, standard deviations, maxima, and
minima for USDX, GEP/USD, and USD/CNY as well as DJ30, FTSE100, and SSE50 indices over the
data period 2006–2015

Variable Obs. Mean Std. Dev. Min Max

Panel A: stock index levels

DJ 30 index 2517 12,968.21 2722.62 6547.05 18,312.39

FTSE 100 index 2594 5885.81 719.88 3512.10 7104.00

SSE 50 index 2481 2740.83 903.63 1161.06 6092.06

Panel B: stock index returns

DJ 30 index returns 2517 0.026% 1.201% −7.873% 11.080%

FTSE 100 index returns 2594 0.012% 1.251% −8.848% 9.839%

SSE 50 index returns 2481 0.060% 1.788% −8.841% 9.455%

Panel C: currencies

USDX 2509 77.79 6.00 68.00 95.21

GBP/USD 2513 1.67 0.17 1.37 2.11

USD/CNY 2513 6.75 0.60 6.04 8.07

Panel D: currency changes

△USDX 2509 0.005% 0.483% −4.024% 2.179%

△GBP/USD 2513 −0.004% 0.617% −4.845% 4.535%

△USD/CNY 2513 −0.009% 0.122% −0.993% 1.833%

Note: US Dollar Index (USDX) is measured by a basket of currencies
USD/CNY: US Dollar (USD) to Chinese Yuan (CNY) exchange rate
GEP/USD: Great British Pound (GBP) to US Dollar (USD) exchange rate
△USDX = (USDX(t)/ USDX(t-1))-1
△GBP/USD = (GBP/USD (t)/ GBP/USD (t-1))-1
△USD/CNY = (USD/CNY (t)/ USD/CNY (t-1))-1

3Exchange rates rising (falling) more than 0.25%, 0.5%, 0.75%, and 1% in a day is an infrequent occurrence in
many currency markets. We consider such events as currency shocks in this study.
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Empirical results and analysis
We measured the one-, two-, three-, four-, and five-day CARs around sharp exchange

rate movements. We have presented the CARs and their t values for the constituent

stocks of the DJ 30, FTSE 100, and SSE 50 immediately after sharp rises and falls in ex-

change rates in Tables 3 and 4, respectively.4

Results of sharp rises in exchange rates

Table 3 shows that most of the CARs are positive for the constituent stocks of the DJ

30 and FTSE 100 for over 0.25%, 0.5%, 0.75%, and 1% rises in the exchange rates in a

day, especially for CAR (4) and CAR (5). The results indicate that taking long positions

might be appropriate for these stocks for four to 5 days after a sharp appreciation of

the USD and GBP.

As for the result for China, most of the CARs are negative for the constituent stocks

of the SSE 50 for over 0.25%, 0.5%, 0.75%, and 1% rises in the exchange rate in a day.

Especially, CAR (5) was − 2.04% and − 5.10% for over 0.75% and 1% rises in the ex-

change rate in a day, respectively, which are sizeable movements. The results indicate

that taking a short position would be appropriate for trading the constituent stocks of

the SSE 50 after a sharp depreciation of the CNY.

In summary, the CARs rise after the appreciation of the USD and GBP, whereas the

CARs decline after the depreciation of the CNY.

Results of sharp falls in exchange rates

Table 4 shows that almost all of the CARs are positive for trading the constituent

stocks of the DJ 30 and FTSE 100 for over 0.25%, 0.5%, 0.75%, and 1% falls in the ex-

change rate in a day, implying that a contrarian strategy might be appropriate for trad-

ing the constituent stocks of the DJ 30 and FTSE 100 following a sharp appreciation of

Table 2 The samples of the sharp rise (fall) in exchange rates. Panel A of Table 2 lists the numbers
of the sharp rise in exchange rates (USDX, GBP/USD, and USD/CNY) over 0.25%, 0.5%, 0.75%, and
1% for the constituent stocks of DJ 30, FTSE 100, and SSE 50. Panel B of Table 2 lists the numbers
of the sharp fall in exchange rates over 0.25%, 0.5%, 0.75%, and 1% for the constituent stocks of DJ
30, FTSE 100, and SSE 50

DJ30 FTSE100 SSE50

Panel A: Various sharp rises in exchange rates

Over 0.25% rise in exchange rates 19,233 55,760 1509

Over 0.5% rise in exchange rates 8913 29,238 274

Over 0.75% rise in exchange rates 4179 14,462 175

Over 1% rise in exchange rates 1881 7905 49

Panel B: Various sharp falls in exchange rates

Over 0.25% fall in exchange rates 19,002 53,130 1782

Over 0.5% fall in exchange rates 8338 29,861 263

Over 0.75% fall in exchange rates 3849 15,080 115

Over 1% fall in exchange rates 1703 8231 0

4We also split our data into two periods, 2007−2009 and 2009−2015, to assess the contagion effects of the
financial crisis and found that the results are almost the same for both periods.
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the USD and GBP. However, the highest CAR was less than 1%, indicating that the

profits might be limited for this trading strategy.

As for the result for China, we found positive and significant CARs following sharp

falls in the exchange rate in China, indicating that the momentum strategy may be pro-

ductive for trading the constituent stocks of the SSE 50 following more than 0.25%,

0.5%, and 0.75% falls in the exchange rate in a day.

A fall of more than 1% in the exchange rate did not occur over the data period from

2006 to 2015 in China; as such, there are no results to be shown in Panel D of Table 4.

We infer that the low volatility of the CNY stems from the actions of the monetary au-

thority of China.

Similar to the results for the United States and United Kingdom, the CARs are posi-

tive following falls of more than 0.5% and 0.75% in the exchange rate in China. Further-

more, the CARs in China are slightly higher than those in the United States and United

Kingdom, especially for CAR (5). For example, CAR (5) was 1.35% and 0.77% following

Table 3 CARs of diverse sharp rises in exchange rates. We investigate whether these CARs
including 1-, 2-, 3-, 4-, and 5-day CARs would be different from 0 if investors take the long
positions in the constituent stocks of DJ 30, FTSE 100, and SSE50 as the sharp rise in exchange
rates over 0.25%, 0.5%, 0.75%, and 1% in a day. We also present the statistics of t-tests for these
CARs. In addition, *, **, and *** represent 10%, 5%, and 1% significance levels, respectively

Holding
days

(1) (2) (3)

DJ30 FTSE100 SSE50

Returns t-test Returns t-test Returns t-test

Panel A: Over 0.25% rise in exchange rates

1 0.04% 3.492 *** 0.07% 7.013 *** −0.03% −0.479

2 0.04% 2.425 ** 0.07% 5.418 *** 0.23% 2.378 **

3 0.07% 3.476 *** 0.12% 7.406 *** 0.10% 0.876

4 0.09% 3.870 *** 0.18% 9.276 *** −0.05% −0.323

5 0.16% 6.208 *** 0.25% 11.829 *** −0.18% −1.094

Panel B: Over 0.5% rise in exchange rates

1 0.07% 3.372 *** 0.10% 6.678 *** 0.56% 4.483 ***

2 0.11% 3.897 *** 0.15% 7.269 *** 0.90% 5.648 ***

3 0.15% 4.468 *** 0.22% 8.459 *** 0.57% 2.405 **

4 0.16% 4.179 *** 0.36% 12.270 *** −0.30% −1.016

5 0.22% 5.482 *** 0.45% 13.974 *** −1.09% −3.072 ***

Panel C: Over 0.75% rise in exchange rates

1 0.18% 4.998 *** 0.10% 3.797 *** 0.15% 1.046

2 0.18% 3.647 *** 0.13% 3.848 *** 0.65% 3.552 ***

3 0.21% 3.695 *** 0.20% 4.767 *** 0.30% 0.955

4 0.27% 4.033 *** 0.32% 6.830 *** −0.99% −2.486 **

5 0.34% 4.769 *** 0.36% 6.958 *** −2.04% −4.079 ***

Panel D: Over 1% rise in exchange rates

1 0.33% 5.242 *** 0.13% 3.421 *** −0.52% −1.731 *

2 0.18% 2.225 ** 0.26% 5.232 *** −0.14% −0.353

3 0.20% 2.172 ** 0.35% 5.744 *** −0.39% −0.949

4 0.19% 1.696 * 0.41% 5.894 *** −1.33% −2.348 **

5 0.43% 3.694 *** 0.42% 5.861 *** −5.10% −9.548 ***
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0.5% and 0.75% falls in the exchange rate for China, which are higher than those shown

for the United States and United Kingdom.

As all of the CARs are positive without exception for the United States and United

Kingdom, the results indicate that taking a long position would be appropriate for trad-

ing the constituent stocks of the United States and United Kingdom following both

sharp currency appreciation and depreciation for these two countries. However, the

CARs are all less than 1%.

For China, significantly negative CARs were observed after a sharp depreciation

of the CNY. CAR (5) was − 5.01% for the constituent stocks of the SSE 50 after a

1% drop in the CNY in a day, whereas it was 1.35% after a 0.5% appreciation in

the CNY. These CAR results are more volatile than those for the United States

and United Kingdom. In summary, for China, share prices increased after a sharp

appreciation in the CNY, and they weakened after a sharp depreciation in the

Table 4 CARs of diverse sharp falls in exchange rates. We investigate whether these CARs
including 1-, 2-, 3-, 4-, and 5-day CARs would be different from 0 if investors take the long
positions in the constituent stocks of DJ 30, FTSE 100, and SSE50 as the sharp rises in exchange
rates over 0.25%, 0.5%, 0.75%, and 1%. We also present the statistics of t-tests for these CARs. In
addition, *, **, and *** represent 10%, 5%, and 1% significance levels, respectively

Holding
days

(1) (2) (3)

DJ30 FTSE100 SSE50

Returns t-test Returns t-test Returns t-test

Panel A: Over 0.25% fall in exchange rates

1 0.03% 2.951 *** 0.08% 8.069 *** 0.07% 1.163

2 0.08% 5.084 *** 0.17% 11.902 *** 0.25% 2.748 ***

3 0.13% 6.954 *** 0.29% 16.725 *** 0.13% 1.130

4 0.18% 8.588 *** 0.34% 17.394 *** 0.31% 2.434 **

5 0.23% 9.988 *** 0.43% 18.945 *** 0.35% 2.434 **

Panel B: Over 0.5% fall in exchange rates

1 0.03% 1.652 * 0.06% 4.154 *** −0.27% −1.580

2 0.11% 4.479 *** 0.15% 7.228 *** −0.38% −1.505

3 0.15% 4.914 *** 0.30% 11.989 *** −0.01% −0.026

4 0.23% 6.642 *** 0.39% 13.624 *** 0.52% 1.460

5 0.30% 7.734 *** 0.51% 15.257 *** 1.35% 3.268 ***

Panel C: Over 0.75% fall in exchange rates

1 −0.01% −0.310 0.09% 3.984 *** −0.42% −1.419

2 0.15% 3.758 *** 0.18% 5.614 *** −1.04% −2.194 **

3 0.16% 3.220 *** 0.34% 8.378 *** −0.65% −1.260

4 0.26% 4.730 *** 0.44% 9.140 *** −0.14% −0.254

5 0.34% 5.464 *** 0.60% 10.649 *** 0.77% 1.227

Panel D: Over 1% fall in exchange rates

1 0.03% 0.657 0.09% 2.444 ** – –

2 0.29% 4.342 *** 0.32% 6.290 *** – –

3 0.31% 3.748 *** 0.51% 8.152 *** – –

4 0.38% 4.168 *** 0.69% 9.033 *** – –

5 0.40% 3.842 *** 0.87% 9.604 *** – –
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CNY. We infer that the SSE 50 in not as mature as the DJ 30 and FTSE 100,

resulting in market inefficiency.

Conclusions
We hypothesized that heightened sentiments of investors’ following sharp exchange

rate movements in a day would impact the movements in the respective stock markets.

We examined whether investors would realize profits in trading the constituent stocks

of the DJ 30, FTSE 100, and SSE 50 right after sharp appreciations or depreciations of

over 0.25%, 0.5%, 0.75%, and 1% rises in the respective exchange rates in the countries.

We regard that such currency movements have informational value for market

participants.

Our hypotheses are likely connected to market efficiency or inefficiency. Sharp

changes in exchange rates might cause herd behaviors and overreactions among market

participants. The theories of behavioral finance are applicable to this situation. Our re-

sults can help guide investing and trading strategies.

By studying the constituent stocks of the DJ 30, FTSE 100, and SSE 50, we found that the

prices of the stocks in those indexes rose following sharp appreciation and depreciation in

the USDX and GBP/USD. In the case of China, although the CNY is less volatile than the

other two currencies, the share prices are more volatile than the other two markets. CAR

(5) was − 5.01% for trading the constituent stocks of the SSE 50 after a 1% sharp depreci-

ation in the CNY, whereas it was 1.35% after a 0.5% sharp appreciation in the CNY.

Our study adds to the existing literature in several ways. First, to our knowledge,

whether market participants can beat the market following sharp exchange rate move-

ments is seldom explored in previous studies. Second, our results can help devise

investing strategies triggered by sharp currency movements. We used the constituent

stocks of the DJ 30, FTSE100, and SSE 50, since investors are able to trade them in-

stead of the index spots.

There are two implications of our study: First, investors might be able to outperform the

market if they are able to track sharp rises and falls in these exchange rates. Second, our em-

pirical results provide valuable information for investors for trading in such situations.

In addition to the event study approach, several other approaches are worthy of fur-

ther investigation. For example, Kou et al. (2012) proposed an approach based on

Spearman’s rank correlation to resolve disagreements among multiple criteria decision-

making (MCDM) methods. Kou et al. (2014a, b) further demonstrated the effectiveness

of MCDM methods in evaluating clustering algorithms for financial risk analysis. By

proposing a cosine maximization method for the priority vector derivation in the Ana-

lytic Hierarchy Process (AHP), Kou and Lin (2014) demonstrated that cosine

maximization is more flexible and efficient than other prioritization methods. They also

proposed a Hadamard model to mitigate judgment contradiction and showed that the

model enhances data consistency in the decision matrix.

Recently, because AHP has been widely adopted for group decision-making (GDM),

Lin et al. (2020) proposed aggregation of the nearest consistent matrices with the ac-

ceptable consensus in AHP-GDM. Zhang et al. (2019) also proposed consensus models

involving both the consensus degree and cost in GDM and showed the usability of the

models in real-world contexts. Employing these approaches would be beneficial for fur-

ther research in this area.
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Appendix
In addition to exploring whether investors are able to beat the market after sharp

movements in exchanges rates, we explored whether market participants are able to

beat the market following high or low levels of VIX (a volatility index) at either the

high 90%, 95%, and 97.5% quantiles or the low 2.5%, 5%, and 10% quantiles. The results

are shown in Tables 5 and 6.

Table 5 shows that the CARs are positive if investors take long positions in trad-

ing the constituent stocks of the DJ 30, FTSE 100, and SSE50 following VIX levels

in the 90%, 95%, and 97.5% quantiles, indicating that market participants might

profit from momentum strategies amid panic sentiments in those stock markets.

Buying these constituent stocks in panicked markets might not be a bad strategy, as

stocks may perhaps have dropped considerably when the VIX is at a high level.

However, Table 6 shows that the CARs are not the same for taking long posi-

tions in the constituent stocks of the DJ 30, FTSE 100, and SSE50 when the VIX

levels are in the 10%, 5%, and 2.5% quantiles. CARs are negative for taking long

positions on the constituent stocks of the DJ 30, but they are positive for taking

short positions on the constituent stocks of the SSE 50. The results indicate that

the SSE 50 stock prices could still rise even in the absence of a panicked atmos-

phere (i.e., low VIX level); however, the results might not be the same for trading

the DJ 30 and FTSE 100 stocks in the same circumstances.

Table 5 CARs of VIX located at 90%, 95%, and 97.5% quantiles. We investigate whether these CARs
including 1-, 2-, 3-, 4-, and 5-day CARs would be different from 0 if investors take the long posi-
tions in the constituent stocks of DJ 30, FTSE 100, and SSE50 as the VIXs located at 90%, 95%, and
97.5% quantile. We also present the statistics of t-tests for these CARs. In addition, *, **, and *** rep-
resent 10%, 5%, and 1% significance levels, respectively

Holding
days

(1) (2) (3)

DJ30 FTSE100 SSE50

Returns t-test Returns t-test Returns t-test

Panel A: VIX located at 90% quantile

1 0.18% 5.481 *** 0.18% 7.136 *** 0.19% 6.231 ***

2 0.34% 7.426 *** 0.40% 10.877 *** 0.44% 10.16 ***

3 0.52% 9.572 *** 0.60% 13.421 *** 0.72% 13.653 ***

4 0.66% 10.807 *** 0.83% 16.049 *** 0.93% 15.272 ***

5 0.81% 12.007 *** 1.01% 17.537 *** 1.10% 16.203 ***

Panel B: VIX located at 95% quantile

1 0.25% 4.502 *** 0.19% 4.663 *** 0.27% 5.643 ***

2 0.43% 5.668 *** 0.38% 6.181 *** 0.55% 8.23 ***

3 0.56% 6.251 *** 0.56% 7.431 *** 0.87% 10.588 ***

4 0.70% 6.855 *** 0.75% 8.791 *** 1.14% 11.924 ***

5 0.92% 8.186 *** 0.93% 9.661 *** 1.44% 13.428 ***

Panel C: VIX located at 97.5% quantile

1 0.26% 2.915 *** 0.12% 1.811 * 0.21% 2.829 ***

2 0.47% 3.872 *** 0.35% 3.704 *** 0.46% 4.461 ***

3 0.66% 4.535 *** 0.48% 4.086 *** 0.71% 5.567 ***

4 0.96% 5.999 *** 0.65% 4.891 *** 0.77% 5.134 ***

5 1.28% 7.582 *** 1.00% 6.903 *** 0.98% 5.82 ***
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As the sentiments triggered by the occurrence of sharp movements in exchange rates

might be different from those triggered by VIX movements, trading the constituent

stocks in the two scenarios could lead to different trading performances.

We also examined whether significant CARs were achieved for trading the constitu-

ent stocks following bullish or bearish investors’ sentiment as measured by the AAII

sentiment survey.

The bullish (bearish) investors’ sentiments were set as over 40% bullish (bearish) in-

vestors’ sentiments and over 50% bullish (bearish) investors’ sentiments as measured by

the AAII sentiment survey. As only weekly data are available in the AAII sentiment

survey, we employed weekly data instead of daily data. Significant CARs were observed,

as shown in Tables 7–8, indicating that investors can beat the SSE 50 by trading the

constituents stocks right after bullish or bearish sentiments, except for the case of over

50% bearish sentiment.

As shown in Table 9, the correlations between over 50% bullish sentiment and the

USDX, GBP/USD, and USD/CNY are higher than those between over 40% bullish sen-

timents and the exchange rates. The correlations between over 50% bearish sentiment

and the exchange rates are large, both positive or negative, compared with the correla-

tions between over 40% bearish sentiment and the exchange rates. These results might

provide supplemental evidence for our hypothesized mechanism.

Table 6 CARs of VIX located at 10%, 5%, and 2.5% quantiles. We investigate whether these CARs
including 1-, 2-, 3-, 4-, and 5-day CARs would be different from 0 if investors take the long posi-
tions in the constituent stocks of DJ 30, FTSE 100, and SSE50 as the VIXs located at 10%, 5%, and
2.5% quantile. We also present the statistics of t-tests for these CARs. In addition, *, **, and *** rep-
resent 10%, 5%, and 1% significance levels, respectively

Holding
days

(1) (2) (3)

DJ30 FTSE100 SSE50

Returns t-test Returns t-test Returns t-test

Panel A: VIX located at 10% quantile

1 −0.03% −2.594 *** 0.06% 5.007 *** 0.29% 8.211 ***

2 −0.05% −2.801 *** 0.06% 3.51 *** 0.46% 8.827 ***

3 −0.05% −2.292 ** 0.07% 3.49 *** 0.63% 9.629 ***

4 −0.08% −3.266 *** 0.07% 3.355 *** 0.75% 9.809 ***

5 −0.10% −3.529 *** 0.09% 3.509 *** 0.99% 11.52 ***

Panel B: VIX located at 5% quantile

1 −0.04% −2.25 ** 0.06% 3.299 *** 0.21% 3.632 ***

2 −0.07% −2.844 *** 0.08% 3.678 *** 0.37% 4.383 ***

3 −0.09% −2.78 *** 0.07% 2.857 *** 0.78% 7.45 ***

4 −0.14% −3.761 *** 0.08% 2.858 *** 1.01% 8.306 ***

5 −0.18% −4.384 *** 0.07% 2.017 ** 1.21% 8.747 ***

Panel C: VIX located at 2.5% quantile

1 −0.03% −1.006 0.12% 6.645 *** 0.26% 2.94 ***

2 −0.15% −4.338 *** 0.09% 3.878 *** 0.59% 4.319 ***

3 −0.25% −5.988 *** 0.05% 1.651 * 0.99% 5.994 ***

4 −0.33% −6.696 *** −0.03% −0.9 1.29% 6.88 ***

5 −0.44% −7.882 *** −0.09% −2.357 ** 1.57% 7.423 ***
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Table 7 CARs of bullish investors’ sentiments aroused. We investigate whether these CARs
including 1-, 2-, 3-, 4-, and 5-week CARs would be different from 0 if investors take the long posi-
tions in the constituent stocks of DJ 30, FTSE 100, and SSE50 as the bullish investors’ sentiments
aroused. We also present the statistics of t-tests for these CARs. In addition, *, **, and *** represent
10%, 5%, and 1% significance levels, respectively

Holding
days

(1) (2) (3)

DJ30 FTSE100 SSE50

Returns t-test Returns t-test Returns t-test

Panel A: Over 40% bullish investors’ sentiments measured by AAII sentiment survey

1 0.21% 5.890 *** 0.21% 7.497 *** 0.68% 8.454 ***

2 0.38% 7.563 *** 0.47% 11.993 *** 1.39% 12.106 ***

3 0.57% 9.552 *** 0.71% 15.496 *** 2.05% 14.165 ***

4 0.73% 10.666 *** 0.83% 15.383 *** 2.85% 16.586 ***

5 0.82% 10.466 *** 0.95% 15.828 *** 3.67% 18.948 ***

Panel B: Over 50% bullish investors’ sentiments measured by AAII sentiment survey

1 0.06% 0.713 0.20% 3.383 *** 1.23% 5.694 ***

2 0.13% 1.186 0.52% 6.255 *** 1.71% 5.582 ***

3 0.45% 3.342 *** 0.98% 9.608 *** 2.83% 6.677 ***

4 0.51% 3.299 *** 1.10% 9.050 *** 3.90% 7.764 ***

5 0.60% 3.345 *** 1.06% 7.405 *** 4.25% 7.500 ***

Table 8 CARs of bearish investors’ sentiments aroused. We investigate whether these CARs
including 1-, 2-, 3-, 4-, and 5-week CARs would be different from 0 if investors take the long posi-
tions in the constituent stocks of DJ 30, FTSE 100, and SSE50 as the bearish investors’ sentiments
aroused. We also present the statistics of t-tests for these CARs. In addition, *, **, and *** represent
10%, 5%, and 1% significance levels, respectively

Holding
days

(1) (2) (3)

DJ30 FTSE100 SSE50

Returns t-test Returns t-test Returns t-test

Panel A: Over 40% bearish investors’ sentiments measured by AAII sentiment survey

1 0.21% 3.065 *** 0.33% 6.357 *** 0.59% 5.110 ***

2 0.39% 4.347 *** 0.48% 6.808 *** 1.12% 6.822 ***

3 0.67% 6.013 *** 0.77% 8.999 *** 1.37% 6.767 ***

4 0.98% 7.676 *** 1.22% 12.595 *** 1.47% 6.273 ***

5 1.27% 9.084 *** 1.56% 14.522 *** 1.90% 7.175 ***

Panel B: Over 50% bearish investors’ sentiments measured by AAII sentiment survey

1 0.19% 1.004 0.13% 0.946 −0.16% −0.539

2 0.50% 2.150 ** −0.09% −0.474 0.29% 0.718

3 0.76% 2.583 *** 0.53% 2.272 ** −0.57% −1.190

4 1.28% 3.789 *** 1.43% 5.392 *** −0.55% −0.998

5 1.51% 4.161 *** 1.60% 5.323 *** −0.81% −1.330
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