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considered the impact of market liquidity (Jegadeesh and Titman, 1993), news
(Kocenda and Moravcova, 2018) etc.

Abnormal price changes can generate different price patterns. Atkins and Dyl
(1990) and Bremer et al. (1997) found contrarian effects (price reversals) after large
price changes. By contrast, Cox and Peterson (1994) did not detect a negative
correlation between abnormal returns on the day prices fall and the following three
days. Schnusenberg and Madura (2001) and Lasfer et al. (2003) provided evidence of
momentum effects. Savor (2012) and Govindaraj et al. (2014) found both effects in
the US stock market (momentum effects when analysts issue revisions or price
reversals after large daily price shocks).

Various other studies also analyse some of the implications of abnormal
returns. For instance, Pritamani and Singhal (2001) showed that information about
large price changes can be used to design profitable trading strategies. Govindaraj et
al.



3. Methodology

To analyse the frequency of abnormal returns and their role as drivers of price
dynamics we use daily and monthly data for the main exchange rates, specifically for
EURUSD, GBRUSD, USDJPY, EURJPY, GBPCHF, AUDUSD and USDCAD over
the period 03.01.1994-28.05.2019; the data source is Yahoo! Finance
(https://finance.yahoo.com).

There are two main approaches to detecting abnormal returns, namely a static
one (which uses a specific threshold as an abnormal price criterion, as in Bremer and
Sweeney, 1991) and a dynamic one (which is based on relative values — normally
abnormal returns are defined on the basis of the number of standard deviations to be
added to the average return as in Caporale and Plastun, 2018). Since they can perform
rather differently depending on the dataset (Caporale et al., 2018) the first step is to
choose the most appropriate method for the data in hand.


https://finance.yahoo.com/

difference between them and the overall freq



where - Is the logistic function, and the parameter z is determined
on the basis of regression (6).
? (6)

where is a binary value equal to 1 if the return on day t increased compared
to day t-1; otherwise, this value is 0.

— constant;

() - coefficients on positive and negative abnormal returns respectively;

() — the number of positive (negative) abnormal returns days during a
period t;

2 — Random error term at time t.

If the probability predicted by the model , then the dependent variable


http://www.nes.ru/~sanatoly/Papers/DW.htm

4. Empirical Results

As a first step, one
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AUDUSD 6 . 6
EURJPY 6 o) 6
GBPCHF 6 - 6

* () -frequency of positive (negative) abnormal returns
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AUDUSD

All over 0.858 | 0.5826 | notrejected | 11.571 0.3967 not rejected
Over_negative | 0.788 | 0.6518 | not rejected | 12.439 0.3316 not rejected
Over_positive | 1.039 | 0.4115 | notrejected | 13.749 0.2472 not rejected
Returns 0.982 | 0.4630 | notrejected | 13.627 0.2543 not rejected
All_over 3.248 | 0.0003 | rejected 34.741 0.0003 rejected
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Figure 4: The frequency of abnormal (positive and negative returns) and the
delta frequency by year: the case of EURUSD

The results of the ANOVA analysis and Kruskal-Wallis tests are reported in
Table 8
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significant driver of price movements (H1); it does not exhibit seasonal patterns (H2);
it is stable over time (H3).

The main findings can be summarised as follows. The frequency of abnormal
returns in FOREX has significant explanatory power for returns, is informative about
crises (since it increases sharply at the time of a crisis), is not seasonal, and is stable
over time. On the whole, our findings suggest that profitable FOREX trading
strategies can be designed based on the frequency of abnormal returns, which is
evidence of market inefficiency. The difference between actual and estimated returns
can be seen as an indication of whether currencies are over- or under-valued and
therefore a price increase or decrease should be expected. Obviously currencies
should be bought in the case of undervaluation and sold in the case of overvaluation
till the divergence between actual and estimated values disappears, at which stage
positions should be closed.
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Appendix A
Frequency distribution in the FOREX

TableA.1: Frequency distribution in the FOREX, 1994-2019

Plot

Frequency

EURUSD | GBPUSD | USDJPY | USDCAD | AUDUSD | EURJPY

GBPCHF
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Figure A.2: Frequency distribution of GBPUSD, 1994-2019
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Figure A.3: Frequency distribution of USDJPY, 1994-2019
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Figure A.4: Frequency distribution of USDCAD, 1994-20189
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Figure A.5: Frequency distribution of AUDUSD, 1994-2019
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Figure A.6: Frequency distribution of EURJPY, 1994-2019

Figure A.7: Frequency distribution of GBPCHF, 1994-2019

These figures present the frequency distribution estimates for FOREX returns (selected
assets) over the period 01.01.1994-31.05.2019. The plot size is displayed on the x axis; the number

of returns fitting the corresponding plot is displayed on the y axis.
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Appendix B
Frequency of abnormal returns

Table B.1: Frequency of abnormal returns over the period 1994-2018, annual

| Year |EURUSD|GBPUSD|USDJPY|USDCAD|AUDUSD|EURJIPY |GBPCHF| Aver |
1994 33 30 28 30
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Appendix C
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INull hypothesis

| rejected | rejected | rejected
Augmented Dickey-Fuller test (Intercept, 1-st difference)

rejected

25



Augmented Dickey-Fuller test (Trend and intercept)

Augmented Dickey-Fuller test statistic -16.146 -16.553 -17.167 -14.441
Probability 0.0000 0.0000 0.0000 0.0000
Null hypothesis rejected rejected rejected rejected

Augmented Dickey-Fuller test (Intercept, 1-st difference)
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Appendix D

Cross-correlation analysis

Figure D.1: Cross-correlation between EURUSD returns and frequency of
abnormal returns over the whole sample period for different leads and lags

Figure D.2: Cross-correlation between GBPUSD returns and frequency of
abnormal returns over the whole sample period for different leads and lags
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Figure D.3: Cross-correlation between EURJPY returns and frequency of
abnormal returns over the whole sample period for different leads and lags
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Figure D.4: Cross-correlation between USDJPY returns and frequency of
abnormal returns over the whole sample period for different leads and lags
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Appendix E

Regression analysis

Table E.1: Regression analysis results: the case of EURUSD

Frequency of
negative and
Frequency .
positive
delta
Parameter abnormal
abnormal
returns as
returns
separate

variables



returns as
separate
variables
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Appendix F

Logit and Probit regression analysis
Table F.1: Logit and Probit regression analysis results: the case of EURUSD

\ Parameter \ Logit | Probit

-0.0031  -0.1141 -0.0044  -0.0816
(0.982)  (0.723)  (0.958) (0.674)
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( (0.0000) (0.0000)
McFadden R-squared 0.3310 0.3310 0.3330 0.3330
Akaike AIC 281.223 283.220 280.394 282.393
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Appendix H

Distribution of returns: actual vs estimated (from the regression model and the
actual data)

Figure H.1: Distribution of returns: actual vs estimated (from the regression
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Figure H.3: Distribution of returns: actual vs estimated (from the regression
model and the actual data): case of USDJPY

Figure H.4: Distribution of returns: actual vs estimated (from the regression
model and the actual data): case of USDCAD
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Figure H.5: Distribut
model and the actual

Figure H.6: Distribut
model and the actual

actual vs estimated (from the regression
AUDUSD

returns: actual vs estimated (from the regression
: case of EURJPY
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Figure H.7: Distribution of returns: actual vs estimated (from the regression
model and the actual data): case of GBPCHF
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