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The issue of gold and silver pricemanipulation, in particular price suppression, is examined.We use a mixture of
normal approach to decompose the returns into abnormal and control samples. Price suppression is a form of
market manipulation of the runs type, where longer negative runs with lower returns than expected would be
observed. To explore whether this form of manipulation can be empirically detected the length of runs and the
total return observed during a runwere computed formodelled abnormal and control clusters in gold and silver.
In both metals the proportion of negative runs in the abnormal cluster is greater than the proportion of negative
runs in the control cluster. In both cases the average return for negative runs is significantly lower in the abnor-
mal cluster than in the control cluster. When average returns over positive runs are compared the abnormal
group has significantly higher expected returns than the control group. Given the short maximum run lengths
in the abnormal cluster and the fact that positive runs have significantly higher average returns in the abnormal
cluster than in the control cluster, it is likely that that the high volatility associated with the abnormal cluster is
the driver of the results presented in this study, as opposed to manipulation.
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1. Introduction

Are observed preciousmetals prices the result of the forces of supply
and demand? Or are they instead the outcome ofmanipulation by shad-
owy forces? A common meme holds that gold prices are manipulated,
generally downwards, in what is described as price suppression. This
is a claim that is easier to make than to verify. In the “Smoking Gun”
example1 the analysis that is produced to support the claim of manipu-
lation uses one-minute data from nine futures markets over the period
from 2009 to 2015. The author defines events of interest as “a large
spike down (or up) in a small increment of time”, defined as a move
of more than 0.5% of the current price in a one-minute interval. The
number of events and the dollar value of the price changes are tabulated
and results for the gold and silver contracts are compared with those
tabulated for seven other commodity and financial futures contracts.
This comparison leads the author to conclude the gold and silver con-
tracts have more, larger downwards moves than the other contracts

analysed. As is common in this type of article the author goes on to con-
clude that the observed differences are the result of pricemanipulation.

What constitutes market manipulation is in fact not well under-
stood. While market manipulation differs from insider trading, fre-
quently the same legislation captures both types of offences (e.g. the
United States Securities Acts of 1933–1934).2 What we know from
instances where market regulators launch legal action (such as the
LIBOR scandal as discussed by Ashton and Christophers, 2015) is that
manipulation can anddoes takeplace. Frequently emerging, or develop-
ing financial markets, are often identified as being prone to manipula-
tion due to market structure, legal and other impediments (e.g. Aktas
and Kryzanowski, 2014a, 2014b; Chaturvedula et al., 2015), although
the LIBOR scandal (amongst others) has revealed that manipulation
will occur in developed financial markets despite known and often
severe penalties. However, given that we only observe those instances
that are prosecuted by regulators we do not know the true extent of
market manipulation and all of the mechanisms that could be used to
manipulate market prices.
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In a survey of the market manipulation literature Putniņš (2012)
provides a taxonomy of manipulation techniques. A run manipulation
involves an investor taking a position in the market then moving the
price in a profitable direction, while attracting new investors, finally
the position is closed out and the investor takes a profit. In a run, the
manipulator profits by trading against less informed investors who are
unwittingly trading at the manipulated price. A contract manipulation
involves making profit in a derivative market by manipulating the
price of the underlying asset. Finally, market power manipulations
occur when a market participant exploits their ability to control the
fundamentals of an asset so that prices are moved in a direction that
maximises their ability to profit.

Allen andGale (1992) define empirically testablemanipulations that
can be applied to each of the categories described above. Manipulations
can be: trade based, where prices are influenced through the trading
process; information based, where false information about the asset
is released to inflate or deflate a price; or action based, where those
with responsibility for reporting, or regulating, take actions that will
influence the value or perceived value of the asset. Putniņš (2012) rep-
resents these common forms of manipulation in a tree structure (see
Fig. 1).

If manipulation events are distinct from an underlying data generat-
ing process, instances of price manipulation will appear as anomalies.
The question of interest is whether it is possible to reliably identify

market conditions that are consistent with price manipulation in the
absence of an indicator variable, which reliably delineates periods of
market manipulation. In the case of market power manipulations in
commodity futures markets Pirrong (2004) uses inventory theory and
regression analysis to show that “manipulated prices and quantities
can be reliably distinguished, moreover, from competitive prices and
quantities even if fundamental market conditions are unusual”.
Couched in this form, the problem is to first identify the normal data
generating process, and then identify departures from this process.

Finance theory suggests that a randomwalk or geometric Brownian
motion, as implied by the definition of weak form efficiency (e.g.
Samuelson, 1965; Fama, 1970), should be considered as the basic data
generating process. The null hypothesis in all the empirical work to fol-
low will be that the data observed comes from a weak form efficient
market. Anomalies will be defined as deviations from this process,
with the existence of anomalies being a necessary condition for price
manipulation. However, as anomalies may not be due to price manipu-
lation alone, their existence is not a sufficient condition to conclude that
prices have been manipulated.

There is a rich literature that investigates the benefits of investing in
precious metals versus other assets (e.g. Auer, 2015; Low et al., 2016),
the application of trading rules in low and high frequency data (e.g.
Auer, in press) and the dynamic relationships between precious metals
and other commodities (e.g. Antonakakis and Kizys, in press; Charles,

Fig. 1. Different types of market manipulation. Source: Putniņš, 2012: Taxonomy of manipulation.
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Darné and Kim, in press; and Ciner, in press). In this studywewill apply
distributional approaches to the investigation of gold and silver returns
data. Under the null hypothesis of weak form efficiency, market returns
should be characterised by a single normal distribution. Note that the
precious markets investigated are highly developed, and so should not
suffer from the irregularities in trading practise and pricing identified
in emerging or undeveloped financial markets with infrastructure, and
demand and supply side impediments (e.g. recent studies include

Bhattacharjee et al., 2014; Hou et al., 2014; Hull and McGroarty, 2014;
Shiu et al., 2014; Acquaah, 2015 amongst others).

Note that in a study of equity returns Kon (1984) argues that ob-
served excess kurtosis3 is due to returns being generated by a mixture
of three normal distributions “returns may be drawing from a non-

3 See also the discussion by Vendrame et al. (2016) and Batiz-Zuk et al. (2015) as exam-
ples of recent papers that discuss the impact of excess kurtosis on asset pricing.

Fig. 2.Gold price series, 5minute intervals. Time series plot of close of interval spot prices for gold between 1/1/2010 and 30/4/2015. Observations from Sunday 22.00 GMT to Friday 21:00
GMT with a daily break between 21.00 and 22.00 GMT. There are 383,640 intervals of length 5 min plotted.

Fig. 3. Silver price series, 5 minute intervals. Time series plot of close of interval spot prices for silver between 1/1/2010 and 30/4/2015. Observations from Sunday 22.00 GMT to Friday
21:00 GMT with a daily break between 21.00 and 22.00 GMT. There are 383,640 intervals of length 5 min plotted.
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information distribution, a firm-specific information distribution, and a
market-wide information distribution-hence, amixture of three normal
distributions.” The existence of multiple distributions that characterise
normal and anomalous subsamples of gold and silver returnswill there-
fore be explored.

2. Data

Preciousmetals data, sampled at fiveminute intervals, was collected
from Thomson Reuters Tick History for the period 1st January 2010 to
30th April 2015. There aremany other paperswhich use high frequency
data to study commodities, including Phan et al. (2016)who use data at
this frequency in the oil markets. This period was selected as the gold
and silver markets had recovered from the immediate influence of the
credit shock and the flow on sovereign debt issues that occurred in
2007 and 2008. The macroeconomic policy settings of the major econo-
mies, the quantitative easing programmes of the US, UK and ECB, were
all in place by January 1, 2010 and remained in force over the period
analysed. This sample period is also consistent with Hammoudeh et al.
(2015), who end their sample period prior to 2009 to disentangle mon-
etary policy impacts on commodity prices before the effects of central
bank quantitative easing. This sample period was also – on average –
one of optimism as revealed by trading in the gold forward markets, al-
though these behavioural properties varied (Aggarwal et al., 2014).

Consistentwith an extensive literature4 that investigatesmarketmi-
crostructure using high frequency data, each record contains the closing
price, the time stamp, the bid/ask price, and the number of trades for
gold and silver. These prices are made by wholesale market practi-
tionerswith prices and trades time-stamped as they arise in online trad-
ing platforms. The markets for gold (code XAU=) and silver (code
XAG=) trade from Sunday 22.00 GMT to Friday 21:00 GMT with a
daily break between 21.00 and 22.00 GMT. Both series contain
383,640 observations sampled at five minute intervals. Fig. 2 provides
plot of the 5-min price series for gold, while Fig. 3 displays the 5-min
price series for silver over the sample period investigated.

From the 5-min transaction prices for silver and gold, the log return
for each period, rt. = ln(Pt/Pt-1) is then estimated. This return series for
gold and silver is used in the analysis that follows. The proportion of
zero returns, which result from no trades being recorded in a five min-
ute interval, is 4.9% in the gold market and 20.7% in the silver market.

3. Exploratory data analysis

The descriptive statistics for gold and silver returns, presented in
Panel A of Table 1, indicate that both distributions are centred around
zero. The gold returns are symmetric while the silver returns display
negative skewness, both distributions display excess kurtosis. The auto-
correlation functions to lag 10, presented in Panel B of Table 1, show that
in the case of gold there are no significant correlations. However, silver
returns display a significant correlation at thefirst lag,with no other sig-
nificant correlations subsequently. A plot of the standard deviation of
returns over the sample period (not provided) shows time-varying var-
iance and some evidence of volatility clustering, which is a feature that
characterises most financial time series.

To test the hypothesis that the data are not independent and identi-
cally distributed (i.i.d.) the BDS test of Brock et al. (1996) was applied.
The BDS test is a portmanteau test for time based dependence in a series
used in testing against a variety of possible deviations from indepen-
dence including, linear dependence and non-linear dependence, or

chaos. The results of this test for both the gold (Panel A) and silver
(Panel B) returns at all embedding dimensions (2 to 6) are presented
in Table 2. The conclusion from this analysis is that the gold and silver
returns are not i.i.d.

To better understand the observations in the tails of the distribu-
tions, the data were sorted on absolute returns and the top 1% of obser-
vations (those with the largest absolute returns) were selected. The
occurrence of these observations over the 31 days of the month is pre-
sented in Fig. 4 (Gold) and Fig. 5 (Silver). The time of day distributions
are presented in Fig. 6 (Gold) and Fig. 7 (Silver).

If the occurrence distributions are uniform, the largest observed
returns are equally likely to occur on any day or time. Non-uniform oc-
currence distributionswill resultwhen the largest returns are temporal-
ly clustered. The gold returns day of the month distribution has two
distinct spikes, on day 15 and 26. The silver distribution has one distinct
spike on day 26. Both distributions are statistically distinct from a uni-
form distribution. In the case of the gold returns the p-value of a two

4 The market microstructure literature includes recent papers in the following areas:
forcasting and trading (e.g. Andrikopoulos (2014); Cerrato et al. (2015); price impacts un-
der different institutional settings (e.g. Al-Yahyaee, 2014; (Aktas and Kryzanowski, 2014a,
2014b;Azevedo et al., 2014;O'Hare, 2015); Verousis andApGwilym(2014); Anagnostidis
et al. (2015); impacts of liquidity (Foran et al., 2014; Bradrania et al., 2015; Yilmaz et al.,
2015; Syamala et al., 2014); commodity and related markets (e.g. Bredin et al. (2014);
Gradojevic, 2014) and trading patterns (Broussard and Nikiforov, 2014).

Table 1
Descriptive statistics gold & silver returns.
This table presents summary statistics for the 383,604 gold and silver five minute log
returns. Trading in gold and silver occurs between Sunday 22.00 GMT to Friday 21:00
GMT with a daily break between 21.00 and 22.00 GMT. Panel A contains basic descriptive
statistics. Panel B contains the autocorrelation functions for gold and silver.

Gold Silver

Panel A: descriptive statistics
Mean −2E-07 −1.3E-06
Standard error 1.09E-06 2.33E-06
Median 0 0
Mode 0 0
Standard deviation 0.000677 0.00145
Sample variance 4.59E-07 2.09E-06
Kurtosis 57.7481 112.0153
Skewness 0.1542 −1.0953

Panel B: autocorrelation functions
Lag

1 −0.035 −0.128
2 −0.012 −0.004
3 −0.008 0.005
4 0 −0.001
5 0.001 −0.005
6 −0.001 0.004
7 −0.003 −0.006
8 −0.001 0.003
9 0.003 −0.001
10 0.004 0.002

Table 2
BDS test results.
The BDS (m, e) tests for i.i.d., wherem is the embedding dimension and e is a distance set
to a constant for all embedding dimensions. The critical values for the BDS test applied to
raw returns are the 2.5% and 97.5% quantiles of the standard normal distribution, −1.96
and 1.96, respectively.

Dimension (m) BDS statistic Std. error z-Statistic Prob.

Panel A — BDS test for gold
Raw epsilon (e) = 0.000743

2 0.029960 0.000167 179.1641 0.0000
3 0.058575 0.000266 220.4981 0.0000
4 0.079336 0.000316 250.8224 0.0000
5 0.091912 0.000330 278.7774 0.0000
6 0.097929 0.000318 307.9521 0.0000

Panel B — BDS test for silver
Raw epsilon (e) = 0.001736

2 0.025304 0.000151 167.7659 0.0000
3 0.047663 0.000239 199.3230 0.0000
4 0.062783 0.000284 220.9875 0.0000
5 0.071158 0.000295 240.8371 0.0000
6 0.074400 0.000284 261.6817 0.0000
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sided Kolmogorov–Smirnov test against a uniform distribution is 5.78e-
05, for silver the p-value is 0.0001788.

The spike in large returns on the 26th day of the month is of partic-
ular interest since exchange traded futures and options contracts typi-
cally expire three days before the end of the month. This spike in large
returns is consistent with manipulation of contract roll-over positions
that have been observed for other assets, which are the underlying
asset for exchange traded derivatives (e.g. Stoll and Whaley, 1987),
and Chow et al. (2012) for evidence in equity markets.

The observed time of day distributions of large returns for gold and
silver in Fig. 3 is clearly not a uniformdistribution, a conclusion support-
ed by Kolmogorov–Smirnov tests against a uniform distribution. The
clustering of large returns between 12:30 and 22:00 GMT corresponds
to the trading hours of the New York futures market. This clustering is
consistent with the price discovery findings in Hauptfleich et al.
(forthcoming). In this study information is shown to flow from the fu-
tures to the spot market, such that large returns in the spot market
will more likely occur when the futures market is trading.

4. Mixture of normal distributions

The existence of fat tails (excess kurtosis) in both gold and silver
returns and the finding that the returns are not i.i.d. suggest that the

true underlying data generating mechanism may be a mixture of nor-
mal distributions.

In a Gaussian mixture model the problem may be stated as follows:
Given a set of points x1, …, xn to find the probability density f(x) that is
most likely to have generated the observed points. For amixture of nor-
mal distributions, the density is a linear combination of k component
distributions which are distinguished by their parameters θk = (μk, σk).

f x; θð Þ ¼
Xn

k¼1
pkg x; μk;σkð Þ ð1Þ

where the g(•) are normal probability densities. The Expectation
Minimisation (EM) algorithm developed by Dempster et al. (1977) is
used to estimatemixing probabilities pk and the component parameters
θk. The algorithm maximises the likelihood function by iterative
updating of the component membership conditional probabilities, the
E Step,

p ið Þ kjnð Þ ¼
p ið Þ
k g x; μ ið Þ

k ;σ ið Þ
k

! "

XK

m¼1
p ið Þ
k g x; μ ið Þ

k ;σ ið Þ
k

! " ð2Þ

then the component parameters, θk, and the mixing probabilities, pk,
in the M step. One advantage of the EM approach to fitting mixture

Fig. 4. Gold— day of month distribution of absolute returns. Counts of the number of the top 1% of absolute returns that fall on each day of themonth. The largest counts occur on day 15
and 26.

Fig. 5. Silver— day ofmonth distribution of absolute returns. Counts of the number of the top 1% of absolute returns that fall on each day of themonth. The largest counts occur on day 5, 6
and 26.
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models is the availability of the conditional component membership
probabilities, as specified in (2). The values of these conditional proba-
bilities on convergence can be used as inputs to a Bayes classifier,
which will assign observations to the component with the highest con-
ditional probability.

The number of component distributions required to characterise the
observed returns can be empirically determined by sequentially fitting
mixture models with an increasing number of components, and then
analysing the Bayes Information Criterion (BIC) for each mixture
model. All mixture models are estimated using the R mclust package,
Fraley et al. (2012). To determine the number of component distribu-
tions to include, models with an increasing number of components are
fitted to the data using the EM algorithm. A model with and without
equal variance for each component distribution is fitted. For each
model the Bayes Information Criterion (BIC) is computed. The model
with the highest BIC is then selected for further analysis.

Themodel fitting results for gold, Table 3, show that themodelswith
unequal component variance (from two to seven) dominate all models
with equal variances. The BIC for models with unequal variance rapidly
increases up to three components then plateaus (from four to seven).

The corresponding results for silver indicate that the models with
unequal component variances from two to three again dominate equal
variance models. The largest BIC is observed for a three component un-
equal variancemodel. The algorithmdid not converge for those unequal
variance models with more than three components.

Based on themodelfitting analysis described in Table 3, a three com-
ponent unequal variance model will be fitted for gold and silver and
used as the basis for further analysis. It should be noted that themixture
models with three components that are implemented are consistent
with a regime switching environment, which in turn is consistent
with the existence of structural breaks. Narayan et al. (2013) amongst

others provides evidence of the existence of structural breaks in gold
and silver in their analysis.

Table 4 reports the results of characterising the distribution of ob-
served five minute returns as a three component mixture model. For
the gold returns (Panel A) the first component has a negative mean
and the largest volatility of the three components. Overall, this compo-
nent contributes 6.4% of the mixture. The second component has a zero
mean and the lowest volatility of the three components. This compo-
nent contributes 40.5% of the mixture. The third component has a posi-
tive mean, intermediate volatility and contributes 53.1% of the mixture.
The silver returns (Panel B) exhibit similar behaviour. The first compo-
nent has the highest volatility and a negative expected return, whereas
component two has the lowest volatility and a zero expected return.
Finally, the third component has a positive expected return and inter-
mediate volatility.

5. Cluster analysis5

The conditional component membership probabilities, (2), calculat-
ed at the last iteration of the distribution fitting algorithmwere used as
the inputs to a Bayes classifier. This assigns observations to the compo-
nent group with the highest conditional probability. Table 5 contains
the number of observations assigned to each component cluster by
the classification mechanism. The highest number of observations
assigned for gold was in cluster 2 (200,636) and for silver it was cluster
3 (294,735).

The observed characteristics of the clusters formed using the condi-
tional component membership probabilities for gold (top panel) and

5 Other recent examples of the use of cluster analysis in financial analysis include Gao
(2014) and Persakis and Iatrides (2015a, 2015b).

Fig. 6. Gold – time of day distribution of absolute returns. Counts of the number of the top 1% of absolute returns that fall in each 5-min interval of the trading day.

Fig. 7. Silver — time of day distribution of absolute returns. Counts of the number of the top 1% of absolute returns that fall in each 5-min interval of the trading day.
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silver (bottompanel) are reported in Table 6. These statistical character-
istics are consistent with the three components identified by the
mixture model. The first cluster for gold has a significant negative ex-
pected return and the largest volatility; the second cluster has a zero ex-
pected return and low volatility; and the third cluster has a positive
expected return and intermediate volatility. The results for silver show
that the first cluster has significant negative expected returns and the
highest volatility; while, the second and third clusters have expected
returns that are not significantly different to zero, and are combined
with low volatility for cluster two and intermediate volatility for cluster
three.

Cluster one for both gold and silver can be characterised as abnormal
market behaviour, since there is significant negative expected return
and high volatility relative to the remaining clusters. The remaining
cluster with the largest membership can be used as the control group
in statistical tests to determine if the empirical characteristics of the
abnormal group are significantly different to the control group. The
existence of this abnormal cluster, with negative expected returns and
the highest volatility amongst the identified clusters, in both the gold
and silver data warrants further investigation.

The thesis of price suppression is that there are more negative runs
than would be expected, and that these negative runs have larger
negative returns than would be expected. If these characteristics are
present in an asset return series it would be consistentwithmarket ma-
nipulation of the run type (Putniņš, 2012). The run could be the result of
either trading, or information flow. To determine if there is empirical
evidence of more negative runs than would be expected in the abnor-
mal cluster, the nature of negative runs in the abnormal and control
groups will be analysed. The length of a run is defined to be the number
of observations with the same sign from a cluster. If the sum of the
returns is negative the run is recorded as a negative run.

The properties of the negative runs are reported in Table 7. There
were more negative runs in gold (510) than in silver (349), although
there were slightly less negative runs as a percentage of total runs in
gold (52.7%) than in silver (53.9%). Both gold and silver had average
run lengths of 13, although the average negative return was smaller
(−0.0064) in gold than in silver (−0.0138).

Table 8 reports the test ofwhether the proportion of negative runs in
the abnormal group is greater than the proportion in the control group
(i.e. a test for differences in proportions). The difference in proportions
test (Chi-Squared test) demonstrates that the proportion of negative
runs in the abnormal cluster is greater than the proportion of negative
runs in the control cluster for both gold (p = 0.004) and silver (p =
0.033). A t-test for the difference in sample means, with unequal
group variance, shows that the expected return for the negative runs
in the abnormal cluster is significantly lower than the expected return
for negative runs observed in the control group. The equivalent t-test
for positive runs shows that the average return per run in the abnormal
cluster is significantly higher than the average return for a positive run
in the control group.

6. Conclusion

Looking at the largest 1% of returns there is evidence of a concentra-
tion of large returns on contract expiration dates, which is suggestive of
manipulation on derivative expiry dates. The distribution of the largest
returns over times of day also shows that the largest returns occurwhen
the New York derivatives markets are trading, a feature that is also con-
sistent with information flowing from derivatives to spot markets.

The gold and silver returns were then modelled using a three com-
ponent mixture of normal distributions model. For both metals one,
component has negative expected returns and large volatility relative
to the remaining components. This component is characterised as
abnormal market behaviour. For both metals the data was split into
component clusters using conditional component membership proba-
bilities. The abnormal cluster, corresponding to negative expected
returns and high volatility was compared with a control cluster which
was the remaining cluster with highest group membership.

In bothmetals, the proportion of negative runs in the abnormal clus-
ter is greater than the proportion of negative runs in the control cluster.
In both cases, the average return for negative runs is significantly lower
in the abnormal cluster than in the control cluster. It isworthnoting that

Table 3
Mixture model selection.
This table contains the AIC for mixturemodelswith between 1 and 7 components. Models
with equal and unequal variances for the components are estimated. When the result is
NA the fitting algorithm did not converge.

Gold Silver

Components Equal
variance

Unequal
variance

Equal
variance

Unequal
variance

1 4,510,445 4,510,445 3,928,738 3,928,738
2 4,510,261 4,666,835 3,928,543 4,027,444
3 4,510,218 4,681,943 3,928,484 4,040,741
4 4,550,544 4,682,040 3,989,043 NA
5 4,599,661 4,684,154 3,989,025 NA
6 4,599,653 4,684,087 3,988,999 NA
7 4,599,622 4,686,066 3,988,910 NA

Table 4
Three component mixture model results.
The table reports the fitted parameters of the mixture model with three components and
unequal variances. The mixing probabilities are the estimated proportion of each compo-
nent in the mixture. The mean, a bootstrap standard error of the mean and variance for
each component in the estimated mixture are presented.

Component 1 2 3

Panel A: gold
Mixing probabilities 0.06411930 0.40468700 0.53119350
Means −0.00003000 0.00000041 0.00000294
Bootstrap SE mean 0.00001391 0.00000056 0.00000133
Standard deviations 0.00198429 0.00022200 0.00059200

Panel B: silver
Mixing probabilities 0.05578820 0.23493900 0.70927240
Means −0.00005830 −0.00000816 0.00000549
Bootstrap SE mean 0.00003113 0.00000122 0.00000260
Standard deviations 0.00410800 0.00039200 0.00125200

Table 5
Classification outcomes.
Datawas clusteredby applying a Bayes classifier to the estimated componentmembership
probabilities. Observations were assigned to the component with the highest probability.
The counts show the number of observations assigned to each component.

Cluster 1 2 3

Gold 11,769 200,636 171,235
Silver 9184 79,721 294,735

Table 6
Descriptive statistics of clusters.
Estimated means and standard deviations for each of the clusters formed by using the
Bayes classification rule. The reported p-value is from a two sided t-test for a zero mean
in each cluster.

Cluster 1 2 3

Gold
Mean −0.0000665 0.0000000 0.0000042
p-Value (Mean = 0) 0.0094320 0.8816000 0.0114100
Standard deviation 0.0027801 0.0001491 0.0006856

Silver
Mean −0.0001320 0.0000000 0.0000024
p-Value (Mean = 0) 0.0346900 0.1573000 0.2937000
Standard deviation 0.0059897 0.0000007 0.0012654
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the maximum run length in the abnormal cluster is 13 five-minute
intervals, or about 65 min. Also, when average returns over positive
runs are compared, the abnormal group has significantly higher expect-
ed returns than the control group.

Do these findings clearly support the notion of price suppression?
No. They are at best suggestive. Extraordinary claims require extraordi-
nary evidence, which we do not have here. Given the short maximum
run lengths in the abnormal cluster and the fact that positive runs
have significantly higher average returns in the abnormal cluster than
in the control cluster, it is more likely that that the high volatility asso-
ciated with the abnormal cluster is the driver of the results presented in
this study.
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