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1. INTRODUCTION’

The problems that thin trading pose in financial
markets research have been widely acknowledged
(e.g., Dimson, 1979; Cohen, Hawawini, Maier,
Schwartz and Whitcomb , 1983; Atchison, Butler and
Simonds, 1987; Lo and MacKinlay, 1990a and b;
Bowie, 1994; Miller, Muthuswamy and Whaley, 1994).
Lo and MacKinlay (1990b, 181) argue that
econometric problems are bound to arise when one
ignores the fact that the statistical behaviour of
sampled data may be quite different from the
behaviour of the underlying stochastic process from
which the sample was obtained. Fisher (1966), the first
to identify the bias caused by thin trading in the serial
correlation of index returns, pointed out that recorded
prices of securities are not necessarily equal to their
underlying theoretical values such that the indices
constructed from these share prices are only an
average of the temporally ordered underlying values of
the shares. This is because if a share does not trade,
the price recorded is the closing transaction price
when the share was last traded.

This paper explores the statistical implications of thin
trading on market efficiency testing by comparing
results obtained using three different return
measurement methodologies. Differences observed
will partly explain the contradictions in the random walk
test results for some thinly traded markets. While other
factors certainly contribute to the contradictions,
inconsistencies in addressing the thin trading problem
could be one major factor. The paper also examines
how much of the first order serial correlation in
observed individual stock returns is induced by thin
trading. This is done using the nontrading1 model
developed by Lo and MacKinlay (1990b). The study,
however, does not extend to portfolio [or index] returns
but leaves it for future research.

An earlier version of the paper was presented at the Biennial
Conference of the Economic Society of South Africa, 17-19
September 2003. This paper is taken from the PhD thesis of
Chipo Mlambo.
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1Throughout the paper, thin trading and nontrading will be used
interchangeably. This is because thin trading in this paper is
used to refer to the infrequency with which a stock trades. In the
use of daily data, which is the highest frequency data available
on most markets, thin trading wouid be measured by the number
of days a stock does not trade as a proportion of the number of
trading days for the period under investigation.

2. LITERATURE REVIEW

There has been very little research to find the extent of
thin trading on African stock markets. This is so
despite the fact that such evidence is critical for the
understanding of the dynamics of African stock
markets. The evidence will also most certainly impact
on model selection in tests performed on these
markets.

Ekechi (1989), using daily stock prices for the period 2
January 1980 to 30 June 1986 and a sample of the 20
most actively traded stocks (in terms of sales volume)
on the Nigerian Stock Exchange (NSE), found that
none of the stocks were traded on every single day for
the period covered. The most active stock in the
sample traded only for 509 days out of the 1512
trading days for the period. Using daily data and 367
securities listed on the Johannesburg Stock Exchange
(JSE) for at least a year as at 28 February 1992,
Bowie (1994) found that the most thinly traded
securities did not trade on more than eight out of every
ten days. Mlambo et al. (2003), using daily data for the
pericd 2 January 1997 to 31 May 2002, found that 9
out of 63 stocks on the Egyptian Stock Exchange
(ESE), 10 out of 40 stocks on Kenya’'s Nairobi Stock
Exchange, 8 out of 35 stocks on Morocco’s
Casablanca Stock Exchange and 8 out of 39 stocks on
the Zimbabwe Stock Exchange did not trade on more
than 75% of the respective trading days.

Most random walk tests, particularly on emerging stock
markets, remain inconclusive (e.g. Dezelan, 1999;
Strebel, 1977, 1978; Bundoo, 2000; Osei, 2002). This
is because thin trading presumably induces positive
serial correlation in index returns (Dimson, 1979) and
slightly negative first order autocorrelation in individual
security returns, based on observed transaction prices
(Atchison et al., 1987). Ekechi (1989), for example,
found that for the NSE stocks, the prices of
infrequently traded shares deviate more from the
random walk than the prices of the more actively
traded shares. It is also believed that the serial
correlation, (especially higher order serial correlation)
evident on emerging markets is symptomatic of
infrequent trading and thus the slow adjustment of
prices to information (e.g., Bekaert and Harvey, 2002).
Mlambo, Biekpe and Smit (2003) found a positive
relationship between the duration of non-trading and
the return magnitudes and took this to suggest that
returns following a period of non-trading tend to reflect
information arriving in the market over a period longer
than a day.
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Thin trading, however, does not explain all the
observed autocorrelation. Part of it is attributed to
other factors or inefficiencies in the pricing process.
Using the Atchison et al. (1987) methodology for a
sample of 506 shares, which had continuous trading
data for at least 240 weeks from October 1987 to July
1992, Bowie (1994) found that thin trading explains
less than 5% of the observed autocorrelation on the
JSE. Asal (2000) found a significant first order
autocorrelation of 0,49 on the ESE using daily index
returns for the period 1 January 1992 1o 15 April 1997.
This autocorrelation was observed after adjusting for
thin trading using the Miller et al. {(1994) adjustment
method. Asal suggested that this inefficiency of the
ESE is possibly explained by institutional trading
patterns.

3. DATA

Daily stock price data for 10 African stock markets? is
used to calculate returns. Daily volume traded data is
also used as additional information to determine each
stock’'s exact trading time as required by the trade-to-
trade (TOT) approach. The data ranges from 4
January 1999 to 31 December 2002 for the West
African Regional Exchange - Bourse Regionale des
Valeurs Mobilieres (BRVM), 1 June 1998 to 31
December 2002 for Mauritius, 23 March 1998 to 31
May 2002 for Botswana, 2 January 1998 to 31
December 2002 for Ghana and Tunisia, and from 2
January 1997 to 31 May 2002 for Egypt, Kenya,
Morocco, Namibia and Zimbabwe.

Daily continuously compounded returns are calculated
as follows:

a) Normally;
R, =In(P,)-In(P_,) (1)

b) Using the trade-to-trade (TOT) approach;
R =In(P)~In(P, ) - (2)

c) Using the TOT approach adjusted for variability in
the interval lengths (ATT);

R, - —%[ln(ﬂ)—ln(rm )] .3

R, is the one-day return for the period t-1to t; P, is
the daily closing share price recorded attime t; P, is
the closing share price recorded on the previous day,
t-1; R is the TOT return in period t, given that
there was trade; P, K, is the price of a stock K; periods
in the past; K; is the length of time (in days) between

2Although the markets were selected according to data
availability, the JSE was excluded as the authors feel that the
market is more widely researched than the other African
markets.

the trade in period t and the previous successively
traded day; lit is the approximate one-day return after

adjusting for variability in the interval length; and “/n”
is the natural logarithm operator.

The TOT approach uses closing prices only for those
days when tirade actually took place. It has been
considered the best approach for calcuiating returns in
a thinly traded market (see Bowie, 1994; Dimson,
1979). Whether or not a stock was traded on a given
day, in this study, is determined using volume traded
data, with zero-volume implying there was no trade,
and a positive volume implying there was trade for the
stock in question. The TOT approach, however,
integrates the variability in the interval length, in that
the intervals over which returns are measured are
allowed to vary in length depending on when the share
was last traded. The ATT approach, corrects for this
variability in the interval lengths by weighting each
TOT return by the number of days between trades
(see Mlambo ef al., 2003).

4. EMPIRICAL EVIDENCE
4.1 Thin trading on African stock markets

Table 1 describes the thin trading characteristics of the
ten African stock markets. For each market, the stocks
are divided into quartiles based on the thin trading
frequencies, with the first quartile having the most
frequently traded stocks and the fourth quartile having
the most infrequently traded stocks. It is evident from
the table that there is considerable thin trading on
almost all the markets, with the mean duration of
nontrading reaching to as high as 36 days for the most
thinly traded stocks in Morocco. Egypt seems to show
very little thin trading but this is only because the
sample was selected from only the 70 most actively
traded stocks, which are the only stocks where data
could be obtained. More than 600 stocks, making up
the rest of the market, are not covered in most market
reports, as they are inactive.

The evidence in Table 1 shows that in quartile 1, the
duration of nontrading is zero days at least 90% of the
time for Egypt, Kenya, Morocco and Tunisia. For all
the markets, quartile 1 exhibits the greatest proportion
of durations of nontrading of zero-days’ fength and
quartile 4 the lowest. The duration of nontrading does
not exceed 5 days for quartile 1 for Kenya, Egypt,
Morocco and Tunisia. For Namibia®, however, all the
quartiles have nontrading durations exceeding 40 days
while for the other markets, it is only in quartile 4,
consisting of the most thinly traded stocks, where the
duration of nontrading exceeds 40 days. This means
that for Namibia, and quartile 4 of the other markets, a
stock may not trade for more than 2 months in a row.

3Two-thirds of the stocks in the Namibian sample are dual-listed
on the JSE. Therefore, trading in these stocks probably takes
place more on the JSE than on the Namibian Stock Exchange
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Table 1: Infrequency of trading on selected African stock markets

Stock Quartile* Number Non trading Mean duration of Average
Exchange of frequency non trading (days) number
Stocks (%) Distribution of duration of nontrading (days) of
observa
tions
Range Range 0 1t02 3t05 6to 11to 21to Over Total per
10 20 40 40 stock
from to from to (%) (%) (%) (%) (%) (%) (%) (%)
Botswana 1 3 34,5 50,0 0,53 1,00 61,6 29,9 71 1,2 0,2 0,0 0,0 100,0 600
2 3 50,6 68,4 1,01 217 47,5 31,6 14.8 5.0 11 0,0 0,0 100,0 425
3 3 77,6 85,2 3,45 5,80 19,2 28,2 21,9 17,4 11,0 1,9 0,3 100,0 183
4 3 89,8 93,6 8,71 13,85 14,0 18,4 13,3 20,4 20,8 9.1 4,0 100,0 91
BRVM 1 6 3,2 49,6 0,03 0,97 72,0 21,6 4,1 1,5 0,6 0,0 0,0 100.0 442
2 6 54,7 63,5 1,21 1,67 57,3 27,2 8,7 4,2 1.8 0.7 0,1 100,0 272
3 6 67,2 82,8 2,06 4,74 40,4 30,6 14,2 74 3,9 2,7 0,7 160.0 163
4 6 84,4 94,9 4,65 17,42 30.5 28,0 13,4 9,7 7.6 49 6,0 100,0 77
Egypt 1 14 4,8 6.8 0,05 0,07 95,7 39 0,4 0,0 0.0 0,0 0,0 100,0 1263
2 13 7,2 17,7 0,08 0.21 92,2 7,0 0,7 0,1 0.0 0,0 0,0 100,0 1192
3 13 18,6 51,1 0,23 1,02 76,8 17,0 4.1 1,3 0,5 0.1 01 100,0 848
4 14 525 742 1,10 2,87 59,5 25,3 8,7 37 17 0,7 0,4 100,0 515
Ghana 1 5 9.8 38,0 0,10 0,56 80,0 17,5 21 03 01 0,0 0,0 100,0 578
2 5 43,0 69,8 0,68 1,90 56,9 30,2 9,4 2,5 1,0 0,1 0,0 100,0 376
3 5 70,6 76,6 1,90 2,47 41,9 30,6 16,7 7,4 3,0 0.4 0,0 100,0 238
4 5 80,6 87,2 2,78 3,99 417 28,7 15,1 7.8 4.0 1,5 1,2 100.0 174
Kenya 1 10 2,0 15.8 0,02 0,19 92,6 6,9 05 0,0 0,0 0,0 0,0 100,0 1246
2 10 17,5 51,5 0,21 1,04 68,8 242 52 1.5 0,2 0,0 0.0 100,0 848
3 10 54,8 74,5 1,21 2,89 453 30.6 14,4 6,5 27 0,4 0,1 100,0 479
4 10 75,8 97,1 3,13 31,32 28,1 24,0 18,3 11,8 9,4 49 3,5 100,0 203
Mauritius 1 2 13,6 182 0,16 0,22 84,9 14,4 07 0,1 0,0 0,0 0,0 100,0 1006
2 2 191 214 0,24 0,27 82,2 16,1 1.6 0,1 0,0 0,0 0.0 100,0 954
3 2 29,3 32,3 0,42 0,48 71,2 253 33 0,2 0,0 0,0 0,0 100,0 827
4 3 417 51,9 0,71 1,07 59,2 29,5 9,0 1,8 0,5 0,1 0,0 100,0 623
Morocco 1 9 0,9 131 0,01 0,15 95,1 4,8 0,2 0,0 0,0 0,0 0,0 100,0 1276
2 9 14,4 459 0,17 0,85 77,4 18,7 3,3 0,5 0,1 0,0 0,0 100,0 982
3 9 51,3 72,3 0,52 2,58 53,1 30,0 10,9 43 1.2 0.3 0.2 100,0 539
4 9 73,8 97,5 2,81 359 248 23,1 151 12,5 8,3 8,0 8,2 100,0 164
Namibia 1 4 62,4 755 1,66 3,07 43,9 271 15,6 7.8 4,4 0,8 03 100,0 396
2 4 827 86,7 4,77 8,20 33,1 23,9 16.6 10,7 8,6 53 18 100,0 197
3 3 87.8 90,5 6,74 8,58 272 23,5 15,9 12,6 10,5 56 4.8 100,0 143
4 4 93,3 97,6 10,03 17,78 21,5 171 16,9 13,6 11,9 8.5 10,5 100,60 65
Tunisia 1 9 1.8 8,8 0,02 0,10 95,6 4,2 0,2 0.0 0,0 0,0 0,0 100,0 1183
2 9 111 316 0,12 0,45 83,8 14,0 1.9 0,3 0,0 0,0 0,0 100,0 996
3 8 35,3 658 0,54 1,83 60,9 253 8.4 3.8 1.3 03 0,0 100,60 603
4 9 72,7 91,4 2,64 10,35 32,6 251 17.9 10,0 83 4,2 1,9 100,0 225
Zimbabwe 1 10 4.4 31,6 0,05 0,46 79.3 18,3 2,3 0,1 0,0 0,0 0,0 100,0 1045
2 10 34,5 48,9 0,53 0,96 62,2 29,2 7.2 1,3 0,1 0,0 0,0 100,0 780
3 9 49,2 66,3 0,97 1,96 47,0 33,8 13,6 4.6 1,0 01 0,0 100,0 562
4 10 69,8 93,9 2,31 15,43 26,3 27,3 19,4 14,3 76 3,7 15 100,0 264
*Quartile 1 represents the most frequently traded stocks and quartile 4 the stocks with severe thin trading
investment Anaiysts Journal — No. 61 2005 31



Thin trading on African stock markets: Implications for market efficiency testing

4.2 Comparison of return measurement
methods in random walk testing

The return series from the three return measurement
methodologies are tested for the random walk using
the serial correlation and runs tests. It is important to
note that the runs test is robust to the interval effect
since it only relies on the signs and the length of their
uninterrupted sequences. Therefore, the TOT and ATT
approaches would give the same result using the runs
test, but not necessarily with the serial correlation test.

The serial correlation and runs tests results for the
random walk hypothesis are presented in Table 2.
The table seems to indicate that, except for the runs
test results for Botswana, there are no major
differences in the random walk test results from the
different methods of measuring returns. However,
while one stock could be found to reject the random
walk with one approach, the same stock might not do
so when returns are measured using a different
approach.

421 Kendall's W test and the Wilcoxon signed
ranks test

The differences in the random walk test results
obtained from the different return measurement
methods are not apparent in Table 2. In order to
investigate the differences statistically, Kendall’'s W
test for several-related samples and the Wilcoxon
Signed Ranks test for two-related samples are used on
data consisting of the actual observed first order serial
correlation coefficients, runs test Z-values and number
of significant higher order serial correlation
coefficients. The hypothesis tested is that there are
differences in the random walk test results for the
different approaches of measuring returns.

Kendall’'s W test gives two statistics, the Chi-square Q
statistic and Kendall's W coefficient of concordance.
The later statistic measures agreement in cases in
rating each variable, where the cases are the results
for individual stocks and the variables are the random
walk test results for the ENT, TOT and ATT series.
This coefficient ranges from ‘0’ for no agreement to ‘1’
for total agreement. In panel (a) of Table 3, all the
Kendall's W coefficients of concordance are relatively
small (less than 0,5) implying that there is little
agreement in the serial correlation test results for
individual stocks. The Chi-square test also shows that
there are significant differences in the first order serial
correlation from the three return measurement
methodologies. When variables are paired, the
Wilcoxon test shows significant differences particularly
between ENT and the other variables for most of the
markets. There are significant differences (at the 5%
level) between TOT and ATT only for Tunisia and
Zimbabwe. For the runs test, the Wilcoxon Signed
Rank test for paired variables shows significant
differences, at the 5% level, between the pairs of

variables as defined for the markets, except for
Mauritius, Morocco, Namibia and Tunisia [see panel
(b) of Table 3]. There is only one pair of variables
tested for the runs test results because the TOT and
ATT results are identical.

For higher order seriai correlation, the Chi-square Q
statistics [see Table 4 panel (b)] show significant
differences at the 5% level among all variables only for
the BRVM and Ghana. The Wilcoxon Signed Ranks
test for paired variables [Table 4 panel (c)] also shows
that there are significant differences at the 5% level
between at least one pair of variables for the BRVM,
Ghana, Morocco and Zimbabwe.

The findings so far make it interesting to measure the
amount of serial correlation in individual stock returns
that is induced by thin trading. This is done in the next
subsection.

4.3 Thin trading-induced serial correlation

Much of the literature on the effect of thin trading on
the random walk hypothesis has focussed on the
autocorrelation it induces on portfolio returns (see for
example, Atchison et al, 1987). This is because
individual stock returns have been proven on other
markets to have very little autocorrelation®. Atchison et
al. (1987) argued that while observed daily returns on
individual stocks exhibit, on average, only slightly
positive first order autocorrelations, as observed in
Fama (1965), market indices exhibit pronounced
positive values. The positive first order autocorrelation
in market index returns will be more severe when more
weight is given to thinly traded securities, such as in an
equal-weighted market index (Atchison et al., 1987).

In this section, we investigate how much of the
autocorrelation observed in individual stock returns
(equation 1) is due to infrequent trading. The empirical
evidence on the nontrading-induced autocorrelation on
African stock markets would help to explain why
correcting for the thin trading is necessary in empirical
research on these markets. The investigation is done
using the following stochastic nontrading model
developed by Lo and MacKinlay (1990b):

it+n

corr[RO,R2,, ] = — HP
2 2

where o’ = var[R,]

“The literature that makes this argument refers mostly to the
results of Fama (1965) for the Dow Jones Industrial Average
(DJIA) 30 stocks

32

Investment Analysts Journal — No. 61 2005



Thin trading on African stock markets: Implications for market efficiency testing

Table 2: Serial Correlation and Runs test results for the different methods of measuring returns

Country/ | £ Average Number of Number of stocks with Number of stocks with Total number of
Stock g number of stocks with significant first order at least one significant | significant higher order

Exchange | & observations significant serial correlation higher order serial serial correlation

% per stock Runs Test 2- coefficients* correlation coefficients*®

£ Values* coefficient*®

3 ENT TOT/ ENT TOT/ ENT TOT ATT ENT TOT ATT ENT TOT ATT

* ATT ATT
Botswana 12 1034 325 1 6 6 6 7 9 10 10 24 19 17
BRVM 24 686 239 9 13 11 11 15 18 15 18 40 21 33
Egypt 54 1341 952 42 29 47 40 44 35 34 38 65 53 55
Ghana 20 753 342 13 16 12 15 16 18 13 16 54 27 32
Kenya 40 1365 694 15 12 22 24 22 24 24 22 41 37 33
Mauritius 9 1196 827 8 9 7 6 6 7 7 8 19 9 14
Morocco 36 1348 740 14 17 12 13 15 29 21 24 49 34 35
Namibia 15 1340 204 6 1 2 6 5 8 10 9 10 13 11
Tunisia 35 1249 756 20 15 14 14 16 23 23 21 44 35 31
Zimbabwe 39 1352 665 10 14 13 13 18 27 23 23 55 40 34

ENT= ‘entire’ or normally calculated return series; TOT=trade-to-trade return series; AT T=adjusted trade-to-trade return series

* Using the 5% level of significance
@ Only 10 lags were used

Table 3: Comparison of Serial Correlation test results for the different approaches of measuring returns

Country/ Stock (a) (b)
Exchange 1st order autocorrelation coefficients Runs test Z-
stats
Kendall's W® Chi-Square Q Wilcoxon Test Wilcoxon Test
TOT - ENT ATT - ENT ATT-TOT TOT - ENT
Botswana 0,194 4,667 -1,961* -0,786 -1,334 -2,824*
BRVM 0,158 7,583* -3,115™ -2,800™* -0,057 -2,286*
Egypt 0,182 19,626™* -3,742* -4,616™" -0,870 -6,229"*
Ghana 0,273 10,900** -2,334" -2,875™* -0,710 -2,315*
Kenya 0,093 7,400* -2,635™ -2,339* -0,370 -3,414*
Mauritius 0,383 6,889* -2,310" -1,718 -0,178 -1,244
Morocco 0,021 1,535 -0,102 -1,089 -1,794 -0,330
Namibia 0,284 8,533" -2,330* -1,221 -1,420 -1,477
Tunisia 0,145 10,115** -2,039* -1,343 -3,283™ -0,524
Zimbabwe 0,229 17,897 -2,952** -0,768 -4,320™ -4,005*

** implies significance at the 1% level

* implies significance at the 5% level

Significance implies that there are differences in the random walk test results.
ENT= ‘entire’ or normally calculated return series; TOT=trade-to-trade return series; AT T=adjusted trade-to-trade return series
® Kendall's W measures the agreement between cases in rating the variables. Values close to zero imply little agreement and values close to

one imply high agreement

Ry is the observed continuously compounded return

for stock 1 at time t; R? _is the observed return for

+n

stock i at time t+n; u, is the mean return for stock

i; p, is the probability that stock i does not trade;
n is the lag length; o indicates the observed return;

2

R, is the ‘virtual® return for stock i at time t; o? is

il
the variance of the virtual return for stock i; and ‘corr’
and 'var are the correlation and variance operators,

°This is the true (unobservable} continuously compounded
return given by a primitive return-generating process.

respectively. The observed returns processes are
assumed to be covariance-stationary.

The maximal negative first order serial correlation far
individual stock returns that is attributable to nontrading,
according to Lo and MacKinlay, is given by:

&

(5
1+2[e) ©)

min corr(R}, R}, = -
4]

and it is attained at a nontrading probability given by:
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1

P
+\/§ESi

where &, = i, /o,

’

All variables are as defined in equation 4 above.

The results (presented in the Appendix) support the
proposition by Lo and MacKinlay that nontrading
induces negative serial correlation in individual security
returns with nonzero mean and that the smaller the
mean, in absolute terms, the closer the autocorrelation
is to zero. For example, RDC in Botswana with a
nontrading probability of 89,8% exhibits significant first
order serial correlation (at the 5% level) for the entire
return series of -11,4%. However, due to the small
mean return of -0,003% and a relatively large variance
of 0,040%, the first order serial correlation induced by
nontrading is almost zero. The maximal negative serial
correlation induced by nontrading for this stock is also
very small, almost zero and is attained at a probability
of nontrading very close to 100% (that is, 99,8%).

Another stock on the same market, FNB, with a
moderate thin trading of 50,6% but a high mean return

of 0,181% and relatively small variance of 0,019%, has
an insignificant first order serial correlation coefficient
of 54%. However, the absolute first-order serial
correlation induced by nontrading for this stock is
relatively high (-0,851%). The maximal negative
nontrading-induced serial correlation for FNB is also
relatively high (-1,237%) and it is attained at a
relatively low probability of nontrading of 84,3% in
comparison to the other stocks.

Overall the results shows that the autocorrelation
induced by nontrading does not exceed 1% in absolute
terms for stocks on all markets, except PHC on the
BRVM with a nontrading-induced autocorrelation df
-1,331%. Mauritius, on whose sample the random walk
hypothesis was rejected, irrespective of which method
of measuring returns is used, shows that there is
insignificant nontrading-induced autocorrelation in all
the stocks. Therefore the deviation from the random
walk by the stocks on the Mauritius market is not
necessarily due to thin trading, but other pricing
inefficiencies.

Table 4: Comparison of number of higher order serial correlation coefficients for the different approaches

of calculating returns

a b i o
lock Exchange Kendalts w Chi's(q‘i_‘“e @ TOT - ENT W"coxonASgn.e:NTnks e ATT - TOT
Botswana 0.098 2,341 1,184 1,469 0,491
BRVM 0.181 8,687* 2,343 1,106 -2,029"
Egypt 0.006 0,677 -1.240 1,115 0,173
Ghana 0.230 9,186 2,627 2,954 1,129
Kenya 0,022 1,768 0,579 1,118 0,402
Mauritius 0,289 5,200 1,802 0,756 1,890
Morocco 0,079 5.663 1,974* 2,029* 0,369
Namibia 0.025 0,743 0,749 0,264 0,302
Tunisia 0.026 1,824 -1,260 1,340 0,702
Zimbabwe 0.056 4,373 1,819 2,420° 1,096

** implies significance at the 1% level

* implies significance at the 5% level

Significance implies that there are differences in the number of higher order serial correlations from the different return measurement

methodologies.

ENT= ‘entire’ or normally calculated return series; TOT=trade-to-trade return series; ATT=adjusted trade-to-trade return series
? Kendall's W measures the agreement between cases in rating the variables. Values close to zero imply little agreement and values close to

one imply high agreement

5. REMARKS AND CONCLUSIONS

In this paper, thin trading on African stock markets was
investigated and found to be an extensive problem.
The thin trading observed suggests that investors who
intend to benefit from short-term price fluctuations may
not find the Namibian Stock Exchange and quartile 4
stocks for the other markets in this study favourable.
Due to thin trading, investors may be forced to hold
stocks even at a time when they want to close their
positions or get out of the market. The three different

return measurement methodologies presented in the
paper produce different correlation coefficients and Z
values suggesting differences in the random walk test
results. Our findings also tend to suggest that the
contradictory evidence in the random walk tests of
certain African stock markets could be partly a
methodology problem, especially in a thinly traded
market environment.

The findings using the Lo and MacKinlay model also
support the literature that the serial correlation induced
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