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Return Behavior in Emerging Stock Markets

Stijn Claessens, Susmita Dasgupta, and Jack Glen

This article investigates the behavior of stock returns in the twenty stock markets
represented in the International Finance Corporation's Emerging Markets Data Base.
The aim is to test for return anomalies and predictability. Using statistical meth-
odologies that have identified seasonal and size-based return differences, as well as
general return predictability in industrial markets, we find that these emerging markets
display few of the same anomalies. In particular, we find limited evidence of turn-of-
the-tax-year effects and small-firm effects. We do find, however, evidence of return
predictability.

Emerging markets have seen a sharp increase in equity inflows in recent years
(see Gooptu 1993). Despite apparent strong interest, however, little is known
about the price determination process in these markets and how it compares
with that of the more thoroughly studied markets in industrial economies. This
article provides descriptive statistics on emerging stock markets and investigates
the presence of some of the return anomalies that have been documented in
other markets. It also presents what are, by now, commonly used measures of
the time-series behavior of rates of return.

There are several motivations specific to developing economies for research of
stock market behavior. First, stock markets are believed to be very efficient at
allocating capital to its highest-value users. Improved capital allocation in-
creases overall economic efficiency. Second, stock markets play an important
role in encouraging savings and investment, which are essential in economic
development. Third, by allowing diversification across a variety of assets, stock
markets reduce the risk that investors must bear, thus reducing the risk premium
demanded by suppliers of capital and, through the risk premium, the cost of
capital. The result should be increased investment levels and enhanced develop-
ment. This is particularly relevant for foreign investment in which foreigners
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share the risks Fourti, he public corporation places ultimate decisionmaking
power in the hands of shareholders. Managers of public corporations with
traded equity claims are not free to make decisions in a vacuum but must
consider shareholder and social responsibilities. The improved corporate gover-
nance that results should contribute to economic development.

The tests reported in this article provide information relevant to these issues.
Return behavior, both in cross-sectional and in time-series analyses, provides
information on the effectiveness of the asset-allocation role played by the stock
markets in the economies examined. But even if capital allocation is efficient,
foreign and domestic investors may be discouraged from investing in emerging
stock markets if return behavior differs from expectations. To the extent that
these deviations arise from exclusive access to information by certain firms or
individuals-"insider trading"-the market will be stacked against "outsiders"
and may be less likely to attract new investors, either foreign or domestic. This
may limit the market's ability to generate savings and investment for the econ-
omy. Consequently, measures of return behavior may be useful in research on
the determinants and behavior of flows into the stock markets. And a fuller
understanding of the general pattern of return behavior sheds important light on
the risk diversification benefits of the stock market and the cost of capital.

Section I describes the theory behind the tests. Section II describes the data
sources. Section III presents the test results for economy indexes, and section IV
the results for size-based portfolios of individual stocks. Section V offers
conclusions.

I. THE THEORY UNDERLYING THE TESTS

Empirical tests of asset-pricing behavior are plentiful for industrial econ-
omies. The terminology, however, is not always uniform. We make a distinction
here between anomaly tests and time-series tests, both of which involve, implic-
itly or explicitly, a test of an asset-pricing model. The distinction we make is that
the anomaly tests focus on seasonal or cross-sectional patterns in rates of return
whereas time-series tests focus on the predictability of rates of return over time.1

For both types of tests we use a very parsimonious model for rates-of-return
behavior-that is, rates of return are independently and identically distributed
(i.i.d.). In this way we try to minimize the problem of jointly testing a particular
asset-pricing model and market efficiency.

For industrial economies, anomaly tests center on seasonal effects; for exam-
ple, effects related to the beginning or end of the tax year or to the beginning or
end of the calendar year and small-firm effects. See Keim (1987) and Fama

1. Instead of the terms "anomaly tests" and "time-series tests;' we could have used the more general
term "efficiency tests." As extensively discussed by Fama (1991), however, anomalies and unexpected
time-series behavior may reflect risk factors that are priced in the market and do not necessarily imply
inefficiencies. In principle, returns could be corrected for these factors by specifying an asset-pricing
model, but the test will then jointly test market efficiency and the specific model.
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(1991) for reviews of the literature on anomalies. The search for market anoma-
lies is motivated by the concern that certain institutional features may induce
return behavior that deviates from expected behavior (such as a random walk or
other form of martingale). Whether policy changes aimed at reducing these
anomalies are desirable cannot be answered in isolation. Anomalies do not
necessarily indicate market inefficiencies but may simply reflect certain institu-
tional features of markets (or certain risk factors for which the asset-pricing
model used does not correct). For example, tax structures may cause turn-of-
the-tax-year effects. Embracing or rejecting institutional causes for observed
anomalous behavior on the basis of results from one or a few markets may be
risky. A search for anomalies across a large group of markets, however, may lead
to the acceptance or rejection of certain institutional-based explanations of mar-
ket anomalies when there is sufficient variation in institutional features. The
inclusion of the additional twenty markets in this study could potentially be
more powerful than a marginally more sophisticated test on an already studied
market.

Time-series tests are a subset of market-efficiency tests. Efficiency tests center
on the extent to which available information is absorbed in individual stock
prices. As distinguished by Fama (1991), efficiency tests can be of several forms:
tests for return predictability (including trading rules and autocorrelations),
event studies (the adjustment of prices to public announcements), or tests for
private information (whether private investors have specific information that is
not included in market prices). We restrict our attention here exclusively to
various forms of tests for return predictability. Motivation for the various types
of time-series tests and the results of actual tests for industrial economies can be
found in Fama (1991).2

Seasonality

The literature on anomalies is both broad and deep. The search for sea-
sonality in returns has been particularly rewarding in the markets in industrial
economies. Keim (1988) reviews this literature and argues that although sea-
sonality is an anomaly in the sense that it cannot be explained by existing asset-
pricing models, seasonality does not necessarily represent deviation from market
efficiency. Moreover, there is some evidence that institutional features of the
market may play a role in return seasonality (see, for example, Roll 1983).
Emerging markets have a variety of institutional features that differentiate them
from one another and from the markets in industrial economies. The search for
seasonality or other anomalies in the returns of the emerging markets can pro-
vide important information on the role of institutional features on return behav-
ior. This information may help stock exchange and regulatory authorities when
they make policy decisions.

2. Fama (1991) also explains why he prefers the term "tests for time-series predictability" over the term
"weak-form efficiency," which he had previously introduced (Fama 1970).
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Our tests are strongly influenced by the findings of others. In particular, we
examine returns to identify extraordinary returns in January and at the turn of
the tax year. To test for seasonality, we employ three different but related tests.
We test for equal-mean rates of return using the Kruskal-Wallis test as described
in Gultekin and Gultekin (1983). This is a nonparametric test of the hypothesis
that the mean returns in all months are equal.

Two tests of abnormal returns for a particular month, for example January,
are also performed. The first, as described in Corhay, Hawawini, and Michel
(1987), is a parametric test that uses regressions of returns on dummy variables
for each of the months being tested for abnormal behavior. The second test is a
variant of the Kruskal-Wallis test and is also described in more detail in Gultekin
and Gultekin (1983). That statistic tests whether the mean rate of return for a
specific month is significantly greater than the mean return for any other month
of the year.

Predictability

The predictability of returns was originally viewed as a form of market ineffi-
ciency. Views on this have changed somewhat for two reasons. First, even
though the existence of some forms of return predictability is accepted, invest-
ment decisions made on the basis of that evidence are inevitably risky because of
the low level of predictability that has been identified. Consequently, any returns
earned by predicting returns may simply reward the investor for the extra risk
borne. Second, predictability may arise from the basic factors that drive stock
returns. The fact that the models of returns are unable to capture those factors
may indicate model failure rather than market inefficiency.

Our tests of return predictability follow the literature (as reviewed by Fama
1991). We first examine the time-series behavior of returns by estimating auto-
correlation coefficients. These are tested for differences from zero both individu-
ally (using t-tests) and jointly (using the Ljung-Box Q-statistic).

The hypothesis that returns follow a random walk provides a complementary
test of return predictability. Much of the interest in this hypothesis has centered
on the approach taken by Lo and MacKinlay (1988). They develop a statistic
that employs the variance of returns using different periods for which stocks are
held and over which returns are calculated. Under the random walk hypothesis,
which assumes that returns are i.i.d. across time, return variance increases
linearly with the length of the holding period. Consequently, the ratio of the
return variances calculated over different holding periods should reflect the
difference in the holding period in a known manner. Deviations indicate rejec-
tion of the random walk hypothesis and provide evidence that returns are
predictable.

We employ the Lo-MacKinlay statistic (which is consistent under hetero-
skedasticity) for holding periods of two and four months. It would be interesting
to examine longer holding periods as well, but the relatively short sample pe-
riods available preclude doing so.
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Size

Banz (1981) was the first to document a relation between market capitalization
(or firm size) and mean return. He found, and others have confirmed, that small
firms have, on average, higher returns than large firms. Subsequent work has also
found that this small-firm effect can be seasonal; for the United States, it is typ-
ically found that small-size stocks display a positive january effect; that is, returns
in January are higher than in other months (see Keim 1988 and Fama 1991).

The relation between size and mean return has been typically analyzed by
grouping individual stocks into portfolios on the basis of market capitalization,
with periodic regrouping to account for changes in size over time. Often, ten
size-based portfolios are formed and then the performance of these portfolios is
examined. Statistically significant differences in mean returns between large and
small firms have been documented.

Specifically, we rank for each market all stocks by market capitalization at the
beginning of each year. We then assign the individual stocks-ranked by market
capitalization-to one of four portfolios, each of which has the same number of
stocks. The first portfolio has the smallest market capitalization stocks and the
fourth portfolio the largest, with the other two portfolios in between. We then
calculate the return on these four portfolios for the following twelve months,
using the market capitalization of the individual stock relative to the market
capitalization of the whole portfolio to weigh the individual stock returns. At
the end of the year, we redo the portfolio-creating scheme. We thus create a time
series of returns for the four size-based portfolios in each market that are ranked
from small market-capitalization to large market-capitalization, where the as-
signment of stocks to the portfolios is updated annually.

Once the size-based portfolios have been formed, we examine their return
behavior using several of the methods employed for examining the market in-
dexes. The examination includes testing for size effects on returns by comparing
the mean return on the smallest market-capitalization of the size-based portfo-
lios with those of the largest market-capitalization (with a t-test) and by compar-
ing the mean returns on all four portfolios jointly (using an F-test). We also
examine the portfolio returns for seasonality and for differences in predictability
using the methods previously mentioned.

II. DATA

The data for developing economies are from the International Finance Corpo-
ration (IFC) Emerging Markets Data Base (EMDB). We use monthly data on
returns for the EMDB indexes as well as for individual stocks.3 The sample period
varies by market; all time series end in December 1992, but there are several

3. The criteria used by the IFC for inclusion of stocks and the methodology for creating the indexes are
described in IFC (1993b). Note that the EMDB indexes are value weighted. As pointed out by Harvey
(1993), the IFC indexes before 1981 have a look-back survivorship bias because the sample of stocks that
was included to create the pre-1981 index was based on a sample of stocks traded as of 1981.



Table 1. Market Coverage and Market Concentration, December 1992

Percentage of value
IFC EMDB Market Percentage of market traded held by the

Number Capitalization Number Capitalization capitalization held by ten most-active
Economy of stocks (billions of dollars) of stocks (billions of dollars) the ten largest stocks stocks

Emerging markets
Argentina 29 14.29 175 18.63 68.8 72.5
Brazil 69 23.20 565 45.26 29.3 51.2
Chile 35 21.93 80 29.64 78.5 62.9
Colombia 20 5.10 80 5.68 78.5 62.9
Greece 32 5.38 129 9.49 43.6 50.4
India 62 25.36 2,781 65.12 22.6 32.2
Indonesia 63 8.66 155 12.04 39.2 61.4
Jordan 27 1.99 103 3.37 49.4 31.6
Korea, Rep. of 91 66.46 688 107.45 30.5 22.4
Malaysia 62 47.94 366 94.00 30.9 14.0
Mexico 62 66.11 195 139.06 31.7 39.4

;-, Nigeria 24 0.80 153 1.22 48.5 53.6
t' Pakistan 58 3.77 628 8.03 23.0 19.1

Philippines 30 8.17 170 13.79 52.2 30.6
Portugal 30 4.87 191 9.21 31.4 22.1
Taiwan (China) 70 60.45 256 1,101.12 30.2 15.4
Thailand 51 28.37 305 58.26 28.5 36.3
Turkey 25 2.87 145 9.93 29.9 11.4
Venezuela 17 4.99 66 7.60 59.6 80.0
Zimbabwe 17 0.27 62 0.63 36.5 47.7

Industrial markets
Canada n.a. n.a. 1,119 243.02 30.8 n.a.
France n.a. n.a. 786 350.86 28.7 n.a.
Germany n.a. n.a. 665 348.14 40.4 n.a.
Japan n.a. n.a. 2,118 2,399.00 16.5 n.a.
Switzerland n.a. n.a. 180 195.29 53.5 n.a.
United Kingdom n.a. n.a. 1,874 838.58 24.2 n.a.
United States n.a. n.a. 7,014 4,757.88 14.9 n.a.

n.a. Not applicable.
Note: Market refers to the local index as reported by the national stock exchange or local authority. Market capitalization is the number of shares outstanding per

stock, times the end-of-period price for each stock, summed over stocks. In all tables, amounts refer to U.S. dollars, unless otherwise noted.
Source: IFC EMDB, IFC (1993a, b), and MSCI.
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starting dates. Thus, the sample period is quite short for some economies (most
notably Indonesia, Portugal, and Turkey), and consequently the results for those
economies should be interpreted cautiously. The data for industrial economies
are from Capital International Perspectives, S.A. and Morgan Stanley & Co.
(various issues), hereafter referred to as MSCI.

The EMDB indexes cover only a subset of all stocks listed on the various
exchanges, varying between 5 percent (Taiwan, China) and 90 percent (Col-
ombia) in terms of market capitalization and 2 percent (India) and 44 percent
(Chile) in terms of number of stocks. Table 1 presents data on the relative
coverage of the EMDB indexes. Typically, because of its selection criteria, the
EMDB index will be weighted toward the larger market-capitalization stocks.

Returns are calculated as the percentage change in price adjusted for divi-
dends, rights issues, and stock splits. For each market, returns can be calculated
in the local currency or in a foreign currency, such as the U.S. dollar. For ease of
comparison across economies, we use dollar rates of return.

We begin by performing tests on the EMDB indexes. Those tests are followed
by tests using the size-based portfolios of individual EMDB stocks.

III. TEST RESULTS FOR EMDB ECONOMY INDEXES

Table 2 presents the mean, standard deviation, Sharpe ratio (mean return over
standard deviation), skewness, kurtosis, range, and Jarque-Bera normality test
statistic for monthly returns from the EMDB economy indexes. The statistics are
for emerging stock markets in twenty economies; for composite indexes for all
twenty economies, for Latin America, and for Asia; and for several industrial
economy indexes.

The mean rates of return for emerging markets in table 2 are in general high
but so, too, are the standard deviations. The highest mean rate of return is for
Argentina, almost 6 percent on a monthly basis (68 percent on an annual basis).
However, Argentina also has the highest standard deviation, almost 30 percent
(103 percent on an annual basis), and the highest return range, 243 percent.
Indonesia has the lowest mean return (-1.019 percent), and Jordan has the
lowest standard deviation (5.16S percent). In general, the returns and their
standard deviations for the individual emerging markets, as well as the regional
and composite EMDB indexes, are higher than those for the industrial economies.

Figure 1 plots the mean rate of return against the standard deviation. For
developing economies, the tradeoff between the rate of return and the standard
deviation is high, especially when compared with the tradeoffs of industrial
economies. There is some risk diversification among the markets, as indicated
by the standard deviation for the EMDB composite index (of all emerging mar-
kets), which is less than the index for almost all of the individual markets (and
significantly less than the average of those markets). The emerging markets,
however, are still risky. The Sharpe ratio (mean return over standard deviation)
in table 2 is an indicator of the relative risk-return tradeoff in each market.



Table 2. Summary Statistics of Monthly Percentage Changes in Total Return Indexes
Starting

date Jarque-Bera
(year and Standard Sharpe normality

Economy month) Mean deviation ratioa Skewness Kurtosis Range test statistic

Emerging markets
Argentina 1976:01 5.656 29.996 0.189 1.98 7.44 243.1 567.7
Brazil 1976:01 1.841 17.390 0.106 0.52 1.07 114.4 17.6
Chile 1976:01 3.055 11.425 0.267 0.94 3.23 90.9 110.8
Colombia 1985:01 3.637 9.279 0.392 1.74 4.33 54.8 109.5
Greece 1976:01 0.622 10.456 0.060 1.85 7.54 89.4 563.8
India 1976:01 1.684 7.860 0.214 0.67 2.33 59.7 56.6
Indonesia 1990:01 -1.019 9.397 -0.108 0.13 -0.07 39.6 0.2*
Jordan 1979:01 0.896 5.165 0.173 0.46 0.98 29.2 11.3
Korea, Rep. of 1976:01 1.772 9.335 0.190 1.00 2.04 64.1 65.1
Malaysia 1985:01 1.154 7.606 0.152 -0.65 2.33 51.4 24.0
Mexico 1976:01 2.533 12.864 0.197 -0.83 3.82 98.9 137.0
Nigeria 1985:01 0.225 10.538 0.021 -1.80 11.90 94.9 540.6
Pakistan 1985:01 1.794 6.698 0.268 2.13 10.17 51.1 426.9
Philippines 1985:01 3.775 11.023 0.343 0.46 2.30 71.7 20.3
Portugal 1986:01 2.881 14.498 0.199 1.61 5.48 100.1 119.9
Taiwan (China) 1985:01 2.835 15.271 0.186 0.25 1.08 88.9 4.3'
Thailand 1976:01 1.861 7.435 0.250 -0.10 3.38 61.5 89.4
Turkey 1987:01 3.145 21.436 0.147 1.07 1.08 100.8 15.2
Venezuela 1985:01 2.682 13.657 0.196 0.11 3.33 98.3 36.9
Zimbabwe 1976:01 0.648 9.865 0.066 0.29 1.97 73.9 32.4

Composite 1985:01 1.503 6.984 0.215 -0.64 4.29 40.7 13.2
Asia 1985:01 1.498 7.421 0.202 -0.70 4.33 40.8 14.9
Latin America 1985:01 2.605 11.210 0.232 -0.05 3.75 66.9 2.3

Industrial markets
Japan 1976:01 1.02 5.20 0.196 -0.04 5.06 39.6 38.1
United Kingdom 1975:01 2.04 6.87 0.297 1.84 18.49 80.0 2,281.1
United States 1976:01 1.19 4.39 0.271 -0.44 5.88 34.4 76.7
World 1976:01 1.18 4.07 0.290 -0.47 4.91 29.0 38.9

* Denotes inability to reject normality at the 10 percent level. For other markets, normality could be rejected at the 1 percent level.
Note: All series are in U.S. dollars and end in December 1992.
a. The Sharpe ratio is the ratio of the mean return (the second column) to the standard deviation (the third column).
Source: IFC EMDB, MSCI (various issues), and authors' calculations.
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Figure 1. Mean-Variance Frontier in Return Indexes
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Source: Authors' calculations.

Colombia has the highest Sharpe ratio, almost 0.4. Except for Indonesia, which
has a negative Sharpe ratio (-0.108), Nigeria has the lowest Sharpe ratio
(0.021). The Sharpe ratios for many emerging markets are similar to those for
industrial economies, and the EMDB composite index has a marginally lower
ratio than the MSCI world index, indicating that, by this measure, these econ-
omies have a similar risk-return tradeoff as industrial economies do.

The skewness and kurtosis measures indicate that the rates of return are not
likely drawn from normal distributions. In general, the kurtosis measure is much
higher than the value of 3 associated with the normal distribution, indicating
that the distributions have fat tails. The Jarque-Bera test for normality bears this
out; normality is rejected for eighteen of the twenty economies at the 1 percent
level. This is also true for industrial economies: normality cannot be accepted
for any of the sixteen economies or indexes reported by MSCI.4 Similar rejections

4. Not all sixteen industrial economies are reported here; see Claessens, Dasgupta, and Glen (1993).
We would like to thank Michael Adler for pointing out that normality is also rejected for industrial
economies.
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have been found in the foreign exchange literature. It has become clear that this
is primarily because the time series are not i.i.d.; they could have been produced
by mixtures of independently but nonidentically distributed normal distribu-
tions. The rejections here could be caused by similar processes.

An explanation that is more specific to emerging markets is that these devia-
tions from normality are the result of "peso" (or regime-switching) effects. It
may have been the case that investors thought that certain (adverse) events could
happen during the sample period, but ex post the events did not happen (or at
least not at the frequency investors had in mind). This would result in rates of
return that ex post are not only higher than ex ante rates of return but also
display deviations from normality. Similarly, investors could have become con-
vinced that the economy's economic prospects and policies were better than they
had expected earlier on, making ex post rates of return higher than ex ante
returns and displaying the distributions found here.

Seasonality

As mentioned, a frequently tested market anomaly is seasonality. To test for
seasonality in the return series, we use the nonparametric Kruskal-Wallis statis-
tic, which tests the equality of returns for all months. The first column of table 3
presents the Kruskal-Wallis test statistic for the EMDB economy indexes. Equality
of returns for all months is rejected (at the S percent level) for only three
markets: Chile, Greece, and Jordan. This result contrasts with the results of
Gultekin and Gultekin (1983), who, using the same test, find evidence of sea-
sonality (at the 10 percent level) in twelve of the seventeen industrial economies
they studied.

To determine the existence of a turn-of-the-tax-year or other seasonal effect, we
also test whether the return in any given month is different from that of the other
months considered jointly. As mentioned above, we do this in two ways: first
using a parametric test (Corhay, Hawawini, and Michel 1987) and then using a
variant of the Kruskal-Wallis test. The second column of table 3 provides the
months for which there is a significant dummy variable in at least one of the tests.

There is a significant (at the 10 percent level) month-of-the-year effect for the
economy indexes for sixteen markets. For three markets-Chile, Jordan, and
the Philippines-three of the twelve months are significantly different from the
other months; for six markets-Argentina, India, Indonesia, Malaysia, Nigeria,
and Portugal-two of the twelve months are significantly different from the
other months. January is significantly different for three markets-the Republic
of Korea, Mexico, and Turkey-and the significantly different month coincides
with the beginning of the tax year for only two markets-Malaysia (May) and
Mexico. Pakistan is the only economy in which the end-of-the-fiscal-year month
is significantly different from other months. These results contrast with those of
Corhay, Hawawini, and Michel (1987), who find that for each of the four
markets they studied (the New York Stock Exchange, the London Stock Ex-
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Table 3. Tests of Seasonal Differences in EMDB Monthly Returns
Economy index Size-based portfolios

Kruskal-
Wallis Positive Negative

statistica significant significant
Economy (p-value) Significant monthsb monthsc monthsc

Argentina 11.27 August, October
(0.42)

Brazil 9.47 April
(0.58)

Chile 21.02* February, October, September
(0.03) November

Colombia 11.98 March January
(0.37)

Greece 21.51 * October October
(0.03)

India 14.28 October, November July, November
(0.22)

Indonesia 13.08 February, September June,
(0.29) September

Jordan 19.76* May, August, December August, October
(0.05) November

Korea, 10.33 January March,
Rep. of (0.50) September,

October
Malaysia 15.26 May, August

(0.17)
Mexico 9.16 January June

(0.61)
Nigeria 10.19 March, June

(0.51)
Pakistan 7.55 December

(0.75)
Philippines 11.95 June, August, August,

(0.37) September October
Portugal 10.25 September, November February

(0.51)
Taiwan 8.31 February, March

(China) (0.69)
Thailand 6.56

(0.83)
Turkey 10.77 January September

(0.46)
Venezuela 4.77 February,

(0.94) September
Zimbabwe 3.53 August, January

(0.98) December

r Indicates that equality of returns for all months is rejected at the 5 percent level.
Note: Blank spaces denote no significant month(s).
a. Tests whether the ranks of the rates of return in each month are equal. The statistic is derived as

follows:
H = 12/[M(M+1)] Z_I2=, T_ (X_ -X)2X2(11)

where X. is the average rank received by the rates of return in the mth month and X is the average rank of
all observations.

b. Those months for which the t-statistic for the dummy measuring the difference between the mean
return in the particular month and the mean returns during the rest of e year is significant for the index.

c. The months for which a t-test between the mean return on the smallest-size portfolio and that on the
largest-size portfolio is significant at the 5 percent level, either positive or negative.

Source: Authors' calculations.
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change, the Paris Stock Exchange, and the Belgian Stock Exchange) there is a
significant seasonal effect in January.5

Table 3 also reports (in the third and fourth columns) for which months there
is a significant difference between the mean return on the smallest-size portfolio
and that on the largest capitalization portfolio. This is one way to check whether
the significant seasonal effect identified for the economy indexes (first and sec-
ond columns) can be attributed to the fact that the return of the smallest capital-
ization stocks is significantly different from the largest capitalization stocks in
the same month(s). For five countries (Greece, India, Indonesia, Jordan, and the
Philippines) the smallest-size portfolio has a larger return than the largest-size
portfolio in the same month in which the economy index has a significant
month-of-the-year effect. This suggests that for these economies part of the
seasonality effect may be attributable to the behavior of the smallest-size portfo-
lios. We explore this further in Section IV.

To check further for specific seasonality tests, and again conforming to
Gultekin and Gultekin (1983), we test whether the mean rate of return for a spe-
cific month is significantly greater than the mean return in any other month. We
do this for January for all markets and for the four markets for which the first
month of the fiscal year is not January (Greece, India, Malaysia, and Pakistan).
We find no January seasonal effect for any market, nor are any of the four other
tax-year effects significant (results are not reported). This result contrasts with
that of Gultekin and Gultekin, who find that for twelve of the thirteen industrial
economies they studied, the mean rank of the rate of return in the first month of
the tax year is significantly greater than the mean rank in any other month. Our
results indicate that these findings do not carry over to emerging markets.

From these results, it appears that the turn-of-the-tax-year effects found for
many industrial economies do not extend to the emerging markets studied here.
The weak power of some of our tests (given the short time series and the high
volatility of the rates of return) could explain why we do not find this effect.
Equally possible, however, could be that the tax codes of these economies do not
give rise to the selling of stocks at the end of the tax year to generate a loss for
tax purposes, the hypothesis often put forward as an explanation for the turn-
of-the-tax-year effect in the industrial economies. In addition to tax codes that
are designed differently in developing economies (compared with industrial
economies), weak enforcement of tax codes could well explain the lack of evi-
dence for the tax-loss-selling hypothesis. And, of course, other institutional
factors are likely different for emerging-market economies.

Predictability

Predictability of returns can be evidence of market inefficiency if the asset-
pricing model used implies that expected returns are constant through time. In

S. Their seasonal findings are restricted to January only in the United States; there is also an April
effect that coincides with the beginning of the tax fiscal year for the U.K. market; for the other two
markets, the other month-of-the-year effects do not occur in a turn-of-the-tax-year month.
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models that allow for time-varying risk premiums, predictability of returns does
not necessarily indicate market inefficiency. For further work along these lines,
see Harvey (1995). Here we investigate one simple form of market predictabil-
ity-autocorrelation-as a test of predictability. Table 4 presents the first and
second autocorrelations and Ljung-Box Q-tests to check for the joint signifi-
cance of the first twelve autocorrelations.

We find, as others did (for example, Harvey 1993 and Bekaert 1993), signifi-
cant predictability in rates of return. First-order autocorrelations are significant
for nine economies: Chile, Colombia, Greece, Mexico, Pakistan, the Philip-
pines, Portugal, Turkey, and Venezuela. For Chile and Greece the second-order
autocorrelations are also high. For Chile, Colombia, Greece, Mexico, Pakistan,
and Zimbabwe, the Ljung-Box Q-test indicates that the first twelve autocorrela-
tions are jointly significantly different from zero (at the 5 percent level). For
most industrial economies, first-order autocorrelations are generally not higher
than 0.2. For the sixteen industrial economies in the MsCI data base, using the
same period (1976-92), Belgium, Italy, and Switzerland have the highest first-

Table 4. Autocorrelations of EMDB Monthly Returns, 1976-92
Number of size-

based portfolios for
First-order Second- Ljung-Box which Ljung-Box

auto- order auto- Q-statistica Q-statistic is
Economy correlation correlation (12 lags) significantb

Argentina 0.054 0.066 10.18 -
Brazil 0.029 -0.038 8.54 0
Chile 0.169* 0.260* 44.64* 4
Colombia 0.489* 0.147 35.35* 2
Greece 0.132* 0.179* 25.18 4
India 0.079 -0.099 18.09 1
Indonesia 0.284 0.196 22.93 0
Jordan 0.000 0.024 15.27 0
Korea, Rep. of -0.001 0.082 7.81 0
Malaysia 0.052 0.060 9.54 0
Mexico 0.247* -0.074 24.02* 4
Nigeria 0.085 -0.126 14.69 0
Pakistan 0.250* -0.273 45.94* 3
Philippines 0.338* 0.028 17.53 0
Portugal 0.287* 0.040 19.38 1
Taiwan (China) 0.074 0.051 12.50 0
Thailand 0.114 0.149 20.84 3
Turkey 0.232* 0.106 20.03 0
Venezuela 0.267* 0.184 14.31 0
Zimbabwe 0.138 0.154 42.24* 3

- Not available.
* Indicates rejection at a 5 percent level of significance.
a. Distributed as X2 and with 12 degrees of freedom.
b. The number of size-based portfolios for which the Ljung-Box Q-statistic is significant at the 5

percent level.
Source: Authors'calculations.
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Table 5. Variance Ratio Tests of EMDB Monthly Rates of Return
Two-month holding period Four-month holding period

Number of . Number of
IFC market index snifi IFC market index signeficantsignificantsinfct

Variance size-based Variance size-based
Economy ratio z(q) portfoliosa ratio z(q) portfoliosa

Argentina 1.027 0.258 0 .916 -.447 0
(.796) (.655)

Brazil 1.007 0.084 0 .976 -.166 0
(.933) (.868)

Chile 1.212 2.910* 2 1.553 3.902* 4
(.004) (.000)

Colombia 1.497 2.251* 2 1.842 2.135* 2
(.024) (.033)

Greece 1.155 2.202* 1 1.422 2.607* 2
(.028) (.009)

India 1.078 0.747 0 .991 -. 047 0
(.455) (.962)

Indonesia 1.312 1.828 1 1.709 2.241* 0
(.068) (.025)

Jordan 1.005 .050 0 1.146 .898 1
(.961) (.369)

Korea, Rep. of 1.023 .326 0 1.145 1.047 0
(.744) (.295)

Malaysia 1.121 1.026 1 1.222 1.083 2
(.305) (.279)

Mexico 1.279 1.889 2 1.320 1.295 2
(.059) (.195)

Nigeria 1.117 .960 0 1.017 .082 0
(.337) (.935)

Pakistan 1.266 1.080 0 1.001 .003 0
(.280) (.998)

Philippines 1.421 3.208* 1 1.736 3.264* 1
(.001) (.001)

Portugal 1.333 1.679 1 1.564 1.522 1
(.093) (.12)

Taiwan (China) 1.084 .587 0 1.202 .751 0
(.557) (.453)

Thailand 1.123 1.182 0 1.332 1.807 1
(.237) (.071)

Turkey 1.255 2.149* 1 1.310 1.422 1
(.032) (.155)

Venezuela 1.241 2.405* 2 1.623 3.499* 4
(.016) (.001)

Zimbabwe 1.158 2.025* 1 1.541 3.818* 2
(.043) (.000)

* Indicates that the null hypothesis that the rates of return are i.i.d. is rejected at the 5 percent level.
Note: Significance levels of the test statistics are in parentheses. The statistics have been adjusted for

heteroskedasticity.
a. The number of size-based portfolios for which the z(q) statistic (q denotes the observation interval,

two or four months) is significant at the 5 percent level.
Source: Authors'calculations.
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order autocorrelations (not reported), but these are still much below 0.2.6 We
find that seven of twenty emerging-market economies have a first-order autocor-
relation coefficient higher than 0.2. Compared with industrial economies, the
aggregate indexes for the emerging markets thus display a high degree of auto-
correlation in their rates of return.

We also examine the variance ratios of returns as a test of the random walk
hypothesis described above. The results, adjusted for heteroskedasticity, are
reported in table 5. We report the variance ratios (a measure of the autocor-
relation) and the z-statistics, using a one-month base observation period and
periods of two and four months to form the variance ratios. Using a period of
two months to form the variance ratio, we can reject the null hypothesis that
the rates of return are i.i.d for seven economies (Chile, Colombia, Greece, the
Philippines, Turkey, Venezuela, and Zimbabwe) at the 5 percent level. Using a
period of four months to form the variance ratio, we can reject the i.i.d.
assumption again for seven economies (the same seven except for Turkey,
which is replaced by Indonesia). The variance ratios are higher for the four-
month period than for the two-month period, and the rejections are also
(mostly) at higher significance levels for the four-month period. The fact that
we can reject with higher significance using a longer comparison period con-
trasts with the findings of Lo and MacKinlay (1988); when they compare
variances for longer holding periods to monthly variances, the significance of
rejection declines.

The variance ratio test leads to results that are similar to those of the Ljung-
Box Q-test. Only for Mexico and Pakistan, which have a significant Ljung-Box
Q-statistic, does the variance ratio test not reject (at the 5 percent level). There is
an even closer correspondence between the variance ratio test and the level of
first-order autocorrelation. For all seven economies except Zimbabwe, the first-
order autocorrelation is also high. The general results for the emerging markets
contrast with those of Lo and MacKinlay, who investigate the value-weighted
and equally weighted joint New York Stock Exchange-American Stock Ex-
change index. Although Lo and MacKinlay are able to reject the random walk
hypothesis for various sample periods when using weekly rates of return, they
are not able to reject the hypothesis when using monthly rates of return.

IV. TEST RESULTS FOR SIZE-BASED PORTFOLIOS OF INDIVIDUAL EMDB STOCKS

In this section we examine the differences in the behavior of portfolios of
EMDB stocks. The portfolios are formed by sorting the stocks in each economy
by size and then allocating the stocks to four size-based portfolios as previously
described. The tests follow the form of those in section III but provide additional
evidence that is not available from the economy indexes. To conserve space, we

6. Gultekin and Gultekin (1983) find that only three (Austria, Denmark, and Singapore) of the
seventeen economies in their study have first-order autocorrelations higher than 0.2.
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do not present basic statistics on the portfolios but only summary statistics of the
tests of predictability. Details are available in Claessens, Dasgupta, and Glen
(1993).

As with the economy indexes, we calculate statistics on market capitalization,
monthly mean, standard deviation, Sharpe ratios, skewness, kurtosis, range,
and Jarque-Bera normality tests (not reported). What is surprising is that the
difference in the relative importance of each of the four portfolios in terms of
total market capitalization is quite large, in spite of the limited number of stocks
in each market. For example, in Greece the portfolio of large stocks represents
70 percent of the market capitalization of all EMDB stocks, even though each of
the four portfolios contains the same number of shares. In contrast, the portfolio
of small stocks represents a mere 3 percent of EMDB stocks.

Other statistics reveal that the returns on the four portfolios are, in general,
more volatile than the aggregate market indexes. The differences are small,
however, and in part reflect the fact that we create only four portfolios and that
the number of stocks in the indexes is small (and consequently the portfolios are
not very diversified). The Sharpe measures are in the same range as those for the
indexes, as are the skewness and kurtosis measures. Also similar to the indexes,
the portfolio rates of return do not appear to come from normal distributions.
Using the Jarque-Bera test, seventy of the seventy-six portfolios reject normality
(at the 5 percent level). There is a strong relation between the size-based portfo-
lio tests and the economy index tests of normality, as is evident from the behav-
ior of the portfolios in Indonesia and Taiwan (China). For both economies, for
two of the four portfolios normality cannot be rejected, just as for the indexes of
these economies. In addition, two of the Malaysian portfolios appear to be
normally distributed.

Seasonality

The relation between seasonality of returns and size-based portfolios is re-
ported in table 6. The first column presents in summary form the results of
Kruskal-Wallis tests of equality of rates of return across all months for each of
the four size-based portfolios. From the tests, there appears to be no relation
between seasonality and size, because the number of economies in which returns
differ significantly is about equally distributed across the different size
portfolios.

The individual portfolio results show that the significant seasonality found for
the indexes of Chile, Greece, and Jordan can be attributed to the behavior of a
particular portfolio only for Jordan, in which case the portfolio of largest firms
and not that of the smallest firms rejects equality across all months. For Chile
and Greece the seasonal effect is significant (at the 5 percent level) in three of the
four portfolios. We find additional seasonal effects at the portfolio level for only
two other economies; the portfolio of the smallest Colombian stocks and the
portfolio of the largest Indonesian stocks display seasonality.
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Table 6. Test of End-of-Tax-Year or Other Seasonal Effects by Size Portfolios of
EMDB Stocks
(number of economies for which test statistics reject equality of returns)

Kruskal- First month
Wallis of the tax Other

Portfolio statistica Januaryb yearc monthsd Total

Small firms 2 3 0 8 13
Next-to-

smallest firms 2 4 1 8 15
Next-to-

largestfirms 2 4 0 11 17
Largest firms 3 3 1 15 22

Total 9 14 2 42 67

a. Tests that all months have equal returns.
b. Shows for how many economies January returns differ from other months' returns for that size

portfolio.
c. Shows for how many economies the return for the first month of the tax year (if different from

January) differs from other months' returns for that size portfolio.
d. Shows for how many economies the return is different for at least one month (other than January or

the first month of the tax year) for that size portfolio.
Source: Authors'calculations.

To identify the month in which any seasonality occurs, we again test equality
of returns across months for each size portfolio by using the dummy-variable
approach of Corhay, Hawawini, and Michel (1987). We focus on the effects in
the first month of the tax year and on the months in which the economy indexes
display seasonality. Again, we do not find that in these cases seasonality is
explained by small market-capitalization stocks. There is no strong, consistent
pattern across size portfolios, and of the 912 tests, only 67 (7 percent) are
significant.

The detailed results are as follows: for two markets-Thailand and Zim-
babwe (both January)-it is the portfolio of smallest stocks that displays sea-
sonality; for others-India (April, October, and November), Jordan (August),
Malaysia (May), and the Philippines (August)-it is the portfolio of the largest
stocks; and for the other markets, intermediate-size portfolios or portfolios of
various sizes have a significant size effect in the month in which the index shows
a significant size effect or in which the (tax) year starts (for example, for Jordan
the two intermediate-size portfolios show a significant month-of-the-year effect
in May, and for Chile all size portfolios show a significant rate-of-return effect in
February, October, and November).

If anything, we find that larger-size portfolios are more likely to display
seasonality in months other than the first month of the tax year (the fourth
column). On balance, we conclude that there is little evidence of a seasonal or
turn-of-the-tax-year effect that varies with the market capitalization of the
stocks.

Size Effects

The basic statistics on mean returns suggest that for some markets there may
be a size effect but one that is not necessarily restricted to the smallest-size
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stocks. For eight of nineteen markets, the stock portfolio with the smallest
market capitalization has the highest rate of return of the four portfolios (but for
many of these markets these portfolios also have the highest standard deviation).
For only two of these markets (Mexico and Zimbabwe), however, can we reject
(through a pairwise t-test) the hypothesis that the average annual rate of return
for the smallest-size stocks is significantly (at the S percent level) higher than that
of the largest-size stocks (not reported). For six other markets, the second-
quartile portfolio has the highest rate of return. To investigate further whether
there is a significant size effect, we use an F-test for equality of returns across all
portfolios. For no economy is the difference between any of the four portfolios
significant at the S percent level.

To test whether there are size effects that differ by month of the year, we
perform a pairwise t-test for equality of rates of return between the smallest- and
largest-size portfolios for each month of the year. These tests, summarized in the
third and fourth columns of table 3, indicate that the positive size effects for the
whole year may be attributed to the month of June for Mexico and to August
and December for Zimbabwe. We find significant positive size effects for four-
teen economies: for six economies in one month, for seven economies in two
months, and for one economy in three months. We find negative size effects for
Zimbabwe (January) and Jordan (October). Altogether, of the 228 market-
month combinations (19 economies times 12 months), we find 23 market-
months in which there is a positive size effect and 2 market-months in which
there is a negative size effect. These results confirm what was reported above.
That is, although we identify significant size effects, they are not limited to the
turn of the tax year, as is most often found for industrial economies, nor are they
always positive.

To further check for size effects that differ by month of the year, we perform a
number of other (cross-sectional) regressions of the individual rates of return in
every month on their (lagged as well as contemporaneous) market capitaliza-
tions and, respectively, each individual month and year, each month of the year,
and the whole period. We find very little evidence that rates of return and market
capitalization are consistently negatively related. See Claessens, Dasgupta, and
Glen (1993).

It appears, therefore, that the size effect found in many industrial economies
does not prevail as systematically in the emerging markets. One explanation
could be that the EMDB data do not include the smallest-size stocks and that we
therefore cannot pick up a small-size effect. The relative market capitalizations,
however, indicate that there is considerable size difference in the stocks in the
sample. A small-size effect would appear, to some extent, in any differences
between the rates of return on the EMDB indexes and the local market indexes
(which cover more stocks and thus also smaller ones). To investigate this possi-
bility, we run pairwise, one-way t-tests over the 1987-92 period to check
whether the local market indexes have significantly higher rates of return than
the EMDB indexes, both measured in local currency (not reported). We find this
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to be the case for none of the twenty emerging markets. To the contrary, for
three economies-Chile, Colombia, and Nigeria-we find that the local market
index is significantly (at the 5 percent level) lower than the IFC index. Again, we
do not find evidence that the small-firm effect found in industrial economies is
prevalent in these markets.

Predictability

To investigate predictability at the portfolio level, the fourth column of table 4
lists the number of significant Ljung-Box Q-statistics (for up to lag 12 autocor-
relations) for the size-based portfolios in each market. We find evidence of
significant (at the 5 percent level) autocorrelations for twenty-five of seventy-six
portfolios. All four size portfolios are significant for three markets (Chile,
Greece, and Mexico). For six other markets (Colombia, India, Pakistan, Portu-
gal, Thailand, and Zimbabwe), the autocorrelations for one or more of the size
portfolios are significant (at the 5 percent level).

For the three markets with significant Ljung-Box Q-tests for all size portfo-
lios, there does not appear to be a great difference in the levels of the first
autocorrelations across the portfolios. A higher first autocorrelation for
smaller stocks is generally found for industrial economies (using daily and
weekly rates of return). For example, Fama (1991) reports that the autocor-
relations for weekly rates of return of the four smallest deciles of the New York
Stock Exchange during 1962-85 is 0.3, whereas it is 0.09 for the largest
decile. Using monthly data, Lo and MacKinlay (1987) report autocorrelations
of 0.23 for the smallest quintile of stocks and 0.06 for the largest quintile for
the combined New York Stock Exchange-AMEX sample of stocks. Part of this
higher autocorrelation for smaller stocks may be spurious. As Roll (1984)
points out, because bid-ask spreads are likely larger for small stocks, spurious
autocorrelation may be induced. Consequently, autocorrelations can be ex-
pected to differ by the market capitalization of the stocks without necessarily
indicating a failure of market efficiency. French and Roll (1986) adjust auto-
correlations to offset this, in which case they decline from 0.27 to about 0.05
for the smallest-size stocks.

For the developing economies, the first-order autocorrelation for small stocks
is the highest of the four size portfolios for only six of nineteen economies
(Chile, Jordan, Korea, Malaysia, Nigeria, and Turkey). Autocorrelation is high-
est for the largest-size portfolios in five economies (Greece, India, the Philip-
pines, Portugal, and Taiwan, China). For Colombia, the first-order autocorrela-
tions for the smallest- and largest-size portfolios are equal.

As pointed out by Lo and MacKinlay (1988) and others, positive autocorrela-
tion for the indexes and portfolios may be an artifact of the portfolio-formation
process. For individual securities, autocorrelations for industrial economies are
mostly negative. We therefore calculate for each market the (simple) mean of the
first-order autocorrelation for all securities (not reported). The means of the
first-order autocorrelations for the individual stocks are smaller than the first-
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order correlations of the economy indexes (they are actually negative for most
markets). This suggests that the portfolio-formation process influenced the
higher degree of predictability found for the index and portfolio rates of return.

We also repeat the variance ratio tests for the size-sorted portfolios. A sum-
mary of the results is presented in the third and sixth columns of table 5. The
random walk hypothesis is rejected for fifteen of seventy-six portfolios (at the 5
percent level) using two-month holding-period returns. Using four-month
holding-period returns, the hypothesis is rejected for twenty-three portfolios
and, as for the market indexes, at generally higher significance levels than for the
shorter horizon. The economies for which the portfolio results indicate rejection
of the random walk largely overlap with those for which the random walk for
the market index is rejected. As with the autocorrelations, there is no pattern
across portfolios, and the random walk is equally often rejected for the smallest-
and the largest-size portfolios.

V. CONCLUSIONS

Using standard anomaly and time-series tests, we find that stock price behav-
ior in the twenty stock markets represented in the IFC'S EMDB displays few of the
anomalies found for industrial economies. In particular, we find limited evidence
of turn-of-the-tax-year effects, of small-firm effects, or of a relation between
seasonal effects and size effects. We do find, however, a significant predictability
of returns that does not appear to be related to size.

As we do not explicitly specify an asset-pricing model, we are not able to
determine whether this predictability is caused by market inefficiencies, time-
varying risk premiums, peso problems, or possible regime switching. The short
time series, the large volatility of the rates of return, and the large structural
changes these markets have undergone in recent years may well contribute to
our findings. Nevertheless, the relatively high degree of predictability could arise
because these markets may not be a level playing field. If that were the case, the
high predictability could in the long run be harmful: it may prevent uninformed
investors from participating in these markets, reducing the markets' depth and
liquidity and perhaps negatively affecting the role of the stock market in overall
economic development. Facilitating better stock market behavior-for example,
through improved disclosure requirements, accounting standards, and settle-
ment procedures-may then be called for.
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