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Abstract

This paper examines lead-lag relationships between monthly index returns from 18 European
industries. Several interesting and clear relationships are found that call into question the
efficiency of European stock markets. While the Automobiles & Parts sector lags more than
half of the other sectors, the Financial Services, Technology, and Telecommunications sectors
lead many others. In particular, the leadership of the Technology sector has strengthened in
recent years.

Keywords: cross-autocorrelations; efficient markets; European stock markets; sector indices
JEL Classification Codes: G12

1. Introduction

Autocorrelation tests in stock or index returns are among the most widely used tests in the
examination of stock market efficiency. The empirical evidence is overwhelming. In terms of
stock index returns, the main conclusions to be drawn are that although autocorrelations may
be statistically significant in some cases, they are not large and, consequently, are economically
insignificant or of very limited economic importance. Thus, Fama and French (1988) find neg-
ative first-order autocorrelations for long-horizon returns from US industry portfolios with a U-
shaped pattern: they ‘become negative for 2-year returns, reach minimum values for 3-5-year
returns, and then move back toward 0.0 for longer return horizons’. Poterba and Summers
(1988) find positive autocorrelation in index returns over short horizons and negative autocor-
relation over longer horizons. Lo and MacKinlay (1988, 1990) find positive and significant
first-order autocorrelation for weekly returns from US market indices. In their influential book,
Campbell et al. (1996) report that autocorrelations of daily, weekly and monthly stock index
returns are positive and statistically significant at the first lag.
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There has been far less analysis of cross-correlations in index returns, with most contribu-
tions aiming to study the relationships among international stock markets rather than the rela-
tionships among different industries or sectors. In a seminal paper, Lo and MacKinlay (1990)
showed that large stocks lead small stocks. Ewing (2002) examines five major S&P indices and
concludes that shocks to an index can account for much of the fluctuation in other indices. Hong
et al. (2007) find that the returns of a significant number of US industry portfolios can be used
to forecast the movements of the stock market and, furthermore, similar results are obtained for
other non-US markets. Kong et al. (2009) find that different industry portfolios present different
predictability when considering a variety of economic variables and lagged industry returns as
predictors. Menzly and Ozbas (2010) find evidence that industry-level returns are predictable
based on lagged returns in supplier and customer industries.

The existence of auto- or dynamic cross-correlations is a very important issue as it would
imply the predictability of future returns and could call into question the efficiency of these
markets. If past returns forecast future returns, prices would not fully reflect all available infor-
mation and, therefore, the market would not be efficient, according to the traditional definition
of efficient capital markets proposed by Fama (1970). Two main types of explanations have
been proposed for the existence of auto- and cross-correlations of stock index returns (see, for
example, Mech, 1993, Chordia et al. 2007, or Anderson et al. 2012). Firstly, such correlations
have been attributed to the market microstructure, and in particular to nonsynchronous trading
effects. Secondly, they have also been attributed to a partial adjustment of stock prices to new
information. It is evident that nonsynchronous trading may cause auto- and cross-correlation in
index returns, but the question is whether it can completely explain these phenomena. Anderson
et al. (2012) find compelling evidence that partial adjustment is a major source of autocorrela-
tion. With regard to cross-autocorrelation, Chordia et al. (2007) find that common informational
events impact the large-cap sector first, causing large-cap spreads to widen, and are subse-
quently incorporated with a lag into the prices of small-cap stocks. Bernhardt and Davies (2008)
examine 24-hour portfolio returns and find that nonsynchronous trading ‘explains only a mod-
erate fraction of differences in portfolio cross-autocorrelations’, typically between 5% and 12%.

This paper documents significant cross-autocorrelations among stock index returns in Euro-
pean markets. Eighteen industry indices that include companies from different European coun-
tries are examined, and it is found that clear lead-lag patterns exist between different sectors
and, moreover, nonsynchronous trading cannot fully explain these relationships. To this end,
Section 2 presents the data used in this study, Section 3 reports evidence on the dynamic rela-
tionships among sector index returns and, finally, Section 4 summarizes the main conclusions.

2. Data

Eighteen Stoxx sector indices were available for the Eurozone. Using the market standard In-
dustry Classification Benchmark (ICB), companies are categorized according to their primary
source of revenue into 18 supersectors: Automobiles & Parts, Banks, Basic Resources, Chem-
icals, Construction & Materials, Financial Services, Food & Beverage, Industrial Goods & Ser-
vices, Insurance, Media, Oil & Gas, Personal & Household Goods, Real Estate, Retail, Tech-
nology, Telecommunications, Travel & Leisure, and Utilities. Table 1 shows these different
sectors and their sample periods. Though these indices were available on a daily basis, the anal-
ysis that follows is carried out on a monthly basis. The reason for this lies in the fact that these
indices cover a long time span and include many companies from different European countries,
whose stock markets may have different trading hours. News reaching a particular market open
for trade may not be incorporated into other markets’ stock prices until the following day if
these markets were closed when the information reached the first market. This would cause a
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problem of nonsynchronous trading that could affect the dynamic cross-correlations between
the returns of the different indices. This could be a serious problem if using daily indices, as
they include companies that are from markets with different trading times; however, with
monthly returns this problem is largely or entirely eliminated.! Consequently, in order to avoid
or minimize nonsynchronous trading effects, the analysis will be carried out on a monthly basis.
Monthly returns were obtained by logarithmic differences; that is by R, = log(1;) — log(I;_1)
where R; is the return for month t and I; is the index for the same month.

Table 1. Euro Stoxx supersector indices with the number of their component companies.

Supersector Index Symbol Name Components Sample

Automobiles & Parts SXAE AP 14 1987-2015
Banks SXT7E BK 30 1987-2015
Basic Resources SXPE BR 7 1987-2015
Chemicals SX4E CH 16 1987-2015
Construction & Materials SXOE CM 11 1987-2015
Financial Services SXFE FS 7 1987-2015
Food & Beverage SX3E FB 11 1987-2015
Industrial Goods & Services SXNE IG 47 1987-2015
Insurance SXIE IN 15 1987-2015
Media SXME ME 18 1987-2015
Oil & Gas SXEE 0G 11 1987-2015
Personal & Household Goods SXQE PG 14 1992-2015
Real Estate SX86E RE 12 2001-2015
Retail SXRE RT 11 1992-2015
Technology SX8E TE 16 1987-2015
Telecommunications SXKE TC 12 1987-2015
Travel & Leisure SXTE TL 7 1991-2015
Utilities SX6E uT 18 1987-2015

Note: In all cases the sample period begins in January and ends in February of the years indicated in the last
column.

Table 2. First-order autocorrelations of monthly returns of the different indices.

AP BK BR CH CM FS FB IG IN
Whole sample 0,05 0.15** 0.19** 0.06 0.12* 0.22** 0.12* 0.16** 0.03
2000:01-2015:02 -0.03 0.15*  0.18* 0.07 0.12 0.21** 0.10 0.12 -0.01

ME 0G PG RE RT TE TC TL uT
Whole sample 0.16** 0.05 0.04 0.26** 0.10 0.15**  0.14** 0.03 0.10
2000:01-2015:02 0.09 0.04 0.09 0.26** 0.14 0.09 0.03 0.01 0.08

Note: * (**) denotes significant at the 5% (1%) level.

3. Cross-correlations in index returns

Table 2 shows the first-order autocorrelation of monthly returns for the different indices. Two
main conclusions can be drawn from this table. Firstly, many autocorrelations are clearly sig-
nificant. This is in line with previous research outlined in Section 1. Given the evidence reported
by Chordia et al. (2007) and Anderson et al. (2012), it could, to some extent, be due to a partial
adjustment of stock prices to the arrival of new information. Secondly, the autocorrelations are

1 As suggested by a referee, a common trading window would provide a solution to this problem and would allow
the use of higher-frequency information. However, this solution was not possible with the available data.
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weaker in recent years. While in the whole period eight autocorrelations were significant at the
1% level, only two of them are significant at this same level in the period 2000:01-2015:02.

All the contemporaneous cross-correlations are positive, ranging between 0.25 and 0.89, and
all of them are clearly significant, but this is hardly surprising as the different industries are
exposed to common factors. It is much more interesting to analyse the dynamic cross-correla-
tions. Given the existence of first-order autocorrelation in index returns, in order to examine
their dynamic cross-correlations the following regressions have been estimated:

m n
Ry =a+ Z BiRj i + z YpRit—p Ui 1)
k=1 p=1

where R;; and R; , denote returns in stock indices i and j in month ¢, respectively, m = 1 and
n = 1. The regressors R; ._,, have been included to control for the effect of autocorrelation. In
an overwhelming majority of the regressions the parameters S,, s, ..., B Were not significant.
However, the situation is very different with regard to the parameter S,. Table 3 reports the
estimates for ; for the different indices with m = n = 3. The results obtained are very similar
for other possible values of m and n, as fixing n = 1 (first-lag autocorrelation) captures almost
all the autocorrelation structure, and fixing m = 1 (first-order dynamic cross-correlation) cap-
tures almost all the dynamic cross-correlation structure.

Table 3 shows many more significant estimates than expected -18% of all the estimates are
significant at the 5% significance level, and 6% at the 1% level- which suggests significant
relationships among the different sectors. Nevertheless, they are not scattered uniformly but
rather are more concentrated in some sectors than in others. Looking at the results by industry,
two main conclusions follow. Firstly, all the estimates in the regressions for the sector Auto-
mobiles & Parts (column AP) are positive and many of them are statistically significant, with
10 out of 17 significant at the 5% significance level and 4 of those at the 1% level. Therefore,
it seems clear that this sector reacts with a one-month delay to the fluctuations in other sectors.
Secondly, the estimates accompanying the first lag of the Financial Services, Technology, and
Telecommunications sectors (rows FS, TE and TC, respectively) are significant very often. The
sector FS is significant in 10 out of 17 cases at the 5% level and 3 of those are significant at the
1% level. The sector TE is significant in eight cases at the 5% level and in four at the 1% level.
Finally, the sector TC is significant in nine cases at the 5% level and in two at the 1% level.
Moreover, there is no lead-lag relationship at all between these three sectors. Consequently,
there is strong evidence that these three sectors lead the other sectors with a one-month delay.

The sample periods are relatively long, and one could question whether these features hold
over the whole period or if, on the contrary, they change over time with possible structural
breaks. Rolling regressions with overlapping sample periods could help to provide some insight
into this issue. As an example, let us reconsider the first significant regression at the 1% level
in Table 3. Figure 1 shows the estimates of 3, in rolling regressions of AP returns on FS returns.
In these regressions the sample sizes are five years of monthly returns.?, 1987:01-1991:12,
1987:02-1992:01, ...,2010:03-2015:02. There are two important points to bear in mind. Firstly,
an overwhelming majority of estimates are positive, as a result of which the estimate in the
whole period is significantly positive. Secondly, the estimates in the later years are clearly
higher than in the early years, and, furthermore, they are very often significant, in sharp contrast
with the estimates from the first years.

2 Other sample sizes yielded similar conclusions.
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Table 3. Estimates of 3, in the regressions R; , = a + Y51 BiRjt—k + Z§=1 YpRit—p + Ui, Where R; is the return on the index indicated in the headings of the
column, and R; is the return on the index indicated in the row.

AP BK BR CH CM FS FB IG IN ME oG PG RE RT TE TC TL uT
AP - -0.09 -0.05 0.00 0.00 -0.07 0.05 -0.06 -0.07 -0.13* 0.02 -0.06 -0.10 -0.07 -0.21**  -0.09 0.05 -0.03
BK 0.19* - 0.10 0.12 0.09 -0.01 0.04 0.03 0.15 -0.10 0.07 0.06 0.08 0.01 -0.14 -0.12 0.12 0.05
BR 0.07 0.04 - 0.12 0.02 -0.09 0.03 0.07 0.00 -0.06 0.05 0.03 0.04 -0.01 -0.06 -0.06 0.01 0.02
CH 0.19 0.00 -0.01 0.00 -0.08 0.01 -0.02 0.05 -0.16* 0.05 0.10 0.03 -0.05 -0.12 -0.09 0.10 0.03

CM 0.22* 0.03 0.14 0.15

- -0.03 0.08 0.03 0.14 -0.20*  0.13* 0.12 0.07 0.00 -0.14 -0.10 0.11 0.08
FS 0.34**  0.13 0.22*  0.19*  0.29** - 0.11 0.18* 0.35**  -0.04 0.13*  0.19* 0.08 0.12 -0.06 -0.06 0.24*  0.13*
FB 0.23* -0.02 -0.02 0.09 0.01 -0.04 - -0.04 0.07 -0.11 0.04 0.12 -0.05 0.08 0.00 -0.06 0.08 0.04
IG 0.28**  0.09 012 0.26** 0.11 0.02 0.12* - 0.20* -0.17 0.10 0.24* 0.09 0.03 -0.15 -0.10 0.12 0.09
IN 0.15* -0.08 -0.01 0.06 0.03 -0.10 0.02 0.03 - -0.06 0.02 0.07 0.06 0.01 -0.14 -0.11 0.05 0.02
ME 0.10 0.03 0.05 0.12 0.08 -0.01 0.07 011  0.22** - 0.11* 0.10 0.07 0.07 -0.08 0.01 0.06  0.16**
oG 0.10 0.05 0.05 0.15 -0.03 0.01 0.04 -0.03 0.07  -0.22** - 0.03 -0.17 -0.10 -0.09 -0.13 0.03 0.00
PG 0.21 0.00 -0.05 0.03 -0.03 -0.03 0.05 -0.05 0.07 -0.12 0.01 - 0.04 -0.03  -0.32**  -0.16 0.02 0.03
RE 0.28* 0.30 0.24 0.23* 0.18 0.21 0.14 0.08 0.36** -0.06 0.26** 0.12 - 0.13 -0.04 -0.06 0.22 0.19*
RT 0.20 -0.04 0.06 0.07 0.03 -0.06 0.02 0.01 0.15 -0.11 0.04 0.11 0.01 - -0.25* -0.07 0.03 0.03
TE 0.18* 0.07 0.14* 0.13**  0.10 0.01 0.05  0.24** 0.19** 0.10 0.09* 0.19**  0.06 0.09 - 0.04 0.15* 0.07
TC 0.20**  0.05 0.12 0.12*  0.14* 0.01 0.03 0.16** 0.16* 0.15* 0.09*  0.11* 0.08 0.07 0.07 - 0.11 0.11*
TL 0.25**  -0.04 0.03 0.10 0.06 -0.02 0.10* 0.07 0.06 -0.03 0.08 0.13 0.04 0.02 -0.13 -0.07 - 0.01
ut 0.19 -0.04 0.15 0.12 0.09 -0.02 0.05 0.06 0.20 -0.12 0.10 0.09 0.07 -0.09 -0.08 -0.09 0.03 -

Note: * (**) denotes significant at the 5% (1%) level.

Table 5. Estimates of B in the regressions R;; = a + Yi—1 BkRj -k + Zgzl YpRit—p + i, Where R; is the return on the index indicated in the headings of the
column and R; is the return on the index indicated in the row.

AP BK BR CH CM FS FB IG IN ME 0G PG RE RT TE TC TL ut
FS 0.30* 0.15 0.27 0.24*  0.29* - 0.11 0.20 0.45**  -0.04 0.20* 0.18 0.08 0.13 -0.18 -0.17 0.24 0.18*
TE 0.20* 0.10 0.14 0.14* 0.10 0.07 0.09* 0.30** 0.26** 0.20* 0.13** 0.23** 0.06 0.11 - 0.03 0.17*  0.12*
TC 0.27** 0.03 0.11 0.15* 0.13 0.02 0.06 0.21* 0.17 0.24* 0.12* 0.13 0.08 0.07 0.03 - 0.07 0.16*
.}

Note: * (**) denotes significant at the 5% (1%) level. The sample period is 2000:01 — 2015:02.
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Figure 1. Estimates of B, in the rolling regressions R;,; = a + X3—1 BiRj -k + Xp=1 VpRit—p + Uit
where R; is the return on the Automobiles & Parts index (AP) and R; is the return on the Financial
Services index (FS).
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Note: The rolling samples are: 1987:01-1991:12, 1987:02-1992:01, ..., 2010:03-2015:02. The date on the x-axis
indicates the last date of the corresponding regression. The dotted lines are drawn at plus/minus two standard
errors.

Table 4. Estimates of B in the regressions R;; = a + Ys—4 PRk + Zz=1pri,t—p +u; ¢, Where R;
is the return on the index AP and R; is the return on the index indicated in the different headings.

AP BK BR CH CM FS FB IG IN
- 0.24* 0.06 0.20 0.22 0.30* 0.13 0.27* 0.17
ME 0G PG RE RT TE TC TL uT

0.10 0.00 0.20 0.28* 0.26 0.20* 0.27** 0.22 0.13
Note: * (**) denotes significant at the 5% (1%) level. The sample period is 2000:01 — 2015:02.
g plep

For reasons of space, a detailed discussion of the rolling regressions for the different sectors
IS not possible, but two features similar to those outlined above emerge in many cases: the
estimates are mostly positive, and they present substantial variability over time. Given this ev-
idence and that previously reported with regard to the autocorrelations, it is worth asking
whether the results presented in Table 3 hold in recent years. Table 4 and 5 show the results
obtained for these sectors in the period 2000:01-2015:02. The sensitivity of the sector AP has
decreased: from ten to six significant relationships at the 5% level. The leadership of the sectors
FS and TC seem to have decreased somewhat in recent years: from ten to six and from nine to
six significant relationships, respectively. On the contrary, the leadership of the TE sector has
increased in recent years. While there are eight significant relationships over the whole period,
in the 2000-2015 period there are ten significant leaderships; this means that more than half the
sectors follow the movements in the TE sector.
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The surprising results reported above are not attributable to factors such as nonsynchronous
trading, as all these indices are composed of large companies and monthly returns have been
used. They call into question the efficiency of European stock markets. In addition, they pave
the way for interesting research lines and projects that should address the following questions:
Are these significant cross-correlations exclusively due to partial adjustment of stock prices?
How great is the magnitude of return cross-predictability? How do these relationships evolve
over the different market conditions and phases? All these questions are important areas for
future research.

4. Conclusions

This paper examines the dynamic cross-correlations between monthly returns from 18 indices.
These indices are composed of European large companies from different sectors. It is found
that first-lag cross-correlations are very often significant. These results are due to the sensitivity
of industries such as Automobiles & Parts (AP) to the immediately preceding movements in
other industries or to the leadership of industries such as Financial Services, Technology and
Telecommunications (FS, TE and TC, respectively). These relationships have weakened some-
what in recent years, but the leadership of the TE sector has strengthened.
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