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Abstract: This paper employs four established market microstructure measures on
information-based trade in financial markets. A set of German mid and small caps is used
to analyze potential differential information content in real estate stocks compared to other
asset classes. After linking substantially lower amounts of information-based trade in real
estate stocks to higher liquidity premia, it is found that the evolution of the information
content in real estate and other assets follows similar trends. Consequently, interdependence
is tested for rolling time windows, revealing strong informational links between real estate
and other assets. Particularly, small caps, financials, as well as companies offering consumer
goods and services show a close relationship to real estate. Depending on the choice of the
measure of information-based trade, up to 75% of the variation in the information content in
real estate shares is related to other asset classes, pointing to the notion of high dependence.
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1. Introduction

The literature on the market microstructure discusses extensively the role of information in (financial)
markets. Beyond seminal contributions by [1] and [2] extending classical market theory to asymmetric
information, a number of empirical measures on information-based trade were developed and applied to
financial market data. While one strand of the literature relates these measures to corporate behavior,
such as investment activity or CEO turnover, the contribution of this article is to stress the empirical
observation that information-based trade relates to the market segment.

For example, [3] finds substantial differences in the information content for financials compared to
other asset classes. Moreover, asset turnover and index affiliation reveal significant differentials, as well.
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Given that industry indices in financial markets often combine real estate with other financial data, this
article relates prior findings to the real estate segment of the German market.

In order to analyze sector-specific informational asymmetries for real estate and other stocks, the four
most established types of measures on information-based trade are analyzed for a set of German mid and
small caps by comparing their temporal evolution and interdependence. Finding substantial differences
in the amount of information-based trade and liquidity in real estate shares, strong relationships with the
evolution of information-based trade in small caps, consumer sectors and particularly with financials are
determined. In general, principal components in the amount of information-based trade for real estate
and other assets range between 39% and 86% for the four measures analyzed, pointing to the notion that,
at least in the short-run, informational links are quickly spread over the whole stock market, including
real estate.

The article is organized as follows. The following Section 2 gives a brief discussion of the related
literature. Section 3 defines relevant measures of information and describes the corresponding set of
data used in the subsequent analysis. In Section 4, descriptive comparisons and intertemporal trends
are analyzed before turning to the interdependence on the level of compound and sectoral indices in
Section 5. Here, partial samples over the four quartiles of the distribution of the average amount of daily
trading volume are discussed, as well. Section 6 summarizes and gives concluding remarks.

2. Related Literature

Discussing real estate as a specific asset class is not new to the finance literature, and even before the
U.S. property market went down, the portfolio contribution of real estate was actively discussed. This
can be seen for example in [4] and [5], who published two articles with almost identical titles aiming at
the determination of the value of real estate for portfolio choice. However, the ongoing financial crisis
originating from real estate mortgages in the U.S. indicates a certain interdependence with other classes,
mitigating the role of real estate for portfolio diversification. For that reason and due to potentially
different investor preferences, many articles concentrate on modeling and optimizing.

Beyond the analysis of simple mean-variance approaches, a more general question arises: although
properties may be differentiated substantially from other assets in terms of liquidity and potentially
investors’ holding period, it is not necessarily implied that exchange listed properties will do so, as well.
The work in [4] already pointed to the notion of cycles within the contribution of real estate for portfolio
diversification. A potential reason can be found within the link between underlying and security. On
the one hand, securitized real estate may be essentially affected by the evolution of the property market
itself (perspective underlying). On the other hand, supply and demand in the securities markets could
be the main drivers for the evolution of the price and volume of real estate stocks or REITs (perspective
security). From a theoretical perspective, one could argue that these two aspects account for any real
asset being securitized and traded in financial markets. However, the ongoing debate in the financial
literature, as well as investor preferences in financial markets induce that there may exist reasons to treat
real estate as a specific asset class.

For example, [6] find that “during the 1990s, REITs began to exhibit a direct link to real estate returns,
indicating that REITs do provide portfolios with some exposure to the real estate asset class. The strength
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of this link, however, is cyclical in nature. The sensitivity of REIT returns to large cap stocks has declined
through time.”

In a subsequent study, [7] employ a variance decomposition to “show that the REIT market went
from being driven largely by the same economic factors that drive large cap stocks through the 1970s
and 1980s to being more strongly related to both small cap stock and real estate-related factors in the
1990s.” The work in [8] uses cointegration tests, which are well suited to integrate short- and long-term
evolutions. Consequently, they contribute to the discussion with the finding that public real estate stocks
follow stock markets in the short-run, but adjust to the long-run trends of private property markets.

Although their findings offer an elegant explanation for integrating different partial effects within the
literature, extreme events, such as the financial crisis, may affect some of the discovered relationships.
While market participants’ preferences and uncertainty may have changed dramatically, the financial
and economic environment have substantially changed, as well, affecting equity and property markets to
different extents. In order to prevent financial systems’ and, in some cases, state break-downs, dominant
central banks provide liquidity at historically low interest rates, intensifying demand in any market for
real assets.

The work in [9] takes up the point that the relationship between securitized real estate and other
securities could be driven by market phases and develops an adjustment procedure for portfolio selection
diversifying with real estate or other asset classes, when market phases change. Cyclical behavior in the
relationship between property markets and equity markets was found by [10], as well. “During the boom
phase, leverage and global portfolio allocation positively affected returns, while allocation to Germany
had a negative effect.” Beyond temporal and cyclical behavior, [11] extend on the work of [7] in order
to extract a common real estate factor inherent in securitized property and other securities by employing
extensive corrections.

Given that the financial literature on real estate identifies potentially several interfering cyclicalities
in securitized real estate, it is not surprising that [3] finds that measures of information-based trade vary
significantly for different industries and over different levels of corporate government elements, such as
listing standards at the stock exchange, while analyzing data for Russian financial markets.

From the perspective of informational asymmetries in financial markets, the instability within the
relationship between securitized real estate and other securities could affect information transmission
in general. Consequently, the aim of this article is to provide empirical evidence on information-based
trade in financial and equity markets by concentrating on the dominant influence of equity or of real
estate-specific factors.

3. Methodology and Data

The aim of the following section is to define the set of empirical measures used in this paper to
analyze empirical links between real estate and other asset classes. Discussing theoretical basics,
empirical characteristics and potential performance in estimating information-based trade is necessary
to understand the way data are selected and transformed for the subsequent analysis.
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3.1. Empirical Measures of Information-Based Trade

Employing classical methods of time series analysis, such as variance-decompositions,
vector-autoregressive or cointegration approaches, is straightforward for the description of informational
links between different financial assets. From the perspective of market microstructure, however,
theory provides a different set of empirical measures covering the informational content of transactions.
Assuming the availability of order book information, not just the frequency of the data departs from what
is usually necessary for classical time series methods. Any measure discussed subsequently is rooted in
a set of assumptions on informed and uninformed (liquidity) traders. Consequently, the results gained
by these measures are beyond a simple mathematical verification of what has been found before, since
they show a closer relation to economic theory.

Order book information contains price and volume combinations. Based on this observation, one
could classify measures on information-based trade to volume-based, price- (or return-) based, as well
as hybrid measures. For each of these three classes, one representative measure is employed.

Based on an ideal setting and due to its theoretical elegance, the probability of information-based
trading (PIN), derived in [12], was the perfect transaction-based information measure. However,
empirically, it is not without problems. Although a number of modifications can be employed to improve
the convergence of the likelihood function, the PIN can rarely be estimated for every observation in the
set of data. For that reason, it is proxied by the skewness in trading volume, which is available over the
whole time series and proposed in [13].

As a representative for return-/price-based measures, [14] extracts firm-specific (idiosyncratic)
variation out of the general market and industry evolution. In order to compute this statistic, return series
for each asset are regressed on the corresponding industry and market indices to collect the amount of
variation, which cannot be explained by these two variables.

Price-volume combinations are addressed by two other measures: The approach developed by [15]
can be seen as a modification of the Roll88-criterion using a return-volume combination instead of
additional information based on the market and industry evolution. Finally, the measure proposed by [16]
is often used as an indication of illiquidity in financial markets, since it covers the absolute percentage
price change per dollar of daily trading volume.

3.2. Volume

The PIN is well rooted in market microstructure theory, since it can be related to the seminal
contributions in [1] and [2]. Consequently, a large number of empirical papers borrow from the idea
proposed in [12] by enhancing the basic framework to specific applications.1

PIN =
αµ

αµ+ εs + εb
(1)

In order to compute the PIN as defined in Equation (1), the probability of information events α, as
well as the amount of uninformed order flow, εb for buy orders and εs for sell orders, and the number of

1 See [17–28] relating the PIN to corporate performance and corporate financial indicators.
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informed traders µ must be estimated. Based on further assumptions regarding the binomial and Poisson
distributions, from which uninformed and informed traders emerge, as well as the share of trading days
with negative information signals (δ), the following likelihood function is derived:

L(θ|Bt, St) = (1− α)e−εb ε
Bt
b

Bt!
e−εs

εSt
s

St!

+αδe−εb
εBt
b

Bt!
e−(µ+εs)

(µ+ εs)
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(2)
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Although [29] provide us with an improved estimation procedure for the PIN, its empirical properties
are weak. Using a set of 125 combinations of start parameters for the likelihood function, rarely more
than 50% of the set of data shows converging solutions. Given this empirical criticism, [13] uses a set of
simulated data in order to test the accuracy of different information measures and shows that skewness
in trading volume serves as the second-best proxy in terms of accuracy, while its empirical advantage
is straightforward: skewness scores are easily available over the whole range of data. The remainder of
this paper relies on skewness scores as representative for volume-based information measures.

3.3. Price

Price data are the empirical basis for the Roll88 measure. As proposed in [14], 1 − R2 is extracted
from regressing ri,t, the return on stock i, on rm,t, the market return, and rb,t, the return of a firm’s
industry index, as shown in Equation (3).

ri,t = β0 + β1 · rm,t + β2 · rb,t + εi,t (3)

Given that 1− R2 represents the share of information, which is not due to industry or market trends,
it can be interpreted as firm-specific information. While [30–37] represent only the part of the recent
literature borrowing from this measure as the information statistic, [34] or [37] use 1 − R2 to predict
firms’ future earnings.

Comparing Roll88 to the PIN and the skewness of trading volume, a disadvantage of the latter is that
it is not bound between zero and one, which is the case for the two other measures. However, only Roll88
and skewness are directly available for practical applications, while computational efforts needed for the
PIN range beyond reasonable implementations in financial markets.

3.4. Price and Volume Combined

Two forms of price-volume combinations are used: while [15] try to disentangle risk-sharing from
speculative trades, [16] uses the impact of transactions on returns.

ri,t = γ0 + γ1 · ri,t−1 + γ2 · ri,t−1 · vi,t−1 + εi,t (4)



Risks 2015, 3 578

The work in [15] assumes that “returns generated by risk-sharing trades tend to reverse themselves,
while returns generated by speculative trades tend to continue themselves.”2 After filtering a firm’s
return series for autocorrelation by means of (ri,t−1), the remaining interaction between lagged returns
and trading volume shows whether trade patterns are persistent (speculative) or mean reverting (risk
sharing). If γ2 is significant, it can be used as an indicator for the amount of information-based trade.

Although the authors perform extensive robustness tests on the measure, [13] shows some empirical
weaknesses, complementing [30], who show that 40% of daily returns are zero, suggesting that potential
market participants do not posses enough valuable information for conversion into trades. This finding
may be addressed by [16], relating the absolute percentage price change to the value of daily trading
volume. For his measure of illiquidity, he finds high correlation with the small firm effect.

3.5. Alternative Measures

It would not be difficult to find other variants of the measures outlined above in the relevant literature.
A substantial number of PIN variants are proposed for the reason that its empirical properties are not
very attractive.3 The work in [38] contributes to this strand of the literature by showing that simpler
versions of order imbalance- or volume-based measures can work equally well.

In [14], variants of the measure outlined before were extensively tested without significant
improvement of the performance of measuring informational asymmetries. While [39] focuses on
illiquidity, a broader comparison of the accuracy of information measures is provided in [13]. Based
on a set of simulated data, it is striking to note that the values calculated for the PIN measure almost
perfectly fit the simulated informational content. Overall, the difference in accuracy between PIN and
Roll88 amount to a range of 15% to 40%. Even though some extent of these differences and the high
ratio of convergence may be due to the simulation technique, one general finding of the paper is that
an isolated analysis of price-based measures may lack substantial informational content in securities’
informativeness. In general, it would be useful to use PIN or its proxy skewness and Roll88 as
complements rather than substitutes.

3.6. Sample Selection

Given the empirical requirements defined in the antecedent section, comparable data on real estate
and other stocks must be obtained to analyze the informational relationship between different asset
classes. In order to obtain an almost complete picture on German real estate stocks, the constituent list
of the DIMAXwas used as a starting point. Since 1995, the German private bank Ellwanger & Geiger,
specializing in real estate and investment banking, has calculated the DIMAX. With 66 constituents (31
December 2014), the index covers nearly the complete set of German real estate stocks. Due to the fact
that daily data are collected from Thomson Reuters Datastream over the period from 1 January until 31
December 2014, constituent adjustments during this period are tracked. Consequently, the total number

2 See [15], Abstract.
3 e.g., [40], [41] or [42].
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of real estate stocks in the set of data amounts to 80, since a number of titles, which left the index (e.g.,
due to mergers or delistings), were re-added to accomplish the picture of the real estate segment of the
stock market.

According to [43], less than 5% of the representative worldwide investable market portfolio accounts
for real estate, and the amount of average daily trading volume in real estate stocks remains significantly
below the range of market liquidity for Apple, IBM or other blue chips; reasonable comparisons between
real estate and other stocks should rather focus on the mid cap and small cap segment of the market.
For German exchanges, this segment is represented by the constituents of the MDAX and the SDAX
balancing the sample to a total number of 164 titles.

Except for the PIN, all discussed empirical measures are based on volume and price. Time series of
these two figures come from the number of daily trading volume (in thousands of shares), as well as the
total return series, which are modified stock prices due to dividend payments and stock splittings.

For [14], idiosyncratic return series need to be complemented by market indices, as well as
sector-specific indices. Since it is beyond the scope of this article, and as Roll shows, discussing
the choice of the market portfolio does not contribute in this context. Consequently, it is assumed
that DIMAX, MDAX and SDAX are well-suited market portfolios for the specific segments, and
sector-specific return evolutions are tracked by means of respective DAX supersector indices.4

All time series on prices, indices and volume were transformed to logarithmic values to rule out
statistical effects due to the level of the figures in the set of data. For that reason, some average scores
may amount to negative values. To omit missing values for days when the trading volume was zero, an
insignificant constant (0.00000255) was consistently added to the number of daily trading volume.

Instead of computing the measures on information-based trading over the entire period of time,
rolling subsamples of 30 trade days were used. From a statistical point of view, these time frames
of approximately 1.5 months generate a computational minimum of observations for the calculus. From
the point of view of the nature of information-based trade, informational advantages in financial markets
are rather short-lived, justifying time frames as short as possible.

4. Descriptive Analysis and Intertemporal Evolution

Based on the data from January 2010 until December 2014, descriptive statistics on total returns and
the amount of trading volume are depicted in Table 1.

4 Clearly, the choice of an appropriate market portfolio is actively discussed in the literature, particularly in the field of
portfolio optimization. However, again, it must be noted that [14] shows that this aspect does not contribute regarding his
information criterion.
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Table 1. Descriptive statistics sample.

Measure n Return Volume

Real Estate 80 0.0037 7.2397
(0.0370) (5.4321)

MDAX 39 0.0009 24.6240
(0.0124) (14.5617)

SDAX 43 0.0008 6.8527
(0.0088) (4.7077)

Basic Materials 9 0.0005 3.5188
(0.0125) (2.4327)

Consumer Goods 16 0.0011 7.4479
(0.0111) (9.0829)

Consumer Services 16 0.0008 60.5713
(0.0097) (40.5200)

Industrials 28 0.0008 114.1383
(0.0132) (108.9053)

IT 3 0.0007 1.6819
(0.0139) (2.1285)

Pharma & Health 4 0.0006 3.8218
(0.0113) (7.1063)

Financials 9 0.0008 2.8203
(0.0084) (1.6357)

The table presents descriptive statistics on total returns and the amount of trading volume. The first
column gives the names of the different market segments for which column 2 indicates the numbers of
respective constituents. Daily returns and volume information were averaged for each market segment.
For these conditional average returns and volumes, Columns 3 and 4 show means and standard deviations
(in parentheses).

For each index and industry sector, the second column of the table gives the numbers of the respective
constituents as listed to the end of 2014. Due to this form of presentation, the figures in the first three
rows only amount to 162, and not to 164, as indicated in the antecedent section. Within the period from
2010 until 2014, two companies switched their index classification to the DAX. The lower rows of the
column rely on industry classification, which should not change dramatically over time. For that reason,
Column 2 for the lower rows can be added to 80 real estate shares to sum to 164 titles.

Comparing daily mean returns, non-real estate shares yield from 0.05% per day for the average
investment in the basic materials sector up to 0.11% per day for companies offering consumer goods.
Based on a standard deviation of only 0.0084, financials show the least intra-industry variation in
returns. Given these comparables, it is striking to note the over-performance of real estate investments,
documented by average returns at about 0.37%. This finding is not surprising given the ongoing financial
crisis, since it is frequently discussed that German investors relocate their funds to real estate due to low
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interest in fixed-income assets and concerns about rising inflation rates over the long run. Lacking the
possibility to short real estate and since the supply side can only adjust in the long-term, the market for
real estate investments is rather demand driven. These rates may only mirror observations in German
rental rates, particularly in core markets. Although the subset of real estate shares amounts to almost one
half of the set of data, differential return dynamics do not cancel each other out. Standard deviations in
the real estate sector are substantially higher than in other asset classes.

The return and volume series aggregated in Table 1 are used to calculate skewness coefficients for the
amount of daily trading volume, the Roll, as well as the Llorente information measure and the Amihud
illiquidity coefficient for rolling windows of 30 trading days. Aggregate figures are presented in the
following Table 2.

Table 2. Overview of information measures.

Measure Skewness Roll Llorente Amihud

Real Estate 0.5254 0.1103 3.5702 3.6739
(0.2916) (0.0225) (35.7714) (0.3332)

MDAX −1.5438 0.3973 0.0000 −6.1257
(0.8445) (0.1089) (0.0025) (0.6868)

SDAX −1.3218 0.2197 −0.0001 −2.9633
(0.3881) (0.0770) (0.0007) (0.6097)

Basic Materials −1.3560 0.3917 −0.0003 −4.8689
(0.9129) (0.0951) (0.0009) (0.7407)

Consumer Goods −1.3937 0.2541 −0.0001 −4.6909
(0.6432) (0.0820) (0.0011) (0.7357)

Consumer Services −1.1604 0.2635 0.0003 −3.7287
(0.5407) (0.0846) (0.0043) (0.6756)

Industrials −1.5926 0.3664 0.0000 −5.5809
(0.7380) (0.1202) (0.0015) (0.7374)

IT −1.6804 0.3077 −0.0002 −3.1368
(0.8041) (0.1084) (0.0008) (0.9215)

Pharma & Health −1.0197 0.2934 −0.0001 −3.4399
(0.7949) (0.0950) (0.0008) (1.3123)

Financials −1.6095 0.2375 0.0001 −3.8645
(0.6656) (0.0862) (0.0006) (0.6895)

The table presents descriptive statistics of four measures related to information-based trade. The first column
gives the names of the different market segments. The following columns depict means and standard
deviations (in parentheses) over the four information measures (skewness in volume, the Roll and Llorente
information measures, Amihud illiquidity coefficient).

Relying particularly on the first three double rows of the table, comparing real estate to the MDAX and
SDAX figures reveals substantial differences according to any measure used in this article. While mean
skewness coefficients of trading volume in real estate stocks exhibit positive coefficients (right-skewed),
all remaining asset classes are left-skewed. The table shows lower skewness coefficients for mid caps
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compared to small caps. Sector-specific values for IT, industrial and financial stocks yield the lowest
coefficients. This finding is nontrivial, since banks, insurance companies and other financials are often
bound with real estate to one industry index. Splitting financial services and real estate companies, which
was necessary for the analysis conducted in this article, reveals opposing trends within one sectoral index
of the DAX family.

The following column on the Roll information measure offers figures on informational content,
which can be interpreted as follows. Over the whole period of analysis, the highest idiosyncratic return
variation, which is the Roll proxy for informational content in the return distribution, is found for mid
caps with 39.73% on average. Return variation in small caps is explained to a greater extent by their
market- and sector-specific trends. Here, the average Roll score only yields up to 21.97%. The least
figures are determined for real estate stocks. The probability for information-based trade tends to be only
one quarter as in comparable mid caps titles. Roll coefficients are aggregated to 11.03% on average.

Given the Roll information measure, similarities between real estate and financials are stronger.
The average Roll score for financials is among the least values for non-real estate asset classes,
supporting the empirical findings for Russian stocks in [3].

While exploding Llorente coefficients for real estate in comparison to other asset classes are quickly
described, the last column with Amihud illiquidity coefficients can be easily linked to the findings in the
Roll column. Note that negative values for the Amihud figures do not point to negative illiquidity. These
figures are due to the logarithmic transformation of original data.

Observing the least values for mid caps and industrials is reasonable, since stocks joining the MDAX
show substantially higher trading intensity than non-indexed or SDAX titles. Real estate stocks account
for the highest illiquidity coefficients. Systematically higher liquidity premia in the real estate sector
may relate to lower Roll scores, because they may generate higher covariation with the market trend.
Finding the second-lowest Roll scores mirrored by the second-highest Amihud coefficients lends more
support to this argument.

After analyzing aggregate statistics over the whole period of analysis, the following figures give more
precise insight into the temporal evolution of information-based trade.

Figures 1 through 4 again verify substantial differences in the amount of information-based trade
between real estate and other assets. Analyzing the temporal evolution of the measures, Figure 2 reveals
an effect that replicates to some extent over the other figures, as well. As [44] assume, the information
content for every asset class is time varying.

Moreover, the figures shows similar trends over the assets. Raising (decreasing) lines in the MDAX
and SDAX series are accompanied by raising (decreasing) lines for real estate. Although the amount of
information-based trade differs substantially over asset classes, an impression of covariation emerges,
given that similar observations may be made for the other measures, as well. This finding points to the
need for analyzing the interdependence among the measures for different asset classes to determine
potential information links. In this respect, this article contributes to the literature implementing
volatility spillovers in returns to track information flows in financial markets by a complementary
methodological approach.
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Figure 1. Estimates of rolling window skewness coefficients. The figure is a graphical
representation of rolling window skewness coefficients averaged for the sub-samples of real
estate stocks, as well as the constituents of the MDAX and the SDAX.

Figure 2. Estimates of rolling window roll information measures. The figure is a graphical
representation of rolling window Roll information measures averaged for the sub-samples of
real estate stocks, as well as the constituents of the MDAX and the SDAX.
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Figure 3. Estimates of rolling window Llorente information measures. The figure is a
graphical representation of rolling window Llorente information measures averaged for the
sub-samples of real estate stocks, as well as the constituents of the MDAX and the SDAX.

Figure 4. Estimates of rolling window Amihud illiquidity coefficients. The figure is a
graphical representation of rolling window Amihud illiquidity coefficients averaged for the
sub-samples of real estate stocks, as well as the constituents of the MDAX and the SDAX.
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5. Interdependence

As discussed in Section 2, a large body of empirical literature discusses whether real estate stocks
either follow the evolution of the general stock market or the property market. In order to analyze the
interdependence between real estate and other asset classes, for each information measure, pairwise
correlation coefficients between two asset classes are depicted in Tables A1 through A4 in the Appendix.

To compute 0.3299 as the correlation coefficient between real estate and MDAX shares in Table A1
(Appendix), for each point in time, skewness scores are calculated over all real estate shares. This time
series of mean skewness in real estate volume is consequently correlated to the mean skewness in MDAX
shares. Based on Table A1 with correlation coefficients in the skewness in volume, it is striking to note
that high significance is broadly spread over the sample. Most important for the analysis of real estate in
comparison to other asset classes is the first interior column of the table.

Although all correlation coefficients are significant at the 1% level, correlation with IT (0.1172)
amounts to only one quarter of the corresponding value for consumer goods. Based on these values
on skewness, it seems well justified to put real estate close together with financial assets. The correlation
coefficient between financials and real estate yields 0.4224, surpassing any other sector-specific
correlation coefficient.

Within the upper section of the table, it is not surprising to see that real estate not only correlates with
other sectors, but also with compound indices. Comparing correlation with MDAX and SDAX points to
the notion that real estate shares behave rather like small caps instead of mid caps.

While Tables A2 (Appendix) and A4 (Appendix) indicate similar, but in quantitative terms, even
stronger correlations, correlation coefficients given in Table A3 (Appendix) remain insignificant in the
first interior column. As the Llorente measure is seen as controversial in the literature, this finding does
not necessarily weaken the correlations determined by means of the other three measures. Nevertheless,
the tables indicate a substantial amount of correlation between other sectors, as well. In order to come
closer to answering the question “what drives dynamics in informational content in real estate stocks?”,
heteroskedasticity robust linear regressions with standardized values are estimated on the compound
index and the industry index level.

Table 3 presents us not only with comparable statistics on the indices, but with comparable figures on
information measures. Given the criteria for the goodness of fit for the models in general, the regression
in Roll outperforms with an AIC of round −6957. As the adjusted R2 indicates with 0.5115, more than
half of the variation in the mean Roll variance can be attributed to MDAX and SDAX informational
dynamics. Comparing the two standardized coefficients of 0.0787 and 0.6465, it becomes clear that
a substantial part of the covariation originates from small cap dynamics. The impact of a 1% change
in mean SDAX informational content is almost nine-times as large as the comparable impact for mean
MDAX.

The regressions for Amihud, skewness and Llorente lend support to this finding in specific ways.
While the second-best performing model, Amihud, only differs in terms of criteria on the goodness of
fit and the relative size of standardized regression coefficients, the skewness regression reveals adverse
effects in MDAX and SDAX. Given the negative coefficient for mean MDAX in the Llorente regression,
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support can be found for the adverse effect in the skewness regression. In general, all regressions reveal
a stronger impact of informational content in SDAX to real estate than in MDAX.

Table 3. Regression compound index level.

Measure Skewness Roll Llorente Amihud

Dependent Real Estate Real Estate Real Estate Real Estate
MDAX −0.2981 0.0787 0.0166 0.1945

(0.0000) (0.0670) (0.1690) (0.0000)

SDAX 0.7250 0.6465 −0.0296 0.6297
(0.0000) (0.0000) (0.0090) (0.0000)

adj.R2 0.2389 0.5108 −0.0008 0.6081
AIC 130.955 −6956.663 10,707.66 −375.0091
VIF 4.00 3.79 1.02 2.03

The table presents results over four heteroskedasticity robust linear regressions. For each information
measure, index-/sector-specific means are calculated. Based on the assumption that the general stock market
drives real estate dynamics, real estate mean values are used as dependent variables, with MDAX and
SDAX means as independent variables. The upper double rows indicate standardized regression coefficients,
followed by p-values in parentheses. In the lower part of the table, regression statistics, such as adjusted R2,
the Akaike Information Criterion (AIC) and variance inflation factors, are shown.

Sector-specific regressions are shown in Table 4. Again, Roll regressions show the best model
performance, while Llorente regressions failed on the sector level. The interior fields of the table reveal
an unbalanced set of independent variables, due to the reason that the table only contains consolidated
information on fitted regressions. Starting with fully-parametrized models, insignificant explanatory
variables are excluded. Moreover, in order to avoid multicollinearity, variable-specific variance inflation
factors are analyzed. Explanatory variables surpassing a VIFof 5.0 are excluded, as well, although they
have shown significance in previous regressions.

As the lower rows of the table show, the sector-specific regressions show slightly better goodness
of fits as the previous regressions. Comparing combined regressions with the correlation tables, the
importance of the financial sector and both consumer sectors is supported. However, combining
and standardizing within information measure-specific regressions reveal their relative importance and
nature. In particular, skewness in volume reveals negative impacts originating from the financial sector,
while the pairwise correlation coefficient is positive, and the corresponding Roll and Llorente coefficients
are positive, as well.

In order to analyze interdependence from other empirical perspectives, the remainder of this section
employs principal components and tests on specific sub-samples of the data. First, for each measure of
information-based trade, principal components are extracted out of all non-real estate mean time series
and then correlated with the real estate mean series. Table 5 reports on the results.
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Table 4. Regressions, industry level.

Measure Skewness Roll Llorente Amihud

Dependent Real Estate Real Estate Real Estate Real Estate
Basic −0.2298

Materials (0.0670)

Consumer 0.3861 0.2671 0.4692
Goods (0.0000) (0.0000) (0.0000)

Consumer 0.1599 0.3280 −0.3658
Services (0.0000) (0.0000) (0.0000)

Industrials −0.3508 0.6459
(0.0000) (0.0000)

IT 0.0952
(0.0000)

Pharma & −0.0865
Health (0.0000)

Financials 0.3207 0.3391 0.3081
(0.0000) (0.0000) (0.0000)

adj. R2 0.2407 0.6186 0.7344
AIC 129.9849 −7270.865 −867.6107
VIF 2.89 3.49 3.18

The table presents results over four heteroskedasticity robust linear regressions. For each information
measure, index-/sector-specific means are calculated. Based on the assumption that the general stock market
drives real estate dynamics, real estate mean values are used as dependent variables, with means of basic
materials, consumer goods, consumer services, industrials, IT, pharma and healthcare, as well as financials
as independent variables. The upper double rows indicate standardized regression coefficients, followed by
p-values in parentheses. In the lower part of the table, regression statistics, such as adjusted R2, the Akaike
Information Criterion (AIC) and variance inflation factors, are shown.

Table 5. Principal component correlations.

Measure Skewness Roll Llorente Amihud

Principal 0.3910 0.7100 0.8640 0.7180
Component (0.0000) (0.0000) (0.0000) (0.0000)

The table gives correlation coefficients followed by their p-values in parentheses. Principal components of
mean information criteria are extracted out of all non-real estate sectors and then correlated to the mean
information criterion for real estate stocks.

Correlations between the principal components of real estate and other assets amount to more
than 70% for the Roll, the Llorente and the Amihud measure. Even the lowest interdependence,
which is found in the skewness correlation, yields more than 39%, supporting the notion of
strong interdependence.
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Second, all stock time series are split into the four quartiles of the distribution of average daily trading
volume to determine whether the sector-specific differentials in the amount of daily trading volume
relateto the results found before. The distribution of real estate, MDAX and SDAX constituents is given
in the following Table 6.

Table 6. Quartile distribution of real estate, MDAX and SDAX.

Index Real Estate MDAX SDAX

Q1 36 0 4
(45%) (0%) (0%)

Q2 24 7 12
(30%) (18%) (28%)

Q3 12 14 14
(15%) (36%) (33%)

Q4 8 18 13
(10%) (46%) (30%)

n 80 39 43

The table presents the numbers of the constituents of real estate, MDAX and SDAX, sorted by the four
quartiles of the average number of daily trading volume.

Table 7 reports quartile-specific summary statistics on the four quartiles, which need to be compared
to the summaries in Table 2. In the overall view, skewness, Llorente and Amihud scores are substantially
higher for real estate, while the corresponding Roll measure shows lower amounts of information-based
trade. Except for the Llorente measure, this general trend can be supported by analyzing the quartile
figures. Although the specific figures differ between Quartiles 1 through 4, the distances between
real estate, MDAX and SDAX averages remain roughly stable. Table 8 differentiates the notion of
correlation over the four quarters of the sample. Again, except for the Llorente measure, correlation
remains highly significant over the whole sample. Moreover, within the correlations for the Roll measure,
higher amounts of trading volume tend to increase the dependence between real estate and other assets.
In Quarter2, the correlation between real estate and the MDAX yields only 0.3579 in Quartile 2 and
amounts to 0.7168 in Quartile 4 (stocks with the highest trading volume). Correspondingly, in SDAX
0.2114 in Quartile 1 raises to 0.7743 in Quartile 4.
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Table 7. Quartile descriptive statistics of real estate, MDAX and SDAX.

Skewness Roll
Real Estate MDAX SDAX Real Estate MDAX SDAX

Q1 2.9899 - −0.8750 0.0706 - 0.1546
(0.4211) (-) (0.4835) (0.0170) (-) (0.0773)

Q2 0.4041 −0.4259 −0.3024 0.0885 0.2016 0.1506
(0.3256) (1.1212) (0.3329) (0.0222) (0.1022) (0.0504)

Q3 −1.4182 −1.9650 −1.8539 0.1763 0.3717 0.1997
(0.3411) (0.5506) (0.3774) (0.0592) (0.1164) (0.0853)

Q4 −1.8297 −1.3788 −1.6604 0.2067 0.4487 0.3042
(0.6749) (1.2772) (1.0235) (0.0717) (0.1191) (0.1010)

Llorente Amihud
Real Estate MDAX SDAX Real Estate MDAX SDAX

Q1 7.7318 - −0.0003 7.9384 - −1.1694
(77.2151) (-) (0.0003) (0.2363) (-) (1.6976)

Q2 −0.0024 0.0011 0.0000 3.4078 −0.3455 0.7080
(0.1044) (0.0071) (0.0002) (0.6627) (3.1162) (0.8620)

Q3 −0.0002 −0.0002 0.0000 −2.3762 −5.5019 −3.4542
(0.0010) (0.0006) (0.0005) (0.8137) (0.7987) (0.7173)

Q4 0.0000 −0.0002 −0.0001 −4.6706 −7.5286 −5.7146
(0.0033) (0.0015) (0.0018) (0.8894) (0.6996) (0.6997)

The table presents means and standard deviations in parentheses over the four volume quartiles of the sample
for real estate, MDAX and SDAX.

Table 8. Quartile correlations of real estate, MDAX and SDAX.

Measure Q1 Q2 Q3 Q4

Skewness MDAX - 0.4302 *** 0.1309 *** 0.7579 ***
Skewness SDAX 0.4825 *** 0.5738 *** 0.4608 *** 0.7853 ***

Roll MDAX - 0.3579 *** 0.6327 *** 0.7168 ***
Roll SDAX 0.2114 *** 0.3869 *** 0.6362 *** 0.7743 ***

Llorente MDAX - −0.0502 0.0802 0.1232 ***
Llorente SDAX 0.0522 −0.0319 0.0076 0.2334 ***
Amihud MDAX - −0.0568 ** 0.4994 *** 0.4892 ***
Amihud SDAX 0.8492 *** 0.3986 *** 0.6616 *** 0.6102 ***

The table presents correlation coefficients for the information measure between real estate and MDAX/SDAX
over the four volume quartiles. For each correlation coefficient in the table, significance at the 10% level is
indicated by one asterisk, while significance at the 5% and 1% levels is indicated by two and three asterisks,
respectively.
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A small number of real estate stocks is indexed as constituents of MDAX (seven titles) and SDAX
(five titles). Given that Table 6 shows that real estate shares concentrate in the lower ranges of trading
volume, potential size effects need to be analyzed, as well. While the correlations discussed before are
based on means over the complete set of all 80 real estate stocks, the results in Table 9 are based on
subsamples. Mean information scores for real estate as MDAX and SDAX constituents are computed
separately from the remaining real estate titles. Then, the real estate constituents’ mean series are
correlated to the mean series of the remaining real estate titles, as well as the corresponding mean figures
for the other index constituents.

Although the remaining real estate stocks, as well as index series significantly correlate with most
constituent real estate titles, the table reveals the dominant influence of the general stock market on real
estate shares. For example, the first interior row of the table reveals that the correlation of constituent real
estate with the MDAX information score is nearly ten-times as large as with the remaining real estate
sample. Beyond the information given in the table, one could also implement this procedure of analysis
as a filter and interpret correlations between the remaining set of real estate stocks to the general MDAX
and SDAX series. Except for the Llorente information measure, highly significant (1%) correlations are
found, indicating the robustness of the results discussed before against potential size effects.

Table 9. Correlations of real estate as constituents of MDAX and SDAX.

Measure Remaining
Real Estate MDAX SDAX

Skewness MDAX 0.0567 *** 0.5477 *** -
Skewness SDAX 0.3436 *** - 0.2919 ***

Roll MDAX 0.4560 *** 0.7095 *** -
Roll SDAX 0.5975 *** - 0.7573 ***

Llorente MDAX 0.0102 0.1248 *** -
Llorente SDAX 0.1366 ** - −0.1625 ***
Amihud MDAX 0.6219 *** 0.5189 *** -
Amihud SDAX −0.0265 - 0.3889 ***

The table presents correlation coefficients for the information measures by separating real estate stocks,
which are constituents of MDAX and SDAX, from the rest of the sample. Mean information measures
for indexed real estate stocks are correlated with the mean information measure remaining of the remaining
real estate stocks, as well as the corresponding mean index score. For each correlation coefficient in the
table, significance at the 10% level is indicated by one asterisk, while significance at the 5% and 1% levels is
indicated by two and three asterisks, respectively.

6. Conclusions

Aiming at the discovery of informational links in the evolution of real estate and other assets in
financial markets, four established, market microstructure measures on information-based trade and
illiquidity are applied to a set of real estate, mid and small caps in German exchanges. Given the specific
return and volume developments over the last five years, measures computed for MDAX, as well as
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SDAX constituents are compared to German real estate stocks, yielding substantially lower amounts of
information-based trade, which may be linked to higher liquidity premia and longer investment horizons.

From the perspective of market microstructure, the results can be interpreted, on the one hand, as
indicators for lower amounts of information production for real estate shares. On the other hand,
however, further studies may concentrate on the balance between liquidity traders and informed traders in
a multi-market setup, as analyzed by [45]. When shares are traded at comparable exchanges, informed
traders may relocate to the market place with the highest potential to camouflage their trades behind
liquidity traders.

From the perspective of portfolio selection, the study reveals specific characteristics of real estate
shares for diversifying portfolio risk. The general findings are robust to the separation of MDAX and
SDAX constituents into their respective sector indices, as well as into the four quartiles of trading
volume. Moreover, the results on German stocks mirror comparable approaches for Russian stocks,
where [3] finds that financials (including real estate) yield the lowest probabilities for information-based
trade. While analyzing real estate separately from financial assets, this article also reveals that
information-based trade in financial assets is the second lowest.

As indicated by [44], the relationships between real estate stocks and other financial assets may be
time varying. For that reason, the evolution of information-based trade for each measure is tracked and
compared between real estate and other financial assets. A significant correlation between real estate and
other stocks is widely spread over the whole sample for three out of the four measures.

Moreover, regressing standardized information coefficients for MDAX and SDAX on real estate
coefficients reveals the relative importance of the mid and small cap segment of the market. Except
for Llorente, all regressions reveal the significant influence of stock market evolutions on real estate.
Comparing standardized betas shows that the link between real estate and other stocks is substantially
stronger, concentrating on small caps instead of mid caps. On the level of industry sectors, real estate
shows the closest links to shares of financial companies. Nevertheless, it assumes influences originating
from consumer goods and services, as well. Based on the regressions, the general conclusion emerges
that up to three quarters of the amount of information-based trade in real estate stocks relate to the
evolution of other asset classes.

For future research, two potential extensions are straightforward. First, [37] use measures of
information-based trade in relation to the investment behavior of U.S. companies. Following this
approach by collecting additional information on balance sheets and investment activity in the sample
would allow one to relate their findings (1) to the German market and (2) to differential market segments,
but this would broaden the scope of this article extensively.

Second, U.K. and U.S. markets for real estate shares are believed to be developed to a higher
extent compared to other countries. Therefore, it would be interesting to know whether the results
determined for Russian shares in other articles and for German shares in this article replicate for
Anglo-Saxon markets. Moreover, this would allow one to complement recent literature contributions,
which analyze variations in information asymmetries over the business cycle by means of well-founded
market microstructure measures.
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Appendix

Table A1. Skewness in trading volume correlations between several asset classes.

Correlation Roll Real Estate MDAX SDAX Basic Mat ConsGoods Cons Serv Indust IT Pharma/Health Fin

Real Estate 1
MDAX 0.3299 *** 1
SDAX 0.4668 *** 0.8662 *** 1

Basic Materials 0.3001 *** 0.9211 *** 0.8087 *** 1
Consumer Goods 0.4037 *** 0.8848 *** 0.8206 *** 0.7854 *** 1
Consumer Services 0.3357 *** 0.8180 *** 0.8528 *** 0.7596 *** 0.6832 *** 1
Industrials 0.2906 *** 0.9524 *** 0.8653 *** 0.8478 *** 0.8219 *** 0.7526 *** 1
IT 0.1172 *** 0.2660 *** 0.2764 *** 0.2631 *** 0.1855 *** 0.2635 *** 0.1844 *** 1
Pharma and Health 0.1942 *** 0.6876 *** 0.6366 *** 0.6884 *** 0.5612 *** 0.6287 *** 0.6545 *** 0.0060 1
Financials 0.4224 *** 0.6948 *** 0.7427 *** 0.5924 *** 0.6133 *** 0.5491 *** 0.6353 *** 0.1721 *** 0.3990 *** 1

The table presents pairwise correlation coefficients for the skewness in trading volume computed between
combinations of asset classes. Rolling window skewness coefficients are computed and averaged for each
asset class. Resulting asset class averages are correlated. For each correlation coefficient in the table,
significance at the 10% level is indicated by one asterisk, while significance at the 5% and 1% levels is
indicated by two and three asterisks, respectively.
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Table A2. Roll measure correlations between several asset classes.

Correlation Roll Real Estate MDAX SDAX Basic Mat Cons Goods Cons Serv Indust IT Pharma/Health Fin

Real Estate 1
MDAX 0.6335 *** 1
SDAX 0.7141 *** 0.8582 *** 1

Basic Materials 0.4494 *** 0.8760 *** 0.7156 *** 1
Consumer Goods 0.7307 *** 0.8307 *** 0.9049 *** 0.6255 *** 1
Consumer Services 0.7294 *** 0.8460 *** 0.9241 *** 0.6715 *** 0.8460*** 1
Industrials 0.6205 *** 0.9742 *** 0.9025 *** 0.8300 *** 0.8290 *** 0.8494 *** 1
IT 0.4640 *** 0.7787 *** 0.6136 *** 0.7393 *** 0.5674 *** 0.6078 *** 0.7099 *** 1
Pharma and Health 0.5256 *** 0.6107 *** 0.6647 *** 0.4996 *** 0.5932 *** 0.6140 *** 0.5953 *** 0.5361 *** 1
Financials 0.7220 *** 0.8034 *** 0.9078 *** 0.6536*** 0.8138 *** 0.8020 *** 0.8280 *** 0.5541 *** 0.6295 *** 1

The table presents pairwise correlation coefficients for the Roll measure on information-based trade computed
between combinations of asset classes. Rolling window Roll measures are computed and averaged for each
asset class. Resulting asset class averages are correlated. For each correlation coefficient in the table,
significance at the 10% level is indicated by one asterisk, while significance at the 5% and 1% levels is
indicated by two and three asterisks, respectively.
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Table A3. Llorente measure correlations between several asset classes.

Correlation Roll Real Estate MDAX SDAX Basic Mat Cons Goods Cons Serv Indust IT Pharma/Health Fin

Real Estate 1
MDAX 0.0103 1
SDAX −0.0239 0.1282 *** 1

Basic Materials 0.0689 0.2984 *** 0.3269 *** 1
Consumer Goods −0.0217 0.1805 *** 0.5548 *** 0.2172 *** 1
Consumer Services 0.0013 0.8654 *** 0.0898 *** 0.0495 0.0273 1
Industrials 0.0059 0.3821 *** 0.5928 *** 0.2584*** 0.2370 *** 0.1582 *** 1
IT −0.0009 0.4215 *** 0.2569 *** 0.0732 0.2064 *** 0.1544 *** 0.3579 *** 1
Pharma and Health 0.0000 0.3939 *** 0.2067 *** 0.1796 * −0.0117 0.1385 ** 0.2131 *** 0.2171 ** 1
Financials −0.0269 0.0894 ** 0.5099 *** 0.2848 *** 0.3271 *** −0.0460 0.2031 *** 0.0180 0.0753 1

The table presents pairwise correlation coefficients computed for the Llorente measure on information-based
trade computed between combinations of asset classes. Rolling window Llorente measures are computed and
averaged for each asset class. Resulting asset class averages are correlated. For each correlation coefficient
in the table, significance at the 10% level is indicated by one asterisk, while significance at the 5% and 1%
levels is indicated by two and three asterisks, respectively.
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Table A4. Amihud illiquidity correlations between several asset classes.

Correlation Roll Real Estate MDAX SDAX Basic Mat Cons Goods Cons Serv Indust IT Pharma/Health Fin

Real Estate 1
MDAX 0.6428 *** 1
SDAX 0.7682 *** 0.7120 *** 1

Basic Materials 0.6142 *** 0.9053 *** 0.7255 *** 1
Consumer Goods 0.7342 *** 0.5033 *** 0.8064 *** 0.3877 *** 1
Consumer Services 0.5559 *** 0.8022 *** 0.8456 *** 0.7436 *** 0.6232 *** 1
Industrials 0.6788 *** 0.9458 *** 0.7224*** 0.8984 *** 0.4622 *** 0.6854 *** 1
IT 0.2086 *** 0.5006 *** 0.3898*** 0.5525 *** −0.0071 0.4176 *** 0.4643*** 1
Pharma and Health 0.3301 *** 0.7061*** 0.5392 *** 0.7287*** 0.2390 *** 0.5939 *** 0.6946 *** 0.4580*** 1
Financials 0.5985 *** 0.5265 *** 0.8061 *** 0.4878 *** 0.6980 *** 0.7724 *** 0.4116 *** 0.2856 *** 0.2371 *** 1

The table presents pairwise correlation coefficients for the Amihud illiquidity coefficient computed between
combinations of asset classes. Rolling window Amihud coefficients are computed and averaged for each asset
class. Resulting asset class averages are correlated. For each correlation coefficient in the table, significance
at the 10% level is indicated by one asterisk, while significance at the 5% and 1% levels is indicated by two
and three asterisks, respectively.
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