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Given the high cost of developing and implementing data standards such as eXtensible Business Reporting
Language (XBRL), it is critical to assess their influences before they are adopted on a large scale. The European
Parliament has voted for the new Transparency Directive that calls for the mandatory preparation of annual
business performance reports in a single electronic reporting from January 1, 2020 based on a cost–benefit
analysis by European Securities andMarkets Authority (ESMA), with due reference to current and future techno-
logical options such as XBRL. Regulators in many other jurisdictions such as Canadian Securities Administrators
are also assessing the costs and benefits from XBRL adoption. This paper informs such analysis by examining
whether the expected benefit of information asymmetry reduction is realized through XBRL adoption in a
European context. XBRL adoption among European non-financial firms is found to significantly increase market
liquidity and thus reduce information asymmetry. The association is stronger for larger firms that have sufficient
resources and expertise to properly implement the technology. The empirical findings also suggest that the
association is stronger for non-high-technology firms whose financial statements affected by XBRL are more
reliant upon by investors. Based on these findings, XBRL evidences a viable option as an electronic reporting
format with effective implementation for businesses.
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1. Introduction

With the advent of new forms of information technology (IT) such as
eXtensible Business Reporting Language (XBRL), practitioners and
academics face renewed challenges in measuring the impact and
business value of IT [61]. In essence, XBRL is an IT data standard that
provides an identifying tag for financial facts, such as total sales, to cre-
ate an unambiguousway to identify and compare business performance
of one company to another [33]. Ranked as one of top ten technologies
for business professionals by the American Institute of Certified Public
Accountants [55], XBRL has piqued mounting attention of a variety of
regulators [65]. Many XBRL jurisdictions such as Belgium, Chile, China,
Denmark, India, Israel, Japan, Luxembourg, Singapore, South Korea,
and Spain have mandated its adoption [46]. In 2009, for instance, the
U.S. Securities and Exchange Commission mandated the adoption of
XBRL and contended that the technology has the potential to reduce in-
formation asymmetry [11]. In 2013, the European Parliament voted for
the new European Union (EU) Transparency Directive on the harmoni-
zation of transparency requirements in relation to information about
nm.edu (X.(R.) Luo),
issuers whose securities are admitted to trading on a regulated market.
The Directive calls for a harmonized electronic format for reporting to
facilitate accessibility, analysis and comparability of annual financial
reports by 2020 after a cost–benefit analysis has been undertaken by
European Securities and Markets Authority (ESMA) with due reference
to current and future technological options, such as XBRL. Furthermore,
regulators in many other jurisdictions such as Canadian Securities
Administrators are also assessing the costs and benefits from XBRL
adoption [46]. Given the high cost of developing and implementing
data standards such as XBRL and their significant impact [70], it is criti-
cal to assess their influences before they are adopted on a large scale.

Empirical studies of XBRL adoption impact have revealed mixed
findings. Though [69] finds a significant negative association between
XBRL adoption and information asymmetry in the Korean stockmarket,
some research [11,15,68] shows a significant positive relation between
XBRL adoption and information asymmetry as reflected by higher
abnormal bid-ask spread after XBRL mandate in the U.S. While [49]
reveals that the mandatory XBRL adoption among firms listed in
the U.S. has led to increased analyst following and forecast accuracy,
[47,50] disclose that the uncertainty related to XBRL, such as informa-
tion errors, has decreased analysts' forecast accuracy and increased
cost of capital among Chinese firms in an economy with relatively
weak public information on listed firms. Departing from the Asian and
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American context, there is a paucity of further fathoming the potential
impact of XBRL vis-à-vis information asymmetry from a European
perspective. Since accounting information systems and technologies
are an important part of the fabric of organizational life and thereby
need to be evaluated in a wider environmental context [13], findings
from samples outside the EU spectrum may not accurately inform
potential impact of XBRL among EU members.

In a bid to further advance this line of research, this study investi-
gates whether the adoption of XBRL has reduced the information asym-
metry with European evidence from the Belgian stock market. Belgium
is one of the leading EU countries that havemandated XBRL for financial
reporting. The filing of non-financial registered companies' annual
reports in XBRL format has been mandatory from April 2007 as per
the National Bank of Belgium. A KPMG study [20] reveals that filing
fees for companies using XBRL have been reduced by 35% for small
medium Belgian companies and that the total yearly administrative
burden reduction for these companies comes to 17.3 million EUR.
However, how the adoption has affected the stock market is yet
unknown. Studying the impact of XBRL mandate on Belgian companies
reveals the potential impact of XBRL mandate on other European
markets operating under similar institutional and economic conditions.

Extending prior studies on the influence of XBRL on information
asymmetry, this research uses multiple liquidity measurements as
proxies for information asymmetry instead of using one liquidity
measurement as no liquidity proxy is known to work best for all
markets. The empirical investigation is accomplished with Belgian
non-financial firms with empirical data between 2005 and 2010. The
research compares the influence of XBRL on high-technology firms
and non-high-technology firms for the first time. XBRL adoption in
Belgium is found to significantly increase market liquidity and thus
reduce information asymmetry in general. In addition, as predicted
by resource-based-view and organizational capability theories, the
improvement is found to be stronger for larger firms that have ample
resources and expertise to implement the technology. Investors have
greater reliance on analyst forecasts to decipher and supplement
financial statements of high-technology firms that have larger propor-
tion of intangible assets. The influence of XBRL is found tobeparticularly
apparent for non-high-technology firmswhose financial statements are
more reliant upon in investor decisions.

This study contributes to literature in at least six aspects. First, the
research contributes to the IT business value literature by illustrating a
positive association between IT (e.g. XBRL) adoption and business
value (e.g. information asymmetry reduction and increased liquidity).
Secondly, the research confirms the importance of resource-based
view and contingency theory in understanding the value realization
process of an IT artifact because the findings reveal that larger firms
with ample resources can harvest more business value from XBRL
adoption. Thirdly, the research reveals that XBRL implementation is
particularly beneficial to non-high-technology firms whose financial
statements are key sources of information to investors. Fourthly, the
research provides empirical support for low frequency liquidity mea-
surements such as Amivest ratio, trading volume, turnover, Zeros, and
Zeros2 because they lead to similar researchfindingswhen these liquid-
ity measurements are used as proxies for information asymmetry. One
potential benefit from using low-frequency liquidity proxies is an enor-
mous savings in computational time in comparison with using intraday
data to calculate high-frequency liquidity proxies. In addition, we
further extend and modify the model by [69] to add control for firm-
specific, industry-specific, and year-specific effects. Last but not the
least, the research contributes to XBRL literature by illustrating its
impact in an EU market and thus may more efficiently and effectively
inform EU regulators such as ESMA in their decision making about
implementing XBRL among EU members.

This rest of this article is organized as follows. The next section
presents relevant literature and develops hypotheses for the study. It
is followed by a section describing data collection and outliningmodels.
After main results are presented and discussed, the paper is concluded
with implication and caveat disclosure as well as future research
directions.

2. Theoretical foundation and hypotheses development

2.1. Information technology and firm performance

In the Information Systems literature, much research has examined
the relation between IT and firm performance or business value. One
stream of production economics theorists considers a firms' IT capital
as a production factor that makes a positive contribution to a firm's
value [38]. Recent studies have documented positive impact of IT on
firm value [3]. On the other hand, prior research has identified a weak
link between IT and its business value as an ‘IT productivity paradox’
[50]. One theory explaining the IT productivity paradox is that IT
investments take time to realize their business value as time is needed
to fine tune a new technology, to properly learn the technology, and
to readjust it in an organization [57]. Organizational-capability theorists
and resource-based-view theorists believe that innovations such as new
IT artifacts are adopted when they help the organization to utilize its
unique capabilities and resources to realize value [48]. Contingency
theory predicts that value realization of a technology depends on the
fit between technology integration and contingent factors in business
[47]. Therefore, the value realization from IT adoption is reliant on a
firm's capabilities and resources [46]. This study follows these streams
of literature to explore the relation between an IT artifact such as
XBRL and its realized value and to analyze the role of firm resources in
realizing the value from IT adoption.

2.2. XBRL technology and its value realization

XBRL is an XML-based data standard for business reporting that uses
taxonomies to provide meta-data for the semantics of the elements,
such as total sales, to create an unambiguous way to identify and
compare business performance of one company to another [26,33].
Self-describingmark-ups or tags provide notations to contents of a doc-
ument and thus allow the search and extraction of desired information
by purpose-built computer programs without downloading an entire
document [63]. XBRL tags are defined and organized using a systematic
classification scheme called a taxonomy that defines financial reporting
concepts and their relationships as per specific legislation or standards
[43,54]. By separating content from format, XBRL benefits all members
of the financial information supply chain by making information
exchangeable between different applications and systems and easy to
extract, search, and reuse by users [37]. The American Institute of
Certified Public Accountants has ranked XBRL as one of top ten
technologies for business professionals [55].

Besides improving efficiency of financial disclosures, XBRL is expect-
ed to improve digital financial information quality [14,22,59] which is a
key factor for decision performance [19]. In essence, [10] indicates
that XBRL can improve internal control as XBRL eliminates manual in-
tervention such as rekeying of data or manipulation via a spreadsheet
with associated labor costs and possibility for error. In addition, unique-
ly identifying each line item on the financial statement and tagging
the method of accounting used, XBRL standardizes current financial
reporting data to resolve comparability issues resulted from different
naming conventions, accounting policies, or account aggregation levels
[63]. Such improved information quality is expected to lead to higher
information transparency and lower information asymmetry [69].

Despite the high expectations of XBRL, empirical studies of its actual
impact reveal mixed findings. Though [69] finds a significant negative
association between XBRL adoption and information asymmetry in the
Korean stock market, others [11] show a significant positive relation
between XBRL adoption and information asymmetry as reflected by
higher abnormal bid-ask spread after XBRL mandate in the U.S. While
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[49] reveals that the mandatory XBRL adoption among firms listed in
the U.S. has led to a significant improvement to both the quantity and
quality of information, as measured by analyst following and forecast
accuracy, [47,50] disclose that the uncertainty related to XBRL, such as
information errors, has decreased analysts' forecast accuracy and
increased cost of capital among Chinese firms in an economy with
relatively weak public information on listed firms. Findings from
samples outside the EU spectrum may not accurately inform potential
impact of XBRL among EU members as per the contingency theory.
This study extends this line of study by investigating whether the
adoption of XBRL has reduced the information asymmetry in the
European stock market.
2.3. Hypotheses development

Information asymmetry entails that someone possesses private
information which other parties do not [66]. Information asymmetry
promotes an unwillingness to trade and increases the cost of capital
because investors “price protect” themselves against potential losses
from trading with the better informed [9,64]. Theoretical and empirical
studies in corporate disclosure and market microstructure literature
show that high quality public disclosures reduce information
asymmetry and increase liquidity in stock markets [28,31,44,64].

XBRL is expected to improve digitalfinancial information quality and
to increase efficiency in the search for information [22,59]. XBRL usage is
found to associatewith an increased level of reporting transparency and
accuracy [49,56]. Uniquely identifying each line item on the financial
statement and tagging the method of accounting used, XBRL standard-
izes current financial reporting data to resolve comparability issues
[63]. Also, [32] finds that XBRL helps nonprofessional financial state-
ment users to acquire and integrate related financial statement and
footnote information in making investment decisions. Such improved
information quality and information searching capability are expected
to lead to higher information transparency and lower information
asymmetry [69]. Prior studies [e.g. 51] reveal that information quality
improvement from standard changes is bigger for adopters with poorer
disclosure quality before the change. As per [44], the disclosure index of
Belgium was 61, similar to that of South Korea (62), but much lower
than that of U.S. (71) before XBRL adoption. The poorer disclosure
quality of Belgium and South Korea in comparison to U.S. before XBRL
adoption was also reflected in their higher aggregate earnings manage-
ment score with 26.8 for South Korea, 19.5 for Belgium, but 2.0 for U.S.
as per [44]. Because Belgium's disclosure quality is similar to that of
South Korea before XBRL adoption, we expect XBRL's impact on infor-
mation asymmetry in Belgium to be similar to that in South Korea
[69]. Therefore, we hypothesize:

H1. The XBRL adoption among Belgium firms is associated with lower
information asymmetry (i.e. a negative association between XBRL
adoption and information asymmetry).

On the other hand, the adoption of a new technology likeXBRL intro-
duces uncertainty. IT productivity paradox literature reveals that IT in-
vestments take time to realize their business value as time is needed
to fine tune a new technology, to properly learn the technology, and
to readjust it in an organization [50,57]. Lack of expertise and resources
can inhibit a firm's readiness to realize value from XBRL adoption
because of the risk of errors in creating XBRL documents [6,18]. As per
organizational-capability theories and resource-based-view theory,
value can be best realized when the organization's unique capabilities
and resources match the implementation requirement of a technology
[48]. In the literature, [12] reveals significant variations of quality across
financial statements and industries among U.S. firms using year 2000
version of XBRL taxonomy. The mixed findings of prior XBRL empirical
studies [11,47,49,50,69] reveal that XBRL adoption may not influence
information quality and information asymmetry uniformly as predicted
by contingency theory [35,46,51,67].

Organizational capability and resources behave both as a source of
competitive advantage and as a constraint of changes [48]. The U.S.
SEC estimates that the direct costs to a company submitting its first
interactive data financial statements with XBRL with block-text
footnotes and schedules could average $40,510 with an upper bound
of $82,220 while the costs for subsequent block-text filings could
average $13,450 with an upper bound of $21,340 [60]. Besides financial
resources, knowledge and expertise in XBRL are necessary in XBRL
implementation [36]. Large firmsmay be in a better position to achieve
superior firm performance due to their ability to garner efficiencies of
scale [62]. In addition, large firms can develop higher-order capabilities
to a greater extent due to the extra resources at their command [7,39,
58]. Much research evidence points to the existence of a direct relation
between firm size and the adoption of information technologies. [52],
for example, confirms that larger firms often have superior financial
and human resource capacity required to invest in high information
capabilities. Thus, we hypothesize:

H2. Firm size increases the negative association between the XBRL
adoption and information asymmetry among Belgium firms.

Financial statements like those reported in XBRL instance docu-
ments are not the only information source that affects information
asymmetry and market liquidity. Analysts' forecasts augment the infor-
mation contained in reported accounting earnings due to analysts'
ability to use their individual private knowledge to produce forecasts
that contain new analyst-specific information or interpretations [4].
Investors' demand for analyst reports is strongest for high-technology
firms due to their substantial intangible assets that have uncertain
realizations and lead to a higher incidence and/or larger magnitude of
mismatched revenues and expenses being reported [4]. In particular,
[5] finds that analyst coverage to be significantly greater for high-
technology industries with larger research and development expenses
and more intangible assets. If the change in information asymmetry
identified is a result of XBRL adoption, the change should be the
stronger among firms whose financial statements affected by XBRL
implementation are more heavily used by investors. Since investors
have lower reliance on financial statements for high-technology
industries because of the supplement information provided by analysts,
we hypothesize that.

H3. Industry technology intensity decreases the negative association
between the XBRL adoption and information asymmetry among
Belgium firms.
3. Research method

Belgian non-financial firms are used as the sample mainly because
Belgium is one of the leading EU countries that have mandated XBRL
for financial reporting. The filing of non-financial registered companies'
annual reports in XBRL format has been mandatory from April 2007 as
per theNational Bank of Belgium. Studying the impact of XBRLmandate
on Belgian companies reveals the potential impact of XBRL mandate on
other European markets operating under similar institutional and
economic conditions. General implications from a study on Belgium
are possible also because gross domestic spending of Belgium on
research and development as a percentage of total GDP has been similar
to themedian of such spending among EUmembers as per Organisation
for Economic Co-operation and Development (OECD) statistics. OECD
data also show that the difference between the Information and
Communication Technology sector gross output and intermediate con-
sumption in Belgium is similar to the median of such a difference
among EU members. Non-financial firms are studied as financial firms
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follow different rules and regulations. For instance, credit institutions
are required to use consolidated financial reporting framework
(FINREP) with XBRL since January 2006.

Data are collected for 2005–2010 period because the EU adopted an
IAS Regulation requiring European companies listed in an EU securities
market to prepare their consolidated financial statements in accordance
with International Financial Reporting Standards starting with financial
statements for year 2005 onwards. Information on Belgian stocks is
obtained from the Compustat Global-Security Daily. There are 51,264
observations. 16,353 observations of financial firms are removed as
they follow different regulations. 6200 observations with missing
variable values are removed to result in 28,711 observations. The sam-
ple includes observations from different industries: 61% manufacturing
industrials, 19% retail, 10% transportation and warehousing, 5% public
administration and 5% construction.

Extant studies [e.g. 64] suggest that observable measures of market
liquidity can be used to identify the perceived level of information
asymmetry. Liquidity in the firm's stock increases if investors can be
relatively confident that any stock transactions occur at a “fair price”
when information asymmetry is low [28]. Also, [31] shows that
information quality improves stock liquidity by increasing the ability
of equity traders to effectively execute stock trades at reasonable
costs. In addition, [27,64] reveal that stock liquidity increases with
increases in analyst disclosure ratings. Prior studies [e.g. 11,69] use a
high-frequency liquidity proxy, bid-ask spread to assess the association
between XBRL adoption and information asymmetry. This study ex-
tends this stream of literature by assessing the association between
XBRL adoption and information asymmetry through multiple low-
frequency liquidity proxies such as Amivest ratio that divides the dollar
volume on day t by the absolute return on day t as ameasure of liquidity
in many studies [e.g. 2,8,16], Turnover that divides trading volume over
shares outstanding as used in many studies [e.g. 21,41]; Zeros that
divides the number of days with zero returns by the total number of
trading days in a year [42], and Zeros2 that divides the number of
positive volume days with zero returns by the total number of trading
days [25]. Zeros is used as a proxy for liquidity as proposed by [42]
because stocks with lower liquidity are more likely to have zero-
volume days. The effectiveness of Zeros and Zeros2 has been supported
by much research [e.g. 34,41]. Since Amivest ratios are very large, we
scale them down by dividing them over 109.

The followingmodel further extends andmodifies themodel by [69]
to test H1 by identifying the impact of XBRL adoption on liquidity while
controlling variables previously found to influence liquidity:

Liquidityit ¼ α0 þα1
� XBRLit þ α2

� Sizeit þα3
� Volatilityit

þ α4
� StockPriceit þα5 � Industryit þ α6

� Firmit

þ α7
� Yearit þ ε ð1Þ

where i denotes firm and t denotes day. XBRL denotes either pre-
adoption period (0) or post-adoption period (1). Size is the natural log
of a firm's market value of equity at t. Volatility is the annualized histor-
ical volatility as the product of square root of total number of trading
days in a year and standard deviation of inter-day return. Inter-day
return is the natural log of the ratio of the sum of closing pricet and
dividendt over closing pricet-1. StockPrice is the closing price on t. Unlike
[69], Turnover (trading volume over shares outstanding) is not included
as a control variable becausemany consider it to be a proxy for liquidity
[e.g. 17,21]. In addition, we add Firm as identified by Gvkey, Industry as
denoted by NAICS code, and Year to control for the specific effects of a
firm, a firm's industry, and year effect like prior studies [1,23,24].
Doing so reduces the chance that the association between liquidity
and XBRL adoption is driven by omitted variables specific to a firm, an
industry, or a year. Liquidity is measured with Amivest ratio, Turnover,
Zeros, or Zeros2 separately. If H1 is true,α1 is expected to be significant-
ly positive when Turnover and Amivest ratio are proxies because higher
ratios reflect higher liquidity [8,21] while α1 is expected to be signifi-
cantly negative when Zeros and Zeros2 are proxies because their
lower values reflect higher liquidity [25,42].

To test H2, model (1) is modified to test the interaction of large firm
Size and XBRL adoption:

Liquidityit ¼ α0 þα1
�XBRLit þα2

� Largeit þα3
� Largeit�XBRL

þα4
� Volatilityit þα5

� StockPriceit þα6
� Industryit

þα7
� Firmit þα8

� Yearit þ ε ð2Þ

where Large denotes either a Size higher than sample average (1) or a
Size no more than sample average (0). If H22 is true, α3 is expected to
be significant and in the direction that reflects higher liquidity. α1

reflects the association between XBRL and Liquidity for smaller firms.
To test H3, model (1) is modified to test the interaction of high-

technology and XBRL adoption:

Liquidityit ¼ α0 þα1
�XBRLit þ α2�High‐techit þα3

�High‐techit

� XBRL þα4
� Sizeit þα5

� Volatilityitþα6
� StockPriceit

þα7
� Industryit þα8

� Firmit þ α9
� Yearit þ ε ð3Þ

where High-tech is set to 3 for Level I high-technology firms that come
from industries that technology-oriented occupations account for the
highest proportion of that industry's total employment, 2 for Level II
high-technology firms with lower proportion of technology-oriented
employment, 1 for Level III high-technology firms with lowest propor-
tion of technology-oriented employment among high-technology in-
dustries, and 0 for non-technology firms as per [29]. An industry is
considered high-tech if employment in technology-oriented occupa-
tions accounted for a proportion of that industry's total employment
that was at least twice the 4.9% average for all industries [29]. For
example, firms from industries like aerospace product and parts
manufacturing, communication equipment manufacturing, and phar-
maceutical and medicine manufacturing industries are Level I high-
technology firms. Firms from industries like basic chemical manufactur-
ing, resin manufacturing, commercial, industrial, or service machinery
manufacturing are Level II high-technology firms. Firms from industries
like pesticide, fertilizer, and other agricultural chemical manufacturing
are Level III high-technology firms. α1 reflects the association between
XBRL and Liquidity for less technology intensive firms. If H3 is true,
α3 is expected to be significant and in the direction that reflects
lower liquidity.

4. Empirical analysis

4.1. Descriptive statistics

Table 1 summarizes the descriptive statistics about the sample.
When non-nominal variables are compared between the pre-adoption
and the post-adoption periods, significant differences are revealed for
all listed variables by the Mann–Whitney test. The significant increase
to Turnover and significant decrease to Zeros and Zeros2 in the post-
adoption period support H1.

4.2. Model testing

Table 2 reports spearman correlations between variables. Amivest
and Turnover are positively correlated as expected because both proxies
positively associate with liquidity [8,21] while these ratios correlate
negativelywith Zeros and Zeros2 that are expected to negatively associ-
ate with liquidity [25,42]. Zeros and Zeros2 are highly correlated posi-
tively as Zeros2 is a variation of Zeros. Most of correlations between
an independent variable and a dependent variable is below 0.80. On
the other hand, the correlation between Year and XBRL is above 0.80.
However, tests of tolerance (minimum tolerance =0.30 for model



Table 1
Descriptive statistics for non-nominal variables.

Complete sample

Variable Mean Median Std Dev Skewness Kurtosis

Amivest 1.653 0.098 9.898 21.768 678.291
Size 20.243 20.586 2.218 -0.699 0.273
StockPrice 83.230 49.005 104.753 2.370 5.842
Turnover 0.002 0.001 0.003 5.473 85.895
Volatility 0.451 0.297 0.639 7.362 75.192
Zeros 0.100 0.039 0.134 2.316 6.535
Zeros2 0.036 0.016 0.047 2.284 7.808

Pre-adoption period Post-adoption period

Mean Std Median Mean Std Median

Amivest 1.707 9.850 0.114 1.616 9.932 0.088⁎⁎⁎

Size 20.490 2.230 20.668 20.075 2.194 20.466⁎⁎⁎

StockPrice 95.241 118.533 59.000 75.066 93.368 43.45⁎⁎⁎

Turnover 0.002 0.002 0.001 0.002 0.003 0.002⁎⁎⁎

Volatility 0.357 0.812 0.223 0.515 0.478 0.389⁎⁎⁎

Zeros 0.095 0.111 0.046 0.104 0.148 0.023⁎⁎⁎

Zeros2 0.040 0.052 0.020 0.033 0.044 0.012⁎⁎⁎

⁎⁎⁎ Indicates difference significant at p b 0.01 as per Mann–Whitney test.
Amivest divides the dollar volume on day t by the absolute return on day t;
Size is the natural log of a firm's market value of equity at t;
StockPrice is the closing price on t;
Turnover divides trading volume over shares outstanding;
Volatility is the product of square root of total number of trading days in a year and
standard deviation of inter-day return;
Zeros divides the number of days with zero returns by the total number of trading days
in a year;
Zeros2 divides the number of positive volume days with zero returns by the total number
of trading days.
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(1); 0.22 formodel (2); 0.27 formodel (3)) and variance inflation factor
(maximum VIF = 3.35 for model (1), 4.57 for model (2), and 3.72 for
model (3)) are conducted to confirm low risk of multicollinearity in
regression models. The correlations between XBRL and dependent
variables support the findings of Table 1 in that XBRL adoption is
positively associated with Turnover but negatively associated with
Zeros and Zeros as proposed in H1. On the other hand, Amivest is
shown to negatively associate with XBRL when no control variables
are considered. In agreement with [69], Volatility negatively associates
with Size but positively associates with Turnover with significance.
We also find StockPrice to positively associate with Size and negatively
associate with Volatility with significance.

Since the sample period 2005–2010 covers the 2008–2009 period of
the Great Recession that influenced the world including the Europe,
model (1) is tested using data for the whole period (Panel A in
Table 3) as well as with data not affected by the recession period
(Panel B in Table 3) to assure robustness of findings. Table 3 shows
empirical evidence in support of H1. As predicted byH1, XBRL positively
Table 2
Spearman correlation coefficients.

1 2 3 4 5

Dependent variables
1 Amivest 1
2 Turnover 0.727⁎⁎⁎ 1
3 Zeros −0.747⁎⁎⁎ −0.649⁎⁎⁎ 1
4 Zeros2 −0.654⁎⁎⁎ −0.546⁎⁎⁎ 0.898⁎⁎⁎ 1

Independent variables
5 XBRL −0.027⁎⁎⁎ 0.080⁎⁎⁎ −0.150⁎⁎⁎ −0.144⁎⁎⁎ 1
6 Size 0.776⁎⁎⁎ 0.446⁎⁎⁎ −0.733⁎⁎⁎ −0.755⁎⁎⁎ −0.084
7 Volatility −0.218⁎⁎⁎ 0.102⁎⁎⁎ 0.000 0.045⁎⁎⁎ 0.541⁎⁎⁎

8 StockPrice 0.355⁎⁎⁎ 0.055⁎⁎⁎ −0.310⁎⁎⁎ −0.385⁎⁎⁎ −0.109
9 Industry 0.026⁎⁎⁎ 0.092⁎⁎⁎ −0.078⁎⁎⁎ −0.030⁎⁎⁎ 0.009
10 Firm −0.324⁎⁎⁎ −0.276⁎⁎⁎ 0.361⁎⁎⁎ 0.325⁎⁎⁎ 0.005
11 Year −0.047⁎⁎⁎ 0.040⁎⁎⁎ −0.086⁎⁎⁎ −0.140⁎⁎⁎ 0.842⁎⁎⁎

⁎⁎⁎ Indicates difference significant at p b 0.01; ⁎⁎ Indicates difference significant at p b 0.05.
associates with Amivest (α1 is 0.848 for 2005 ~ 2010 but 1.125 when
recession period is removed) and Turnover ratios (α1 is 0.001 for both
cases) at p b 0.01 while it negatively associates with Zeros (α1 is
−0.040 for 2005–2010 but−0.021when recession period is removed)
and Zeros2 (α1 is −0.006 for 2005–2010 but −0.002 when recession
period is removed) at p b 0.01 to reveal an increase in liquidity after
XBRL adoption among Belgium firms. In agreement with prior findings
[69], Size is positively associated with liquidity proxies that increase
with liquidity while being negatively associated with liquidity proxies
that decrease with liquidity. Like [69], StockPrice is generally found to
positively associate with liquidity proxies that decrease with liquidity
while being negatively associated with liquidity proxies that increase
with liquidity. In addition, the findings reveal that firm-specific charac-
teristics, industry-specific characteristics, and year-specific elements all
significantly influence liquidity, thus they should be included in the
model to account for the impact of these characteristics on liquidity.

In general, Table 4 shows empirical evidence in support of H2.When
data from the recession period are removed as shown in Panel B,
Large*XBRL negatively associates with Zeros (α3 = −0.080) and
Zeros2 (α3 = −0.016) but positively associates with Amivest (α3 =
0.645) and Turnover (α3 = 0.001) with significance at least at
p b 0.05 in support of H2 that large firm size strengthens the increase
to liquidity after XBRL adoption. This finding is in agreement with
the findings by [69]. Even though Amivest (α1 = 0.548) increases
significantly for smaller firms, indicating higher liquidity, Zeros (α1 =
0.035) and Zeros2 (α1 = 0.011) seem to have increased also for such
firms after XBRL adoption. When the complete data set is analyzed as
shown in Panel A, the expected relation between Large*XBRL and li-
quidity proxies are all significant and in the expected direction except
for Amivest. Even though Amivest is positively associated with
Large*XBRL as expected by H2, the coefficient is not significant. For
smaller firms with no more than average Size, both Amivest (α1 =
0.460) and Turnover (α1= 0.000) have also increasedwith XBRL adop-
tion, but changes to Zeros (α1 = 0.000) and Zeros2 (α1 = 0.001) for
such firms are not significant. Possible explanations for such differences
between larger firms and smaller firms lie in differences in IT resources
and expertise available to different firms. The risk of errors in creating
XBRL documents is higher for smaller firms with insufficient resources
and expertise. Errors decrease information transparency and efficiency
of information search and thus decrease liquidity. Such a finding is in
agreement with [12] that reveal significant variations of quality in
XBRL documents among U.S. firms and provides a possible explanation
for the mixed findings of prior XBRL empirical studies.

In general, Table 5 shows empirical evidence in support of H3.
Regardless of whether recession years are included, the interaction
term of High-tech*XBRL (α3) is in the projected direction of lower
liquidity. The coefficient is significant for all liquidity proxies except
for Amivest that is significant at p b 0.10 for the full sample where
α3=−0.216 and not significantwhen the recession years are removed
6 7 8 9 10 11

⁎⁎⁎ 1
−0.391⁎⁎⁎ 1

⁎⁎⁎ 0.556⁎⁎⁎ −0.415⁎⁎⁎ 1
−0.069⁎⁎⁎ 0.247⁎⁎⁎ −0.149⁎⁎⁎ 1
−0.325⁎⁎⁎ 0.117⁎⁎⁎ 0.045⁎⁎⁎ 0.239⁎⁎⁎ 1
−0.090⁎⁎⁎ 0.508⁎⁎⁎ −0.138⁎⁎⁎ 0.005 0.013⁎⁎ 1



Table 3
Model (1) test results for non-financial Belgian firms.

Liquidityit=α0+α1*XBRLit+α2*Sizeit+α3*Volatilityit+α4*StockPriceit+α5*Industryit+α6*Firmit+α7*Yearit+ε

Panel A: Sample data covering 2005–2010
28711 observations

Panel B: 2005–2010 excluding 2008–2009
19926 observations

Amivest Zeros Zeros2 Turnover Amivest Zeros Zeros2 Turnover

Intercept 455.276⁎⁎⁎ −20.235⁎⁎⁎ 6.597⁎⁎⁎ 0.310⁎⁎⁎ 534.723⁎⁎⁎ −15.315⁎⁎⁎ 6.991⁎⁎⁎ 0.244⁎⁎⁎

(122.018) (1.043) (0.313) (0.029) (127.663) (1.011) (0.335) (0.029)
XBRL 0.848⁎⁎⁎ −0.040⁎⁎⁎ −0.006⁎⁎⁎ 0.001⁎⁎⁎ 1.125⁎⁎⁎ −0.021⁎⁎⁎ −0.002⁎⁎⁎ 0.001⁎⁎⁎

(0.213) (0.002) (0.001) (0.000) (0.238) (0.002) (0.001) (0.000)
Size 0.820⁎⁎⁎ −0.065⁎⁎⁎ −0.017⁎⁎⁎ 0.001⁎⁎⁎ 0.851⁎⁎⁎ −0.050⁎⁎⁎ −0.018⁎⁎⁎ 0.000⁎⁎⁎

(0.031) (0.000) (0.000) (0.000) (0.038) (0.000) (0.000) (0.000)
Volatility 0.504⁎⁎⁎ 0.011⁎⁎⁎ 0.014⁎⁎⁎ 0.000⁎⁎⁎ 0.550⁎⁎⁎ 0.011⁎⁎⁎ 0.015⁎⁎⁎ 0.000⁎⁎⁎

(0.099) (0.001) (0.000) (0.000) (0.104) (0.001) (0.000) (0.000)
StockPrice −0.001⁎⁎ 0.000⁎⁎⁎ 0.000⁎⁎⁎ −0.000⁎⁎⁎ −0.002⁎⁎ 0.000⁎⁎⁎ 0.000⁎⁎⁎ −0.000⁎⁎⁎

(0.001) (0.000) (0.000) (0.000) (0.001) (0.000) (0.000) (0.000)
Industry −0.000⁎⁎⁎ −0.000⁎⁎⁎ −0.000⁎⁎⁎ −0.000⁎⁎⁎ −0.000⁎⁎⁎ −0.000⁎⁎⁎ −0.000⁎⁎⁎ −0.000⁎⁎⁎

(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
Firm 0.000⁎⁎⁎ 0.000⁎⁎⁎ 0.000⁎⁎⁎ 0.000⁎⁎⁎ 0.000⁎⁎⁎ 0.000⁎⁎⁎ 0.000⁎⁎⁎ 0.000⁎⁎⁎

(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
Year −0.235⁎⁎⁎ 0.011⁎⁎⁎ −0.003⁎⁎⁎ −0.000⁎⁎⁎ −0.275⁎⁎⁎ 0.008⁎⁎⁎ −0.003⁎⁎⁎ −0.000⁎⁎⁎

(0.061) (0.000) (0.000) (0.000) (0.064) (0.001) (0.000) (0.000)

⁎⁎⁎ Indicates difference significant at p b 0.01; ⁎⁎ Indicates difference significant at p b 0.05.
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from analysis. Regardless of whether recession data are incorporated in
the analysis and despite the choice of liquidity proxy, the coefficient for
XBRL (α1) is all significant in the direction of higher liquidity, implying
that XBRL adoption has led to higher liquidity for non-high-technology
firms. Such a finding confirms our projection that the improvement to
information asymmetry and market liquidity is particularly evident for
non-high-technology firms whose financial statements play a bigger
role in investors' decision making.

4.3. Additional robustness tests

To make sure that differences identified are not due to differences
in sample firms between the pre-adoption period and post-adoption
period, we test the models again after removing firms that only have
data in one of the two periods. H1, H2 are both fully supported with
Table 4
Model (2) test results for non-financial Belgian firms.

Liquidityit=α0+α1*XBRLit+α2*Largeit+α3*Largeit*XBRL+α4*Volatilityit+α5*StockP

Panel A: Sample data covering 2005–2010
28711 observations:
14098 Large = 1 vs. 14613 Large = 0

Amivest Zeros Zeros2 Turnove

Intercept 369.706⁎⁎⁎ −15.255⁎⁎⁎ 7.834⁎⁎⁎ 0.232⁎⁎⁎

(122.705) (1.293) (0.412) (0.029)
XBRL 0.460⁎ 0.000 0.001 0.000⁎⁎⁎

(0.251) (0.003) (0.001) (0.000)
Large 2.842⁎⁎⁎ −0.108⁎⁎⁎ −0.045⁎⁎⁎ 0.002⁎⁎⁎

(0.197) (0.002) (0.001) (0.000)
Large*XBRL 0.388 −0.057⁎⁎⁎ −0.008⁎⁎⁎ 0.001a⁎⁎

(0.240) (0.003) (0.001) (0.000)
Volatility −0.283⁎⁎⁎ 0.062⁎⁎⁎ 0.031⁎⁎⁎ −0.000

(0.093) (0.001) (0.000) (0.000)
StockPrice −0.000 0.000⁎⁎⁎ −0.000⁎⁎⁎ −0.000

(0.001) (0.000) (0.000) (0.000)
Industry −0.000⁎⁎⁎ −0.000⁎⁎⁎ −0.000⁎⁎⁎ −0.000

(0.000) (0.000) (0.000) (0.000)
Firm 0.000⁎⁎⁎ 0.000⁎⁎⁎ 0.000⁎⁎⁎ 0.000⁎⁎⁎

(0.000) (0.000) (0.000) (0.000)
Year −0.185⁎⁎⁎ 0.011⁎⁎⁎ −0.004⁎⁎⁎ −0.000

(0.061) (0.000) (0.000) (0.000)

⁎⁎⁎ Indicates difference significant at p b 0.01; ⁎⁎ Indicates difference significant at p b 0.05; ⁎ In
significance at p b 0.01 no matter what liquidity proxy is used. H3 is
fully supported with significance at p b 0.01 for all proxies except for
Amivest whose inverse relation with High-tech*XBRL is found to be
significant at p b 0.05.

Since Table 1 reveals that variables under study are not normally
distributed, we transform all non-categorical variables by using natural
log in all models as per [40]. For model (1), the coefficient for XBRL is
significant and positive when liquidity is measured by LnTurnover
(0.299, p b 0.01) or LnAmivest (0.103, p b 0.01) as expected by H1.
The coefficient for XBRL is significant and negative when liquidity
is measured by LnZeros (−0.669, p b 0.01) or LnZeros2 (−0.205,
p b 0.01) as expected by H1. For model (2), Large*XBRL is positively
associated with LnTurnover (0.778, p b 0.01) and LnAmivest (1.417,
p b 0.01) with significance as predicted by H2. Large*XBRL is
negatively associated with LnZeros (−0.868, p b 0.01) and LnZeros2
riceit+α6*Industryit+α7*Firmit+α8*Yearit+ε

Panel B: 2005–2010 excluding 2008–2009
19926 observations
10065 Large = 1 vs. 9861 Large = 0

r Amivest Zeros Zeros2 Turnover

413.575⁎⁎⁎ −7.228⁎⁎⁎ 9.213⁎⁎⁎ 0.160⁎⁎⁎

(128.836) (1.281) (0.441) (0.029)
0.548⁎ 0.035⁎⁎⁎ 0.011⁎⁎⁎ 0.000
(0.288) (0.003) (0.001) (0.000)
2.824⁎⁎⁎ −0.109⁎⁎⁎ −0.044⁎⁎⁎ 0.001⁎⁎⁎

(0.199) (0.002) (0.001) (0.000)
⁎ 0.645⁎⁎ −0.080⁎⁎⁎ −0.016⁎⁎⁎ 0.001⁎⁎⁎

(0.284) (0.003) (0.001) (0.000)
−0.244⁎⁎ 0.061⁎⁎⁎ 0.032⁎⁎⁎ −0.000⁎⁎⁎

(0.096) (0.001) (0.000) (0.000)
⁎⁎⁎ 0.000 0.000⁎⁎ −0.000⁎⁎⁎ −0.000⁎⁎⁎

(0.001) (0.000) (0.000) (0.000)
⁎⁎⁎ −0.000⁎⁎⁎ −0.000⁎⁎⁎ −0.000⁎⁎⁎ −0.000⁎⁎⁎

(0.000) (0.000) (0.000) (0.000)
0.000⁎⁎⁎ 0.000⁎⁎⁎ 0.000⁎⁎⁎ 0.000⁎⁎⁎

(0.000) (0.000) (0.000) (0.000)
⁎⁎⁎ −0.207⁎⁎⁎ 0.004⁎⁎⁎ −0.005⁎⁎⁎ −0.000⁎⁎⁎

(0.064) (0.001) (0.000) (0.000)

dicates difference significant at p b 0.10.



Table 5
Model (3) test results for non-financial Belgian firms.

Liquidityit=α0+α1*XBRLit+α2*High‐ techit+α3*High‐ techit*XBRL+α4*Sizeit+α5*Volatilityit+α6*StockPriceit+α7*Industryit+α8*Firmit+α9*Yearit+ε

Panel A: Sample data covering 2005–2010
28711 observations:
15309 High-tech = 1 vs. 13402 High-tech = 0

Panel B: 2005–2010 excluding 2008–2009
19926 observations
10516 High-tech = 1 vs. 9410 High-tech = 0

Amivest Zeros Zeros2 Turnover Amivest Zeros Zeros2 Turnover

Intercept 451.221⁎⁎⁎ −20.992⁎⁎⁎ 6.439⁎⁎⁎ 0.319⁎⁎⁎ 528.454⁎⁎⁎ −15.897⁎⁎⁎ 6.917⁎⁎⁎ 0.249⁎⁎⁎

(122.033) (1.016) (0.309) (0.029) (127.664) (0.991) (0.334) (0.029)
XBRL 0.995⁎⁎⁎ −0.056⁎⁎⁎ −0.010⁎⁎⁎ 0.001⁎⁎⁎ 1.216⁎⁎⁎ −0.037⁎⁎⁎ −0.005⁎⁎⁎ 0.001⁎⁎⁎

(0.226) (0.002) (0.001) (0.000) (0.254) (0.002) (0.001) (0.000)
High-tech 0.256⁎⁎⁎ −0.001 −0.001⁎⁎⁎ 0.000⁎ 0.291⁎⁎⁎ 0.000 −0.001⁎⁎⁎ 0.000

(0.090) (0.001) (0.001) (0.000) (0.090) (0.000) (0.000) (0.000)
High-tech*XBRL −0.216⁎ 0.025⁎⁎⁎ 0.006⁎⁎⁎ −0.000⁎⁎⁎ −0.140 0.023⁎⁎⁎ 0.004⁎⁎⁎ −0.000⁎⁎⁎

(0.111) (0.001) (0.000) (0.000) (0.131) (0.001) (0.000) (0.000)
Size 0.833⁎⁎⁎ −0.047⁎⁎⁎ −0.016⁎⁎⁎ 0.001⁎⁎⁎ 0.876⁎⁎⁎ −0.048⁎⁎⁎ −0.017⁎⁎⁎ 0.000⁎⁎⁎

(0.032) (0.000) (0.000) (0.000) (0.039) (0.000) (0.000) (0.000)
Volatility 0.545⁎⁎⁎ 0.016⁎⁎⁎ 0.015⁎⁎⁎ 0.000⁎⁎⁎ 0.617⁎⁎⁎ 0.014⁎⁎⁎ 0.015⁎⁎⁎ 0.000⁎⁎⁎

(0.101) (0.001) (0.000) (0.000) (0.106) (0.001) (0.000) (0.000)
StockPrice −0.001⁎ 0.000⁎⁎⁎ 0.000⁎⁎⁎ −0.000⁎⁎⁎ −0.001⁎⁎ 0.000⁎⁎ 0.000⁎⁎⁎ −0.000⁎⁎⁎

(0.001) (0.000) (0.000) (0.000) (0.001) (0.000) (0.000) (0.000)
Industry −0.000⁎⁎⁎ −0.000⁎⁎⁎ −0.000⁎⁎⁎ −0.000⁎⁎⁎ −0.000⁎⁎⁎ −0.000⁎⁎⁎ −0.000⁎⁎⁎ −0.000⁎⁎⁎

(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
Firm 0.000⁎⁎⁎ 0.000⁎⁎⁎ 0.000⁎⁎⁎ 0.000⁎⁎⁎ 0.000⁎⁎⁎ 0.000⁎⁎⁎ 0.000⁎⁎⁎ 0.000⁎⁎⁎

(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
Year −0.234⁎⁎⁎ 0.011⁎⁎⁎ −0.003⁎⁎⁎ −0.000⁎⁎⁎ −0.273⁎⁎⁎ 0.008⁎⁎⁎ −0.003⁎⁎⁎ −0.000⁎⁎⁎

(0.061) (0.001) (0.000) (0.000) (0.064) (0.000) (0.000) (0.000)

⁎⁎⁎ Indicates difference significant at p b 0.01; ⁎⁎ Indicates difference significant at p b 0.05; ⁎ Indicates difference significant at p b 0.10.
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(−0.503, p b 0.01) with significance as predicted by H2. For model (3),
High-tech*XBRL is negatively associated with LnTurnover (−0.221,
p b 0.01) and LnAmivest (−0.261, p b 0.01) with significance as
predicted by H2. High-tech*XBRL is positively associated with LnZeros
(0.287, p b 0.01) and LnZeros2 (0.211, p b 0.01) with significance as
predicted by H3.

The model used by [69] does not control Firm, Industry, or Year.
Besides, Year is highly correlated with XBRL. Therefore, we retest the
models by removing these control variables. Findings are similar to
those achieved with these variables controlled in the models. The coef-
ficient for XBRL is significant for Turnover, Zeros, and Zeros2 in the ex-
pected direction at p b 0.01 in support of H1 while it is positive but
not significant for Amivest. The coefficient for Large*XBRL is significant
for Turnover, Zeros, and Zeros2 in the expected direction at p b 0.01
while it is significant and positive for Amivest at p b 0.10 in support of
H2. The coefficient for High-tech*XBRL is significant for Turnover,
Zeros, and Zeros2 in the expected direction at p b 0.01 while it is
negative for Amivest as predicted by H3 but not significant.

Trading volume can also serve as a proxy for liquidity because higher
liquidity often associates with higher trading volume [44]. We test our
models with trading volume as the liquidity proxy to find XBRL to pos-
itively associate with trading volume at p b 0.01 regardless of whether
natural log or original trading volume is used orwhether Firm, Industry,
and Year are controlled in model (1) or whether recession period data
are excluded in support of H1. When model (2) is tested with trading
volume, it is revealed that not only the coefficient for Large*XBRL is al-
ways positive and significant with trading volume or Lntrading volume,
the coefficient XBRL is also always positive and significant, indicating
that the adoption of XBRL has led to significant increase to trading vol-
ume for both smaller firms and larger firms but that increase is more
significant to larger firms as predicted by H2. When model (3) is tested
with trading volume, the coefficient for High-tech*XBRL is negative
with significance (p b 0.01) as predicted after transforming it with
natural log.

When we group data by Large and retest model (3), we find the
coefficient for High-tech*XBRL in the expected direction at p b 0.01 for
both larger firms with above average size and smaller firms for all
liquidity proxies except for Amivest that is negatively associated with
High-tech*XBRL at p b 0.01 only for larger firms but negatively associate
with it without significance for smaller firms.

High-technology industries can be identifiedwith differentmethods
[29,30,53]. We reclassify the industries by SIC code as per [30] or by the
level of R&D intensity as per [53] to finding similar conclusions for H3.
When SIC code is used as per [30], High-tech*XBRL is significant in the
expected direction for Turnover, Zeros, and Zeros2 at p b 0.01 and for
Amivest at p b 0.10. When [53] is followed in classifying high-
technology industries, High-tech*XBRL is significant in the expected
direction for Turnover, Zeros, and Zeros2 at p b 0.01. For Amivest, the co-
efficient for High-tech*XBRL is not significant but negative as expected.

5. Discussion and conclusions

XBRL as a recent technology is expected to improve business infor-
mation transparency due to a streamline reporting process, improved
information quality, improved search and analysis by business informa-
tion users, and improved business-to-government reporting process.
Significant relation has been identified between XBRL adoption and in-
formation asymmetry with rather contradictory findings likely due to
different contextual factors in different samples under this study. Our
literature review shows that researchers have not yet explored this
relation in the European context. Therefore, in this study we set out to
(1) study the association between XBRL adoption and information
asymmetry in Belgium, (2) investigate the moderating role of firm
size, and (3) probe the moderating role of technology intensity.

The results clearly indicate that the XBRL adoption among Belgian
firms associateswith significantly increased liquidity and reduced infor-
mation asymmetry. As expected, the similar disclosure quality of
Belgium and South Korean before XBRL adoption is in line with similar
XBRL's impact on information asymmetry [69]. It thus seems that differ-
ences in disclosure quality before XBRL adoption can be among the fac-
tors explaining mixed findings on the impact of XBRL. Much of the
increase to liquidity is achieved by larger firms due to the availability
of more abundant IT resources and by non-high-technology firms
whose financial statements play a bigger role in investors' decision
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making. We show that firm size and technology intensity can help to
better predict the association between XBRL adoption and information
asymmetry change.

The findings have significant implications to regulars such as ESMA
that are assessing costs and benefits of XBRL mandate. Financial reports
in XBRL format associates with information asymmetry improvement.
This association is evident in an European context. Future research
may examine the association with samples from other nations of differ-
ent disclosure quality and environment. In addition, the improvement
to information asymmetry is found to be particularly apparent when
financial reports play a bigger role in investment decisions. Such a find-
ing supports U.S. SEC contention that the technology has the potential to
reduce information asymmetry [11]. The improvement is more appar-
ent for largerfirmsdue to the availability ofmore abundant IT resources.
To allow smaller firms to benefitmore from such a technology, technical
support to these firms plays an indispensable role. This study also pro-
vides empirical support for low frequency liquidity measurements
that can offer enormous savings in computational time in comparison
with high-frequency liquidity proxies. Future researchmay also benefit
from using such measurements.

The following caveats limit generalization from the research
findings. First, sample firms are from Belgium of Europe. Findings
from these Belgian firms are only generalizable to firms operating
with similar disclosure quality before XBRL adoption, similar finan-
cial reporting environment, and similar technological development
context. In addition, not all available proxies of liquidity are tested
in this study. However, at least four commonly-used proxies of
liquidity are tested and have led to similar conclusions. Besides,
future research can use information asymmetry proxies other than
liquidity to assess the impact of XBRL on information asymmetry.
The findings from the proposed methods should be compared with
those using other methods in future research. Finally, XBRL is being
continuously developed and improved [45]. Future research can
investigate its influence with more recent data.
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