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Abstract

Efficient firm-wide allocation of data resources is
a key goal of data governance. One way enterprise
assets are often allocated is by an internal market
wherein the internal organizational units inside the
firm sell resources to each other. However, not all
resources are efficiently allocated through free
markets.  Computerized data possess economic
characteristics that may make an internal market for
data fail. This research uses a literature review to
hypothesize a structural cause/effect model of how this
market failure may occur and then analyzes the
validity and quantitative implications of that model
using exploratory partial least squares structural
equation modeling. The research concludes that the
market failure is occurring in practice and that
enterprise management and data governance are not
effectively recognizing or dealing with the market
failure. The paper concludes with recommendations
for improving data governance practices and for
additional research.

Keywords: internal market, data sharing, market
failure, rivalrous, excludable

1. Introduction

One of the major responsibilities of enterprise
management is to manage and allocate resources
within the business enterprise or firm. In fact, it has
been hypothesized that the reason we have firms or
business enterprises in the first place is that
management can allocate resources more efficiently
within the firm than they could be allocated if the firm
had to acquire resources externally through a market
mechanism because the transaction costs of
participating in a market would be minimized or
eliminated (Coase, 1937). While Coase’s theory of the
firm depends on an entrepreneur who can personally
manage the entire enterprise, modern firms are often
so large and complicated that this would be
exceedingly difficult or impossible (Ackoff, 1993).
Thus, many theorists, especially those who subscribe
to the systems theory of management, recommend
using an internal market mechanism to allocate
resources (Gharajedaghi, 2011). While this might at
first seem to be inconsistent with Coase’s theory of the
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firm, it is logical to conclude that it is consistent if the
transaction costs of such an internal market are less
than the transaction costs of the external market from
which the firm would otherwise have to obtain
resources.

Thus, it is logical to conclude that many modern
firms may use an internal market mechanism to
allocate resources across the internal organizational
structures that comprise the business enterprise.
Clearly, computerized data is an important enterprise-
level resource in the modern firm. In fact, one of the
major dimensions of the business models of modern
firms is the degree to which data must be shared
between the organizational units within that firm
(Ross, Weill and Robertson, 2006). Thus, data are a
resource that must be allocated within the firm by
enterprise management. That must be a primary goal
of enterprise data governance. Therefore, it is logical
to conclude that at least some modern firms may use
an internal market mechanism to do that allocation.

Accordingly, information technology (IT) has
developed techniques to help share data across a
business enterprise.  One example is the data
warehouse (DW) that integrates data from multiple
sources across an enterprise to facilitate analytical or
decision-making business processes (Inmon, 1996).
Another example is the operational data store (ODS)
that is similar to the data warehouse but serves current
business operational purposes rather than strategic or
analytical purposes (Inmon, 1999). A third example is
master data management (MDM) that integrates and
shares data related to entities such as customers,
suppliers and products that participate in transactions
across a business enterprise (Liyakasa, 2012). Yet
another example is data virtualization that makes data
that may be stored in many physical databases and
technologies across an enterprise appear to be stored
in a single integrated data asset (Denodo, 2014). One
more example is big data that uses advanced
technology such as data lakes and Hadoop to cost-
effectively capture and analyze extreme volumes of
data such as social media data that may be important
to many organizational units inside a business
enterprise (SAS, n.d.). As a final example, Data as a
Service (DaaS) uses advanced networking and cloud
computing capabilities to provide access to data across
the enterprise through standardized interfaces while
hiding its physical implementation in a single or many
databases (Delphix, 2011).
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Unfortunately, the success rate of initiatives for
implementing many technologies that share data
across organizational boundaries, e.g., divisions or
business units, inside a single business enterprise, such
as DW and MDM, is low. For instance, it is estimated
that only 24 percent of MDM programs are fully
successful (Epperson, 2013). DW fares a little better
with a 42 percent success rate (Ambler, 2014). If the
success of these initiatives is a goal of data
governance, then clearly data governance must do
better. (However, it should be noted that these
practitioner studies typically do not formally define
what they mean by “success.” This is a topic that
receives further analysis in this study.)

Of course, there are multiple theories of why these
projects or initiatives fail so often along with advice to
make them succeed (Epperson, 2013; Merrick, 2014).
Yet, the failure rate remains high even with all the
advice that is available on how to make these
initiatives succeed. This research proposes a new
theory of why these initiatives fail and then analyzes
that theory quantitatively. That theory is based on the
economic concept of a market failure.

Economists have long known that markets fail to
efficiently supply certain goods and services. One
category of goods and services that economists agree
will experience a market failure is called a public good
or service (Mitnick, 2008; Windsor, 2008). The
reason that public goods or services lead to a market
failure is that they are non-rivalrous and non-
excludable meaning that many people can consume
the good or service at the same time and nobody can
be excluded from benefiting from the good or service
(Mitnick, 2008; Samuelson, 1954; Windsor, 2008).
This removes incentives to invest because people hope
to benefit as a free rider from others’ investments. In
economics, this is known as an externality
(Externality, 2008).

Data in a computerized database is clearly non-
rivalrous. Because security can be implemented on a
computer system that will prevent individuals from
accessing the data, data in a computer system is clearly
excludable. But sharing data across internal
organizational boundaries is clearly important in at
least some if not all business enterprises (Ross, Weill
and Robertson, 2006). In fact, some consider that the
more data or information are reused, the more valuable
they become (Kubiszewski, Farley and Costanza,
2010). Thus, to maximize its business value, data
should be considered both non-rivalrous and non-
excludable, at least within the boundaries of a single
business enterprise or firm.

As previously discussed, many management
experts recommend internal markets as an appropriate
way to allocate goods, services, resources, etc. inside

a business enterprise.  Basically, business units,
divisions, departments, etc. act as buyers and sellers of
goods and services to each other. Data, as a good,
could be bought and sold in such a market. However,
if data has the characteristics of a public good within
the business enterprise, then an internal market for
data could fail. Researchers have previously noted
that allocation of public goods or services can be
problematic in business enterprises because
management behavior displays symptoms that are
characteristic of a market failure (Olson, 1971).

Data is naturally non-rivalrous. Data sharing
initiatives sponsored by enterprise data governance
imply that data should not be excluded from anyone
within the enterprise who has a legitimate business
need for it. Yet, if intra-organizational relationships
are based on a market mechanism, the executives who
buy and sell data will be tempted to impose
excludability on data to at least make a market
functional. While enterprise data governance and
enterprise executives want non-excludability of data,
business unit executives try to impose excludability.
This implies a direct conflict in the wishes and desires,
and most importantly, in the behaviors of enterprise-
level and business unit-level executives. The result is
a chaotic and failed market.

Thus, the primary purpose of this research is to
explore how an internal market culture for allocating
enterprise resource across a business enterprise relates
to management behavior and data sharing success or
failure through the specific mechanism of an economic
failure of the internal market for data.

While there has been considerable research into
the success of information systems (IS) in general, e.g.
(Petter, DeLone and McLean, 2008) and data sharing
initiatives such as data warehouses, e.g. (Adamala and
Cidrin, 2011; Alhyasat and Al-Dalameh, 2013;
Chenowith, Corral and Demirkan, 2006; Laney, 2000;
Sujitparapitaya, Janz and Gillenson, 2003), no existing
research appears to have considered economic market
failure as a specific cause of data sharing failure.
Thus, this research makes a unique contribution to the
literature.

2. Literature Review

An extensive literature review was undertaken.
An important finding was that the only existing
measurement structure that relates to this research that
could be found was a model of IS success defined by
Petter, DeLone and McLean (2008). No other existing
measurement structures were found for the existence
of a market culture or the process of the market failure
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Figure 1. Initial Theoretical PLS/SEM Path Model

Therefore, the main result of the review was to Tables
develop a hypothetical structural equation modeling
(SEM) path model to describe relationships between
an internal market culture and its effect on data sharing
behavior and data sharing success where success is
defined as in Petter, DeLone and McLean (2008). The

resulting SEM path model is illustrated in Figure 1.

paper.

1-8
relationships
developed from the literature. A full understanding of
what was included in the model and later found to be
valid or invalid is critical to an understanding of this

the constructs,
models were

summarize how
and measurement

Table 1. Constructs in Initial Structural Model

Construct Description Theoretical Justification

Name

MARKET There is a perception that there is an internal market Internal markets are effective mechanisms
culture in the enterprise where organizational units  for allocating firm-level resources (Ackof,
in the enterprise sell goods and/or services to other 1993)
organizational units

NEED There is a perception that there is a business need to Many business organizations need to share
share data across organizational unit boundaries in data across organizational boundaries
the enterprise (Ross, Weill and Robertson, 2006)

PRESSURE There is a perception that there is pressure on Markets for non-exclusive non-rivalrous
managers/executives to withhold data from other goods can be made more efficient by
organizational units within the enterprise to make an implementing exclusivity (Kosmopoulou,
internal market for data functional 2001)

BEHAVIOR  There is a perception that managers/executives Individuals will take actions that they
engage in behavior to withhold data from other perceive are to their own benefit (Ellison
organizational units within the firm and Ferrere, 2013)

COUNTER There is a perception that enterprise Principals will take action to incent agents

MEASURES  managers/executives, e.g.  enterprise  data toactin the principal’s interest (Ross, 1973)

governance, implement countermeasures to data
withholding behavior from organizational unit
managers/executives to encourage sharing of data
across organizational unit boundaries
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Construct Description Theoretical Justification
Name
SUCCESS There is a perception that information systems that Net benefits dimension of D&M model of
share data across organizational unit boundaries are  success (Petter, DeLone and McLean 2008)
successful in providing net benefits to the business
Table 2. Construct Relationships in Initial Structural Model
Relationship Theoretical Justification
MARKET — PRESSURE Markets for non-exclusive collective goods can be made more efficient by
implementing exclusivity (Kosmopoulou, 2001)
PRESSURE — Individuals will take actions that they perceive are to their own benefit, not
BEHAVIOR necessarily those that are of most benefit to the enterprise (Ellison and Ferrere,
2013)
BEHAVIOR — SUCCESS Primary conjecture that is being tested by this research — does data withholding

behavior as motivated/de-motivated by the other constructs materially affect data
sharing success?

Justified by continued low data sharing success rates (Epperson, 2013; Ambler,
2014) in spite of all the data sharing technology that has been implemented

NEED — BEHAVIOR

At least in some organizations, particularly smaller ones, the need to supply a
collective good may overcome other forces that may conspire to not supply it
(Olson, 1971)

NEED — COUNTER
MEASURES

Many business organizations need to share data across organizational boundaries
(Ross, Weill and Robertson, 2006)

Value of data is increased the more it is used (Kubiszewski, Farley and Costanza,
2010)

If corporate executives perceive an agency conflict of interest on the part of
business unit management, they will implement actions to counter it (Ellison and
Ferrere, 2013)

Only centralized interaction will correct a market failure (Samuelson, 1954)

PRESSURE —
COUNTER MEASURES

If corporate executives perceive an agency conflict of interest on the part of
business unit management, they will implement actions to counter it (Ellison and
Ferrere, 2013)

Only centralized interaction will correct a market failure (Samuelson, 1954)
Behavior based on an emotional reaction can be logically modified or mediated
(Ford-Martin and Lerner, 2012)

COUNTER MEASURES
— BEHAVIOR

If corporate executives perceive an agency conflict of interest on the part of
business unit management, they will implement actions to counter it (Ellison and
Ferrere, 2013)

Behavior based on an emotional reaction can be logically modified or mediated
(Ford-Martin and Lerner, 2012)

Table 3. Reflective Measurement Model for MARKET

Indicator Name

Description

Theoretical Justification

SELL

Organizational units sell goods and/or services to other
organizational units in the business enterprise

Definition of market (Kling, 2005)

CHARGE Organizational units charge other organizational units in  Definition of market (Kling, 2005)
the business enterprise for goods and/or services that they
provide to each other.
COMPETE There is competition for resources between Competitive cultures are likely to
RESOURCES organizational units within the business enterprise implement internal markets

(Cameron and Quinn, 2011)
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Indicator Name Description Theoretical Justification
COMPETE There is competition for business outcomes between Competitive cultures are likely to
OUTCOMES organizational units within the business enterprise implement internal markets
(Cameron and Quinn, 2011)
RESULTS There is an emphasis on business results at the Results oriented cultures are likely

organizational unit level to implement internal markets
(Choo, 2013)
Table 4. Formative Measurement Model for NEED
Indicator Name  Description Theoretical Justification
STRATEGIC There is a business need to share data across Definition of data warehouse
DATA organizational units for strategic analysis purposes (Inmon, 1996)
TACTICAL There is a business need to share data across Definition of operational data store
DATA organizational units for tactical reporting purposes (Inmon, 1999)
MASTER There is a business need to share data that provide context Definition of  master data
DATA for transactions across organizational units management (Liyakasa, 2012)
BIG DATA There is a business need to share big data across Definition of big data (SAS, N.D.)
organizational units

NEEDG There is a general business need to share data across Many business organizations need to
(Global organizational units share data across organizational
Reflective boundaries (Ross, Weill and
Indicator) Robertson, 2006)

Table 5. Formative Measurement Model for PRESSURE

Indicator Name

Description

Theoretical Justification

MOTIVATE

Motivations are primarily directed towards
achieving the goals of the organizational unit

Success in the internal market would be a
major factor in the success of a manager or
executive (Ackoff, 1993)

AVOID
PUNISHMENT

Organization unit managers/executives fear
punishment for contributing too much to
enterprise-level collective goods

Individuals who contribute too much to a
collective good can feel punished (Ertan, Page
and Putterman, 2009)

OTHERS NOT

Organizational unit managers/executive fear

Individuals who contribute too much to a

AS punishment for not meeting unit-level goals collective good can feel punished (Ertan, Page
IMPORTANT even if the reason was that they allocated and Putterman, 2009)

resources to achieving more important Results oriented cultures are likely to

enterprise or firm level goals implement internal markets (Choo, 2013)
PRESSUREG Organizational unit manager/executives feel Individuals will take actions that they perceive
(Global pressure to not share data with other are to their own benefit, not necessarily those
Reflective organizational units that might need that data  that are of most benefit to the enterprise (Ellison
Indicator) and Ferrere, 2013)

Table 6. Formative Measurement Model for BEHAVIOR

Indicator Name Description Theoretical
Justification
LOW Organizational unit managers/executives give low priority to sharing data Individuals  will
PRIORITY with other organizational units take actions that
MONOPOLY Organization unit managers/executives charge monopolistic prices for they perceive are
sharing data with other organizational units to  their own
UNIT FOCUS Organizational unit managers/executives sponsor and fund data sharing benefit, not
initiatives that are limited to data sharing within their own organizational necessarily those

unit only

that are of most
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Indicator Name Description

Theoretical
Justification

BEHAVIORG
(Global
Reflective
Indicator)

organizational units within the firm

Organizational unit manager/executives withhold data from other

benefit to the
enterprise (Ellison
and Ferrere, 2013)

Table 7. Formative Measurement Model for COUNTER MEASURES

Indicator Name Description Theoretical
Justification
ENTERPRISE Enterprise management funds data sharing initiatives from an enterprise  Principals will
FUNDING budget take action to
ENTERPRISE Enterprise budgets subsidize organizational units that support data incent agents to
SUBSIDISE sharing initiatives act in the
principal’s interest
ENTERPRISE Organizational unit managers/executives who sponsor and fund data (Ross, 1973)
REWARD sharing initiatives with other organizational units are financially or Only centralized
otherwise rewarded by enterprise management intervention ~ will
COUNTER Enterprise management undertakes actions to encourage organizational ~correct market
MEASURESG unit managers/executives to share data with other organizational units failures
(Global Reflective (Samuelson,
Indicator) 1954).

Table 8. Formative Measurement Model for SUCCESS

Indicator Name Description Theoretical Justification
DECISIONS IS that shares data across organizational unit boundaries Improved decision-
contributes to improved decision-making making, productivity,
PRODUCTIVITY IS that shares data across organizational unit boundaries sales, cost reductions and
contributes to improved productivity profits are all examples of
SALES IS that shares data across organizational unit boundaries net benefits at the firm
contributes to increased sales level (Petter, DeLone and
S - - McLean 2008)
COST REDUCTION IS that shares data across organizational unit boundaries
contributes to cost reductions
PROFITS IS that shares data across organizational unit boundaries
contributes to improved profits
SUCCESSG IS that shares data across organizational unit boundaries Net benefits dimension of
(Global Reflective contributes to net business results D&M model of success
Indicator) (Petter, DeLone and
McLean 2008)
3. Methodology individual people related to some business enterprise.

Exploratory Partial Least Squares Structural
Equation Modeling (PLS-SEM) as defined by Hair,
Hult, Ringle and Sarstedt (2014). was chosen as the
appropriate analytical technique to use for this
research.

While the desired unit of analysis would be the
firm or business enterprise, that would present a
daunting data collection problem. Therefore, the unit
of analysis was taken to be the perceptions of

While this was not as desirable as more objective data
at the firm level, it did make an anonymous survey a
practical data collection method. Thus, data was
collected using such a survey where each of the
indicator variables was structured as a statement to
which the respondent could indicate his or her level of
agreement in the context of a firm with which the
respondent was familiar using a 7-point Likert scale.
The survey also included demographic variables to
categorize the respondent and the firm.
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Figure 2. Initial PLS-SEM Results

The exploratory PLS-SEM analysis used the
SmartPLS 3 software package (Ringle, Wende and
Becker, 2015). In this approach, the measurement
models for the constructs are first examined for several
types of validity/reliability. Reflectively measured
constructs are assessed for internal consistency,
convergent  validity/indicator  reliability  and
discriminant  validity. Formatively measured
constructs are assessed for convergent validity,
indicator collinearity and indicator
significance/relevance. All  assessments and
thresholds used in this analysis were based on Hair,
Hult, Ringle and Sarsted (2014). As necessary, the
constructs’ measurement models were modified to
ensure validity. Once the measurement models have
been validated, the structural model is assessed for
construct collinearity, relationship
significance/relevance and predictive relevance using
measures such as R2, /2, 0% and ¢°. Insignificant
relationships were dropped from the model. Finally,
results were interpreted and conclusions were drawn.

4. Results

4.1. Data Collection Results

A total of 122 usable responses were received to
the survey which included purchased responses from a
panel of senior business and IT executives as well as a
convenience sample of data management
professionals related to the author on LinkedIn.

Missing data were processed using mean substitution.
To ensure that mean substitution would not bias the
results, all surveys that did not answer two or more of
the Likert-scale questions for the indicator variables in
the measurement model were discarded. According to
a power sensitivity analysis for linear multiple
regression random model using G*Power 3.1
software, the level of R? that should be detected with
80% power and 0.05 significance with this sample is
0.108. Thus, the collected data have a reasonable
degree of statistical power to detect the phenomena
being studied.

4.2. PLS SEM Results

The initial PLS SEM Results are illustrated in
Figure 2. The numbers on the arrows are regression
coefficients. The numbers in the constructs are R2.

Several constructs and measurement models were
found to be invalid. The COUNTER MEASURES
construct failed tests for convergent reliability. Thus,
it was replaced with three independent single-indicator
constructs based on its three original indicator
variables.

Next, the indicator variables for the SUCCESS
construct except COST REDUCTION failed indicator
significance validation. This means that SUCCESS as
defined in this model really means only COST
REDUCTION. While this is an important element of
success, it is very limited in the context of data sharing.
However, a general question about success was also
asked in the survey allowed the survey respondents to
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Figure 3. Final PLS-SEM Model Results

use their own interpretation. Therefore, SUCCESS
was replaced with a single-indicator construct called
SIMPLE SUCCESS based on this question.

Finally, many of the relationships were proven to
be insignificant or did not exhibit predictive relevance.
These were removed from the model resulting in the
final model illustrated in Figure 3. P-values are shown
in parenthesis.

5. Discussion

5.1. Market Failure Is a Cause of Data
Withholding

The fact that the paths MARKET -> PRESSURE
-> BEHAVIOR -> SIMPLE SUCCESS are all
statistically significant in the final path model and
have the signs that one would expect is evidence that
the market failure that was theorized actually occurs.
Further, the market failure is a cause of pressure on
organizational unit managers to withhold data and that
withholding behavior has a negative impact on the
perceived success of data sharing IT initiatives, at least
when the definition of success is left up to the
respondent to determine. However, strength of a
MARKET culture only has a moderate influence on
PRESSURE.

5.2. There Are Additional Causes for Data
Withholding

The fact that MARKET accounts for only a
moderate amount of the variance in PRESSURE
indicates that other forces besides a market-based
culture are at work that place pressure on
organizational unit managers to withhold data from
other organizational units.

An unanswered question is what that additional
cause, or causes, might be. It could be a fruitful area

for future research to explore what other phenomena
besides the market failure could be at work and
whether at least some of those phenomena are more
focused on the individual person and his or her
perception than they are focused on the firm.

Another potential is data privacy or security
concerns. Data breaches are often publicized in the
news media and many industries are subject to
stringent privacy or security regulations. Thus, the
possibility of privacy or security breaches may be top-
of-mind for many business managers and could make
them reluctant to allow others not under their direct
management control access to their data. It would be
interesting to see if future research could specifically
include this in a data withholding theoretical model.

Yet another potential is that managers/executives
simply behave in their own perceived best interests
rather than in the interests of the firm even in firms that
do not have a strong internal market culture. This
would likely be more a result of a narcissistic
personality than it would be of any external forces
influencing behavior. Future research should also
address this potential issue.

5.3. Success Is Affected But It Is Not Clear
How Success Is Perceived

The facts that BEHAVIOR -> SIMPLE
SUCCESS is significant, its path coefficient has the
proper sign and that the model accounts for 29.4% of
the variance of SIMPLE SUCCESS is evidence that
there is at least a moderate impact on success. In
addition, the failure to validate the original SUCCESS
construct has important implications. This construct
was based on the net business benefits dimension of
one of the most accepted models of IS success (Petter,
DeLone, and McLean, 2008). Its invalidity is evidence
that net business benefits is not a major component of
what the survey respondents consider to be the success
of data sharing initiatives. Exploring other
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possibilities for what success really means could be
another fruitful area for further research.

5.4. Enterprise Management & Data
Governance Do Not Effectively Incentivize
Data Sharing

The hypothesized mitigating effects in the
original path models were based on enterprise
management, especially data governance leaders,
understanding their role in mitigating market failures
inside the enterprise. There is strong theoretical
justification for expecting those effects, The facts that
these effects did not possess predictive relevance is
evidence that enterprise management/data governance
is not taking effective mitigating action to prevent data
withholding when it is warranted. But the current
research cannot identify whether they would be
effective if they were systematically applied or if they
are ineffective because they are not systematically
applied,

5.5. A Known Business Need to Share Data is
Not Enough to Encourage Data Sharing

Because the path NEED -> BEHAVIOR proved
to be insignificant, we cannot rely on organizational
unit managers or executives to share data with other
organizational units even when they know it is in the
best interests of the business enterprise.

6. Conclusion

6.1. Limitations of this Research

As was stated previously, a limitation based on
the research design is that the research is based on
personal opinions of individuals rather than more
objective measurements by a third party of the
phenomena at work. However, some researchers such
as Cecez-Kecmanovic, Kauts and Abrahal (2014)
conclude that IS success, this research’s ultimate
dependent variable, is not objectively measurable.
Only individual’s perceptions of success are
measurable. This research supports that conclusion.

In addition, several multi-indicator measurement
models of the constructs proved to be invalid and were
replaced by single indicator constructs.  Single
indicator constructs, while allowed in PLS-SEM, have
a disadvantage compared to multi-indicator constructs
in that they do not account for potential measurement
errors in the individual indicator variables. Thus,
future research should attempt to find new ways to

develop multi-indicator measurement models for those
constructs.

The current NEED construct is rather limited and
is based more on technical than business
considerations. It may be fruitful to expand it to more
of a true business need construct in the future.

Finally, because the dependent and independent
variables were obtained from the same sources, there
is a possibility of common method bias. This was an
unavoidable limitation of an anonymous survey.

6.2. Implications for Future Research

A more rigorous SEM model than the current one
could possibly be developed through an interpretive
methodology such as grounded theory rather than the
literature review approach used in this research.

Other IT goods and services that are non-rivalrous
such as metadata, enterprise architecture and reusable
services in a service-oriented architecture (SOA) may
also be affected by market failure. Expanding this
research for such goods and services that should be
shared at an enterprise level might be fruitful.

Another possibility is to incorporate the Data
Management Maturity Model from Carnegie Melon
into the research to see how the market failure relates
to levels of data management maturity.

Finally, it might be fruitful to extend this research
beyond intra-enterprise data sharing to sharing beyond
the borders of a single enterprise.  Healthcare
information exchanges (HIEs) and the European
Union’s Data Act may bear a relationship to this
research.

6.3. Recommendations for Data Governance

The final recommendation of this study is for
enterprise executive management and especially data
governance professionals to become more educated
and aware of the potential for market failure. They
need to be able to recognize when and if the market
failure exists and to act to mitigate its effects. They
need to understand that it is only enterprise-level
intervention that can solve the problem — it cannot be
solved at the organizational unit level. Nor can it be
solved by individual IS projects such as a DW or
MDM implementation project because they have no
control over the market culture. Balancing the tradeoff
between the benefits of an internal market culture and
the benefits of being able to share data across
organizational units should be a major responsibility
of Chief Data Officers (CDOs) and enterprise data
governance professionals.
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