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Abstract

for themselves” [5:2] but need both context and theory
to understand them. Therefore, even in the age of big
data, reports of the death of theory [1] have been
greatly exaggerated.
The IS discipline is in the unique position where
both empirical theory building and design science
based on conceptual modeling are part of its core
identity. Thus, IS could contribute conceptual models
of theories and empirical data to theory research.
To help scientists in theorizing and replicating
empirical findings, it has been proposed to publish next
the scientific article also the empirical data
[3,13,23,29,31]. However, these “open data” initiatives
must deal with a number of challenges. First, in IS,
either the raw data often contains sensitive company
information or its publication creates privacy problems.
Second, without understanding the context of the
empirical study, the raw data could be unusable. Until
now, no meta-model has described both the essence of
empirical data and the context in which the data is
generated.
It is good scientific practice not just to accept
reported empirical findings; therefore, also in IS, there
has been a call for more empirical replication [7].
However, replication might be more difficult in IS than
in other fields because of rapid technological change.
IS researchers observe a moving target, and a lot of
empirical data are affected by contingencies. Therefore
it might be helpful to have a meta-model that describes
not just the empirical data but also its context.
This paper builds on our previous work about a
meta-model for causal theories [24] in which we
discuss methods for inferring inter-theory relationships
between causal theories. However, what was missing
in [24] is how causal theories are connected with their
empirical implications and empirical data. This paper
tries to bridge this gap by making the following
contributions:
1. It adds a meta-model of empirical data to the
existing meta-model of causal theories [24]
that could be used for open data publishing in
the IS field.
2. It presents methods to automatically infer

The number of scientific publications has increased
exponentially in the last decades. To better compare
these ever-increasing results and to help further
replication studies, the use of open data has been
suggested. But how should empirical data be
described? This paper presents a meta-model for
empirical findings that is conceptually linked with the
formal description of causal theories. Based on the
meta-model, we present methods to calculate the
expected empirical outcome for causal theories given a
specific research setting. Additionally, a method for
automatically determining the relationship between a
causal theory and an empirical test is suggested. Based
on the meta-model and the methods, a new form of
visualization (theory-data maps) is used to show the
relationship between causal theories and empirical
data. We demonstrate the preliminary applicability of
the approach based on an example application to
information systems theories and empirical results.
Keywords: Causality, Theory, Empirical Data,
Conceptual Model, Open Data, Replication

1. Introduction
Both the number of scientific papers published in
conference proceedings and journals and the number of
researchers accessing these papers have been
increasing exponentially over the last decades [20,22],
resulting in numbers of articles too large for most
scientists to read in their entirety. Meanwhile, the
requirements for a structured literature review in the
information systems (IS) field have increased [30,35].
A literature review’s tasks include analyzing
relationships between theories and juxtaposing
empirical finding with theories and with one another.
Theories and their empirical tests are central to
every scientific endeavor. In IS, the role and structure
of theories have been extensively discussed [11,34].
Theory and data are inextricably interlinked; without
data, theories are just conjectures, and without theories,
gathering data is merely reporting. “Facts do not speak
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empirical findings in the IS field; rather, we focus only
on causal theories and their empirical implications.
The suggested theory-data meta-model allows
inferences of empirical implications for a causal theory
in an experimental or observational research setting.
The meta-model consists of two main parts: the theory
space and the data space. Figure 1 shows the UML
package structure of the meta-model. The theory space
is descripted in Mueller [24]. The data space will be
described in Section 3.

a.

the expected empirical outcome for a
causal theory
b. the distinguishing research setting for
the two theories
c. the relationship between the theories
and empirical data
3. It proposes a new visualization of the
relationships between theories and empirical
data.
Comparing theories is especially problematic
because of construct inconsistencies based on different
naming or measurements. Research on InterNomological Networks (INN) [18] tries to create
theory-spanning nomological networks for information
systems and other behavioral disciplines and addresses
these problems by text mining IS theories [19]. In the
meta-model for causal theories [24], a construct is not
identified by its name, so two constructs with the same
name could be different constructs and two constructs
with different names could be defined as identical
(synonymous). Because theory-data maps use the
theory and construct description of [24], they are not
prone to this construct identity fallacy. The INN
construct information [18] could help with building
theory-data maps.
Causal theories are central to theory-data maps.
Even though causality is crucial in science, its role in
IS has received little attention [12,4]. This paper
contributes to IS literature by specifying exactly the
empirical consequences of causal theories and the
relationships between causal theories and data.
The remainder of this paper is structured as
follows: In Section 2, the overall structure of the
theory-data meta-model is discussed. Section 3
presents the meta-model for empirical data. Section 4
introduces methods for reasoning using the metamodel, including a method to infer automatically the
relationship between a theory and an empirical test.
Based on these theory-data relationships, we present in
Section 5 a novel visualization: theory-data maps. In
Section 6, we show an example of theory-data maps
for information systems theories and data. In Section 7,
we compare theory-data maps with other review
methods such as meta-analysis—after which we
present our conclusion.

Package Diagram Theory-Data Meta Model

Theory
Space

Imports
Construct

Data
Space

Figure 1. Package structure of the meta-model

3. Data space
The data space has four components (see Figure 2):
Empirical test: An empirical test consists of a
research setting and an empirical outcome.
2. Research setting: A research setting specifies
what constructs are passively observed and
experimentally intervened and the context of the
research.
3. Empirical outcome: An empirical outcome is the
observed or expected (partial) correlations or cooccurrences between constructs.
4. Theory-data relationship: The theory-data
relationship describes whether an empirical test is
falsifying or corroborating a theory.
1.

Package Diagram Data Space

Theory-Data
Relationship

Empirical Test
Imports
Research Setting
Research
Setting

Imports
Empirical Outcome
Empirical
Outcome

2. Theory-data meta-model

Figure 2. Package structure of the data space

In this paper we will limit ourselves to causal
theories and their empirical tests. We are aware that in
IS, other theory types also exist [11], including process
theories or qualitative theories for description and
explanation. We do not claim that the proposed metamodel would be able to describe all theories and

3.1. Empirical test
An empirical test has two other classes: first, a
research setting describing the research context as well
as what constructs are passively observed and what
constructs are (randomly) intervened; second, the
observed empirical outcome, which describes the
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Testing a theory whose research setting’s scope is
incompatible will not lead to a falsification of the
theory. For example, theories that explain how
technology adaption occurs within the scope of
nonprofit organizations cannot be tested with data from
startups.
Figure 5 shows an example of a hierarchy of
research methods. Technology, industry, and
population can be part of one or more hierarchies.
Figure 6 shows an example of a partial hierarchy of
knowledge management software.

correlations (or co-occurrences) and partial correlations
(or conditions) between the constructs (see Figure 3).
Empirical
Test
0..*

0..*

has ▼

has ▼
1

1

Research
Setting

Empirical
Outcome

Figure 3. Empirical test

Research
Method

3.2. Research setting

Qualitative

The empirical result of a theory depends on the way
we design the research setting (see Figure 4). We could
passively observe a construct or intervene and assign
values to a construct via an experiment or an action
research study. The intersection of the sets of
observations and interventions is empty, which means
that for a specific research setting a construct cannot be
passively observed and actively intervened at the same
time. A research setting does not require interventions;
an observational study would just include constructs
that are passively observed. A valid research setting
includes at least one observation and the sum of the
cardinality of the sets of observations and interventions
should be at least two.
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Research
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Figure 6. Example of a hierarchy of
technologies for knowledge management
software
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Figure 5. Hierarchy of research methods (not
complete)
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Intervention
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Context

1
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3.3. Empirical outcome

◀uses
0..*

An empirical outcome could be quantitative or
qualitative. A quantitative outcome consists of a
correlation matrix and, optionally, a set of partial
correlations. A qualitative outcome consists of a cooccurrence matrix and, optionally, a set of conditions.
The correlations (or co-occurrences) and partial
correlations (or conditions) could be either
theoretically inferred for a theory based on a research
setting or empirically observed in a research setting
(see Figure 7).

|observations| +|interventions| ≥ 2
observations ∩ interventions = !

Figure 4. Meta-model for research setting
A research setting also has a context that, for an IS
theory, describes the technology (artifact), industry
(organizations), and the population (participants). A
research setting’s context must match a theory’s scope.
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3.4. Theory-data relationship
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1..*

A
theory-data
relationship
describes
the
relationship between a theory and an empirical test (see
Figure 8). In Section 4.3 we will describe a method to
automatically calculate the theory-data relationship
between a given theory and an empirical test.
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Figure 7. Meta-model of empirical outcome

Empirical Test

A correlation is an inferred or measured empirical
association between two or more constructs, described
as a qualitative correlation between two or more
constructs. The sign of the correlation, which indicates
the direction of this association, could be “0”, which
would indicate no significant correlation; “+,” which
would indicate significant positive correlation; or “–,”
which would indicate significant negative correlation.
A “?” sign would indicate a significant non-zero
correlation. The effect size describes the strength of the
association.
Additionally, a quantitative empirical outcome can
have a set of partial correlations. For example,
construct c1 and construct c2 are statistically
independent under the condition of construct c3 (the
partial correlation between c1 and c2, given c3 is zero).
The constructs in an empirical outcome are
operationalized by measures. In this paper, we will
assume a validated measurement model and will
operate directly on the construct level only. For an
exhaustive discussion of the factorial validity of a
measurement model, see [9,10].
For qualitative empirical outcomes, a co-occurrence
is an inferred or qualitative observed relationship
between two or more constructs. A condition is an
inferred or observed qualitative contingency of a cooccurrence. A drawback of this meta-model is that the
rich data, stories, and quotes of a good qualitative
study are lost with this kind of description. However,
information loss is unavoidable in every method that
summarizes the results of other extensive studies. We
do not claim that all qualitative research data can be
described by our approach.

Figure 8. Relationship between theory and
empirical test
There are three possible theory-data relationships
(see Figure 9):
1. Unrelated: The theory and the empirical test are
unrelated if they do not share at least two common
constructs.
2. Falsification: A theory is falsified by an empirical
test if one or more propositions are incompatible
with the observed empirical data. That means,
either at least one proposition of the theory is
wrong or the empirical test is wrong.
3. Corroboration: A theory is corroborated by an
empirical test if the expected empirical
consequences of the theory are the same as the
observed empirical data.
Theory-Data
Relationship
{exhaustive, non overlapping}

Unrelated

∅

Falsification

!

Corroboration

✓

Figure 9. Taxonomy of theory-data
relationships
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4. Methods based on the meta-model
We define different methods for reasoning on the
presented meta-model in the following sections (see
Figure 10).
Figure 11. Rules for sign addition and sign
multiplication [36]

Total Causal
Influence

Research
Setting

uses
Empirical
Implication

Input

4.2 Empirical implication

Empirical
Outcome

Output

According to Popper [28], the task of science is to
test theories critically. Only theories that state under
which experimental or observational setting they
would be falsified are considered meaningful.
The empirical implication is a method that
calculates the expected empirical outcome for a theory
and a research setting. To calculate the empirical
outcome for a theory in a specific research setting, the
followings steps must be executed:

uses

Theory

Calculate TheoryData Relationship

Input

Empirical
Test

Output

Theory-Data
Relationship

uses
Distinguishing
Research Settings

Input

Output

Research
Research
Setting
Research

Theory

Legend

1.

Delete (block) all propositions that have one
of the variables in the intervention set as the
effect [27:22].

2.

For each ordered pair of constructs ci, cj (ci ≠
cj ) in the theory:

Class

Method

Figure 10. Methods based on the meta-model

4.1 Total causal influence

a.

To calculate the total causal influence of a construct
c1 on a construct c2, where both constructs are part of a
theory t1, we conduct the following steps [24]:
1. Path construction: All directed paths from c1 to c2
are computed. If there is no path from c1 to c2, then
there is no causal influence from c1 to c2:
therefore, the sign of the influence is 0.
2. Calculating the sign of a path: The sign of a path
can be calculated by multiplying all signs of the
propositions in the path. The rules for sign
addition (⊕) and multiplication (⊗) are shown in
Figure 11.
Research Setting

⚂

A

B

B

b.

add the total causal influences from
all constructs that are common
causes for both ci and cj.
With the help of the d-separation [27:18,32:44] we
can also calculate the expected qualitative partial
correlations or the conditional independencies.
Figure 12 (left side) shows the two competing
theories 1 and 2. Let us assume a research setting in
which we passively observe A, B, and C. We can infer
the correlation matrix and the partial correlations for
Research Setting

C

⚂

Empirical Outcome

Theory 1

Correlation Matrix

+
+

A

!
"
#

C

!

"

$
$

$

#

Partial Correlations

calculate the sum of the total causal
effect from ci to cj and from cj to ci
and

B

C

A
Empirical Outcome
Correlation Matrix

Theory 1

ρ AC·B = 0
ρ AB·C = +
ρ BC·A = +

B

+
+

A

!
"
#

C

Correlation Matrix

A

+

B

+

C

!
"
#

!

"

$
$

$

#

"

!
!

%

#

Partial Correlations

ρ AC·B = 0
ρ AB·C = 0
ρ BC·A = +

Empirical Outcome

Empirical Outcome
Theory 2

!

Partial Correlations

Correlation Matrix

Theory 2

ρ AC·B = 0
ρ AB·C = +
ρ BC·A = +

A

+

B

+

C

!
"
#

!

"

$
$

$

#

Partial Correlations

ρ AC·B = 0
ρ AB·C = +
ρ BC·A = +

Figure 12. (Passive) observation of A, B and C (Left). (Random) intervention on A and (passive)
observation of B and C (Right). Empirical implications for Theory 1 and 2
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empirical outcome, then
relationship is “unrelated.”

the theories. Both theories show the same (positive)
qualitative correlation between A, B, and C. The partial
correlations ρAC·B, ρAB·C, and ρBC·A are also the same.
Figure 12 (right side) shows the same two theories
1 and 2, but with a different research setting. We
assume we observe B and C (eye icon) and randomly
intervene on A (dice icon). This would lead to a
positive correlation between A, B, and C for Theory 2.
However, in this experimental setting, Theory 1 would
predict statistical independence between A and B as
well as between A and C.

b.

Distinguishing Research Settings

+
+

B

A

⚂

C

B

C

A

+

B

+

C

⚂

A
B

⚂

B
A

C

Research Setting

Research Setting

Theory 2
A

Research Setting

Research Setting

C

⚂

A
B

C

Figure 13. Distinguishing research settings for
Theory 1 and 2

5. Theory-data map

4.4 Calculating the theory-data relationship

For a set of theories and set of empirical tests we
propose a new visualization: the theory-data map.
Theory-data maps are a way to visualize the
relationships between theories and data as a bipartite
graph. We have two node types: theories and empirical
tests. The links between them represent the theory-data
relationship
types
(none:
unrelated;
green:
corroboration; red: falsification). Additionally, we use
the x-axis to encode the publishing year of the theory
or test, which means that earlier publications are
positioned to the left of more recent ones. This is
similar to the theory-evolution graph [24]. However,
the theory-evolution graph visualizes only the intertheory relationships and ignores empirical data. Figure
15 shows the theory-data map for theories 1–4 and
empirical tests 1 and 2 described in Section 4.

The following method calculates the theory-data
relationship for a theory and an empirical test by
executing the following steps:
1.

If the scopes of the theory and the research setting
of the empirical test are not comparable, then stop;
the theory-data relationship is “unrelated.”

2.

Calculate the expected empirical outcome for the
theory, based on the research setting of the
empirical test (see Section 4.2).

3.

Compare the calculated expected empirical
outcome with the observed empirical outcome of
the empirical test.
a.

If there is at least one common construct tuple
that has a different correlation or partial
correlation in the expected versus the observed
empirical outcome, then the theory-data
relationship is “falsification.”

If all common construct tuples have the same
correlations and the same partial correlations in
the expected and the observed empirical
outcome, then the theory-data relationship is
“corroboration.”
Figure 14 shows the results of the method for
different theories and empirical tests.
In IS literature, the predominant representations of
causal theories are that of partial least squares (PLS)
[9] or structural equation modeling (SEM) [10,21] and
confirmation tests with tools like SmartPLS, LISREL,
or AMOS. The main difference in our approach to
SEM is that we did not incorporate the measurement
model of a theory and the calculation of latent
variables in our approach. However, if we only look at
the structural model, the representation as a SEM or as
a causal graph is equivalent [27:133–172]. A causal
graph can be transferred into a SEM or vice versa
[27:27]. For the specification of the empirical outcome
(see Section 3.3), the description of the (partial)
correlations are sufficient because “two Markovian
linear-normal models are covariant equivalent if and
only if they entail the same sets of zero partial
correlations” [27:145]. In other words, the meaning of
a causal theory is described by all empirical outcomes
for all possible research settings.

For two contradicting theories there exists at least
one research setting in which the two theories show a
different empirical outcome. For two theories t1 and t2,
the set of distinguishing research settings are all
research settings for which the empirical implications
are different for both theories.
Figure 13 depicts the four distinguishing research
settings for Theories 1 and 2. For each of the four
research settings, Theory 1’s empirical outcome is
different from that of Theory 2.
Theories

theory-data

c.

4.3 Distinguishing research settings

Theory 1

the

If there are fewer than two constructs that
appear both in the expected and the observed
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Theory-Data Relationship
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Figure 14. Calculating the theory-data relationship between Empirical Test 1 and Theory 1 and 2
(top), and Empirical Test 2 and Theory 3 and 4 (bottom)
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✓
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Chat
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Students
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Profess. Service
Consultants
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2005

Legend
Theory

Theory 4

✓

!

Empirical
Test 1

1990

(i.e., intrinsic enjoyment in helping others). Figure 16
shows two different knowledge-sharing theories.
The first IS theory (simplified and adapted from
Kankanhalli et al. [16]) proposes that users of
knowledge management systems follow an economic
calculation of the benefits of knowledge sharing and
that consequently extrinsic incentives for knowledge
sharing should have a positive effect on knowledge
sharing. Also, the intrinsic benefits of the enjoyment of
helping others (altruism) should have a positive effect.
The second theory, put forward by Osterloh and
Frey [25], suggests that monetary incentives will
reduce the altruistic motives for knowledge sharing. It
is based on the motivational crowding theory [8] that
says that extrinsic benefits can crowd out intrinsic
benefits.

Empirical
Test

✓
Corroboration

2010

!
Falsification

Figure 15. Theory-data map for Theory 1 to 4
and Empirical Test 1 and 2

Kankanhalli et al. (adapted and simplified)

Incentives

6. Information systems example

Altruism

Incentives

+
+

We present an exemplary application of the
approach for information systems theories for
illustrative purposes. We look at the IS question of
why people share their knowledge through knowledge
management systems. The phenomenon of interest is
knowledge sharing. Knowledge sharing theories are
published in the leading IS journals and are frequently
cited. However, for space reasons, we will only look at
two factors that might influence knowledge sharing:
extrinsic knowledge sharing incentives and altruism

Osterloh and Frey (adapted and simplified)

Knowledge
Sharing

-

+
+

Knowledge
Sharing

Altruism

Figure 16. Different knowledge sharing
theories (Osterloh & Frey [25] and Kankanhalli
et al. [16] (simplified))
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Figure 17 shows the inferred empirical outcomes
for both theories for one research setting, based on the
method described in Section 4.3.

illustration and should not be considered an exhaustive
review of the empirical findings for this question.
The graph visualization will be cluttered with a lot
of theories and empirical findings. A matrix view of
the theory-data relationships is also possible as an
alternative or in addition.

Research Setting
I

⚂

A

KS

Correlation (CoOccurrent) Matrix

Kankanhalli et al.

#

+

I

+

A

! !"

#
! $
!" &
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&

Empirical Outcome
Osterloh & Frey
I

A

-

7. Comparison with other review methods

Empirical Outcome

Correlation (CoOccurrent) Matrix

#

+
+

! !"

#
! %
!" $

KS

Partial Correlations
(Condition)

Analysis and synthesis of prior work is essential in
all scientific endeavors. The numerous review
techniques [17] can be placed into the qualitativequantitative continuum from narrative review to metaanalysis (see Figure 19). In the following we will
discuss how theory-data maps are similar to or
different from the other review methods.

ρ I,A·KS = 0
ρ A,KS·I = +
ρ I,KS·A = +
Partial Correlations
(Condition)

ρ I,A·KS = ρ A,KS·I = +
ρ I,KS·A = +

'

Theory-Data
Maps

Figure 17. Empirical implications (I:
Incentives, A: Altruism, KS: Knowledge
sharing)

Figure 19. Theory-data maps in the qualitativequantitative continuum of review methods [17]

We juxtapose the two theories with three empirical
studies. The first empirical study, from Kankanhalli et
al. [16], is a 2002 survey of employees from 17
Singaporean public companies that use electronic
knowledge repositories.
Wolfe and Loraas [37] tested the effect of
incentives on knowledge sharing with a laboratory
experiment involving MBA students. They randomly
assigned the students to different incentive schemes.
Ardichvili et al. [2] conducted a qualitative case
study about the motivations and barriers for knowledge
sharing at a multinational corporation (Caterpillar
Inc.).
Osterloh &
Frey

✓

✓

!
!

Kankanhalli et
al.

✓

!

Ardichvili et al.

Kankanhalli et al.

Case Study
Electronic Knowledge
Repository
Caterpillar Inc.

Survey
Electronic Knowledge
Repository
Cross Industry

Professionals

2000

Theory-data maps can be located in the center of
the qualitative-quantitative continuum. Compared with
narrative reviews [17], theory-data maps have a
rigorous definition of the inference of the relationships
between data and theories and are therefore more
robust against the biases and preferences researchers
may hold to support their own understanding.
Descriptive reviews include some quantification, e.g.
frequency analysis of how research methodologies are
used in IS [26]. However, theory-data maps examine
the evidences that support or contradict theories.
Theory-data maps share some similarities with
vote-counting [14] and meta-analysis methods
[6,15,17], where empirical evidence from different
studies are integrated. However, there are some
differences: theory-data maps are interested in the
empirical test’s contingencies and therefore also
explicitly include the research context. When we
theorize about IS, we describe a moving target. The
contingencies of IS theories and the validity of the
empirical results change over time. Neither
technologies nor user IT experiences stand still. Good
IS theories should be valid over a long time, with
different versions of a technology, and in different
contexts. However, because the IT artifact is central to
all IS theories, the validity of many IS theories is likely
to change over time. Therefore, the main goal of
theory-data maps is not to create one “true” synthesis
of all high-quality historical empirical data, as most
meta-analysis techniques are doing, but to represent

Professionals

2005

Wolfe and
Loraas
Laboratory experiment
Electronic Knowledge
Repository
MBA Students

2010

Figure 18. Theory-data map for selected
knowledge sharing theories and empirical
findings
Figure 18 visualizes the theory-data map for the
selected studies and theories. This example is just for
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changing contingencies and validities over time.
Replication in IS is most fruitful when a theory is
tested with different research methods and in different
contexts. Theory-data maps make the context explicit
and allow inclusion of qualitative empirical results.
However, our approach, like that of meta-analysis,
is also affected by the file-drawer problem (i.e., it can
only cover published studies). Another limitation of
theory-data maps is that they only examine an effect’s
existence but do not consider its magnitude in the
mapping, as meta-analysis is doing. Theory-data maps
do not attempt to create a single, synthesized
conclusion of the empirical work as do vote counting
and meta-analysis.
In future work, we would like to use the metamodel presented here to support also meta-analysis.
For this challenge, methods that combine meta-analysis
and SEM are very promising [33].

empirical tests, and (3) the needed time for the research
task.
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