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Abstract
Science aims to build and advance general theories from empirical data. This process is complicated by the immense volume 
of empirical data and scientific theories in some domains, for example in the field of health behavior change. Especially, 
a systematic mapping between empirical data and theoretical constructs is lacking. We propose a toolbox to establish that 
mapping. We adopted a modeling approach based on literature surveys to elicit requirements and to derive a metamodel. 
We adopted a graph-based database system to implement the metamodel, and designed a web-based tool for importing data 
from annotated text documents. To evaluate that toolbox (named SciModeler), we have conducted a case study within the 
field of health behavior change to record three scientific theories, three empirical studies, and the mapping in-between. We 
have documented how SciModeler aids closing gaps between empirical data and theoretical constructs. We have demon-
strated that this enables new types of analyses by sharing example queries for (1) refining scientific theories, (2) exploring 
promising intervention strategies for a specific context, and (3) checking the potential impact of an intervention platform in 
a specific context. Our supplementary materials promote replication of these results. SciModeler can support the consolida-
tion of scientific knowledge in the field of health behavior change, and we suggest that it may be applied within other fields, 
as well. An important direction for future work is promoting online collaboration on SciModeler graphs.
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Introduction

Over the past decade, research on mobile health (mHealth) 
apps has expanded significantly and these apps have proven 
to be able to promote healthier lifestyles and prevent welfare 
diseases [1, 2]. To promote health behaviors mHealth apps 
employ different intervention strategies, or behavior change 
techniques [3]. The effectiveness of an mHealth app to pro-
mote health behaviors largely depends on the specific (com-
bination of) intervention strategies that the app employs [4, 
5]. Oftentimes, mHealth apps are quite complex and involve 
many interacting intervention strategies [3–5]. However, 

despite the large volume of empirical studies from the health 
behavior change field, it remains challenging to distinguish 
which intervention strategies are needed to change different 
behaviors, for whom, and under which conditions these are 
most effective [6].

One of the reasons why this challenge prevails is the 
ongoing scientific debate on a standardized classification 
of intervention strategies. In particular, mHealth research 
relies largely on knowledge from the field of health pro-
motion and behavior change. That scientific domain is 
a blend of psychology, behavioral economics, environ-
mental planning, urban planning, epidemiology, public 
policy, information technology, and computer science. 
With influences from so many backgrounds, there is a 
plethora of (overlapping) intervention strategies available 
[7]. Although a lot of effort has been put into deriving 
taxonomies of intervention strategies (e.g., see [3, 8, 9]), 
it has proven extremely challenging to reach consensus 
on a standardized taxonomy with so many scientific disci-
plines being involved [3, 7, 10], and this disagreement still 
hinders collaboration among disciplines [7]. The lack of 
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standardization has led to poor replicability of studies and 
has complicated comparisons between studies [7].

Another reason why it remains difficult to accurately 
estimate the impact of an intervention strategy resides 
in the strategy’s interdependence with contextual fac-
tors. In particular, although an intervention strategy may 
have been demonstrated to be effective in one interven-
tion context, these results do not automatically translate 
to another context [4, 5]. The current taxonomies of inter-
vention strategies do typically not distinguish between dif-
ferent intervention contexts, nor do they include evidence 
of impact or effectiveness within a specific context [11]. 
Hence, while they include effective strategies for promot-
ing user engagement, they may also contain ineffective, or 
even counter-effective, techniques [11]. Another approach 
has been to create an all-encompassing theory of behavior 
change (e.g., see the Integrative Model of Behavioral Pre-
diction [12] or the COM-B System [13]). Although these 
theoretical frameworks help advocate general principles 
of health behavior change interventions, they cannot fully 
capture the richness of contextual factors [14]. As a result, 
it typically can hardly be derived for whom, and under 
which conditions, a specific intervention strategy is most 
effective [6].

This article does not aim to contribute an all-encom-
passing theory of health behavior change, nor a stand-
ardized taxonomy of intervention strategies. Instead, 
this article discusses the development and evaluation of 
a novel toolbox, SciModeler, that empowers researchers 
to efficiently consolidate scientific knowledge, including: 
(1) recording study findings and contexts in a knowledge 
representation that facilitates querying, (2) mapping study 
outcomes with theoretical constructs to refine scientific 
theory, and (3) making replicable predictions on the 
impact of a particular intervention strategy in a specific 
context, based on actual empirical data.

The remainder of this article is structured as fol-
lows: the next section surveys the literature on existing 
approaches to consolidate scientific data. The section 
“Methods” details our modeling approach and evaluation 
strategy. The section “Results” presents the correspond-
ing results. First, it describes the modeling outcomes (i.e., 
literature-based requirements and metamodel). Then, 
evaluates these by means of a case study that involves 
three scientific theories and three empirical studies from 
the field of health behavior change. This section comes 
with various supplements (ranging from an open-source 
annotation tool to downloadable copies of all graphs and 
queries). Finally, in the section “Discussion”, we discuss 
the principal results and derive guidelines for future work, 
especially also looking at limitations that still need to be 
overcome.

Related Work

There has been a vast amount of work related to capturing 
encyclopedic and factual knowledge in ontologies (e.g., 
by Google, Bing, IBM, BBC, or Thomson Reuters), but 
relatively little work focuses on representing the informa-
tion contained inside scientific publications semantically 
[15]. Nevertheless, recent advances in Natural Language 
Processing (NLP) and Machine Learning (ML) have ena-
bled the automated construction of semantic models from 
scientific articles [16]. Hence, these techniques could 
in theory be employed for the automated consolidation 
of knowledge of a given scientific field. However, such 
approaches build models that are yet unable to accurately 
represent argumentation and scholarly knowledge evolu-
tion in knowledge graphs [15], because argumentation 
requires understanding cause and effect (i.e., an operation 
that NLP and ML systems can hardly perform, since these 
systems cannot intervene in the world [17]). Hence, in 
this section, we discuss several information technology 
projects that aim to consolidate scientific information from 
research domains other than the field of health behavior 
change. We evaluate these projects in terms of scoping 
(i.e., what data arer collected?) and tooling (i.e., how are 
data collected?).

In terms of scoping, especially the biomedical field has 
contributed largely to this challenge. For example, SWAN 
[18] and Nanopublications [19] have been used to model the 
results or outcomes of empirical studies in the biomedical 
field. Moreover, SWAN is capable of recording the original 
hypothesis (i.e., claim) as well. However, both tools provide 
limited means to record contextual information on empirical 
studies (e.g., sample demographics, details of an experimen-
tal setup, etc.). Micropublications [20] and ECO-CollecTF 
[21] do constitute features to record contextual information 
on empirical studies. However, these tools does not distin-
guish different types of empirical data as separate entities. 
On the other hand, SALT [22] and SOLVENT [23] are 
two domain-independent solutions to construe knowledge 
graphs. SALT [22] is tailored toward capturing details of 
an empirical study in great depth, whereas SOLVENT [23] 
is particularly tailored to lightweight data capturing (at the 
expense of richness of data).

Subsequently, in terms of tooling, SWAN [18], Nanopub-
lications [19], Micropublications [20], and ECO-CollecTF 
[21] are designed to enrich various document formats (e.g., 
HTML and PDF) with semantic annotations. Subsequently, 
these initiatives store these annotations in databases and pro-
vide digital interfaces to reason from these annotations (e.g., 
see [20]). Similarly, SOLVENT [23] relies on annotations to 
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collect data, especially via crowdsourcing. SALT [22], on 
the other hand, relies on annotations of LaTeX documents.

From our exploration of related work, we found that all 
currently available tools lack the possibility to relate empiri-
cal data to established theoretical constructs. Furthermore, 
only a limited number of tools supports the capturing of con-
textual information. However, in some fields (e.g., the field 
of health behavior change), this functionality is desperately 
needed [11, 15], to be able to make replicable predictions on 
the impact of a particular intervention strategy in a specific 
context. We aimed to overcome these limitations by develop-
ing a toolbox that empowers scientists in fields where many 
theories for explaining a single phenomenon exist and where 
consensus is not yet established on how these theories relate 
to each other.

Methods

This section describes the modeling steps we have under-
taken to ensure that our solution used the existing concepts 
where appropriate. Then, it describes our evaluation strategy.

Modeling Approach

SciModeler constitutes a set of tools to encode how empiri-
cal studies support or refute one or more scientific theories, 
as well as record contextual information, in a knowledge 
representation that facilitates querying. Figure 1 details the 

(interrelationships between) tools that SciModeler includes. 
The tools that are inherited from the database system are 
displayed in red, and the tools that are specific to SciMod-
eler are displayed in blue and gray. For example, capabili-
ties to import data, query data, and obtain query results, are 
native to the database system we have selected. Addition-
ally, to import data, we have developed a web-based appli-
cation to derive semantic meaning from empirical studies 
using PDF annotations. Other SciModeler-specific tools 
(e.g., a dedicated application to encode scientific theories, a 
LaTeX extension to capture semantic meaning directly from 
LaTeX documents, an interface to discuss mappings between 
empirical data and theoretical constructs among research-
ers, and a querying interface that can be used to query the 
database and display results in dedicated dashboard views) 
are currently still being developed.

To develop this toolbox, our first task was to derive Sci-
Modeler’s metamodel. The requirements for this metamodel 
were derived from two literature surveys. These literature 
surveys were focused on dissecting scientific theory, and 
anatomizing empirical studies, respectively, such that we 
gained a proper understanding of the different types of data 
SciModeler should be able to record. Subsequently, we have 
designed a metamodel to meet these requirements.

After we had designed our metamodel, we had to select a 
database model and database system to actually instantiate 
our proposed metamodel. Hence, to instantiate our meta-
model, we have adopted a Labeled Property Graph (LPG). 
This graph-based approach was chosen, for its flexibility, and 

Fig. 1  Overview of tools that constitute the SciModeler toolbox
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extensive coverage of database systems. Unlike Resource 
Description Framework (RDF) Triple Stores, another com-
mon approach to store and depict connected data that is often 
used for ontologies [15, 24], LPG allows for: (1) defining 
attributes on nodes, and (2) connections of the same type 
between the same pair of nodes [24]. Since these features 
were essential for implementing our metamodel without 
technical distractions, we have adopted LPG instead of 
RDF. Note, however, that LPG labels can ultimately be 
compiled into RDF triples [24], which may be relevant for 
interoperability.

Subsequently, to implement the LPG graph model, we 
adopted the graph database system Neo4j v4.1.3, partly 
because Neo4j provides extensive tools for visualizing data 
(e.g., by displaying query results as actual graphs), and a 
declarative graph querying language (i.e., Cypher [25]).

Finally, before we could evaluate the usefulness of our 
system in a case study, we had to design a methodology for 
recording data (i.e., scientific theory, as well as empirical 
data). First, to record a scientific theory, we proposed that 
a reviewer examines the original research article present-
ing the theory, and writes a set of import statements (i.e.., 
using Cypher, Neo4j’s graph query language) to commit the 
theory to the database. In general, this exercise is relatively 
straightforward, as scientific theories are often readily visu-
alized as graphs, including the constructs and relations that 
are recorded in our database.

In contrast to capturing theories, the exercise of extract-
ing data from articles on empirical studies is typically more 
challenging. Particularly, because empirical results are 
usually embedded in text-based documents: a format that 
is not easily transformed into a graph structure. Hence, to 
record empirical results from text-based documents, we have 
developed a dedicated tool: the SciModeler study annota-
tor. This web-based tool derives import statements (i.e., in 
Cypher) from annotated PDF documents. Moreover, the 
study annotator permits users to annotate PDF documents 
directly from a web browser. Hence, users highlight text 
that represents a particular semantic meaning, and encode 
that highlighted text as an entity instance of SciModeler’s 
metamodel. Then, the user selects the appropriate attribute 
that the highlight represents, and associates the instance to 
other entity instances. The highlighted text, as well as an 
optional description are recorded as the attribute value. The 
highlighted text is recorded to reassure that the source of 
a piece of empirical data can easily be traced back to the 
original article.

Evaluation Strategy

After developing the appropriate tools, we have performed a 
case study to demonstrate how SciModeler can facilitate the 
consolidation of scientific knowledge in the field of health 

behavior change, by facilitating: (1) recording study findings 
and contexts in a knowledge representation that facilitates 
querying, (2) mapping study outcomes with theoretical con-
structs to refine scientific theory, and (3) making replicable 
predictions on the impact of an intervention strategy in a 
specific context.

First, we have recorded three defying theoretical frame-
works from the field of health behavior change. In the con-
text of behavior change, theories seek to explain why, when, 
and how a behavior does or does not occur, and the impor-
tant sources of influence to be targeted to alter the behav-
ior [26]. Theories on behavioral change are prevalent: The 
book ABC of behaviour change theories reports 83 behav-
ior change theories [26]; a scoping review on theories of 
behavior change identified 82 distinct theories [10]; and the 
book Planning health promotion programs discusses more 
than 40 behavior change theories [27]. From these and other 
sources, we have compiled a list of 103 unique behavior 
change theories.

In an online survey, we have requested behavioral sci-
entists to express what theories they typically use in their 
behavior change initiatives. The survey was completed by 38 
scientists who selected: (1) the Self-Determination Theory 
[28, 16 mentions], (2) the COM-B System [13, 15 men-
tions], and 3) the Goal-Setting Theory [29, 14 mentions] as 
the most useful theories of behavior change: 

The COM-B System is a theory that proposes that, for 
a behavior to occur, an individual must have the capa-
bility (i.e., physical or psychological) and opportunity 
(i.e., triggered from the social or physical) to engage 
in the behavior, as well as the strength of motivation 
(i.e., “reflective” or “automatic”) to engage in it must 
be greater than for any competing behaviors [13]. The 
model emphasizes that components can interact: for 
example, motivation can be influenced by both oppor-
tunity and capability, which can in turn influence 
behavior. Behavior can then have a feedback influence 
upon a person’s opportunity, motivation, and capability 
to perform the behavior again.
The Self-Determination Theory (SDT) provides a 
broad framework to study motivation, personality, and 
behaviors [30]. Central to the theory’s explanation of 
behavior is the distinction between intrinsic motiva-
tion (i.e., motivation due to inherent interest or enjoy-
ment) and extrinsic motivation (i.e., motivation due 
to external factors), and people’s need for autonomy, 
competence, and relatedness [28, 30, 31].
The Goal-Setting Theory explains the mechanisms by 
which goals or intentions influence task performance 
[29, 32]. The theory’s basic premise is that an indi-
vidual’s conscious ideas regulate his/her behavior (i.e., 
task performance). Additionally, performance can be 
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moderated by a number of factors including the level 
of commitment, the importance of the goal, levels of 
self-efficacy, feedback, and task complexity [29]. Fur-
thermore, the authors model the impact of relation-
ships between goals and their impact on satisfaction, 
as well as how goals act as mediators of incentives.

Additionally, we have evaluated how valuable information 
from three empirical studies on health behavior change 
could be recorded. To reliably model three exemplar empiri-
cal studies in the field of health behavior change, we drew 
from our own collection of empirical studies. The examples 
have quite diverse study setups, and are, therefore, suitable 
to demonstrate the expressiveness of SciModeler, as well as 
these studies provide a good basis for illustrating the useful-
ness of the toolbox.

Study S1 [33]. This study evaluated two design ele-
ments of an mHealth app (i.e., social proof and tangi-
ble rewards) and their impact on user engagement. It 
was found that the introduction of a sufficiently mean-
ingful, unexpected, and customized extrinsic reward 
can engage participants significantly. During a 4-week 
campaign, a sample of 143 university staff members 
engaged in a health promotion campaign. Participants 
were randomly distributed over one of three treatment 
groups.
Study S2 [34]. This study evaluated the impact of 
personalized motivational messages, as compared to 
randomized motivational messages. It was found that 
personalized messages are more appreciated than ran-
dom messages, but also that personalized messages do 
not necessarily cause a change in (long-term) behavior.
Study S3 [35]. This study evaluated social compari-
son as a driver of engagement with an mHealth app 
in preadolescents. It was found that a team-oriented 
environment with involvement of a natural role model 
is more engaging than an individually focused setting. 
This conclusion was drawn after a 12-week crossover 
experiment, including 290 preadolescent students, in 
which three social comparative settings were evalu-
ated.

Finally, after we had recorded three theoretical frameworks 
and three empirical studies, we have explored how these 
theoretical frameworks and empirical studies map onto to 
each other, and how these relations could be represented by 
SciModeler. Moreover, we have explored how the system 
could be queried to consolidate knowledge. For that, we 
developed various queries in Cypher.

Results

In this section, we first present the results of our modeling 
steps, and then, we share our evaluation results.

Modeling Outcomes

Dissecting Scientific Theory

A theory comprises a set of abstract statements about reality 
[36]. Hence, informal explanations, unfalsifiable statements, 
and ideas are important, but they are not scientific theories 
[37, p. 23]. Instead, in a “theoretical system”, “theoretical 
constructs” are introduced “jointly” (i.e., associated to each 
other) [38, p. 32], such that a natural phenomenon and its 
antecedents are explained and their relations can be repeat-
edly tested and verified. Without theory, it is impossible to 
make meaningful sense of empirically generated data, and it 
is not possible to distinguish positive from negative results 
[39, p. 23].

For this study, we have assumed that a scientific theory 
comprises constructs, and the relationships between these 
constructs. While some related works proposed to model 
theories as claims within separate models of individual 
articles (e.g., SWAN [18] and Micropublications [20]), we 
explored a graph-based approach where theoretical elements 
are modeled centrally and supportive pieces of empirical 
data are linked to them.

Anatomy of Empirical Studies

Several frameworks for developing and reporting empirical 
studies have proven valuable over time (e.g., in the design 
of systematic literature reviews [40]). Especially, the PICO 
framework is commonly used in evidence-based prac-
tice (e.g., in Evidence-Based Medicine). This framework 
suggests that a well-defined empirical study comprises: a 
population, an intervention, a comparison, and an outcome. 
Similar frameworks were coined to be applied to different 
research fields. For example, the PECO framework (i.e., 
Population, Exposure, Comparator, and Outcomes) was 
designed for environmental, public, and occupational health 
research [41]; the SPICE framework (Setting, Perspective, 
Intervention, Comparison, and Evaluation) was introduced 
to support qualitative research [42], as well as the SPIDER 
framework (Sample, Phenomenon of Interest, Design, 
Evaluation, Research type) [40]; and finally, the ECLIPSE 
framework (Expectation, Client group, Location, Impact, 
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Professionals, ServicE) was designed for health management 
research [43]. Across frameworks, the following components 
can be identified: 

The Population refers to the community that is targeted 
within a study (e.g., Dutch high school students, or 
older adults at risk of being overweight, etc.). This 
concept is also referred to as the Patient group, Sam-
ple, Perspective, or Client group.
The Setting (or Location & Timing) describes when 
and where an intervention was evaluated [42].
The Expectation (from ECLIPSE, corresponding to the 
Outcome from PECO or the Evaluation of SPIDER) is 
the end point of interest. Once this dependent variable 
is known, the impact of studies addressing a similar 
outcome variable can be compared. Note that careful 
recording of this outcome variable is necessary, as a 
variable can sometimes be measured in different ways 
[44, p. 29].
The Intervention (or Phenomenon of Interest, Profes-
sionals & Service) indicates the object that is studied 
and that is expected to cause a difference (e.g., the 
administration of a medical drug) [44, p. 29].
The Comparison (or PECO’s Comparator, or SPI-
DER’s Design) is measured against the intervention. 
Often, the comparator is a different treatment, or alter-
natively the absence of a treatment.
The Impact (from ECLIPSE, corresponding to the 
Evaluation from SPICE) describes what results the 
evaluation yielded [42].
The Research type (from SPIDER) captures the study 
design that was adopted to evaluate the intervention 
[40].

Requirements Elicitation

From the dissection of scientific theory (i.e., “Dissecting 
Scientific Theory”), we have concluded that theories consist 
of constructs and relations. While previous formalisms (e.g., 
SWAN [18] and Micropublications [20], also see Related 
Work”) already support the encoding of claims of individual 
articles, it is worth representing theories as first-class mod-
eling concepts, which can be linked from individual studies. 
Regarding the coding of empirical studies, various formal-
isms have already been proposed. However, the systematic 
linking of empirical data with theoretical constructs is lack-
ing, especially in research that involves multiple scientific 
domains [15]. To overcome these limitations, we propose a 
new metamodel that has two layers: The first layer supports 
the encoding of scientific theories (ST) and the second layer 
supports the encoding of empirical studies (ES).

For layer ST, we identified three information requirements 
(i.e., based on the section “Dissecting Scientific Theory”), 
aimed at representing theories as graphs: 

ST1  Record the name of the theory;
ST2     Record the primitive constructs of the theory;
ST3  Record the relations between these constructs.

Similarly, for layer ES, our synthesis of the section 
“Anatomy of Empirical Studies” leads to: 
ES1  Record the (characteristics of) the study population 

and study sample (i.e., to whom?);
ES2  Record the setting (i.e., place and time) of the study 

(i.e., where, and when?);
ES3  Record the expectation of the study (i.e., why?);
ES4  Record the interventions and comparison treatments 

(i.e., what? what else?);
ES5  Record the impact of the interventions and treatments 

on the study sample (i.e., how well?);
ES6  Record the research type (i.e., how?).

While the requirements for layer ST and layer ES fol-
lowed reasonably simply from the section “Dissecting Sci-
entific Theory” and the section “Anatomy of Empirical 
Studies”, respectively, we found that especially the linking 
of the two layers is non-trivial. Regarding the interlinking 
of the two layers, one would ultimately like to see how 
specific elements of an empirical study relate to specific 
elements of a theory. Regrettably, many empirical studies 
only label interventions at the aggregate level of theories. 
From our modeling requirements point of view, we there-
fore need to support both ways of linking the empirical 
layer with the theoretical layer. Furthermore, concrete 
interventions in empirical studies can be coded differently 
according to one’s point of view (even when aiming to 
minimize subjectivity). We will illustrate this challenge by 
means of a case study in the section “Case Study Evalua-
tion”, but regarding modeling requirements, we conclude 
here that there is a need to support competing classifica-
tions and leave it up to the scientific discourse to decide 
which classification is the best for a specific purpose. 

ES → ST1  Record the relation between a theoretical con-
struct and an actual intervention;

ES → ST2  Record the argumentation for why this relation 
is appropriate;

ES → ST3  Foster a discussion of the scientific community 
on a particular suggested relation.
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Metamodel design

Based on the modeling requirements, we have developed a 
metamodel that is displayed in Fig. 2. The colored rectangles 
in the background demonstrate what particular requirement 
is fulfilled by the rectangle’s enclosed entities, attributes, 
and associations.

The orange rectangle captures the entities, attributes, 
and associations that were necessary to satisfy the require-
ments at layer ST. Particularly, to: (1) record the name of 
a theoretical framework using the theory entity [ST1]; (2) 
record the constructs within a theoretical framework using 
the construct entity [ST2]; and record the relations between 
the constructs of a theoretical framework via the relation 
entity [ST3]. The relation entity has a type attribute that can 
have the values: has an influence on, has a positive influence 
on, has a negative influence on, is a component of, and is 
synonym of.

The blue rectangles depict the entities, attributes, and 
associations that were necessary to satisfy the requirements 
at layer ES. First, the entities population, sample, group, 
individual, demographic, and characteristic are necessary 
to record with whom a particular intervention was evaluated 
[ES1]. The population entity captures information about the 
audience that was targeted for a specific study. The sample 
entity records how many subjects from this population have 
actually participated in the study. The group entity distin-
guishes the number of participants that were exposed to a 
specific treatment. The demographic entity can be used to 
collect additional information about these groups on dif-
ferent variables. For example, this entity, its attributes and 
associations, may be used to record that the average age of a 
sample was 27. In that scenario, age is the dimension of the 
variable associated with the demographic, the aggregation 
function of the demographic is average, and the value of the 
demographic is 27. Note that the actual ages (i.e., recorded 
as characteristics) of the individuals within the sample may 

Fig. 2  SciModeler metamodel (v2.1.0) [45]
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nevertheless be undisclosed, but we may know that the aver-
age age of the sample is 27.

Second, the context entity is used to record where and 
when a study was executed [ES2]. For example, a study may 
be executed at a high school (i.e., location) during the winter 
of 2018 (i.e., timing).

Third, the experiment entity records the rationale behind 
a study [ES3]. Particularly, the point of interest, or outcome 
variable is recorded.

Fourth, the entities treatment, treatment assignment, 
intervention, and platform are used to record what treat-
ments were assigned, and how these compare to each other 
[ES4]. The intervention entity records particularities that are 
present within all treatments, whereas the treatment entity 
only records particularities that are unique to a specific treat-
ment. The platform entity can be used to emphasize that 
a set of interventions relies on shared infrastructure. For 
example, a marketing intervention may be administered via 
a phone call, and different interventions may use similar 
infrastructure. As an example from the software engineer-
ing domain, the Eclipse framework could be a platform on 
which an empirical study on plug-in development could be 
based. Finally, the entity treatment assignment can be used 
to assign a particular treatment to a group of participants.

Fifth, the entity outcome records the impact of a spe-
cific treatment [ES5]. Particularly, by capturing the treat-
ment result and the significance of that result. Note that, 
in empirical reports, results are not often shared at the 
individual level, but rather at the treatment level, because 
the actual datasets that were obtained to derive an empiri-
cal result are typically not shared. Hence, specific infor-
mation about the characteristics of particular individu-
als, or the impact the intervention has had on a particular 
individual are mostly not revealed in scientific outlets. 
Therefore, the entities, attributes, and associations that are 
displayed below the red dotted line in Fig. 2 are included 
for completeness, but are known to be difficult to extract 
from most research articles. Then again, future articles on 
empirical studies may cite SciModeler instances as online 
attachments that document the study setup with greater 
precision.

Sixth, the entity source is used to record the scientific 
article that describes the research method underpinning one 
or more experiments [ES6].

Finally, the yellow rectangle captures the entities, attrib-
utes, and associations that are used to map empirical data 
onto theoretical constructs (i.e., linking layer ES and layer 
ST). The classification entity can be used to associate (parts 
of) a particular intervention or treatment with a theoretical 
construct [ES → ST1]. Since this step relies on interpreta-
tion, an explanation from a reviewer is required [ES → ST2]. 
Other reviewers can support (i.e., “upvote”) a given classifi-
cation, or commit their own [ES → ST3]. Finally, a reviewer 

may start a discussion on a given classification, or start a 
discussion in response to an existing discussion [ES → ST3].

Case Study Evaluation

Recording Scientific Theory

To populate the database with data on selected scien-
tific theories (e.g., the COM-B System, the SDT, and the 
Goal-Setting Theory), import statements (in Cypher) were 
manually derived from research articles on these respec-
tive theories. This task was trivial, as scientific theories are 
generally presented in a graph-based format, already. For 
example, Fig. 3a) displays the original COM-B System and 
Fig. 3b) displays how the constructs within the COM-B Sys-
tem, and their interrelationships, could be captured within 
SciModeler. Again, note that the translation of the origi-
nal theoretical framework into a SciModeler instance was 
straightforward.

The import statements for recording the SDT and the 
Goal-Setting Theory were obtained from this procedure as 
well. Still, we do want to outline some particularities that 
were unique to these theories, and demonstrate how these 
particularities are handled withing SciModeler. First, the 
SDT is a meta-theory comprised of five mini-theories [30]. 
The notion that theories can be composed of other theories 
can be recorded in our system using, see Fig. 4a), the recur-
sive relationship that the theory entity has with itself. Sec-
ond, in the Goal-Setting Theory, the constructs “goal” and 
“intention” are used as synonyms. The notion of equivalent 
constructs can be recorded in our graph using a relation of 
type synonym; see Fig. 4b).

Recording Empirical Data

Subsequently, we have recorded data from three empiri-
cal studies. To record the relevant data, we annotated the 
original research articles of these studies using the SciMod-
eler study annotator, see Fig. 5. After the annotations were 
made, this tool was used to output a set of input statements 
that were imported into our database. The related infrastruc-
ture—including the exemplar annotated PDF documents—is 
available via GitHub [46].

In the remainder of this section, we will briefly outline 
how some particularities for each empirical study were 
recorded within SciModeler. First, Fig. 6 displays how infor-
mation on the first study’s population, sample, and treatment 
groups could be recorded in SciModeler (i.e., by means of 
the indigo, purple, and violet nodes). Additionally, sample 
demographics are recorded as well (i.e., via the pink and 
green nodes).
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(a) (b)

Fig. 3  a The original COM-B System; b the object diagram for the COM-B system

(a) (b)

Fig. 4  a Object diagram that details the interrelationships between the SDT mini-theories; b object diagram that illustrates the use of the relation 
type “is synonym of”
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Figure 7 displays how the general intervention (i.e., per-
form health-related activities to obtain virtual points) and the 
two treatments of study S2 (i.e., personalized motivational 
messages, as compared to random motivational messages) 
can be recorded in SciModeler (i.e., by means of the orange 
and red nodes, respectively). Also, the (mHealth) platform 
can be recorded that is used to host the intervention and 
treatments (i.e., yellow node) Additionally, the outcomes of 

the study, as well as the outcome variables, are recorded in 
the green nodes.

Study S3 employed an advanced study design. Figure 8 
displays how that complex study design was captured in Sci-
Modeler. Particularly, in study S3, a crossover experimental 
design with three treatments was employed, where every 
treatment group received their treatments in 2-week periods, 

Fig. 5  The study annotator is used to generate import statements from PDF annotations

Fig. 6  Object diagram that records the population, sample and group decomposition of study S1, as well as the sample demographics
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and received every treatment twice. Figure 8 displays how 
treatment groups (i.e., violet nodes) are linked to the treat-
ments (i.e., red nodes) through instances of the treatment 
assignment entity (i.e., pinkish–orange nodes). The attribute 
order number on the entity treatment assignment is used to 
distinguish in what order the treatments were assigned to a 
particular treatment group.

Consolidating Scientific Knowledge

The entire SciModeler database can be retrieved from [47]. 
Subsequently, the final exercise was to link (elements of) the 
interventions and treatments of our empirical studies onto 
theoretical constructs. We mapped our studies’ interventions 
and treatments onto four theoretical constructs; see Fig. 9.

The interventions we had employed were similar in each 
empirical study (i.e., collecting virtual points for performing 

Fig. 7  Object diagram that records the intervention and treatment structure that was employed in study S2, as well as the study outcomes

Fig. 8  Object diagram to express the complex study design of study S3
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health-related activities, to compare oneself to peers), and 
therefore related to the construct of relatedness, a concept 
that is expressed in the Self-Determination Theory. Fur-
thermore, Study S1 employed tangible rewards in two of 
its treatments, and therefore, these treatments were mapped 
onto the constructs of “extrinsic goals” and “external incen-
tives”. Finally, Study S2 employed motivational message. 
Hence, its intervention was also mapped onto the construct 
“motivation”, that both the COM-B System and the SDT 
include.

Finally, we could query our graph to consolidate scientific 
knowledge. In this section, we present three ideas for query-
ing the graph database.

The first strategy may be adopted to refine scientific the-
ory. One may query all interventions and treatments that 
address a particular theoretical construct. Then, one can 

evaluate the outcomes these interventions and treatments had 
on the target variables and check whether the theory under 
investigation would suggest that same outcome. For our 
case, we may query all interventions that were associated to 
the construct relatedness; see Query 1a of Appendix A. We 
then find that there are three interventions associated with 
this construct, also Fig. 9. Now, we can evaluate whether 
the outcomes are to be expected according to our theory on 
relatedness, and we may update our theories accordingly. 
For example, one can evaluate whether suggested theoretical 
outcomes also translate to other populations and contexts. 
Note that a user of this system may determine herself what 
theoretical constructs are interesting to evaluate: one can 
even jointly evaluate the empirical impact of multiple con-
structs, if one believes several constructs represent a similar 
semantic meaning, see Query 1b of Appendix A. Then, one 

Fig. 9  Object diagram of the mapping of interventions and treatments onto theoretical constructs
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can explore outcomes to evaluate whether results are similar 
(in a particular context), and constructs may be merged, or 
latent relationships may be exposed.

Second, one may want to explore promising intervention 
strategies for a particular context (e.g., a particular target 
audience). One can retrieve all experiments that target a par-
ticular population, or context to evaluate whether an out-
come can be replicated within that population or context; 
see Query 2 of Appendix A.

Third, one may query all experiments that have used 
the same (mHealth) platform to evaluate whether a theo-
retically suggested relationship is reported consistently with 
(probably) similar interventions and treatments, in different 
contexts. Using Query 3 of Appendix A, one can find all 
interventions and treatments that were hosted using a similar 
platform. This query can also be run to explore the theo-
retical concepts and ideas that are implemented in a given 
(mHealth) platform.

Discussion

We have demonstrated the development of SciModeler, a 
toolbox for consolidating scientific knowledge in the field 
of health behavior change. Also, we have demonstrated the 
potential value of SciModeler by means of a case study. 
Even though the example queries were relatively simple, 
they were used to retrieve information which would be 
difficult to obtain reliably when only reasoning about the 
original research articles. We have also suggested that this 
basic infrastructure paves a way toward automating the sim-
plification and merging of theories. Still, the setup in which 
SciModeler was demonstrated has various limitations, that 
call for future improvements.

We have found that it remains challenging to populate 
SciModeler’s database. Particularly, it remains challenging 
to record data from empirical studies. On the one hand, this 
challenge prevails, because empirical reports in the field of 
health behavior change are typically incomplete, or ambigu-
ous [3]. The ambiguity of empirical reports is not unique to 
the field of health behavior change, as a peer review of 313 
research studies found that over half (54%) of the studies did 
not report on the four PICO components [48]. On the other 
hand, populating SciModeler’s database remains challeng-
ing, because the data entry process currently requires (exten-
sive) manual labor, despite the dedicated SciModeler study 
annotator we have developed. To reduce this burden, we 
aim to explore the possibility of a LaTeX extension to cap-
ture semantic meaning directly from LaTeX documents. 
Using this extension, annotations for data import could be 

construed while writing scientific documents and at the same 
time safeguard that all relevant information is actually in 
the document. Then again, the availability of scientific lit-
erature in this format may be questionable as LaTeX use is 
historically limited to the hard sciences [49]. Hence, on the 
other hand, we aim to explore NLP and ML techniques for 
automatically mining SciModeler models. Regrettably, these 
algorithms will also suffer from the fact that many scientific 
publications are incomplete, or ambiguous [3, 48].

Moreover, to reduce the burden of populating SciMod-
eler’s database—and in fact improve the value of the tool-
box altogether—we aim to explore how the system could 
interoperate with other systems. For example, data could 
be imported from and shared among different systems. As 
each system has their advantages and disadvantages, in 
the case of SciModeler it may be interesting to evaluate 
interoperability with a system like SOLVENT [23] that 
is particularly tailored to lightweight data capturing. For 
example, SOLVENT models could be imported in Sci-
Modeler. Note, however, that the opposite would not be 
possible without information loss, as SOLVENT would not 
be able to consume the more extensive SciModeler models 
in their entirety. Nevertheless, this exploration paves the 
way for multi-step approaches, in which researchers for 
example: (1) generate SOLVENT models from a long list 
of potentially interesting research articles, (2) analyze the 
SOLVENT models to create a short list of actually inter-
esting documents, (3) import the short-listed SOLVENT 
models into SciModeler, (4) complete the newly imported 
SciModeler models by adding annotations to the models’ 
original research articles, and (5) analyze the complete 
SciModeler models to gain new insights.

Regardless of whether studies are labeled by their original 
authors, by other scientists, or by an artificially intelligent 
agent, one may want to collect community feedback on the 
quality of a SciModeler model. We have anticipated that by 
allowing users to discuss and “upvote” each other’s clas-
sifications (i.e., mappings) of experimental interventions 
and treatments as theoretical constructs; however, a digital 
interface is not readily available yet. Additionally, future 
metamodel revisions should support discussion at the level 
of other entities and attributes too, such that the truthfulness 
of a particular attribute value can be measured by the degree 
to which reviewers agree on the information.

Finally, tooling for querying the system should be 
improved. A current limitation is that we do not yet provide 
an interface for querying the graph, other than Neo4j’s built-
in query explorer. To also allow possible non-expert end 
users to use the system, we plan to provide an interface, for 
instance with a set of default queries. Additionally, at the 
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level of the SciModeler metamodel, future work is to decom-
pose the text-based node attributes into more fine-grained 
sub-graph structures. That would, for example, enable the 
query-based retrieval of studies that are recorded within the 
context of a high school, with a duration of at least 8 weeks 
per intervention. Until then, the Neo4j’s query language 
Cypher fortunately offers support for regular expressions 
on node attribute values.

Conclusion

SciModeler can effectively assist scholars in: (1) refining 
scientific theories (e.g., by merging theoretical constructs, or 
exposing latent relationships), (2) exploring promising inter-
vention strategies for a specific context (e.g., by predicting 

the impact of an intervention strategy in a specific popula-
tion), and (3) checking the potential impact of an interven-
tion platform in a specific context.

As the prevalence of academic documents is growing at 
an exponential rate, in almost every scientific domain [20], 
and scientific discoveries do not span a single article any-
more, but, rather span multiple articles, potentially in multi-
ple scientific domains [15], we suggest that SciModeler may 
be applied in other domains that rely on the interpretation of 
empirical data (e.g., like the field of health behavior change). 
We invite the research community to explore with us the 
other domains SciModeler  could be applied to.

Appendix A Cypher queries
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