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1 Introduction

Future perspectives on Industry 4.0 aim to enhance produc-
tion by integrating virtual and physical systems into cyber-
physical production systems. Yet, this process mainly tack-
les the manufacturing part of engineering. The underlying 
drivers of this process, like developments in data mining 
on the one hand and machine learning and visual analyt-
ics on the other hand, can be used to allow decision mak-
ers to manage relationships between research and develop-
ment projects. Here, the aim is to connect technologies or 
methods in an innovative way. Following this idea, Industry 
4.0 and merging of technologies not only imply future solu-
tions for challenges of scale and scope in production, but 
also support the generation of cross-sectional innovations 
by revealing synergies between research topics. To utilize 
these recommendations, we focus on graph-based visuali-
zation of synergies and complexity in this contribution.

But which data allow predicting innovation potentials? 
And how can we transform data into meaningful incubators 
for joint research? We address these aspects by exemplify-
ing, how a data analytics process can be designed in order 
to detect synergies between research topics based on pub-
lication data. As processing of real data often requires the 
time-consuming annotation of data to generate meaning-
ful results, the process will provide concepts to minimize 
this issue. In addition, deep neural networks are used to 
automatize the discovery of relationships between research 
topics.

Abstract Understanding how members of a research 
team cooperate and identifying possible synergies may 
be crucial for organizational success. Using data-driven 
approaches, recommender systems may be able to find 
promising collaborations from publication data. Yet, the 
outcome of scientific endeavors (i.e. publications) are only 
produced sparingly in comparison to other forms of data, 
such as online purchases. In order to facilitate this data in 
augmenting research cooperation, we suggest to combine 
data-driven approaches such as text-mining, topic modeling 
and machine learning with interactive system components 
in an interactive visual recommendation system. The sys-
tem leads to an augmented perspective on research coop-
eration in a network: Interactive visualization analyzes, 
which cooperation could be intensified due to topical over-
lap. This allows to reap the benefit of both worlds. First, 
utilizing the computational power to analyze large bodies 
of text and, second, utilizing the creative capacity of users 
to identify suitable collaborations, where machine-learning 
algorithms may fall short.
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By visualizing the outcome of data analytics, the human 
is included as an actuator and controlling element. Data 
analytics and interactive visualization serve as enabler; the 
human has to transform the presented recommendation into 
further actions. Hence, the idea adopts the Industry 4.0 per-
spective on the merge towards cyber-physical systems: By 
creating an effective interface to understand data analytics 
results, the human perspective on future cooperation is aug-
mented. The resulting system serves as an information pro-
vider for cooperation processes. It determines, which the-
matic overlaps exist as well as the content, on which these 
overlaps are based.

2  Related work

To achieve a prediction towards new potential coopera-
tion,  we give insights into relevant works that are con-
nected to that idea. In order to enable the human to access 
these potentials, the derived information have to be pre-
sented in a manner that is suitable for the cognitive model 
of the human. Hence, relevant research in the field of data 
visualization is depicted.

2.1  Data analytics for synergy detection

Within this analysis, scientific texts serve as underlying 
data for the analysis. Due to the—from a statistical point of 
view—unstructured composition of texts [18], these have 
to be transformed into a machine readable format. Text 
Mining offers a wide variety of methods for this challenge, 
ranging from the parsing of texts to filtering to unsuper-
vised and supervised learning processes [35]. Whereas the 
first mentioned method deals with the preparation of the 
unstructured data towards further analysis, unsupervised 
and supervised learning processes are operations that allow 
to deduce patterns in the data.

Following Hastie et al. [24], supervised learning can be 
formally described as a density estimation problem, with 
the aim to determine the conditional densities of given 
input observations based on the assumption of a given 
model of training variables. Within this work, neural net-
works are used as supervised classifiers (see Sect. 3). Deep 
neural networks reassemble the concept of the human 
brain: multiple hidden layers of neurons are connected to an 
input and an output layer [43]. Unsupervised learning tries 
to achieve this goal without the trained model. Based on a 
similarity measure, overlaps of mostly high-dimensional 
models are derived [35]. This is achieved “by doing”: The 
algorithm sorts the data and measures the outcome against 
a predefined quality function. Our work especially refers to 
Topic Modeling based on Latent Dirichlet Allocation (see 
Sect. 3).

The detection of synergies often refers to a combination 
of unsupervised and supervised learning methods. From 
a data-driven perspective, a synergy can be defined as a 
match between patterns of data, e.g. in this case between 
the word combinations “temperature, model, effects, func-
tion” and “cooling, variables, parameters, machine-engi-
neering”. The degree of this match is mostly defined by a 
certain metric as a result of an algorithmic analysis. In the 
early 2000s, the mining of association rules have become 
quite popular. Xiong et  al.  [54] used association rules to 
skewed word distributions in order to derive clusters within 
this data. Although the paper exemplifies patterns of words 
forming a common topic, this has only been applied to 
around 900 item sets. Today’s big data (and our example) 
exceeds this by far. Other examples show the application of 
topic modeling and especially Latent Dirichlet Allocation 
for the recommendation of scientific publications [53]. By 
extending Latent Dirichlet Allocation with an collaborative 
filtering to create a so-called collaborative topic regression.

Although data analysis can be characterized as the core 
element for the prediction of innovation potentials, calcu-
lated results have to be made usable for the human. There-
fore, approaches of data visualization are depicted in the 
following that allow a recommendation of results suitable 
for the end user.

2.2  Data visualization as the enabler for the human

Recommender systems have been developed since the early 
90ies [21, 42] and have come a long way. They are typically 
used in commercial scenarios, where users are informed 
about other options to take along in their virtual shopping 
cart [1, 46], or in tourism scenarios [4, 19], learning [17, 
33] or even in cooking [15]. Modern, so called hybrid-
recommender systems are not only based on content data 
(from text-mining for example), but also on user- [6], user-
generated [20, 55], or user-network data [22, 50]. Park et al. 
provide a good overview of different recommender sys-
tems, algorithm, recommendation methods, and data mod-
els in their review from 2012 [38]. While there has been a 
lot of research going into improvement of algorithms and 
procedures, the interface to the user and its impact on the 
decision has been rather neglected [12, 32, 34]. Therefore, 
it is important to investigate the effect of the user interface 
on decision making and also examine how the interface to 
the recommendation reveals dimension of the algorithms.

Most algorithms output high-dimensional data from ℝn, 
which is hard to interpret by the human, whose visual per-
ception is mostly limited to ℝ2 (ℝ3 or 3D is created in the 
mind, and not directly perceived). Looking at collabora-
tions between researchers, non-spatial mental models could 
also apply. The mental model of the user influences heavily 
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how trustworthy the data seems and how the interaction 
with the interface unfolds.

And as at the end of all data analysis, a user must make 
a decision, it pays to look at how data is visualized. How-
ever, not only the visualization, but also the interaction [26, 
39] with the visualization must be controlled. Adding addi-
tional complexity to a system can be avoided if usability-
evaluations are done effectively and efficiently [9] and the 
visualization is chosen with an appropriate method (e.g. 
design study methodology [45]).

In a review of interactive recommender systems, He 
et al. [25] compare different approaches of how interactive 
recommender systems reveal themselves to the user. They 
are not only a post-hoc visualization to the “core” data 
analysis, but an integral part of the data-driven approach to 
new recommendations.

Visualizing the data helps in shaping the mental model 
[30, 40] and has been shown to be helpful in recommen-
dations as well [36]. An appropriate visualization increases 
controllability, transparency and supports exploration [51] 
of recommendations.

2.2.1  Collaboration recommender systems

The performance of visual and interactive recommender 
systems depends highly on the usage context [3, 13]. 
Therefore, giving bibliometric recommendations is par-
ticularly hard as data (i.e. publications) is sparsely dis-
tributed. Because over-indulging in clever algorithms is 
less important than using more data [16], good bibliomet-
ric recommendations can hardly be created without using 
visualization.

Simply visualizing the data may also not be helpful 
when the usage motives of its potential users are unclear. 
Integrating such a system in a continuous feedback mecha-
nism, such as a scientific cooperation portal, requires the 
analysis of the motivation and leverages of researchers to 
use the portal in general [7, 11, 23]. Otherwise, recommen-
dations will never be retrieved.

Various interfaces in research collaborations [5, 10, 14, 
29, 37, 52, 56] have been suggested, of which some have 
already been reviewed by He et al. [25]. Graph-based visu-
alizations seem to reflect the consensus on how to visualize 
publication data.

But even when the correct “type” of visualization is 
used, it is necessary to incorporate the user-diversity as it 
may influence how users perceive the recommender system 
[2, 31, 39]. Experience and domain knowledge may influ-
ence what knowledge a user can deduct from a given visu-
alization. It is thus necessary to evaluate the quality of a 
recommender system by the end-user using an evaluation 
framework such as ResQue introduced by Pu et al [41].

3  Own approach and methods

The presented approach combines the aforementioned 
methods to a combination of unsupervised topic modeling 
and classification. As the results of this combination have 
to be made available for the human as recommendation and 
decision support, this work especially addresses the visual 
representation and cognition of our data visualization. The 
used processes from data to the interaction of the human 
with derived information is depicted in Fig. 1.

3.1  Data analytics process chain

For the purpose of synergy detection in scientific coopera-
tion, we use a tailor-made framework that covers the nec-
essary processes [47–49]. The data analytics part of this 
framework relies on five subsequent steps:

1. Text Mining of scientific publication
2. Generation of a probabilistic topic model
3. Classification of topics
4. Graph-based data visualization
5. Human interaction

Whereas the first three steps are covered in the following, 
the visualization part is described in Sect. 3.2. First, we 
rely on Text Mining to make our underlying data, con-
sisting of scientific publications,  machine readable. The 
publications that have to be analyzed are grouped per 
entity. Within this step, we define the semantic level of 
our analysis: An entity can be characterized as a research 
project, for example. Another possibility for an entity 
can be seen in different universities or research networks. 
For this contribution, we focus on research cooperation 
between different projects in a research network for tech-
nology. The grouping of publications represents the only 

Fig. 1  Process model and analytics chain
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manual annotation step within our process. All other pro-
cesses rely on that information and add other labels based 
on machine learning models.

One of these models is generated in the second step, 
where we include Topic Modeling via Latent Dirichlet 
Allocation: The frequency of words per paper is analyzed 
regarding hidden patterns. The result is a probabilistic 
model, in which different groups of words form a topic. 
Thinking within our data structure, the words are labeled 
with this relationship. In addition, the words forming a 
topic are ranked regarding their importance for the topic.

The third step is based on the supervised learning pro-
cess of classification. The training data for this process is 
the topic of one project. Hence, the classifier uses labeled 
topic data to generate predictions between input data and 
the trained topics. The result can be characterized as a 
matchmaking between topics. In order to define a topic 
for the classification, not only the words are used, but 
also the importance of each word for the topic as well as 
their relative frequency are included. Regarding the clas-
sifier, we are currently working on deep learning as this 
branch of machine learning has proofed its ability to out-
perform the human in certain areas [44]. The neural net-
work adds another label to our data set: A relationship for 
each topic towards the topics in other research projects is 
derived. Hence, a list of potentially affiliated projects is 
generated and in the next presented to the user via data 
visualization.

3.2  Visual recommender systems

The visualization front-end is based on concepts derived 
from the Tigrs-system [5] using an interactive multimodal 
[8] graph-based visualization to represent both topics, 
words and project-teams. These are nodes in the graph, 
while the interconnections are represented as edges (see 
e.g. 3). The visualization framework allows hovering over 
nodes, interactively highlighting all connected nodes and 
giving additional information for the node when available. 
A search field allows to filter data for a given task.

The visualization uses a force-based layout algorithm 
to maximize distances of unrelated parts of the graph. Ele-
ments that are interconnected group more closely together. 
This allows to naturally detect clusters in graphs, and thus 
similarity of topics or projects. In conjunction with the 
meta-data, this allows the user to acquire a deeper knowl-
edge of the visualized data and derive recommendations for 
future collaboration.

No list-based recommendation is given, the visualiza-
tion is used to identify recommendations. This enhances 
controllability, transparency and fosters the search for novel 
options to collaborate.

4  Results and evaluation

Our results and the evaluation are based on two levels. 
First, the results from the data analysis: Does the data 
provide enough information to allow any recommenda-
tion or decisions for further research cooperation? Sec-
ond, we consider the human factor: In how far is the 
human capable in understanding the derived information?

4.1  Data analytics results

Figure  2 shows the initial data visualization. The small 
image depicts the whole graph of projects, topics and 
words centered on the user’s project. As this representa-
tion is a quite confusing representation of the data set, we 
included highlighting of thematic paths. The highlight-
ing of an element includes the accentuation of all con-
nected elements up to two edges away. All other elements 
are depicted with a much lower opacity. To provide an 
easy to use description of each topic, only the top ranked 
words within each topic are visualized in the graph. This 
allows an individual navigation through the semantic 
spaces of each relationship in the data.

Figure 3 shows a zoomed area in the graph, in which a 
relationship between the two projects is highlighted. The 
topic nine (at the bottom of Fig. 3) belongs to the project 
A2 and deals with the modeling of time effects in heat 
models. The connection to topic ten of project D2 (in 
the middle of Fig. 3) is of special interest, as words like 
“parameters”, “cooling”, “manufacturing” and “machine” 
indicate that this topics deals with cooling parameters of 
manufacturing machines.

4.2  User evaluation

In a first small user study (N = 20), we evaluated how 
users interact with a graph-based visual recommender 
system, namely Tigrs. We measured accuracy of recom-
mendations, transparency, controllability and responsive-
ness of the visualization (Scale: 1–6, low–high).

4.2.1  The sample

As participants we recruited members of a research 
organization. The average age of the participants was 
M = 29.8 years (SD = 3.59, range = 24–35) and 25% 
of them were female. 11 had finished their Masters (or 
similar), while 2 already had a Ph.D. In total, we had 
eight communication scientists, nine computer scientists, 
four mechanical engineers, four psychologists, one soci-
ologist, one language and communication scientist, one 
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electrical engineer and one architect in our sample (mul-
tiple selections allowed).

4.2.2  Results

The overall accuracy of the system was very high 
(M = 4.81, SD = 0.575). Its sub metrics, accuracy 
(M = 4.87, SD = 0.663) and relative accuracy (M = 4.76,

SD = 0.581), had similar descriptive results. This means 
that the system provides good recommendations and is a 
viable option to seek novel recommendation. The trust in 
the given recommendations was relatively high (M = 4.4, 
SD = 0.64). Participants got the impression that the given 
recommendations were actually sensible. Participants 
perceived the system’s interaction and visualization very 
positively. Its transparency (M = 4.87, SD = 0.663), con-
trol (M = 4.87, SD = 0.663) and particularly responsive-
ness (M = 4.87, SD = 0.663) were very high. Participants 
understood its concept and felt in control while interacting 
with the system.

Furthermore, we asked users to rate, why a graph-based 
recommendation was superior (or inferior) over a list-based 
recommendation and which one they would prefer in a 
research cooperation based scenario. The strongest reason 

for graph-based recommendation was, that it supports the 
group understanding in the cooperation. This was followed 
by an overview of the work, exploration of new content and 
the visualization being more informative. Only when a spe-
cific recommendation was sought, graph-based visualiza-
tions seemed to be less preferred.

5  Outlook

We have demonstrated, that the use of both text-mining for 
topic modeling as well as multi-modal graph-based recom-
mender systems are valuable tools in identifying possible 
synergies in research cooperation. Both tools can be used 
to augment the research process individually and jointly. 
By combining data analytics and an effective interface, we 
position the user in a space, where they control the data and 
not the other way around. By implementing the user in the 
loop, even relatively small-sample data (such as bibliomet-
ric data) can be effectively used in interactive recommender 
systems, incorporating the interactive knowledge discovery 
method [27, 28]. This approach can also be used in steer-
ing scenarios, when the organization wants to ensure that 

Fig. 2  Graph-based data visualization: (1) complete graph (small picture), (2) highlighted project graph
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topics are covered in units of the organizations and have 
sufficient overlap for collaboration.

As future research, we plan to integrate both approaches 
in a fixed web-based interface that can be evaluated on a 
larger scale. Extending this approach to the whole univer-
sity could be used to identify possible collaborators for 
large-scale research projects. Furthermore, creating a feed-
back channel from user to algorithm is the key for reap-
ing the knowledge of the user. Our current approach only 
shows a two-step procedure—without feedback iterations. 
Allowing the user to tell the algorithm how to identify good 
synergies will improve the algorithm immensely.
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