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ABSTRACT 
Researchers must be aware of the current developments and novel 
findings in their field. To gain an overview of relevant prior work 
and ongoing research, academics must review the published 
literature. However, the search for related academic literature is 
tedious. Furthermore, researchers can easily oversee potentially 
valuable information in today’s increasing volume of academic 
literature. While academic search and recommendation engines 
have greatly simplified the information acquisition process, 
current recommendation approaches are not adequately 
considering specialized semantic similarity measures, such as 
citation-based similarity, mathematical formulae-based similarity, 
or image-based similarity to recommend and visualize academic 
literature. This paper proposes to take into account combinations 
of semantic features that have previously not been considered for 
the use case of literature recommendation. 

Additionally, supporting researchers in the sense-making of 
semantic similarities present in recommended literature remains 
a largely unsupported task. Researchers must review the content 
of each academic paper, manually identify or compare the sections 
that are of interest to them, and then arrive at a judgment 
regarding the relevance of the recommendation. We propose a 
supportive process that allows researchers to more quickly 
compare academic literature with regard to the user-selected 
semantic features that are of interest to them. Such user-selected 
features can be the citations to other literature, the contained 
mathematical formulae, graphs, or figures, i.e. a range of semantic 
features that go beyond pure text-based similarity. The proposed 
semantically-enriched literature recommendation and 
visualization concept could help researchers more quickly identify 
the specific content that is of interest to them within a large set of 
recommended literature. 
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1. INTRODUCTION 
Approximately 2.5 million new scientific papers are published 
each year [40]. At the same time, the number of scientific 
publications has been increasing at a rate of 8-9% annually, which 
translates to a doubling of global scientific literature 
approximately every nine years [6]. With so much information 
available, literature recommender systems (LRS) are a crucial 
filtering and discovery tool used by academics to identify the most 
relevant literature. 

LRS can support researchers by pointing them to related work in 
their field, which they may have otherwise missed. For example, 
effective LRS can prevent researchers from performing duplicate 
or suboptimal research because they were unaware of research 
that has already been published in their field. Instances of 
redundant research remain a regular occurrence in academia [24]. 
Far more damaging than redundant research, however, is when 
researchers rely on outdated findings, or findings that are proven 
false by a more recent publication. Especially in the medical field, 
such misinformation can be harmful. These problems could 
potentially be prevented if researchers were able to more easily 
identify and more efficiently browse the academic literature that 
is relevant to their information needs. 

Citation-based approaches and text-based document similarity 
measures are commonly being employed by today’s LRS [23,41]. 
However, today’s LRS share two shortcomings.  

(1) They do not sufficiently consider the semantic features that are 
unique to academic literature in order to determine relevance, i.e. 
they are not adequately considering semantic analysis 
approaches, such as the analysis of in-text citation placement, the 
similarity of mathematical language, or the similarity of figures 
and images.  

(2) Today’s LRS provide no visualization concept for the types of 
semantic features contained in academic literature. Semantic 
similarity is typically more subtle than text-based similarity (i.e. 
verbatim text matches) and is thus especially time-consuming and 
challenging for users to identify upon a quick reading of the text. 
However, if adequately highlighted, users could be supported in 
better understanding the semantic relevance present in the 
recommended research papers. For example, a visualization of 
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semantic features could quickly show the user where in an 
academic publication the similar features occur, either with regard 
to a user query or with regard to a reference publication as input. 

When it comes to improving both literature recommendation 
generation and sense-making by the user, current LRS are largely 
ignoring recent advancements in specialized semantic similarity 
analysis. However, especially in the STEM fields (Science, 
Technology, Engineering and Mathematics), taking non-text-
based semantic features, such as formulae, citation patterns, 
graphs, or figures into consideration can be extremely valuable for 
a more complete understanding of an academic article’s content.  

Figure 1 shows two variations of the same text section extracted 
from a STEM publication. Excerpt (a) on the left only shows the 
plain text, without mathematical expressions, while excerpt (b) on 
the right shows the same text with the equations included as they 
were intended by the researchers. It becomes clear that in the 
absence of the mathematical expressions, a significant chunk of 
the semantic information goes missing. 

(a) (b) 

Figure 1: Current LRS ignore text-independent semantic markers, 
such as mathematical expressions (a). However, such expressions 
are an essential component for the semantic understanding of 
many publications, especially in the STEM fields (b). 
 
Figure 1 thus illustrates the importance of also taking into account 
non-textual semantic content, in this case, mathematical 
formulae. By ignoring such non-textual semantic features from 
the analysis, existing approaches lose out on significant 
information-bearing features that encode precise and 
semantically-rich content. We hypothesize that by taking into 
consideration semantic features that go beyond text-based 
similarity, the recommendation quality of LRS can be significantly 
improved – in particular for academic literature in the STEM 
fields. 

2. RESEARCH OBJECTIVES 
In contrast to a text’s literal similarity, semantic similarity is the 
likeness of meaning in the absence of literal text matches. 
Common semantic features present in academic literature include 
citation patterns, images, graphs, figures, chemical formulas, as 
well as mathematical expressions.  

While some of these features have been analyzed individually for 
their suitability as similarity measures, existing academic 
literature recommendation systems are not fully taking these 
semantic features into account. 

2.1   Objective 
The shortcomings of academic literature recommendation 
systems, motivated me to define the following research objective: 

Conceive, implement, and evaluate a recommendation approach 
that takes into consideration text-independent semantic features, 

such as academic citations, mathematical formulae, and figures, to 
generate semantically-enriched recommendations tailored to 

academic literature in the STEM fields. 

The goal of the planned research is twofold. First, to conceive and 
prototype a semantically-enriched literature recommender that 
augments today’s content-based recommendation approaches 
with more granular semantic similarity approaches to account for 
the unique instances of semantic feature similarity that exists in 
STEM literature. 

Second, a visualization concept must be devised, which for the 
first time enables users to more quickly make sense of the 
semantically similar features contained in a set of recommended 
literature. 

We hypothesize that by taking into consideration a document’s 
semantic characteristics, users can be better supported in the 
discovery of semantically relevant literature beyond text-based 
similarity alone. For example, recommending academic literature 
that contains similar features, or similar patterns of features, such 
as citations, formulae, and figures could make apparent these 
more subtle semantic similarities, which current literature 
recommender systems are not sufficiently taking into account. 

2. 2    Research Tasks and Questions 
To address this research objective, we have defined the following 
research tasks. 

1.) Review today’s literature recommender approaches with a 
special focus on answering: 

a. What is done to improve the recommendation quality 
for the less text-heavy literature from the STEM fields? 

b. What characteristics beyond textual similarity are being 
used to improve recommendations? 

c. What are the special requirements for literature 
recommendation in the STEM field? 

2.) Conceive and design a recommendation approach that 
considers the features unique to publications in the STEM 
fields by giving special consideration to non-textual 
characteristics such as formulas, figures, and citations. 
Adapt existing suitable approaches from the research 
domain of plagiarism detection. 

3.) Implement the novel approach in a literature 
recommender system. 

4.) Evaluate the recommender system in regard to its 
performance (recommendation quality, i.e., addressing the 
information need) and its usability. Semantic similarities 
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might not be obvious and need to be communicated to the 
user effectively and efficiently. 

5.) Give recommendations on an ideal recommender system 
by considering the outcomes of the evaluations and user 
study. Derive appropriate weighting for the different 
similarity measures depending on the user (his or her 
information need), and the research field (e.g., LRS for 
math-heavy publications should place a higher weight on 
formulas and a lower weight on text-based similarity). 

Naturally, the most representative semantic features and their 
frequencies of occurrence will differ among the STEM disciplines. 
For example, assessing the semantic equivalence of mathematical 
formulae will likely be valuable for mathematics or physics 
literature. However, determining the presence of citation-based 
similarity will likely be applicable to all fields. The most typical 
semantic features and their frequencies and combinations for the 
different STEM fields is still very much an open research question 
to be addressed (cf. Research Task 2). 

The final step of visualizing the identified forms of semantic 
similarity within the recommended literature will be especially 
valuable since instances of semantic similarity are often more 
subtle than text-based similarity. This makes any similarities 
among semantic features more difficult for users to manually 
identify upon first glance. The proposed research will result in the 
design and development of a visualization concept to enable users 
to quickly navigate and make sense of the identified semantic 
similarities within a set of recommended literature. With the help 
of user studies, I plan to evaluate the recommendation 
effectiveness and the devised semantic visualization concept for 
the proposed Semantically-enhanced Literature Recommender. 

3.   STATE OF THE ART 

3.1   Academic literature recommendation 
Existing recommender systems for academic literature employ 
either content-based filtering (CBF) approaches, user-based 
approaches (e.g., collaborative filtering (CF)), graph-based 
approaches, or a combination of these three types of 

recommendation approaches [4]. In a review of 62 approaches for 
research paper recommendation, we found that the majority of 
reviewed systems (55%) used content-based approaches to 
recommend related academic literature [4].  

The quality of content-based recommendations by design depends 
on the level of comprehension of the recommended item’s 
content. Thus, taking into account not only a document’s textual 
similarity and citation graph but also all semantic features, as well 
as the placement of these features, is a crucial consideration for 
further improving CBF recommendation approaches. 

User-based approaches alone, such as CF, were used only by a 
minority of academic literature recommender systems (18%) [4]. 
When applied to the academic publication recommendation use 
case, CF faces a set of significant drawbacks, such as the cold-start 
problem [37], since CF requires high levels of user participation, 
but readers’ motivation to consistently interact within an LRS is 
low. This circumstance makes CF a rather unsuitable approach for 
recommending academic literature since any implicit or explicit 
ratings that can be collected are too sparse. In comparison to the 
product recommendation or movie recommendation use cases, for 
the academic literature recommendation use case there exist 
millions of papers, but very few readers. 

3.2   Semantic similarity measures 
A wide range of semantic analysis methods have been proposed 
to determine document similarity. However, many state-of-the-
art semantic similarity assessment methods have thus far only 
been applied to a single specialized use case. Figure 2 gives an 
overview of semantic similarity measures and the features they 
consider. In the category, which we term semantic marker-based 
approaches for similarity determination, citation-based approaches 
have been used to detect heavily disguised plagiarism [16,17,26]. 
Formula-based methods have been used to determine the semantic 
equivalence of mathematical formulae for Mathematical 
Information Retrieval (MathIR) tasks and also to detect 
mathematical plagiarism (MathPD) [28]. Named Entity (NE) 
analysis considers patterns of semantic markers within the full 
text, similarly to citation-based methods, and has recently been 
proposed for uncovering media bias in news articles [19]. Finally, 
image similarity measures are used for image classification and 

Figure 2: Overview of semantic document analysis approaches. Methods in the dashed outline have thus far not been 
combined and examined for their suitability in the LRS use case. 
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near duplicate image detection tasks, including detecting 
plagiarism [8,27] or battling image spam [13].  

In the following, I review the state-of-the-art approaches that 
appear most promising for improving the semantic understanding 
of academic literature in the STEM fields. I have classified 
semantic document analysis methods into the categories: text-
based approaches, marker-based approaches (which are natural 
language independent), and image-based approaches. Note that I 
will not review well-known text retrieval methods, such as cosine 
similarity, Jaccard index, n-gram string matching, etc. since these 
rely on literal word matches. Our aim is to determine the presence 
of semantic similarity independent of literal text-based similarity. 

Text-based approaches capable of accounting for semantic 
relatedness commonly use knowledge-based or corpus-based 
approaches [30], or a combination of both [10]. Knowledge-based 
approaches make use of encyclopedias or thesauri that specify the 
linguistic relations between words, such as WordNet1, VerbNet2, 
PropBank3, or FrameNet4. These lexical databases are commonly 
used for query expansion [39,42]. They have also been used in the 
field of plagiarism detection to enable a semantic matching of text 
beyond literal keyword-based matching [7]. 

Corpus-based approaches, on the other hand, assume that 
semantically related words occur in similar contexts and make use 
of very large corpora to automatically extract the semantic 
relations. Latent Semantic Analysis (LSA) [10] is one such corpus-
based approach, which learns semantic relations from word co-
occurrence patterns within a corpus. A weakness of LSA is that it 
depends heavily on the characteristics of the corpus and does not 
make use of human expert knowledge. An approach, which 
addresses this weakness of LSA, is Explicit Semantic Analysis 
(ESA) [12]. By using, for example, the Wikipedia corpus as a 
semantic background, ESA can be used on a range of academic 
topics. Recently, ESA has been applied to the plagiarism detection 
use case [29]. Lastly, cross-language approaches (e.g., using 
machine translation, or knowledge graphs [11]) have been 
proposed for semantic similarity analysis. 

Citation-based approaches, such as Co-Citation Proximity 
Analysis (CPA) [3] or Citation-based Plagiarism Detection (CbPD) 
[16], exploit the citation patterns present in academic texts as 
language-independent features to identify semantic similarity 
even in the absence of literal text matches. The CbPD approach 
has been successfully applied to identifying heavily modified 
plagiarism in real-world, large-scale collections [16,25]. A hybrid 
approach was subsequently developed, which combines the CbPD 
method with traditional character-based (i.e., text-based) 
heuristics to retrieve candidate documents from a reference 
collection. The hybrid approach sharply reduced computational 
time in the plagiarism detection use case, since citation-based 
methods are far more efficient on very large document collections 
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than the computationally expensive text-string comparison 
methods [25].  

Mathematical Information Retrieval (MathIR) is a specialized 
subdomain of document semantic analysis that uses Mathematical 
Language Processing (MLP) to assess the semantic relatedness of 
documents [32,34,35]. One of my colleagues, Moritz Schubotz, 
pioneered effective approaches for MLP in his Ph.D. thesis [34]. 
For this highly specialized technical domain, I will make use of the 
prior work performed by my research group members Moritz 
Schubotz and Norman Meuschke. I also plan to collaborate with 
Philipp Scharpf, who is researching how to improve formula-
based methods for a better semantic understanding of STEM 
literature. 

Image-based similarity analysis approaches are varied [38], with 
different approaches being more or less suitable for identifying 
similar features either in photographs, abstract figures, or graphs. 
Well established feature-point methods include SIFT [22], SURF 
[1], and BRISK [21], which are capable of retrieving slightly 
discrepant versions of the same image. Perceptual hashing 
(pHash) [18], or min-Hash [8] represent another class of 
approaches in which images perceived as similar by humans result 
in similar hash values for image similarity determination. My 
colleagues and I recently applied perceptual hashing in an 
adaptive image-based plagiarism detection approach [27]. 
However, to the best of my knowledge, image-based approaches 
have thus far not been considered for enhancing academic 
literature recommendation. 

In summary, marker-based semantic similarity analysis methods 
have been applied to several use cases, including the plagiarism 
detection (PD) use case. However, these approaches have not been 
examined in combination in order to provide a semantically 
enriched recommendation concept tailored to the characteristics 
of STEM literature. My aim is to determine a suitable combination 
and weighting of existing marker-based and image-based 
assessment approaches and apply them to the LRS use case. As 
mentioned previously, STEM literature can contain fewer literal 
text-based similarity than in other fields, while exhibiting higher 
semantic marker-based similarity. For example, a STEM 
publication may contain similar citation patterns or 
mathematically equivalent expressions, as well as image-based 
similarity, e.g. similar charts, figures, or image data generated by 
lab equipment. 

3.3   Visualization of Recommended Literature  
Visualizations to support the discovery of semantic similarities in 
documents already exist for the PD use case [26]. However, to the 
best of my knowledge, no semantically-enriched visualization 
concept exists for the literature recommendation use case. 

Figure 3 shows the typical interfaces of today’s LRS. Readers 
receive no visualization of the contained semantic content beyond  

4 https://framenet.icsi.berkeley.edu/fndrupal/ 
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recommendation lists, which commonly only display a  
publication’s metadata and citation information.  

  

Figure 3: Current LRS interfaces offer no similarity 
visualization of a document’s content (left: Google Scholar, 
Right: PubChase) 

Today’s leading academic recommenders, including the 
personalized recommendations of Google Scholar, Mendeley 
Suggest, Docear, PubChase, CiteULike, and the ‘Similar Papers’ 
section in Semantic Scholar, provide list-based interfaces.  

Mutlu et al. argue that in cases when users must compare and 
relate information, recommendation lists become incompre-
hensible and tedious [31]. Collins et al. discuss the inherent 
“position bias” of list-based literature recommendations, which 
describes the tendency of users to interact with items at the top of 
a list with higher probability than with items at lower positions, 
regardless of the items’ actual relevance [9].  

A more detailed visualization concept capable of pointing out the 
semantic content of publications might help users to more quickly 
arrive at a judgment regarding the relevance of recommendations. 
To the best of my knowledge, no such semantically-enhanced 
visualization concept has thus far been proposed to support users 
in making sense of the semantic content present in recommended 
academic literature. 

In contrast to list-based exploration, Figure 4 shows the UI of the 
PD system, CitePlag [16]. CitePlag implements a citation-based 
approach (CbPD) to identify matching citation patterns in 
academic literature as a potential indicator for plagiarized content.  

 

Figure 4: Visualization of citation-based similarity in the 
plagiarism detection system CitePlag (http://citeplag.org/) 

 
In Figure 4, matching in-text citations are marked and connected 
in an interactive pattern visualization column (center). By clicking 
on the connected dots, users can quickly navigate to sections with 
high citation pattern similarity, i.e. in this case, sections which are 

                                                             
5 ncbi.nlm.nih.gov/pmc 

potentially plagiarized. By considering textually independent 
citation patterns, even heavily paraphrased and translated text 
sections remain identifiable if the plagiarism shares suspicious 
overlap in its citation patterns with its original source [15]. 

The visualization concept in Figure 4 shows how instances of 
matching semantic features (in this case, academic citations) are 
harder for humans to identify when compared to literal text 
similarity. For the LRS use case, this means a suitable visualization 
concept may better support users in identifying the more subtle 
semantic relevance contained in the recommended literature. 
Before users begin reading recommended documents in their 
entirety, they could benefit from a visualization concept similar to 
the one I helped conceive for the PD use case in CitePlag system 
[16,26]. 

Sinha and Swearingen stress the importance of approaching 
recommender systems from a user’s perspective and taking into 
consideration user interface issues [36]. A visualization concept 
would be especially crucial for the quick identification of citation-
based, formula-based, or figure-based semantic similarity that is 
common to STEM literature. Despite advances in user-adaptive 
recommendation interfaces [20], and recommenders explaining 
the reason behind recommendations [14,36], the interfaces of LRS 
are lacking when it comes to making sense of the semantic 
relevance of the recommended literature.  

Conceiving a visualization concept that will enable users to 
identify and browse the identified marker-based and image-based 
instances of semantic similarity will thus be the secondary aim of 
the presented research. 

4.   TOWARD SEMANTICALLY-AWARE 
LITERATURE RECOMMENDATIONS 

4.1   Semantically-enriched Recommendation 
Generation 

In the first stage of research, I will review, combine, and adapt 
existing approaches that consider the features unique to 
publications in the STEM fields. As stated previously, the focus 
lies on non-textual characteristics, such as mathematical 
formulae, figures, and citation patterns. Many of these approaches 
have already shown promise in the plagiarism detection use case, 
a field of research with which I am already familiar. Conceiving 
and designing a recommendation approach that most effectively 
combines existing semantic similarity measures and applies them 
in a content-based recommendation approach for academic 
literature will be the outcome of this first research stage (Task 1). 

The novel recommendation approach will then be implemented in 
an LRS prototype (Task 2). I have already begun working on the 
acquisition of a suitable recommendation corpus using the large-
scale real-world academic literature datasets PMC OAS and arXiv. 
PMC OAS 5  will supply literature from the Life Sciences and 
Biomedical field. For the purpose of corpus creation, I am adhering 



6 

 

to the broader definition of STEM subjects by the NSF, which also 
includes the Life Sciences. ArXiv 6  will supply literature from 
Physics, Mathematics, Statistics, Quantitative Biology, Computer 
Science, and Electrical Engineering. This choice ensures a broad 
spectrum of STEM fields. 

Depending on the research field and the user’s information need, 
the most suitable combination and weighting of text-independent 
semantic similarity features will need to be determined. For 
example, molecular biology and other lab sciences may require 
image-based measures to play a larger role, while physics will 
likely require formulae-based measures to play a larger role. 
Additionally, the order in which mathematical formulae and 
image-based similarities occur within the full-text of a document 
should also be taken into consideration, analogous to the CbPD 
approach for citation pattern analysis. 

Methods of cross-language analysis have been excluded as a result 
of an initial review of methods. However, they may be examined 
for future integration into the LRS, if the system is expanded with 
suitable cross-language corpora. 

4.2   Semantic Visualization Concept 

Semantic similarities are typically less obvious to readers and 
must thus be communicated effectively. The second research aim 
is thus developing and evaluating a visualization concept for the 
marker-based and image-based relevance present in the 
recommended literature (Task 3). 

To achieve this, a web-based user interface will be developed and 
evaluated with the help of user studies. Based on the feedback of 
participants, I will further improve upon the visualization 
concept. An initial system requirements elicitation has already 
taken place. Such an interface and visualization concept, when 
applied to the recommendation use case, must show to its users 
which forms of semantic similarities are present. It must also 
allow users to quickly navigate to the instances where these 
similarities occur within an article’s full text. One of the paper-
based design prototypes shown to participating researchers in the 
initial requirements elicitation study is shown in Figure 5. 

The LRS will include a side-by-side visual comparison of two or 
more document full-texts or individual chapters. Users will have 
the ability to filter for individual semantic features of interest and 
to quickly scroll through the paper by clicking on the highlighted 
semantic features. Visualization components, such as those 
presented by Reiterer et al. in the INSYDER prototype [33], may 
also be integrated to support the user in the visual semantic-
similarity-browsing task.  

Furthermore, the literature recommendation browsing experience 
will be customizable by users depending on their academic 
discipline and their changing information retrieval needs. The 
recommender system will be evaluated with the help of a user 
study to assess recommendation quality, i.e. its ability to address 
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a user’s specified information need, and its overall usability 
(Task 4). 

5.   PRELIMINARY WORK  
The time required to familiarize myself with the state-of-the-art 
and current approaches in this field has been significantly reduced 
thanks to my prior work on citation-based approaches and 
academic recommender systems. I have already researched 
semantic similarity detection methods, in particular methods for 
citation-based similarity applied to the PD use case [16], and 
methods for image-based plagiarism detection [27].  

In the field of recommender systems, I worked on the Docear7 
mind mapping project, where I evaluated user modeling 
approaches for extracting the content and characteristics of mind 
maps to generate literature recommendations [5]. In collaboration 
with Prof. Joeran Beel, I co-authored an extensive survey on 
academic research paper recommender systems [4], and I have 
researched and defined some of the challenges pertaining to 
academic recommender system evaluation in earlier work [2]. 

6.   EXPECTED CONTRIBUTIONS 
The presented research will make two key contributions. First, I 
will research and conceive a content-based literature 
recommendation approach capable of taking into account a 
document’s semantic marker-based and figure-based similarities. 
Given the insights from the evaluation of this proposed 

7 http://www.docear.org/ 

Figure 5: Example of a semantically-enhanced visualization 
concept for browsing recommend STEM literature. Here, the user 
has selected the tab ‘citations’ as the semantic feature of interest. 
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semantically-enriched LRS, I will be able to provide 
recommendations on an ideal recommender system that is 
specifically tailored to the STEM fields. Second, I will conceive and 
evaluate a suitable visualization concept to support users in 
making sense of the semantic similarities contained in the 
recommended literature. 

By improving semantic recommendation performance and by 
providing a semantically-enhanced visual literature comparison 
interface, researchers will be better supported in the literature 
discovery process. Researchers may also be able to better identify 
documents that fulfill highly specific and narrow information 
needs, which existing literature recommendation approaches 
cannot address. 

The developed system will be provided as open source to allow 
extensions by the scientific community, e.g. by including 
additional semantic similarity measures, expanding the document 
collection, or customizing the system to specialized IR tasks. 

7. CONCLUSION 

In summary, academic literature recommendation systems could 
significantly benefit from taking into account a combination of 
marker-based and image-based semantic similarity measures. 
Especially in the STEM fields, considering non-text-based 
semantic features is vital to a complete understanding of a text. 
Determining a suitable combination and weighting of existing 
semantic approaches depending on the academic field and a user’s 
information needs are at the heart of this research. The result of 
the proposed research will lead to the first semantically-enriched 
content-based recommendation approach tailored specifically to 
the characteristics of STEM literature. 

Additionally, a visualization concept will be developed to provide 
readers of STEM literature with a more semantically-inclusive 
understanding of the recommended literature. The UI design and 
semantic similarity visualization concept will allow users to 
quickly identify, browse, and make sense of the different forms of 
semantic document similarity that occur within a set of 
recommended scientific literature. 
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