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1 Introduction  
 

altmetrics, as a non traditional method for measuring citation impact has 
achieved increasing recognition among researchers of scientometrics.  
However, it faces major challenges such  as tackling data heterogeneity and 
ensuring data quality for accuracy and replicability of experiments [1].  We 
argue for an approach based on ingesting and integrating vast amounts of 
heterogeneous data from social media and traditional web sources into a large 
knowledge graph embellished with metadata from a bibliographic database 
such as Scopus1.   Examples of data content include sources such as mainstream 
news, blogs, data from government agencies i.e. white papers, legislation, and 
policies.   Building a graph of heterogeneous documents involves challenges in 
multiple fields such as text mining, graph mining and network analysis. The 
development and use of curated datasets or gold standards to establish ground 
truth for empirical evaluation is common practice within language processing 
[2,3,4,5] and network analysis communities respectively[6].  In order to 
objectively test emerging graph/text analysis tools for altmetrics, it is vital 
that curated gold standard datasets are developed and released to all parties: 
otherwise domain research cannot be empirically validated and progress will be 
limited.  
 
 

                                                
1 https://www.scopus.com/ 



2.  Motivation and Background 
 
It has been proposed that socio-economic impact may be understood by 
applying graph mathematics to constructed networks of altmetric web 
documents, whereby each document or mention of a scientist or academic 
institution is a unique node within the graph [7].  Hitherto, analysis of socio-
economic impact has either been undertaken by reference to bibliometrics and 
using various proxies to understand wider impact, or through attempts to 
understand altmetrics by measuring their relationship with bibliometric 
trends [8,9]. While there have been attempts to analyse bibliometric influence 
through graph mathematics [10] to our knowledge there has been no attempt to 
build networks of heterogeneous documents for altmetric analysis.  With an 
increasing demand  from institutional and research funders at the national and 
European levels for wider impact statements, we anticipate an increasing 
interest in using altmetrics to understand socio-economic impact.  
 
 
3. Dataset Description  

 
3.1 Data Sampling  

 
We sampled our dataset from a Spinn3r2 data crawl of the blogosphere for the 
time period of November 2010 to July 2011. The original dataset has eight 
different types of publisher type such as: memetracker, forum, microblog, 
review, classified, mainstream news, weblog and social media.  Candidate 
topics were identified by examining the prominent news events recorded in  
Wikipedia for the analysis period (November 2010-July 2011). One public 
health topic, the emergence of virulent strain of Avian Influenza was 
considered particularly newsworthy.  The following query terms were 
identified:  Avian Influenza, Bird Flu, H5N1, Fowl Plague. Grippe Aviaire, 
Avian Flu were used to collect the candidate set of content items from an 
indexed MongoDB3 database of Spinn3r data and also to procure Avian 
Influenza related publications from Scopus.  The dataset network is based on 
the graph data model shown in Figure 1. Relations between the different node 
entities are stored in the entire graph data model in a Neo4J24 open source 
graph database (See Figure 2). The mention relation links to a semantic 
annotations of  a scientist or scientific organisation detected within content 
using custom  GATE5 text mining tools [10].  However, mention could be 
subcategorised further to acts such as access, appraise, and apply as described 

                                                
2 https://www.spinn3r.com/ 
3 https://www.mongodb.com/ 
4 https://neo4j.com/ 
5 General Architecture for Text Engineering. See https://gate.ac.uk/ 



by Haustein et al. [16]. The database allows the storage of nodes, edges and 
their properties [6]. 
 

 
 

           Figure 1.   Integrating between Spinn3r with Scopus Graph Data 
 
3.2  Descriptive Statistics  
 

Nodes Count 
Mainstream News 10035 

Weblogs 79268 
News Sources 1717 

Venue 77234 
Blog Sources 11699 

Web Entry 828311 
Scientist 51160 

Scientific Publication 14010 
Scientific Organization 3879 

 
          Table 1: Node Types and their counts        Table 2: Relation Types and their counts 
 
 
 
 

Relationship Count 
hasDirectLinks 5408825 
hasAuthor (of 
web content) 

89978 

publishedAt 16584 
Author (of 
scientific 
publication) 

99986 

mention 320 
affiliation 77234 



 
Figure 2:  Media Sources Citing Scientific Publications 

 
We found 1361 scientific publications in our dataset. The sources of the 
scientific publications and their frequency are shown in Figure 2.  We observed 
the highest number of links (599) consist of a direct URL link to digital object 
identifier shown by (dx.doi.org). The second highest links to library.wiley.com 
(449). The third highest links to scientific publications are linked through 
NCBI6 pubmed (132). 
 
In order to achieve connection between Spinn3r and Scopus graphs, we used 
Cypher7, a graph query language to search for a URL with a DOI in the Spinn3r 
graph that matches the DOI within the Scopus graph thus connecting it to 
Scopus graph using a directLink relation.  
 

Sites Search Term Documents  Size 

12 “Avian Flu” 420 8.8 MB 
  

Table 3:  Document statistics for government docs. 
 
In addition, we have augmented the dataset with policy documents from trusted 
government health sources such the WHO8 and NICE9 using Avian Flu search 
terms. These documents also link to the knowledge graph via mentions of 
scientific entities identified using text mining [11]. 
                    
                                                
6 National Center for Biotechnology Information http://www.ncbi.nlm.nih.gov/ 
7 http://neo4j.com/docs/stable/cypher-introduction.html 
8 World Health Organisation - http://www.who.int/en/ 
9 NICE- National Institute of Clinical Excellence - www.nice.org.uk 



3.3 Data Cleansing, Curation and Annotation 
 
Currently the dataset has passed through one manual quality review. With 
respect to content, three independent annotators will correct and or annotate 
missing annotations and ensure that each mention is linked to the correct node 
with to its appropriate Scopus and/or ORCID10.  Finally each node in the graph 
i.e. a scientific paper linked to news, social media, blog or grey literature via a 
DOI or other Persistent Identifier(PID) will be verified. It is usually  
recommended to have a minimum of three raters and adjudicator to achieve 
consensus [12].   
 
3.3 Data Publishing and Release 
 
We intend to release the dataset under an academic (not for commercial profit, 
attributional) licence using appropriate data formats i.e. JSON, XML, RDF on a 
platform such as Figshare or Zenodo with appropriate documentation for 
processing the data using open source tools.  The dataset will be published open 
access with full metadata and a DOI issued to facilitation citation. The intention 
is to encourage the creation and extension of similar datasets. 
 
3. Conclusion 

 
The evidence from other fields indicates that gold standard datasets are 
extremely useful in comparing tools and strategies.  To our knowledge, no gold 
standard dataset for an annotated, linked graph of heterogeneous data of this 
type exists. Such a dataset could have significant impact in the development of 
methodologies for empirical evaluation of altmetric analysis tools and related 
metrics. While we do not include currrently sources such as Facebook and 
Twitter as they are pose challenges with respect to data integrity [13-15], we 
intend to revisit this in future work. 
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