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Abstract

Systematic reviews (SRs) provide high quality evidence for clinical practice, but the article screening process is time
and labor intensive. As SRs aim to identify relevant articles with a specific scope, we propose that a pre-defined
article relationship, using similarity metrics, could accelerate this process. In this study, we established the article
relationship using MEDLINE element similarities and visualized the article network with the Force Atlas layout. We
also analyzed the article networks with graph diameter, closeness centrality, and module classes. The results
revealed the distribution of articles and found that included articles tended to aggregate together in some module
classes, providing further evidence of the existence of strong relationships among included articles. This approach
can be utilized to facilitate the articles selection process through early identification of these dominant module
classes. We are optimistic that the use of article network visualization can help better SR work prioritization.

Introduction

Systematic reviews (SR) provide a summary of evidence from high quality studies for a specific research question.
They are regularly used in health care' and for health policy making®. Evidence-based Medicine (EBM) relies
heavily on the use of synthesized, up-to-date research evidence to make decisions. SRs are considered the highest
quality source of evidence for EBM”.

SR is commonly conducted by domain experts who are able to draft SR scopes, retrieve relevant citations, assess
study quality, and synthesize evidence. Expert researchers first identify the SR scope and research questions, and
then generate search strategies to explore related databases (e.g. MEDLINE). The search result is a list of citations,
which are usually organized in reference management software (e.g. Endnote, Ref-Works). Before synthesizing
relevant evidences, expert researchers need to classify articles based on the title and abstract. Then through the
triage (or article selection) process, included articles will proceed to the full-text level®. In most SRs, expert
researchers include only 2% to 30% of citations at the title and abstract level triage, and 1.6% to 27% gets to be
included at the full-text level. In other words, expert researchers spend most of their effort excluding non-relevant or
low quality studies. As the classification of articles is one of the most resource and time intensive steps, such
workload and resource challenges can limit the tractability of an individual review, the ability to fund a review, and
also the ability to respond to new evidence that may require an update to an existing review. To accelerate this
process, several machine learning (ML) approaches (i.e. Naive Bayes and Support Vector Machine)®'’ were
proposed to facilitate and enhance the title and abstract level triage, abstracts screening'', or “article selection”.

As SRs aim to identify, appraise, select and synthesize high quality research evidence relevant to the research
questions with a well-designed SR scope, we propose a new approach to pre-define the article relationship with
similarity metrics in SR reports. The similarity metric is calculated using several MEDLINE elements'?, such as title,
abstract, MeSH, author, and publication type. We hypothesized that relevant (or included) articles should be more
similar to each other than to the excluded ones. We could illustrate such an article relationship as an article network.
Each article represents as a node and the relationship (similarity) between two articles represents as an edge
connecting them. We hypothesize that with article network visualization, we could detect groups or clusters in the
article network, especially for relevant (included) articles in a SR report.

Through our research, we have demonstrated the visualization of article relationships using similarity metrics, and
discovered community structures for article networks using 20 completed SR reports. Communities are densely
connected groups of vertices, with only sparser connections between groups'>™">. Communities reveal a non-trivial
internal organization of the network, and allow people to infer special relationships among nodes. Communities
have been shown to have significant real-world meaning'*.

We visualized article networks using a force-directed graph algorithm, which is commonly used for generating
network graph where pair-wise geometric distances between the drawn vertices match graph theoretic pairwise
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distances. Because of the SR article screening process, articles can be classified into three categories: excluded,
half-included (articles included at the title/abstract level, but excluded at the full-text level) and included (articles
included at both the title/abstract level and the full-text level). We evaluated the distributions of articles from these
three categories (excluded, half-included, and included) using graph diameter, closeness centrality, and module
classes (communities). Our research questions included: (1) do included articles tend to aggregate together? (2)
with a community detection algorithm, do included articles cluster in the same communities (module classes)?

Methods

2 let Rs: 15 SR 1t

We used 20 completed SRs: 15 reports Table 1. Twenty SR reports’ total article numbers and rate of inclusion
were produced by the Drug Effectiveness

. . Total | Abstract Full-text
Review Project team (DERP; N (%) N (%)
www.ohsu.edu/drugefiectiveness), the data =0 pm 0 s 2544 | 183 (7.19%) | 41  (1.61%)
was made publicly available from Cohen™”, ADHD'S gs1 | 84 0.87% 20 5 359
and 5 SR reports' "> were produced by the Antihistamins' X 5 (2' z) | ( '1 00)
Cochrane Collaboration”?. These 20 SRs u _IStamm.es e 310 19 (29.68 ()A)) 6 G 6/?))
were completed by experienced and Atypical Antq?sychotlcs 1120 | 363  (32.41%) | 146 (13.04%)
knowledgeable human expert researchers, Beta Blockers'® 2072 | 302 (14.58%) | 42 (2.03%)
with inclusion and exclusion decisions made Calcium Channel Blockers'® 1218 | 279  (22.91%) | 100 (8.21%)
by at least two expert researchers. Table 1 | Estrogens' 368 | 80 (21.74%) | 80 (21.74%)
shows the number and percentage of articles | NSAIDS' 393 | 88 (22.39%) | 41 (10.43%)
included at 1) abstract level decision and 2) | Opioids'® 1915 | 48 (2.51%) | 15 (0.78%)
full-text level decision. For instance, the | Oral Hypoglycemics'e 503 | 139 (27.63%) | 136 (27.04%)
review for ACE Inhibitors has a total of | Proton Pump Inhibitors'® 1333 | 238 (17.85%) | 51  (3.83%)
2544 citations. Based on the abstracts, 183 | Skeletal Muscle Relaxants'® 1643 | 34 (2.07%) |9 (0.55%)
(7.19%) were included; after full-text | Statins'® 3465 | 173 (4.99%) | 85  (2.45%)
reading, 41 (1.61%) were included in the | Triptans'® 671 | 218 (32.49%) | 24  (3.58%)
ACE Inhibitor SR report. The ﬁ{)lal inclusion | Urinary Incontinence'® 327 |78  (23.85%) | 40 (12.23%)
rates range from 0.55% to 27.04%. Antibiotic'? 412 |74 (17.96%) | 10 (2.43%)
Please note that for SRs from DERP'® (the | Antineoplastic'® 1294 | N/A N/A 19 (1.47%)
first 15 SRs in Table 1), full references in | Antiretrovirals" 749 | NJA N/A 38 (5.07%)
MEDLINE format were downloaded using | Hearing Loss™ 467 | 13 (2.78%) |3 (0.64%)
explicit PubMed Identifiers (PMID). For | Leukaemia®' 328 |11 (335%) |7  (2.13%)

SRs from Cochrane library (The last 5 SRs in Table 1), references in MEDLINE format were retrieved using the
established search strategy on PubMed, references from other databases (i.e. EMBASE/Ovid) were not used.

Again, based on the SR article screening process, articles were classified into three categories: excluded,
half-included (articles included at the title/abstract level, but excluded at the full-text level) and included (articles
included at both the title/abstract level and the full-text level).

MEDLINE Elements

In order to establish the relationship among articles, we used MEDLINE elements to create the similarity metrics.
MEDLINE elements are the fields in the MEDLINE format, that document the major pieces of information of a
publication (article)””. The MEDLINE display format is used in PubMed MEDLINE records. As the most
informative elements, title (TI), abstract (AB) and MeSH (MH) elements are widely used in related work to build
feature spaces for ML algorithms. Publication type (PT) is also selected by some studies'®** as it may be a key
factor for inclusion or exclusion decisions. In our preliminary work, we found that author information also had some
predictive value in the article selection process. Therefore, in this study, we used TI, AB, MH, PT and author (AU)
element in our experiments.

Similarity Score

We calculated the similarity using Cosine similarity®. Cosine similarity is widely applied to text mining and
measures the cosine of the angle between a pair of vectors. It is a common and efficient measure for text
comparison, especially for large datasets’®*’. Cosine similarity reflects the degree of similarity based on the
presence and frequency of words or terms in each text. For every pair of AUs, PTs and MHs, we simply compared
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them by exact string matching, because a minor difference may completely alter the outcome. For example, even if
two authors’ names are very similar, they may be two different people. However, TI and AB are free text. To
calculate the similarity between two TIs and between two ABs, we pre-processed TIs and ABs by removing some
common words (such as "the", "is", "are", etc.) that appear frequently in text, stemming each word by the classic
Porter Stemmer algorithm®. This approach, named alphabetic features, also has been verified to be an effective
method to represent an article”. The resulting similarity score ranges from 0 to 1 for each element, where 0 indicates
independence and 1 means exactly the same. In summary, the similarity score is the equally weighted sum of the
MEDLINE element(s) similarity, ranging from 0 to 5.

Network Visualization

Force-directed graph drawing algorithms assign forces among the set of edges and the set of nodes of a graph
drawing. Spring-like attractive forces are typically used to attract pairs of endpoints of the graph's edges towards
each other, while simultaneously electrical repulsive force are used to separate each pair of nodes. In balanced
states, the edges tend to have uniform length, and nodes that are not connected by an edge tend to be drawn further
apart. Graphs drawn with these algorithms tend to be aesthetically pleasing, exhibit symmetries, and tend to produce
crossing-free layouts for planar graphs®™*'.

We used Force Atlas layout® to visualize article networks. In this graphic layout, each article was represented as a
node and the edge connecting a pair of nodes had an edge weight, which was the similarity score of any paired
articles. The initial article network was a complete network with @ edges. Large complete networks are usually

complex and unreadable. To provide a more readable network, we filtered edges with lower similarity scores (in this
study, the threshold was 1.0). After the filtering, the largest connected network was generated to represent the
relationships among most articles. In the Force Atlas algorithm model, the pair-wise geometric distances between
the drawn vertices match the graph theoretic pairwise distances. In our results, similar nodes (articles) tended to
aggregate together after implementing the algorithm. Adjacent nodes represented articles with more similarities.

Evaluation Measures

Graph Diameter and Closeness Centrality

To mathematically represent the distribution of articles in the force atlas layout and then topologically study the
aggregation/clustering of the included articles, we took graph diameter and closeness centrality as the evaluation
measures.

In connected graphs, there is a natural distance metric between all pairs of nodes, defined by the length of
their shortest paths. Graph diameter is the length of the shortest path between the most distanced nodes. In other
words, a graph's diameter is the largest number of vertices needed to travel from one vertex to another when paths
which backtrack, detour, or loop are excluded from consideration®®. A disconnected graph has infinite diameter. As
the graph diameter is the maximum eccentricity of any vertex in the graph, it is widely used to measure the topology
and concentration/centralization of a graph. A more concentrated graph comes with a smaller diameter. In this study,
we examined the graph diameter of the largest connected network as well as the sub-graphs from the subsets of
articles (included, half-included, and excluded).

Closeness centrality measures the farness from one node to all other nodes. The more central a node, the lower its
total distance to all other nodes. Closeness can be considered as a measure of how long it will take to spread
information from a node to all other nodes sequentially®*°. In our study, each node had a closeness centrality value.
We used the distribution of closeness centrality as a measure to evaluate the network centralization.

Modularity

Modularity (community detection) is a measure of network structure. It was designed to measure the strength of
division of a network into modules. Networks with high modularity have dense connections between the nodes
within modules but sparse connections between nodes in different modules. Although a diversity of community
detection algorithms have been proposed, the quality of community detection is usually measured by modularity and
also some benchmark graphs.

We used modularity to examine resulted communities (also called module classes) in article networks. In this study,
the implemented community detection algorithm was a modularity optimization based heuristic method for fast
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uncovering of communities in large networks. It was first published in Blondel 2008°°. This algorithm (also called
Louvain method*®) has several advantages, such as easy implementation, fast computation speed, and the capability
to handle large and weighted networks.*® More importantly, comparing to other methods'**®, Blondel’s algorithm
has demonstrated to provide higher quality results for community detection.

While working on several commonly used test-case networks with size ranges from 34 to 118 million, Blondel’s
algorithm performs the best in modularity and efficiency while compared to three other algorithms®>’. In addition,
this algorithm has also been successfully tested on the commonly applied Girvan and Newman (GN) benchmarks'
and Lancichinetti and Fortunato and Radicchi (LFR) benchmarks®’. The performance of Blondel’s algorithm is
among the best when considering more than 10 popular community detection algorithms, including Rosvall 2008*'
and Newman’s works'*>*. Blondel’s algorithm has also been applied to some popular social networks with millions
of nodes like LinkedIn and Twitter*>**. Therefore, we implemented the Blondel’s algorithm, available in Gephi, to
examine the article networks in the SR reports.

Networks Implementation in Gephi

Gephi* is an open source software for graph and network analysis. It provides an interactive visualization and
exploration platform for all kinds of networks and complex systems, dynamic and hierarchical graphs. It supports
Blondel’s algorithm as the modularity function. We used Gephi version 0.8.2 to examine our article networks. There
are three parameters for this modularity function, including resolution, randomization, and weight. We used the
original modularity function in Blondel’s algorithm. In Gephi, the parameters were adjusted to use “resolution=1.0"
and “randomize”. This is also resulted from the nature of Blondel’s algorithm that a random node order is selected
for iteration rather than an unnecessarily fixed order. Although different runs might bring slightly different results,
the differences are trivial and the overall structure remains the same. In addition, our article networks used article
similarities as edge weights, so the “use weight” option was applied.

Result

We examined 20 SR reports, evaluated their graph diameter, closeness centrality, and modularity, and visualized
article networks using Force Atlas layout. To provide a readable article network visualization, edges with a weight
less than 1.0 were filtered. After filtering, the largest connected network was generated to represent the relationships
among most articles, averaging 92.07% of all articles.

To illustrate the article network graph, we used ADHD report as an example to demonstrate the graphical topology
and corresponding evaluation measures. Figure 1 shows the article network graphs for ADHD report. The ADHD
report had a total of 851 articles; among which, 84 articles were included at the title/abstract level and 20 articles
were included at the full-text level. In Figure 1, nodes were colored by inclusion/exclusion classes. Therefore, 20
nodes (included articles) were labeled in green, 64 nodes (half-included articles) were labeled in yellow, and 767
nodes (excluded articles) were labeled in red. To examine the article distribution, we measured the graph diameter of
the largest connected network, which was 10; the graph diameter of the sub-network for included articles (green
nodes) was 2; the graph diameter of the sub-network for half-included articles (yellow) was 4; and the graph
diameter of the sub-network for excluded articles (red) was 9. The graph diameter demonstrated that included
articles were similar to each other.

The distribution of closeness centrality for the largest connected network and sub-networks are shown in Figure 2.
The closeness centrality of the largest connected network ranges from 1 to 7 (Figure 2a); but the closeness centrality
of the sub-network for included articles, ranges from 1 to 2 (Figure 2b). The higher the closeness centrality score is,
the more distance the node is to other nodes (less similar). Only if a node was isolated because of the filtering
process (edges weighted <1 were eliminated), the closeness centrality score is 0.

In summary, the sub-network of included articles had a smaller graph diameter and relatively smaller closeness
centrality values than the largest connected network. We can conclude that included articles tend to have strong
relationships (high similarities in MEDLINE elements). Similarly, the sub-network of the included articles also had
a smaller graph diameter and closeness centrality values comparing to the sub-network of the half-included articles.
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Figure 1. Sample article network graphs from ADHD report. Nodes colored by inclusion/exclusion classes (green=
included articles; yellow= half-included articles; red= excluded articles.

(a) Largest connected network (b) Sub-network for included articles
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Figure 2. The distribution of closeness centrality for ADHD report
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In Figure 3, it shows the same network graph as Figure 1, but with a different coloring scheme. Here, nodes are
colored based on module classes using Blondel’s algorithm. A total of 73 module classes were found. Eight out of
73 modules contain more than 17 nodes, which is 2% of all articles in the ADHD report. The rest of 65 modules
were considered minor communities with only a small amount of nodes or even one single node inside. The top
three modules, which contain 31.02%, 18.21% and 17.04% of all articles, were colored in red, green, and yellow (in
Figure 3) respectively. With this partition, we observed that 18 out of 20 included articles tended to aggregate in the
green module class, with the exception of two articles. In other words, the green module class in Figure 3 covers 90%
of included articles. The included articles in this green module class (18/155=11.61%), are much higher than those
in the entire network (20/851=2.35%). The findings again confirmed our hypothesis that included articles tend to
cluster together because of their high similarities to each other. With this scenario, if the article screening process
can begin with this community, we could rapidly identify 90% (18 out of 20) relevant articles.

Figure 3. Sample article network graphs from ADHD report. Nodes colored by module classes. A total of 73
module classes were found.

Graph diameter and closeness centrality

To evaluate the graph centralization of the sub-network for included articles, we calculated its graph diameter and
closeness centrality range and compared them with the largest connected network (Table 2). Because Skeletal
Muscle Relaxants report has the graph diameter of 1, which is not meaningful for calculation, it was not included in
the following analysis due to its fracture network. For the remaining 19 SR reports, the average value of largest
connected networks’ diameter was 8.26 (SD = 1.76), while the average graph diameter value of the sub-network for
included articles was only 3.84 (SD = 1.54). The results show that the graph diameter of the sub-network of included
articles was significantly smaller than that of the largest connected network (paired-t test, p<0.001). And for the
closeness centrality range of the largest connected network, the largest one was 1~9 while the smallest one was 1~4.
The largest closeness centrality range of the sub-network for included articles was 1~5 while the smallest one was
only 1~2.

In summary, the graph diameter of the sub-network for included articles was smaller than the graph diameter of the
largest connected network. More than half of the SR reports even have less than a half size of the graph diameter.
Besides, the closeness centrality range also shows a smaller value and tighter distribution in the sub-network of
included articles comparing to the largest connected network, (1~3 vs. 1~6). The results confirmed that included
articles tend to aggregate into a few small areas, and these generate “communities” cover 93.75% included articles
in average from 19 SR reports in our study.
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Module Classes

Table 3 shows modularity results on module classes
after the implementation of modularity function
(community detection function) for the 20 SRs. We
used the number of modules (M), the number of
modules with included articles (Mi), and the number
of dominant modules with more than 10% included
articles (DMi). We also reported the top two modules,
which contain most included articles.

Although a large number of modules are detected for
the largest connected network (average M = 86),
included articles were only found in a few modules
(average Mi = 4), and even less were classified into
the dominant modules (average DMi = 2). This
implies that included articles have strong similarity
which tends to cluster in the same module classes.
Moreover, the number of included articles found in
Modulel (the top module for each report) provides
additional aggregation evidence. In average, Modulel
covers 25.5% articles overall, but 67.81% included
articles. With Modulel and Module2 together, they
total cover 89.03%  (67.81%+21.24%=89.03%)
included articles. Due to the space limitation, we only
report the top two modules in Table 3. However, other
modules except dominant modules contain very few
included articles. In many cases, there was only one
included article in a module.

Table 2. Graph diameter and closeness centrality

Largest Sub-network of
connected included articles
network

GD | CCR | GD CCR
ACE Inhibitors 71 1~5 3 1~3
ADHD 10 1~7 2 1~2
Antihistamines 8| 1~6 3 1~3
Atypical Antipsychotics 8| 1~6 7 1~5
Beta Blockers 8| 1~6 4 1~4
Calcium Channel Blockers 8| 1~6 7 1~5
Estrogens 71 1~5 6 1~4
NSAIDS 11 1~9 3 1~3
Opioids 71 1~5 3 1~3
Oral Hypoglycemics 5| 1~4 5 1~4
Proton Pump Inhibitors 8| 1~7 3 1~3
Skeletal Muscle Relaxants 13 ] 1~9 1 1~1
Statins 91 1~6 4 1~4
Triptans 10 | 1~7 5 1~4
Urinary Incontinence 8| 1~6 4 1~3
Antibiotic 6| 1~5 3 1~3
Antineoplastic 91 1~7 4 1~3
Antiretrovirals 6| 1~5 3 1~3
Hearing Loss 1] 18 2 1~2
Leukemia 11| 1~8 2 1~2
Average 826 | 1~6 | 3.84* 1~3

GD = Graph Diameter; CCR= Closeness Centrality Range.
#= Fracture network, only 2 out of 9 nodes are connects. Therefore, the
report was not included in the average value.
* Significant smaller than the largest connected network (p<0.001)

Table 3. Modularity and detected module classes
Modularity Modulel Module2
M | Mi | DMi | articles covered |included articles | articles covered | included articles
covered covered
# % | # %" # %" # %"

ACE Inhibitors 721 2 1| 707| 27.97%| 40| 97.56% | 796| 31.29% 1 2.44%
ADHD 731 3 1 159 18.68% | 18 90% 50 5.88% 1 5%
Antihistamines 431 4 3 83| 26.77%| 9| 56.25% 74| 23.87% 3 18.75%
Atypical Antipsychotics 83| 8 41 187 16.7% | 50| 34.25% | 200| 17.86% | 45 30.82%
Beta Blockers 89| 4 21 400 19.26% | 26| 61.90% | 476| 22.97%| 12 28.57%
Calcium Channel Blockers | 68| 5 3| 274 22.5%| 36 36% | 333| 27.34%| 32 32%
Estrogens 421 6 3 751 20.38% | 34 42.5% 66| 17.93%| 24 30%
NSAIDS 44| 3 2 78| 19.85% | 32| 78.05% 421 10.69% 7 17.07%
Opioids 90| 3 21 298| 15.56% | 11| 73.33% | 592| 30.91% 3 20%
Oral Hypoglycemics 31 7 31 161| 32.01%| 66| 48.53%| 146| 29.03%| 33 24.26%
Proton Pump Inhibitors 51| 6 2| 449| 33.68% | 37| 72.55% | 405| 30.38% 7 13.73%
Skeletal Muscle Relaxants | 322| 3 21 826 50.27%| 6| 66.67%| 184 11.20% 2 22.22%
Statins 191 4 21 1384 39.95% | 67| 78.82% | 1160| 33.49% | 14 16.47%
Triptans 43| 2 2 205 30.55% | 17| 70.83% | 183| 27.27% 7 29.17%
Urinary Incontinence 571 7 1 67| 20.49% | 30 75% 18 5.5% 3 7.5%
Antibiotic 251 3 3 451 10.92%| 6 60% | 125| 30.34% 3 30%
Antineoplastic 195| 5 3| 144) 11.13%| 9| 47.37%| 191| 14.76% 4 21.05%
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Table 3. Modularity and detected module classes
Modularity Modulel Module2
M | Mi | DMi | articles covered |included articles | articles covered | included articles
covered covered

# %" # %" # %" # %"
Antiretrovirals* 13] 1 1 331| 44.19%| 38 100% | -- - -- -
Hearing Loss 87| 2 2| 116 24.84% 2| 66.67%| 100| 21.41% 1 33.33%
Leukaemia*® 921 1 1 80| 24.39% 7 100% | -- - -- -
Average 86| 4 21 303 25.50% | 27| 67.81%| 286| 21.78%| 11 21.24%
M= number of modules; Mi= number of modules that contain included articles; DMi= number of dominant modules with
more than 10% included articles;
* The SR report has only one module that contains included articles. Therefore, there is no Module2.
* = percentage of articles covered in the module; ° = percentage of included articles covered in the module

Discussion
The use of article network visualization for SR

In this study, we used the visualization approach to demonstrate article relationships. While article networks bring a
more intuitive view of article distribution, the use of graph measures also provides mathematical support for our
hypotheses. The aggregation of included articles confirms the feasibility of utilizing article relationships (similarity)
to facilitate the article selection process for SR. We believe the visualization approach can be a powerful tool in
assisting SR researchers for article screening. Taking the ADHD report as an example (Figure 3), we can rapidly
identify included articles if we start the article screening in the green module. 90% (18 out of 20) included articles
could be found earlier before screening in other areas, thus significant workload would likely to be saved.

The article network visualization can be applied to (1) identify multiple key communities when the topic of articles
is diversified; (2) assign high priority to communities with relevant articles and screen articles from the closet
neighbors; (3) assign low priority to communities that contain several known irrelevant articles to save unnecessary
workload; (4) customize the network structure with different similarity calculation for edge weights that align to
specific sub-aims of a SR scope, e.g. authorship, publication type, keywords; (5) provide potential knowledge
discovery from unexpected module classes. Our future work has planned to develop such an article network
visualization application to assist SR.

The limitation of force-directed algorithm

Although the basic force-directed approach performs well for small graphs, the results are poor for graphs with more
than one or two thousands vertices. This is mainly resulted from the obstacles to scalability and resolution. To be
specific, the minimum vertex separation tends to be very small for large graphs, which leads to unreadable drawings.
In addition, the typical force-directed algorithms are considered to have a time complexity equivalent to O(n’), thus
the running time could be very long for large graphs. Due to this limitation, the SRs we applied in our study had no
more than 4000 articles. Algorithms and layouts like T-SNE* which supports implicit structure and dimensionality
reductions could be considered for larger SRs in future works.

Future direction

As most included articles exhibiting a tendency to aggregate to a specific graphic region, we demonstrated the
existence of such dominant module classes that cover a high percentage of included articles. Screening articles
within these module classes first will likely accelerate the speed of discovering relevant articles. For our future
work, we plan to work on early identification of the dominant module classes by integrating SR expert researchers’
knowledge on SR scopes and research questions. With the external information, we are able to generate virtual
article(s) representing ideal articles for inclusion. Virtual article(s) are likely to be located in the dominant module
classes in the article network.

Conclusion

We demonstrated visualizing article relationships for SR with MEDLINE similarity in force layout. We used
measures: graph diameter, closeness centrality, and module classes from the perspective of graph theory, to evaluate
the centrality and communities of generated article networks. The sub-networks of included articles have a
significantly smaller graph diameter than those of the largest connected network (3.84 vs. 8.26, p<0.001), and a
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smaller distribution in closeness centrality (1~3 vs. 1~6). Although a large number of modules were detected for the
largest connected network (n=86) after the implementation of modularity function, included articles only cluster into
a few communities (n=4), and are found in even fewer dominant communities (n=2). More importantly, the top two
modules covered 89.03% included articles.

Since most included articles in our research cohort exhibited a tendency to aggregate to specific regions, early
identifying and exploring of these regions will likely accelerate the discovery of relevant articles for a SR We
conclude that while relevant articles in SRs share common features and strong relationships (similarities), the article
similarity can be utilized to facilitate the article selection process thus shortening and facilitating the most labor
intensive aspect of the SR. which is the most intensive job in SR. Besides, through the visualization of article
networks, we demonstrated viewing article relationships in a more intuitive way. We also discovered other
advantages of visualizing article networks that are infeasible from the common text comparison approach. For
example, if there are multiple major aggregated regions in an article network, a branching of SR scopes may be
needed. Integrating article network visualization as a decision support tool in the SR process will enable SR
researchers to discover particular patterns or communities; thus accelerating the SR production.

References

1. Yuan Y, Hunt RH. Systematic reviews: the good, the bad, and the ugly. The American journal of
gastroenterology. 2009;104(5):1086-1092.

2. Akobeng A. Understanding systematic reviews and meta-analysis. Archives of Disease in Childhood.
2005;90(8):845-848.

3. Mulrow CD. Systematic reviews: rationale for systematic reviews. Bmj. 1994;309(6954):597-599.

4. Lavis JN. How can we support the use of systematic reviews in policymaking? PLoS medicine.
2009;6(11):e1000141.

5. Phillips B, Ball C, Sackett D, et al. Oxford centre for evidence-based medicine levels of evidence.
Verfligbar unter: http://www.cebm.net/levels of evidence.asp. 2001.

6. Cohen AM, Hersh WR, Peterson K, Yen P-Y. Reducing workload in systematic review preparation using

automated citation classification. Journal of the American Medical Informatics Association.
2006;13(2):206-219.

7. Cohen AM. Optimizing feature representation for automated systematic review work prioritization. Paper
presented at: AMIA annual symposium proceedings2008.
8. Wallace BC, Small K, Brodley CE, Lau J, Trikalinos TA. Deploying an interactive machine learning

system in an evidence-based practice center: abstrackr. Paper presented at: Proceedings of the 2nd ACM
SIGHIT International Health Informatics Symposium2012.

9. Wallace BC, Trikalinos TA, Lau J, Brodley C, Schmid CH. Semi-automated screening of biomedical
citations for systematic reviews. BMC bioinformatics. 2010;11(1):55.
10. Matwin S, Kouznetsov A, Inkpen D, Frunza O, O'Blenis P. A new algorithm for reducing the workload of

experts in performing systematic reviews. Journal of the American Medical Informatics Association.
2010;17(4):446-453.

11. Tsafnat G, Glasziou P, Choong MK, Dunn A, Galgani F, Coiera E. Systematic review automation
technologies. Syst Rev. 2014;3(1):74.

12. MEDLINE/PubMed Data Element (Field) Descriptions.
http://www.nlm.nih.gov/bsd/mms/medlineelements.html.

13. Newman ME. Modularity and community structure in networks. Proceedings of the National Academy of
Sciences. 2006;103(23):8577-8582.

14. Lancichinetti A, Fortunato S. Community detection algorithms: a comparative analysis. Physical review E.
2009;80(5):056117.

15. Girvan M, Newman ME. Community structure in social and biological networks. Proceedings of the

National Academy of Sciences. 2002;99(12):7821-7826.
16. Cohen AM HW, Peterson K, Yen PY. Systematic Drug Class Review Gold Standard Data.
http://skynet.ohsu.edu/~cohenaa/systematic-drug-class-review-data.html/.

17. Schoot RA, van Dalen EC, van Ommen CH, van de Wetering MD. Antibiotic and other lock treatments for
tunnelled central venous catheter-related infections in children with cancer. The Cochrane Library. 2013.
18. Mulder RL, van Dalen EC, Van den Hof M, et al. Hepatic late adverse effects after antineoplastic treatment

for childhood cancer. The Cochrane Library. 2011.

1935



19.

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42.

43.

44,

45.

Siegfried N, van der Merwe L, Brocklehurst P, Sint TT. Antiretrovirals for reducing the risk of mother-to-
child transmission of HIV infection. The Cochrane Library. 2011.

van As JW, van den Berg H, van Dalen EC. Medical interventions for the prevention of platinum-induced
hearing loss in children with cancer. The Cochrane Library. 2014.

Gordijn MS, Gemke RJ, van Dalen EC, Rotteveel J, Kaspers GJ. Hypothalamic-pituitary-adrenal (HPA)
axis suppression after treatment with glucocorticoid therapy for childhood acute lymphoblastic leukaemia.
The Cochrane Library. 2012.

Cochrane Library. http://www.cochranelibrary.com/.

NIH US National Library of Medicine. MEDLINE®/PubMed® Data Element (Field) Descriptions.
http://www.nlm.nih.gov/bsd/mms/medlineelements.html.

Kim S, Choi J. Improving the performance of text categorization models used for the selection of high
quality articles. Healthcare informatics research. 2012;18(1):18-28.

Tan P-N, Steinbach M, Kumar V. Introduction to data mining. Vol 1: Pearson Addison Wesley Boston;
2006.

Cohen W, Ravikumar P, Fienberg S. A comparison of string metrics for matching names and records.
Paper presented at: Kdd workshop on data cleaning and object consolidation2003.

McCallum A, Nigam K, Ungar LH. Efficient clustering of high-dimensional data sets with application to
reference matching. Paper presented at: Proceedings of the sixth ACM SIGKDD international conference
on Knowledge discovery and data mining2000.

Porter MF. An algorithm for suffix stripping. Program. 1980;14(3):130-137.

Bekhuis T, Tseytlin E, Mitchell KJ, Demner-Fushman D. Feature engineering and a proposed
decision-support system for systematic reviewers of medical evidence. PloS one. 2014;9(1):e86277.
Kobourov SG. Spring embedders and force directed graph drawing algorithms. arXiv preprint
arXiv:1201.3011. 2012.

Tollis I, Eades P, Di Battista G, Tollis L. Graph drawing: algorithms for the visualization of graphs. Vol 1:
Prentice Hall New York; 1998.

Jacomy M. Force-atlas graph layout algorithm. URL:

http://gephi.org/201 1/forceatlas2-the-new-version-of-our-home-brew-layout. 2009.

Harary F. Graph theory. 1994. Addison-Wesley, Reading; 2004.

Sabidussi G. The centrality index of a graph. Psychometrika. 1966;31(4):581-603.

Newman ME. A measure of betweenness centrality based on random walks. Social networks.
2005;27(1):39-54.

Blondel VD, Guillaume J-L, Lambiotte R, Lefebvre E. Fast unfolding of communities in large networks.
Journal of Statistical Mechanics: Theory and Experiment. 2008;2008(10):P10008.

Pons P, Latapy M. Computing communities in large networks using random walks. J. Graph Algorithms
Appl. 2006;10(2):191-218.

Clauset A, Newman ME, Moore C. Finding community structure in very large networks. Physical review
E. 2004;70(6):066111.

Su G, Kuchinsky A, Morris JH, Meng F. GLay: community structure analysis of biological networks.
Bioinformatics. 2010;26(24):3135-3137.

Lancichinetti A, Fortunato S, Radicchi F. Benchmark graphs for testing community detection algorithms.
Physical review E. 2008;78(4):046110.

Rosvall M, Bergstrom CT. Maps of random walks on complex networks reveal community structure.
Proceedings of the National Academy of Sciences. 2008;105(4):1118-1123.

Pujol JM, Erramilli V, Rodriguez P. Divide and conquer: Partitioning online social networks. arXiv
preprint arXiv:0905.4918. 2009.

Haynes J, Perisic I. Mapping search relevance to social networks. Paper presented at: Proceedings of the
3rd Workshop on Social Network Mining and Analysis2009.

Bastian M, Heymann S, Jacomy M. Gephi: an open source software for exploring and manipulating
networks. ICWSM. 2009;8:361-362.

Van der Maaten L, Hinton G. Visualizing data using t-SNE. Journal of Machine Learning Research.
2008;9(2579-2605):85.

1936



