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Abstract Databases on scientific publications are a well-known source for complex net-

work analysis. The present work focuses on tracking evolution of collaboration amongst

researchers on leishmaniasis, a neglected disease associated with poverty and very com-

mon in Brazil, India and many other countries in Latin America, Asia and Africa. Using

SCOPUS and PubMed databases we have identified clusters of publications resulting from

research areas and collaboration between countries. Based on the collaboration patterns,

areas of research and their evolution over the past 35 years, we combined different

methods in order to understand evolution in science. The methods took into consideration

descriptive network analysis combined with lexical analysis of publications, and the col-

laboration patterns represented by links in network structure. The methods used country of

the authors’ publications, MeSH terms, and the collaboration patterns in seven five-year

period collaboration network and publication networks snapshots as attributes. The results

show that network analysis metrics can bring evidences of evolution of collaboration

between different research groups within a specific research area and that those areas have

subnetworks that influence collaboration structures and focus.
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Introduction

Collaborative networks are useful means to address the complexity inherent in health

research. Collaboration is a critical process for innovation development in this area and

researcher networks have been considered an integral element for innovative performance

in the health sector (Guler and Nerkar 2012). The multifactorial, dynamic, and nonlinear

character of disease causation have been reflected in an increased emphasis on transdis-

ciplinary, translational, and network-based research in health (Barabási 2007). In addition

to collaboration and networking, there is also a need for greater efficiency in health

research, which is an imperative factor for reducing the time between new scientific

discoveries and patient benefits (Wilson et al. 2011).

Leishmaniasis has been a challenging neglected tropical disease (NTD) due to its

complex epidemiology and ecology, the lack of simple, easily-applied tools for case

management and the paucity of current incidence data, which often results in a failure on

the part of policy-makers to recognize its importance (Alvar et al. 2006; Bern et al. 2008).

The disease occurs on five continents and is considered endemic in 98 countries and

three territories, most of which are low and middle-income countries (LMIC) (Alvar et al.

2012). Despite the fact that Brazil and India are among the top three most scientifically

productive countries in leishmaniasis research (Ramos et al. 2013) and that their

researchers are highly engaged in collaborative networks (González-Alcaide et al. 2013),

these countries still account for 80–90% of cases in their specific regions (Alvar et al.

2012). This apparent gap in translating science discoveries to public health products and

practices exposes an urgent need to develop new methods to support research and science-

related policies and give new directives for scientific investments.

As the results of scientific work in leishmaniasis do not seem to directly affect the

reduction of cases in endemic areas, even if scientific development has been nurtured in

those regions, understanding the evolution and dynamics of science and collaboration in

this theme is key and the driving force for this study. We aim to understand how the global

leishmaniasis research network has evolved over time, in both time and space, and generate

evidence that could ultimately inform the prioritization of research, financial investments

and health policy.

We investigate the following three issues:

1. Scientific networks are an important way to address needs and challenges of LMIC

dealing with NTDs (Morel et al. 2005, 2007). Important questions we attempt to

answer include: Are the most endemic countries significantly producing knowledge to

address leishmaniasis challenges? What are the patterns of collaboration in leishma-

niasis regarding endemic and non endemic countries?

2. Governments and funding agencies are increasingly supporting collaborative research

networks to encourage translation of research results into practice, including treatment

for NTD (McKew and Pilon 2013; D’Andreta et al. 2013). Is scientific research in

leishmaniasis addressing public health needs? How are different countries directing

their scientific research efforts? Do they overlap or complement each other?

3. In the initial stages of medical research, when basic scientific research and pre-clinical

phase are conducted, broad international collaboration may be highly beneficial.

However, in the later phases of clinical trials, broad involvement of local actors who

have an intimate understanding of their own health systems and challenges can

increase the focus on national research priorities, enhance capacity through bringing

together researchers with differing disciplinary skills, and facilitate longer-term trust-
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based networks (Bennett et al. 2011). In this sense, can we identify collaboration

patterns and model the leishmaniasis research network using features intrinsic to the

network itself and their members?

This paper focuses on tracking evolution of research topics and collaborations amongst

researchers working on leishmaniasis by using scientific publication data from Scopus and

PubMed databases from the past 35 years (1981–2015). Three complementary analyses

were made: (1) Descriptive and statistical analysis of researchers collaboration networks,

characterizing scientists based on Medical Subject Headings (MeSH) taxonomy and their

countries of affiliations; (2) Evolution of research topics as tracked by lexical analysis of

titles and classification of publications; and (3) Link prediction algorithms to confirm

existence or absence of persistent patterns in different time periods to identify evolving

collaborations. From these analyses, we extrapolate the potential factors that can influence

the global and local collaboration structure in different stages of leishmaniasis research.

Data

Data collection strategy was based on retrieving scientific publications on leishmaniasis

from Scopus database (Elsevier). Queries were directed to the title, abstract and keywords

of publications (leish*) and retrieved 16,927 documents. Filters for Subject Areas on

Health Sciences (based on Scopus classification) and articles were further included. The

search period comprised 35 years (1981–2015), which were later divided into seven

periods of five years each. A steady growth of publications, authors and collaboration links

(edges) between researchers in the area can be clearly observed (Fig. 1).

Next step was to incorporate MeSH terms into the dataset. MeSH is the National

Library of Medicine’s controlled vocabulary thesaurus, used for indexing articles of

biomedical journals available in the PubMed database. It consists of sets of general

descriptors (headings) and qualifiers (subheadings) organized in a hierarchical structure

that permits categorizing articles at various levels of specificity.

Of the 16,927 publications retrieved from Scopus, 13,806 articles were found in

PubMed, (81.5%). The combination of information from these two databases allowed us to
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use country attributes retrieved from author affiliations available in Scopus and the clas-

sification of publications available from PubMed. Using this data, we created three net-

works. The first is the co-authorship network between countries, based on the professional

affiliation of researchers authoring the publications. The second is an information network

in which nodes are classification terms (MeSH terms and words from titles and abstracts of

publications) with links joining terms that co-occur in the same publications. The third is

the co-authorship network between researchers, with links between them indicating joint

publications.

The total number of unique authors of the articles was 42,893. Calculations for link

prediction and percentage of relevance for network structure included only authors that had

three or more publications over the entire period. Disambiguation of author names was

performed using the VantagePoint software (Search Technologies Inc.).

Methods

To build our understanding of the dynamics and evolution of collaboration patterns within

leishmaniasis research and evolution of research topics, we used two different methods, as

described below.

Descriptive analysis of network data

Co-authorship network between countries

Researchers’ affiliation data was used to build collaboration networks between countries.

In these networks, nodes represent countries, and two or more countries were connected if

their members shared the authorship of one or more papers. Visualization of the network

graphs were produced with the open-source software Gephi (Bastian et al. 2009). Network

community structure was evaluated based on the number of ties within each community.

Degree centrality was used to identify the most collaborative countries in the network.

This measure reflects the number of a node’s direct connections (Freeman 1979). Countries

with high degree centrality are usually focal points of collaboration in the network.

Degree centrality is calculated as the number of direct links a particular node has with

other nodes. If a node represents a country, the number of other countries, with which it

collaborates, will be its degree centrality. Weighted degree centrality takes into consid-

eration not only the number of nodes to which the given node is connected, but also the

number of times each pair of nodes collaborated. If node A collaborated twice with node B

and 3 times with node C its degree centrality is 2 but its weighted degree centrality is 5.

We also used betweenness centrality to analyze bridging countries for knowledge

transfer and access. Betweenness centrality is based on the extent to which a particular

node lies between other pairs of nodes in a network, connecting them (Freeman 1979).

Nodes that are often on the shortest path between other nodes are deemed ‘central’ because

they control the flow of information in the network by connecting different groups. They

are also the ones whose removal from the network will disrupt communications between

other nodes the most.

Betweenness centrality is calculated using the shortest paths between all distinct pairs of

network nodes. Thus, given node A, counting all of the shortest paths between any two

nodes in the network that pass through node A will result in its betweenness centrality.
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Both measures were calculated on each one of the seven five-year period networks

snapshots in order to observe their evolution over time.

Lexical analysis of the information network

Lexical analysis was performed with the software IRAMUTEQ (R Interface for Multidi-

mensional Analysis of Texts and Questionnaires), based on a methodology developed by

Max Reinert in the 1980s (Reinert 1983, 1986). The IRAMUTEQ has been used in

sociology, psychology, and political and health sciences for the quantitative analysis of text

or textual statistical data (Guarnaccia et al. 2015; Rodrigues et al. 2015).

In order to apply the lexical analysis, four different text corpora were built comprising

title, abstract, MeSH and MeSH subheads of the retrieved publications For each corpus, a

classification was incorporated based on the information available for the text. Then, term

frequencies have been computed and two-dimensional Cartesian map visualization of

terms was drawn based on component analysis of the word distributions. Each of the four

sets was categorized according to the five-year periods and by countries of authors’

affiliation.

Link prediction

Co-authorship network between researchers

We use machine learning-based link prediction to predict collaborations between

researchers in one five-year period based on the data from the preceding five-year period.

The innovative purpose of using link prediction here is to see if new collaborations can be

predicted from trends seen in the creation of old collaborations and therefore to find when

the patterns of collaboration are stable and when they evolve. Good predictability in a

given time period indicates a stable pattern of collaboration, while low predictability

indicates evolving patterns of collaboration.

As in the information network, the original scientific collaboration network was divided

into seven network snapshots, each of which covered different five-year periods. Each

instance of data contains collaborations that happened during the particular timespan.

Nodes (researchers) in each network have several attributes, such as country of affiliation,

MeSH keywords attributed to their papers, and the number of papers published during that

particular timespan for each MeSH keyword. We use these node attributes and the network

structure to predict links in the future. The properties of the seven collaborative networks

are listed in Table 1. It is worth noting that from timespan to timespan both number of

nodes and average degree are increasing (with one exception of the average degree drop in

1996–2000 period compared to 1991–1995 period). This demonstrates that both the

number of researchers and the extent of collaboration were growing over the years.

Link prediction tasks

The goal of traditional link prediction application is to foresee future collaborations among

researchers. Here our goal is to use link prediction to identify periods of evolution of

collaborations during which collaboration patterns changed. To this end, we compared the

performance of link prediction on edges formed between researchers who were new to the

field to the one based on edges between experienced researchers. The drastic drop in the
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performance of link prediction from one period to another indicated a change in the way

new researchers collaborate.

To use machine learning for link prediction, we used data on links formed in the past.

For example, to find which new links are likely to form in the timespan 1991–1995 from

1986 to 1990 network snapshot, we need to learn from the links formed in this snapshot.

So, we look at the new links formed there based on yet earlier 1981–1985 network

snapshot, and use these links as training data to predict links in the timespan 1991–1995.

Consequently, for each network snapshot for which we execute link prediction, we use two

immediately preceding network snapshots. Data from the earliest timespan serves as the

training data, those from the middle timespan is used for validation and the latest one

enables us to evaluate predictions. It is the information about the nodes and their con-

nections in the middle timespan that is used to predict which new connections are likely to

be formed in the latest timespan.

Starting from the earliest period, the 1981–1985 timespan, the network corresponding to

the subsequent period was used to validate the machine learning model and the links were

predicted for the network snapshot for the 1991–1995 period. We processed data in each

period using SVM, Linear Regression and k-NN machine learning algorithms. We repeated

this process for subsequent four later periods ending with the five sets of results.

Features used in link prediction

We used several cues from the Scopus data to predict new links. The following features

were used.

Network features—the number of common neighbors We used the number of common

neighbors between a pair of nodes as a feature because positive correlation between link

formation and the number of common neighbors was observed in the literature.

Individual traits—areas of shared research For every researcher, we know the number

of papers published in each area in the particular timespan data from which the given

network snapshot has been created. We used as a feature the number of common areas of

research in which a pair of nodes has published in the corresponding timespan.

Individual traits—country of affiliation For every researcher, we know the country in

which the researcher was based. The feature had the value 1 if both researchers were from

the same country and 0 otherwise.

Table 1 Basic properties of the seven collaborative networks created from seven time spans of the entire
publication data

Snapshot of the network Number of nodes Number of edges Average node degree

1981–1985 670 1170 1.75

1986–1990 1114 2714 2.44

1991–1995 1626 4610 2.84

1996–2000 2007 5638 2.81

2001–2005 2617 9896 3.78

2006–2010 4117 18,185 4.42

2011–2015 4832 33,549 6.94

The only two subsequent periods that did not see growth of the average degree of nodes are typed in italics
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Individual traits—recency and Strength of Collaboration Representing collaboration via

an unweighted edge misses the temporally evolving nature of collaboration. To address this

concern we introduced the weights for collaboration edges that represent its strength and

recency. We assumed that strong and recent collaboration among common neighbors of a

node increases chances of those neighbors promoting collaboration of the node shared by

others. Moreover, a large number of strong common neighbors are indicative of a node

belonging to the same research community as its common neighbors, thus making col-

laboration more feasible. The opposite is likely to happen in the case of a few common

neighbors or with weak or aging collaboration.

One feature we used was the strength of a link between two nodes which measured the

number of papers that those nodes published together. Another was the recency of the link

which decreased with the age of joint publication by the factor f (Bahulkar et al. 2016)

defined here as

f ¼ f k
d ð1Þ

where fd = 0.9 and k denote the age of the publication in years, with articles published in

the last year of the timespan period having k = 0. Clearly, the link strength is always

higher than the link recency.

Processing data

Link prediction considered any viable pair of nodes and predicted on the basis of their

features if the link is likely to be formed. However, the number of potential edges in a

network was growing with the square of the number of edges, so this approach would be

computationally infeasible. To address this concern, we adopted commonly used heuristic

that new edges arise between nodes that are at most three hopes away from each other.

Thus, only pairs of nodes satisfying this condition were considered viable for having an

edge.

First step in processing data was using the training validation data to find for each of the

four algorithms tested its best parameters for the prediction run. Then, we ran the machine

learning algorithms on testing data to produce prediction. We reported results separately

for pairs of which both nodes existed only in the testing data (new pairs) and for pairs for

which at least one node existed in the validation data (old pairs).The results of link

prediction are discussed in the next section.

Results

Descriptive analysis of network data

Publication and collaboration

Figure 2 shows the top seven countries in leishmaniasis research, according to the number

of papers published from 1981 to 2015. Brazil and India were among the most scientifically

productive countries, but they reached this position after year 2000. Since then, Brazil held

the first place in number of publications and India continued to rise from sixth (6th) place

in the period of 2001–2005 to third (3rd) place from 2006 until 2015. This finding is in line

with the increased financial support for NTD research in these two countries. Another
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country that showed an improving position on number of publications is Iran, not amongst

the top 10 until 2001, but seventh (7th) overall and fourth (4th) in the last period.

The number of publications is just part of the picture. The use of network analysis for

those periods revealed a different perspective in terms of influence over the area.

As scientific research is increasingly collaborative, network analysis methods were used

to map countries’ collaborations, their contributions and influences. The global network of

leishmaniasis research is composed of 127 countries, reflecting the solid international

collaborative research efforts for disease control (Fig. 3). The top three most collaborative

countries, according to their weighted degree centrality, were USA, France and UK, as

represented by the larger nodes. During the 35-year period evaluated, these countries have

collaborated with 111, 109 and 106 partner countries, respectively.

Country links were mapped based on the affiliations of the authors of scientific papers.

Each node represents one country and two countries were considered connected if their

authors shared the authorship of a paper. The size of the nodes is proportional to their

weighted degree centrality. The thickness of the links indicates the frequency of collab-

oration between two nodes. The node color indicates the cluster in which the country has

been placed according to its collaboration pattern.

Degree centrality is a proxy for collaboration and not always a measure of the volume of

publications. Although Brazil and India had a high number of publications in leishmani-

asis, these countries lagged behind in terms of collaborative research.

Analysis of the network’s community structure revealed three different clusters: cluster

1, including Brazil, Spain and USA (high degree centrality countries), cluster 2 including

UK, Switzerland and Germany, and cluster 3, including France, Israel and Portugal. These

clusters group countries that frequently collaborate with each other in leishmaniasis

research.

Cluster 1 included several Spanish-speaking countries, suggesting that language prox-

imity may have played an important role in establishing collaborations. Brazil and USA

were the countries that most frequently collaborate, with 362 articles published in co-

authorship in the period evaluated. India and Brazil, although scientifically productive in

this area, were not included in the same cluster, indicating that these countries did not

collaborate often.

Table 2 shows the number of publications per country and the degree centrality (Deg),

weighted degree centrality (W.deg), betweenness centrality (Bet) and a ratio between
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W.deg and publications (Wdeg/Pub) for the top seven countries. This ratio is a measure of

the percentage of international collaborations these countries had in relation to their entire

number of publications. Because one publication might have authors from more than two

countries, this result was just an estimate of the number of collaborations per paper each

country had.

This descriptive analysis shows that the number of collaborations (degree and weighted

degree) was increasing in a much faster ratio than the number of publications, indicating

that international collaborations were becoming more common with time. Another

important result shown in Table 2 is the centrality of the top five countries. While Brazil,

India and Iran had a similar pattern of high number of publications and low centralities,

USA, UK and France did not have the largest number of publications, but held an

important place in terms of number of international collaborations (degree) and fulfilling

the gap or the bridge between different nations (betweenness). Those are important features

of countries that could play a role in influencing research activities in specific areas

(Leydesdorff and Wagner 2009).

The last result analyzed in Table 2 takes into consideration the ratio between weighted

degree and the number of publications per country. The countries with higher ratios had a

greater ability to cooperate with other countries. At this point, geographical distance and

social differences such as language have not been taken into consideration. One of the

results on this line of analysis showed that this ratio has grown extensively from 1981 to

2015, with more international collaborations per paper. Another interesting characteristic is

that countries such as USA, Brazil and India, the top three countries in terms of

Fig. 3 Country collaborative network of leishmaniasis research (1981–2015)
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publications, have lower ratios than other countries. In contrast, the European countries,

especially UK and France, have high number of collaborations.

The evaluation of the percentage of researchers from each country who contributed in

each of the network snapshots shows that there was a gradual increase in the percentage of

researchers from Brazil, while the percentage of researchers from several other countries,

especially the USA, has declined over time. Table 3 supports this observation. In

1981–1985, Brazil had 18.8% of all researchers, while in 2011–2015, it increased its share

to 29.4%. On the other hand, the USA had 21.1% of all researchers in 1981–1985, and it

Table 2 Publication and centrality measures

Country Pub Deg Wdeg Bet Wdeg/Pub
(%)

Country Pub Deg Wdeg Bet Wdeg/Pub
(%)

1981–1985 2001–2005

Brazil 77 5 11 0.015 14 Brazil 445 27 128 0.0412 29

USA 236 13 34 0.071 14 USA 286 50 219 0.262 77

India 32 3 3 0.000 9 India 149 11 36 0.041 24

UK 119 14 43 0.075 36 UK 167 46 197 0.171 118

France 50 7 10 0.027 20 France 165 42 133 0.151 81

Spain 18 2 2 0.000 11 Spain 150 24 46 0.054 31

Iran 14 1 1 0.000 7 Iran 80 9 27 0.008 34

1986–1990 2006–2010

Brazil 138 9 29 0.007 21 Brazil 858 30 206 0.019 24

USA 246 27 67 0.162 27 USA 534 64 516 0.152 97

India 60 0 0 0.000 0 India 351 35 186 0.039 53

UK 106 18 37 0.050 35 UK 285 50 436 0.075 153

France 82 10 19 0.017 23 France 213 25 60 0.006 28

Spain 38 2 2 0.000 5 Spain 234 36 175 0.022 75

Iran 8 0 0 0.000 0 Iran 241 58 250 0.148 104

1991–1995 2011–2015

Brazil 202 10 41 0.013 20 Brazil 1448 99 678 0.023 47

USA 265 26 95 0.124 36 USA 779 102 1058 0.044 136

India 117 8 14 0.002 12 India 669 92 625 0.009 93

UK 184 27 86 0.129 47 UK 375 97 869 0.014 232

France 128 20 45 0.067 35 France 307 103 647 0.043 211

Spain 86 5 9 0.002 10 Spain 411 100 598 0.017 145

Iran 13 2 2 0 15 Iran 505 86 243 0.001 48

1996–2000 1981–2015

Brazil 272 17 78 0.041 29 Brazil 3440 101 1171 0.017 34

USA 283 37 186 0.152 66 USA 2630 111 2175 0.059 83

India 117 11 46 0.005 39 India 1496 95 910 0.023 61

UK 148 40 135 0.199 91 UK 1384 106 1803 0.031 130

France 152 26 65 0.128 43 France 1097 109 1169 0.055 107

Spain 158 13 31 0.010 20 Spain 1095 103 863 0.017 79

Iran 37 5 12 0.008 32 Iran 898 88 345 0.001 38
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went down to 9% in 2011–2015. Since the total number of researchers itself has grown

over years, this points to a huge increase in the number of researchers in Brazil from 1996

to 2000 onwards, which we will later talk about in the section on link prediction results. As

shown in Fig. 4, the Brazilian researchers kept the patterns of collaborations unchanged

over the years despite their growing share of active researchers in the area.

We measured how many researchers from each country were represented by nodes with

high degrees. These researchers were usually associated with prominent positions, in which

they might have had better access to information and resources and hence might have been

able to influence the scientific system. We took the top 10% of the nodes sorted by their

degrees, identified their countries of origin and presented the results in Table 4. Brazil had

the 18.8% of the total nodes in 1981–1985 and about 42% of the top degree nodes.

Conversely, in 2011–2015, Brazil had 29.4% of the total nodes and only 24.5% of the top

degree nodes. This drop could be related to the significant increase in the overall number of

researchers starting from the 1996–2000 period. Most of the researchers beginning in that

period would be young researchers, early in their careers, so their number of collaborations

might have been low. On the other hand, Indian researchers gradually increased their

leadership, reaching from 1.5% in the first period to 12.2% in the last. This indicated a

gradual change happening in the leadership.

Table 3 Percentage of researchers belonging to a particular country

% nodes 1981–1985 1986–1090 1991–1995 1996–2000 2001–2005 2006–2010 2011–2015

Brazil 18.8 20.1 19.8 22.3 25.9 28.9 29.4

India 8 8.9 9.2 8.9 7.8 8 8.7

US 21.1 17.3 12.9 9 8 8 9

UK 6.1 5.1 5.4 4.4 5.2 4.1 3.7

France 5.8 6.4 7.4 8 6 4.3 4.2

Spain 2.1 4.8 6.5 8.2 7.4 5.4 6

Iran 1 0.6 1 2.4 4.2 5.5 6.5

Germany 1 2 2.1 2.5 2.3 2.9 2.5

Italy 1.4 2.9 4.3 4 4.5 3.3 2.7

Fig. 4 Patterns of collaborations and percentage of researchers in the field over the seven five year periods
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Lexical analysis

Lexical analysis was applied to title, abstracts, MeSH and subheadings from the top seven

countries. Figure 5 shows major research themes from all 35 years captured by article

titles. Three clusters in four different colors were identified by Reinert’s method, which

classifies the words based on their co-occurrence and morphological analysis.

A closer look at the clusters showed a significant concentration in the top cluster on

diagnosis of the disease, where research had a strong focus on the patient. On the bottom

left, the words ‘‘psychodidae’’, ‘‘dipteron’’, and ‘‘sandfly’’ showed a clear research pattern

dealing with the vector and the dissemination of the disease. On the right bottom corner

‘‘cell’’, ‘‘mouse’’ and ‘‘macrophage’’ showed a tendency for basic and molecular research.

Analyzing how the research themes might change over countries, we found that over the

seven countries, France and Spain overlapped with the top cluster, Brazil and Iran strongly

overlapped with the bottom left of classification, and USA, UK and India had strongest

affinity with the bottom right cluster.

Similar patterns were observed in the analysis of all four textual corpuses. For space

consideration, only the results of the subheading and MeSH titles over the time periods and

countries were shown.

For the evolution of research over time we show on Fig. 6 the MeSH subheads for each

five-year period (similar patterns aroused from analysis of title words and abstracts). The

subheads are colored according to the five-year period index on the bottom left of the

figure. The colored boxes with the time periods are placed according to the position on the

Cartesian figure of the words most common to each period. The component analysis

disperses the words according to their proximity to each of the time periods being ana-

lyzed. If a word is closer to the classification center, it is more common to other periods. If

it is located on the periphery, it is more related to a specific period.

The displacement of the seven five-year periods follows a ‘‘u’’ shape from top left of the

figure to the top right. ‘‘Immunology’’, for example, has a specific color (light green),

related to 1986–1990 period, but as it is placed in the classification center, so it might be

common to other periods. ‘‘Chemical synthesis’’ on the other hand, is located at top right

corner of the classification (dark green), thus, it will be almost exclusive to the 2011–2015

period. Some of the periods are closely related to each other as in the case of 1991–1995 to

Table 4 Percentage of researchers represented by high degree nodes

% of top
degree
nodes

1981–1985 1986–1990 1991–1995 1996–2000 2001–2005 2006–2010 2011–2015

Brazil 42 46.8 23.4 34 26.5 31.2 24.5

India 1.5 0.9 0 5.5 7.3 10.8 12.2

US 13.4 15.3 16.7 6 10.3 4.6 19

UK 12 4.5 8.6 5 12.6 7 4.8

France 12 7.2 12.4 6.5 5.3 4.7 4.5

Spain 0 0 1.8 0 6.9 5.1 4.3

Iran 0 0 0 5 1.5 4.4 3.2

Germany 0 0 0 0.5 2.2 2.6 1.4

Italy 0 0 1.3 4.5 2.3 3.2 1.9
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1996–2000, which denotes smaller changes in the research topics compared to the other

periods.

This analysis sheds the light on the evolution of research over the years and can be

summarized as follows. At the earliest decade, in the 1980’s, the research concentrated on

disease pathology and transmission, with basic research focusing directly on enzymology.

In the next decade, the 1990’s, research became more directly related to leishmaniasis

diagnosis, epidemiology and treatment schemes. In the first decade of the 2000’s, the

importance of the animal host was evidenced and the economic impacts of the disease also

were investigated. In the past five years (2011–2015) drug-related research has again

become the center of research focus.

Country research profiles are summarized in Fig. 7. Different leishmania species are

closely related to the countries in which they are the primary cause of disease, like

Leishmania donovani in India, Lesihmania braziliensis in Brazil, and Lesihmania infantum

in Spain. Research themes between countries also differ, although limits are less clearly

defined. Among other themes, USA scientists were concerned with leishmaniasis as an

occupational disease, Brazilian researchers seemed to be interested in plant lectins and the

Iranian scientific community had a particular interest in laser therapy as a treatment option.

Fig. 5 Classification of the article title words
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Common research themes between all countries included basic immunology and cell

biology-related terms (cytokines, apoptosis, antigens etc.)

Link prediction

In this section, we look at the results from link prediction and observe how the patterns of

collaborations change over time. We started by creating features described in ‘‘Link

Prediction’’ section, for link prediction task. We used the machine learning algorithms

listed in ‘‘Link Prediction’’ section to run over the data. We measured the accuracy, which

represents the percentage of predicted and non-predicted edges that correctly identified in

the test data, and recall, which measures the percentage of new edges in test data that are

predicted by each of the classification tasks.

Initially, we look at predictability for each of the 5-year consecutive periods between

1991 and 2015. SVM usually gives the best recall, however at the price of a lower

accuracy. Using k-NN or Linear Regression yields lower recall but higher accuracy. Since

our main objective was to measure the ability of machine learning techniques to predict

links, the results in Table 5 demonstrate that SVM was the best method to meet this

objective.

Despite the large changes observed between networks created for each time period (for

example, only about 50% of the nodes and even a smaller percentage of the edges in the

later network were present in the earlier network), patterns of collaboration were stable for

the nodes that existed in both testing and training periods, as evidenced by the high

predictability of the links, seen in Table 5.

1986-1990 

1981-1985 

1991-1995 

2001-2005 

2006-2010 

2011-2015 

1996-2000 
1981-1985 
1986-1990 
1991-1995 
1996-2000 
2001-2005 
2006-2010 
2011-2015 

Fig. 6 Subhead component analysis distribution based on periods
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We then observe how the quality of the results changed when we extended the past

timespans on which predictions were based and at the same time considered the large gap

between the training and testing data. The results are shown in Table 6.

It seemed that using an extended timespan of 10 years has not affected the results much.

However, the quality of the results decreased as the gap between training and testing data

increased (e.g., using 1986–1995 period to predict 2011–2015 snapshot, so 15 years gap).

This was particularly affecting the recall. An explanation for the relatively low recall

values in this case was that only about 50% of the nodes in any snapshot of the network

occurred in the previous snapshot. So, over the 15 year gap, which spanned four snapshots,

only 6% of nodes in the predicted period existed in the training data. The higher level

USA

India

Brazil

Iran

UK

Spain

Fig. 7 MeSH terms distributed by country

Table 5 Results of link prediction using machine learning methods

Dataset SVM Linear regression k-NN

Earliest-middle Latest Accuracy Recall Accuracy Recall Accuracy Recall

1981–1990 1991–1995 80.6 73.5 83.6 67.8 92.6 23.1

1986–1995 1996–2000 79.6 82.5 87.5 65.1 94.5 16.7

1991–2000 2001–2005 82.9 80.6 86.8 72.9 94.6 23.3

1996–2005 2006–2010 83.1 76.6 90.8 61.3 87.8 39.1

2005–2010 2011–2015 82.5 83.5 86.1 73.5 80.5 45.1
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conclusion that can be drawn is that, with time, even established researchers modify their

lists of collaborations in time spans longer than five years.

To further measure the effect of extended period on prediction, in Table 7, we used

networks aggregated over 15 years. We found that the prediction rates improved signifi-

cantly when a large timespan was used to predict networks in the distant future. This

showed that larger timespans capture relationships and their attributes well and help us

make better predictions.

Finally, to assess changes in the collaboration patterns in different periods, we measured

the difference in recall values for edges formed between nodes that appeared for the first

time, which we refer to as Recall for Edges from New Nodes, abbreviated as Recall-New,

versus edges formed between nodes that existed in the previous time period (training data),

which we refer to as Recall for Edges from Old Nodes, abbreviated as Recall-Old

(Table 8).

We observed that, until the year 2000, the prediction of edges formed from new nodes

yielded a strong recall, quite surprisingly even higher than the persisting nodes. This

indicates the period in which collaboration was evolving slowly, it was led by established

researchers. However, from the year 2000 onwards, recall for the new edges dropped

significantly below half of the recall of persisting nodes in years 2001–2005, and to nearly

a quarter of the old node recall in years 2006–2010. Hence, the roles of new and old nodes

changed completely, with the established researchers continuing moderate rate of collab-

oration change while the newly joining researchers engaging in different patterns. Inter-

estingly, in the following period of years 2011–2015 the evolution of collaboration patterns

started to stabilize as the recall for edges between researchers entering the leishmaniasis

research field raised to over half of the recall of the old edges, that represent collaboration

of established researchers. This is natural, since, as the new patterns develop and are

present in the training data, they are captured by the machine learning based link pre-

diction, and the recall even for new nodes recovers as they engage in the newly established

patterns.

Table 6 Predictions based on at
least two past timespans

Dataset SVM Linear regression

Middle Latest Accuracy Recall Accuracy Recall

1986–1995 2001–2005 81.7 61.5 74.6 52.6

1986–1995 2006–2010 74.4 64.2 85.5 50.5

1991–2000 2006–2010 82.2 68.2 86.8 60.2

1986–1995 2011–2015 81.8 41.3 88.4 28.7

1991–2000 2011–2015 65.4 73.5 87.3 50.4

1996–2005 2011–2015 83.1 72.8 76.1 74.5

Table 7 Predictions based on
three past timespans

Dataset SVM Linear Regression

Middle Latest Accuracy Recall Accuracy Recall

1986–2000 2011–2015 68.5 74.5 80.1 63.7

1986–2000 2006–2010 69.7 78.6 78.5 75.5
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Discussion

The increase in the number of publications on leishmaniasis over the 1981–2015 period

reflects not only the efforts in estimating the prevalence of leishmaniasis seen in recent

years (WHO 2010), but also the greater social awareness by funding agencies, including

the Gates Foundation and the Wellcome Trust, on this disease (G-Finder 2014). The

inclusion of leishmaniasis in the World Health Organization (WHO) health agenda as an

initiative to control the disease in endemic countries could also have influenced this trend

(Alvar et al. 2012).

The analysis of scientific productivity in specific research areas is an important measure

of a country’s investment in research and development (R&D) efforts. Traditionally, high-

income countries have accounted for most scientific publications produced in all areas of

science (UNESCO 2001), but here we show that specifically for leishmaniasis this is not

always the case. Brazil and India have been increasing research activities in this area (Al-

Mutawakel et al. 2010; Ramos et al. 2013), leading scientific productivity and engaging in

collaborative activities (González-Alcaide et al. 2013). In these two countries research

output is associated with disease endemicity. It is critical for the developing world to

promote, through research and publications, those areas of concern that are having a

proportionally greater scientific and social impact upon them (Holmgren and Schnitzer

2004) and putting a great research effort into leishmaniasis is a way of tackling their own

health needs.

In addition, we show that this increase in leishmaniasis-related research mainly

occurred after the 2000’s. In Brazil, this may be related to the increase in funding for

leishmaniasis from the government through the creation of programs to address neglected

diseases (Brasil 2012) or specifically leishmaniasis (Sampaio et al. 2015). The more

pronounced role of the Ministry of Health in defining and supporting research priorities

since 2003 could also have played a role in this shift. Indian government has also invested

in disease elimination (Singh et al. 2016) and given priority to investment in new drug

development for leishmaniasis (Kettler and Modi 2001). Social network analysis (SNA)

has been applied to understand collaboration networks in NTD and to generate evidence to

guide policy-planning efforts in Brazil, Canada and Germany (Carlos Medicis Morel et al.

2009; Vasconcellos and Morel 2012; Phillips et al. 2013; Bender et al. 2015). The overall

increase in leishmaniasis research collaboration reflects to some extent the global increase

in scientific collaboration (Adams 2012) and the concern, in an ever globalized world, to

safeguard one’s own population against introduced tropical diseases (Guerrant and

Blackwood 1999).

In this analysis, the presence of USA, France and UK as most collaborative, and

therefore most central in the research network, reflects their scientific commitment with

global health issues and the increasing trend of high-income countries to conduct research

Table 8 Recall for edges from
new nodes versus that for edges
from old nodes

Middle network Latest network Recall-New Recall-Old

1986–1990 1991–1995 98.1 73.5

1991–1995 1996–2000 85.2 82.1

1996–2000 2001–2005 35.5 82.3

2001–2005 2006–2010 20.4 78.6

2006–2010 2011–2015 48.3 85.3
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on diseases that used to be restricted to developing countries. The collaboration between

these countries with low and middle income countries (LMIC) would be important for

research capacity strengthening, especially in the fundamental research and early stages of

the medical research specific to the disease.

During the 35 years over which we analyzed the data, the three traditionally leading

countries were joined by the three newcomers, Brazil, India and Iran, which devoted

significant resources to successfully increase number of researchers and publications in

these areas, especially in the last decade. Although Brazil and India were the most sci-

entifically productive countries followed by Iran, they were not the most collaborative. It

has been shown that these newcomer countries’ researchers have been highly engaged in

collaborative activities (González-Alcaide et al. 2013), but these partnerships might have

been established with national researchers. Although collaboration has been positively

associated with scientific productivity (Lee and Bozeman 2005), studies in LMIC have

shown otherwise (Duque et al. 2005).

This can signal the limited role for international collaboration on such diseases, which is

essential in the early stages of research focusing on basic research and pre-trials, versus the

later stages that involve clinical trials, diagnosis and cures, and therefore need to rely on

involvement of the local agents, such as doctors practicing in the areas in which the

diseases is endemic. Additionally, it is common to national research programs to

emphasize local research investments in detriment of policies to support and foster net-

works. Research networks should be encouraged in these countries through internationally-

oriented calls for proposals or mobility grants. This could help address potential knowl-

edge-gaps and synergies beyond national borders.

Moreover, despite concentrating cases in their specific regions, Brazil and India do not

collaborate often and are members of different clusters in the network, indicating a low

cooperation between endemic countries. Collaboration between these countries should be

encouraged as it would provide access to local knowledge and better understanding of

disease transmission, diagnostics and morbidity dynamics in different settings.

India has increased its percentage of influential scientists in the leishmaniasis research

network over the years. This might have been due to keeping steady percentage of overall

researchers in the field at just below 10% over the entire 35 year period, which resulted in

India having percentage of experienced researchers growing over the years.

Lexical analysis provided an overview of the disease research trends through the years.

The research themes in the 1980’s with their focus on understanding disease pathology and

transmission are compatible with early studies of leishmaniasis. The next decade research

was clearly concentrated on disease management, diagnosis and treatment methods, and

understanding the disease epidemiology. The analyses of the past 15 years showed the

relevance of the animal host, a concern with economic impacts of the disease and a search

for new forms of treatment. Analysis of the evolution of trends in leishmaniasis research

showed that research efforts have recently evolved to a more drug-oriented research, to

address an important public health need. The number of available drugs for patient

treatment is limited and even these are either exorbitantly priced, have toxic side effects or

prove ineffective due to the emergence of resistant strains. However, other important needs

might be lacking the necessary scientific or financial investment, such as vector control and

vaccine development. Existing vector control methods are not very efficient and yet to this

date only three vaccine candidates have gone for clinical trial (Srivastava et al. 2016).

Country thematic profiles reflect interests of their researchers. The specific interest of

the USA scientific community in which leishmaniasis is an occupational disease reflects

their concern with potential exposure of military personnel acting in the areas where the
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disease is endemic (Weina et al. 2004). Brazilian researchers’ interest in plant lectins

shows their response to the need to investigate alternative therapeutic approaches and to

develop vaccines (de Carvalho and Ferreira 2001; Souza et al. 2013). Several controlled

trials evaluating treatments for cutaneous leishmaniasis were carried out in Iran (Khatami

et al. 2007), including laser therapy (Asilian et al. 2004), which can explain the particular

interest of the Iranian scientific community on this subject.

Country research profiles can provide input for diagnosing the activity of the scientific

community of a country. The identification of country-specific themes provides informa-

tion that goes beyond the construction of bare rankings. Each of the countries evaluated

have slightly different motivations or research interests. This provides a window for col-

laboration and knowledge-sharing between selected countries, according to their spe-

cialties/interests, in order to tackle specific leishmaniasis challenges.

Finally, link prediction technique proved to be a very important tool for identifying

collaboration pattern changes, which signal evolving collaborations and changing focus of

research. This technique was also essential to enable predicting possible outcomes and the

results produced with this research (Kuzmin et al. 2016), thus it can help understanding

how and why collaboration takes place.

Link prediction could successfully model the evolution of the leishmaniasis research

network. Such predictions could be useful in suggesting unrealized collaborations and thus

help to build and maintain strong research teams. In addition, by analyzing the features

used for the prediction, we can use this knowledge as a basis for specifying vocabularies

for expert description. In the periods just before 2000 the collaboration amongst

researchers on the field had a high predictable response for new edges. After that, we

believe the newcomers (Brazil, India and Iran) unbalanced the collaboration patterns, with

a high percentage of within country collaboration, and new areas of research mainly

concerned with specific interests. The prediction technique, which had a high response rate,

had a poorer response for edges on new nodes after 2000.

The described above change of collaboration patterns correlates well with growing

number of local researchers involved in Brazil and India, and the number of collaborations

in which the researchers were involved, demonstrated in earlier sections. Correlation is not

equivalent to causation, but the three elements of the change, increased publications in

some countries, increased collaboration patterns, and the different center of focus of

research in different countries demonstrate the essence of the change observed at these

many levels. Clearly, changing focus may trigger change of collaboration patterns, by for

example shifted some collaboration from international to national ones. It may also require

large teams for certain topics than the ones researched in the past. We plan to investigate

such interdependencies of collaboration, and research focus in future work, based on

evidence of changes uncovered in this paper.

Acknowledgements This paper was supported by CNPq, CAPES and FAPERJ (INCT-IDN #573642/2008-
7) and by ARL (NS CTA Agreement #W911NF-09-2-0053).

References

Adams, J. (2012). Collaborations: The rise of research networks. Nature, 490(7420), 335–336.
Al-Mutawakel, K., Scutaru, C., Shami, A., Sakr, M., Groneberg, D. A., & Quarcoo, D. (2010). Scientometric

analysis of the world-wide research efforts concerning leishmaniasis. Parasites & Vectors, 3, 14.
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par contexte. Cahiers de l’analyse des données, 8(2), 187–198.

Reinert, M. (1986). Un logiciel d’analyse lexicale. Cahiers de l’analyse des données, 11(4), 471–481.
Rodrigues, M. M., Dias, M. A., Moreira, S. P., de Sousa, E., Leite, S. G., de Albuquerque, E., et al. (2015).

Activities offered to the elderly in primary health care: Social representations of elderly and profes-
sionals. International Archives of Medicine. doi:10.3823/1853.

Sampaio, R. B., Elias, F. T. S., Roitman, C., de Godoi, R., Ferreira, M., Morel, C. M., et al. (2015).
Mobilização para um Programa de Pesquisa Translacional em Leishmanioses: uma Solução para Saúde
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