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Bibliometric analysis

One of the main tools that allows tracking global research activity is bibliometric analysis.
Bibliometric analysis is a highly demanded and widely used method for measuring publication
activity, monitoring the development of scientific directions, and the research activity of the scientific

community. It allows to

- identify the most popular journals where studies on a particular topic are published,
- assess their impact and status within the scientific community,

- identify the most relevant research directions in a specific field,

- determine the countries and organizations leading in research on a particular topic,

- study cooperation between groups in the form of scientific publications, for example, a
collaboration network between scientists and research institutions.



Citation network analysis

Network analysis is a powerful tool for analyzing complex interactions within research communities. We
use a comprehensive approach to analyze publication activity based on network analysis methods. The
objective of our work is to develop a methodology for studying a subject area using network models
based on bibliometric data. The developed approach makes it possible to identify connections between

research clusters, rank their significance, and track changes in the research directions of scientific groups.



Scientific publications
network analysis methodology

To test the methodology we use scientific publications related to Parkinson’s disease (PD). The

following tasks have been formulated

- analyze the dynamics of publications by year (for a given time period, namely 2015-2021) to
determine how and in which directions research on Parkinson’s disease is evolving;

- Investigate the most productive and influential authors in this field,;

- examine the number of citations for each publication and identify the most influential and cited
works in the field;

- Identify the most popular journals where research on Parkinson’s disease Is published,;

- analyze the most frequently occurring keywords and topics in publications on Parkinson’s disease.



Parkinson’s disease

Parkinson's disease and Alzheimer's disease are two scourges of the modern world and the two most
common neurodegenerative diseases. More than 10 million people worldwide suffer from Parkinson's
disease. According to the Parkinson’s Foundation, about one million people in the United States are
currently living with Parkinson's disease, and this number is expected to rise to 1.2 million by 2030. Over
the past 25 years, the number of people with PD has doubled, and experts predict it will double again by
2040 due to population aging.

The economic consequences of the disease are catastrophic. The cost of the disease increases creating an
economic burden for healthcare systems, society, and the patients themselves. Total cost estimates vary by
country. The cost associated with Parkinson’s disease in Europe amounts to €13.9 billion per year. The
highest direct costs are typically associated with inpatient treatment and nursing home care. Costs rise
from €5,000 annually in the early stages of the disease to €17,000 or more in the late stages. Total costs in
the United Kingdom are estimated at between £449 million and £3.3 billion annually, depending on the
cost model used and the level of prevalence.



Parkinson’s disease

A study by the Lewin Group showed that the total cost of PD to individuals, families, and the U.S.
government is $51.9 billion annually. Of this, $25.4 billion is attributed to direct medical costs and $26.5
billion to non-medical costs such as missed work, lost wages, early forced retirement, and family
caregiver time. In 2017, Parkinson’s disease cost the United States approximately $52 billion per year,
and it is projected that by 2037 this figure will increase to nearly $80 billion.

The significant socio-economic impact of Parkinson’s disease due to the rising global incidence has led to
a sharp increase in scientific interest in the issue. The number of studies has grown, and consequently, the
number of publications on the topic has also increased. A rapid and representative analysis of publications
has become highly relevant for the scientific and medical community to obtain information about the most
significant and influential works, research teams, and current trends in studies. Such analysis allows the
scientific and medical community to track the emergence of new research directions, assess their
potential, and determine the influence of an author or research team on the perceptions of colleagues.



Network analysis models

Various methods can be used to identify the most significant vertices in a network. The characteristic "centrality"
allows determining the degree of importance of a graph node based on its position. Centrality in a graph is a vector
that assigns a certain number (index) to each node of the graph, indicating its importance. By calculating centrality
indices and ranking them, the most Influential nodes in a graph can be identified and analyzed. There is a large

number of different indices that can be calculated for a network depending on the task.



Data description

The Microsoft Academic scientific publication search system was used to access data — an open and
publicly accessible search engine for scientific publications developed by Microsoft Research. The
system indexes approximately 250 million publications, including scientific articles, books and
Individual chapters, patents, and conference proceedings.

To construct the citation network and analyze centrality, articles were selected that met the following
query: the words "parkinson" and "disease" are present in the title/abstract for the years 2015-2021.
This time frame was chosen to trace the main research interests and trends in their evolution over
recent years.

All data were compiled into a single table. Abstracts and titles of articles were normalized, i.e., all
words were reduced to their base form (the main immutable form of the word from which all its
grammatical variants are derived, e.g., for verbs — this is the infinitive). Each article had more than 30

attributes.



Data description

The following 17 attributes were used in this study
Id — unigue publication identifier. Example: 1d 2754967293

Ti — normalized title. A title in which all words are written in lowercase letters. Example: "global
regional and national burden of neurological disorders 1990-2016, a systematic analysis for the global
burden of disease study 2016"

W — unique normalized words in the title. Example: ['global’, 'regional’, 'national’, 'burden’,
'neurological’, 'disorders', 'systematic’, 'analysis']

AW — unique normalized words in the abstract. Example: ['summary’, 'background’, 'comparable’,
'data’, 'global’, 'country’, 'specific']

Y — year of publication. Example: 2017

CC — citation count. Example: 1535.

RId — list of IDs of the articles referenced by the publication. Example: [RId 2159011576, RId
2751884637, Rld 2125065061]

DN - title. Example: "Global, regional, and national burden of neurological disorders, 1990-2016: A
systematic analysis for the Global Burden of Disease Study 2016"

DOI — digital object identifier. Example: 10.1016/S1474-4422(18)30499-X



Data description

|A — abstract in Inverted Index format. Example: {'summary'. [1], 'background': [5], 'comparable':
[10], 'data’: [15, 20], 'global’: [25], 'country': [30], 'specific’: [35]}. In this example, the numbers
Indicate the positions of the respective words in the abstract, e.g., 'summary': [1] means that the word
'summary' occurs in the first position of the abstract, while 'data’: [15, 20] means that the word 'data’
appears in the 15th and 20th positions.

AA.Afld — author's affiliation ID. Example: AA.Afld 39854758

AA.AfN, AA.DAfN — name of the author's affiliation. Example: 'AfN': 'auckland university of
technology', 'DAFN': 'Auckland University of Technology'

AA.Auld — author ID. Example: AA.Auld 130753112

AA.AuUN, AA.DAuUN — author's name. Example: 'AuN': 'valery | feigin', 'DAuUN': 'Valery L Feigin'
J.JId — journal ID. Example: J.JId 70053155

J.JN — journal name. Example: “Lancet Neurology”

D — publication date in the format YYYY-MM-DD. Example: 2017-11-01.



Data description

A total of 70,119 articles were downloaded. To improve the quality of network construction and
subsequent analysis, additional processing was carried out. This stage included preliminary data analysis,
processing of abstracts of the articles, removal of missing values and errors, graph preparation (converting
the data into the "source vertex — target vertex" structure), and semantic analysis. Isolated vertices were
not included in the network. For this stage, Python libraries were used: numpy, pandas, matplotlib. The
next step involved graph construction, network analysis, and community detection.

For the correct construction of the citation graph of publications, the DOI of the works was used, since
this field is present in the article descriptions and the identification numbers are indicated in the citation
field. However, detailed data analysis showed that the DOI was not specified for all works — 10,681
publications lacked DOI information. Therefore, the number of publications used in graph construction
decreased to 59,438. Of these, 7,315 had no abstracts, and 52,132 had them. Journal information was
available for 45,940 articles.

Further analysis showed that a number of articles referenced publications that were released after the
citing article, meaning an article from the past cited a future one. A total of 4,184 such edges were
removed. For further analysis, only articles with DOI, annotation, and journal information were used to
enable result interpretation.



Data description

After all filtering steps, the network consisted of

e 39,811 articles,

« 423 terms in the analysis of co-occurrence of terms,
e 27,551 authors in the author network,

o 3,029 affiliations,

« 3,292 journals in the journals citation network.



Formal model of network analysis

Let G = (V,E) be a graph, where V = (1, ...,n) is a non-empty set of vertices, E SV XV is a set of
edges, A = [ai j] Is the adjacency matrix (a;; = 1 if there Is an edge from vertex i to vertex j, otherwise a;; =

0), W = [w;;] is the weight matrix (w;; Is the weight of the edge from vertex i to vertex j).

A graph is called directed if each edge has a direction, given by an ordered pair of vertices (i,j). The

existence of an edge (i, j) indicates a connection from i to j.

A graph is called unweighted if Viy, i, j1,j2 € V: (i1, )1), (2, J2) € E = w; j, = w;,;, forall edges, i.e.,
all edge weights are equal. Otherwise, a graph is called weighted.

To calculate graph characteristics and centrality indices, It is necessary to represent the graph as an adjacency
matrix A = [aif]nxn’ where a;; =1 if (i,j) € E, and a;; = 0 otherwise, and a weighted adjacency matrix W =

[Wif]nxn)’ where wy; is the weight of the edge from i to j.



Formal model of network analysis

We used the following classical indices.

In the task of identifying the most influential nodes in a network, the in-degree centrality index is used, as it shows the

number of links to a node.

Weighted in-degree centrality — the sum of the weights of incoming edges, i.e., the number of citations of the node If

the graph is a citation network

n
In — degree(i) = z Wi
TFL
where i — number of the considered node, w;; — weight of edge (i, j), n — number of nodes in the graph.

Degree centrality does not take into account any other parameters of the node or the network as a whole. For example, a
node with a small sum of incoming edges, but referenced by several popular nodes, should also have high centrality.



Formal model of network analysis

Eigenvector centrality can be evaluated by the following formula

1 n
Xi = A_leU x]
J)

where A; — the largest eigenvalue of the adjacency matrix A, x — eigenvector, i.e., in vector form, this formula is written as
Ax = Ax.

Eigenvector centrality determines the importance of a node by considering the importance of its neighbors. However, in
some cases, it is also worth considering the number of outgoing edges of nodes. For example, if there is a node with high
centrality that refers to many other nodes, their centrality should not increase as much as if the important node referred to
only one node. In terms of a journal citation network, if there is a significant journal in which various articles are
published that cite a large number of other journals, their centrality should not increase as much as if those articles cited
only one journal. It is necessary to consider the fact that in a large and popular journal, there are always more references
than in less significant journals.



Formal model of network analysis

PageRank centrality index, essentially, is a variation of eigenvector centrality, but the centrality value of the

nodes neighboring the given node is divided by the number of their outgoing edges, i.e.

n
a z Al] kout
j

Constants « and S are used to avoid zero index values.




Newly developed centrality indices

The described indices are classical and are used in most works on network analysis. A serious drawback of
these centrality indices is the lack of consideration for node parameters and ways to account for group
Influence. To take into account these and other node parameters, new centrality indices were introduced.
These are the Bl (Bundle Index) — the group influence index, and the PI (Pivotal Index) — the pivotal node
influence index.

A significant difference of the newly proposed centrality indices Bl and PI lies in the fact that they take into
account the parameters of the vertices, as well as the fact that the centrality of the vertices in the network is
determined by the group connections of the given vertex with the others.

To describe these indices, certain definitions must be introduced.



Bundle centrality index (Bl)

For each node, a quota g; is defined. As a rule, the quota Is calculated as a certain percentage of the sum of

the weights of incoming edges. For each node, the value of the quota is defined as
qi = q - 2.j Wj;, Where q is a share of the sum of weights

1.e., the quota is a percentage of the sum of the weights entering the node. Each node has a different quota value,

allowing its individual parameters to be taken into account.
A critical set S for the node i is defined as a set of nodes not exceeding size k entering node i such that

ZjeS Wj; = q;.

The parameter k is the number of nodes that can simultaneously influence node i. In this work, k = 3 (this
choice is due to computational complexity limitations).



Bundle centrality index (Bl)

Thus, the Bundle Index (BI) can be defined as the number of critical sets for node i not exceeding size k.

Bundle index (Bl) is a group influence index. For all critical sets S, |S| <k

:
1, ifZWji = q;
BI;(S) = 1 =

; 0, else

BI for a node equals the sum of index values over all its critical sets,

BI(i) = Z BI.(S)
S

I.e., BI(i) equals the number of critical sets of node i of size no greater than k.



Pivotal centrality index (Pl)

The second centrality index, PI (Pivotal Index), shows the number of pivotal nodes for each critical set. To introduce
this Index, It Is necessary to define what constitutes a pivotal node. A node j, Is called a pivotal node for node i in a

critical set S if

DjesWji = q; 1 Zjes\{jp} wji < (i,
i.e. the total incoming weight is no less than the quota (S Is critical), but upon removing the node j,, from the set, the sum
falls below the quota (S ceases to be critical). For a specific critical set, the value of the PI;(S) index is equal to the

number of pivotal nodes in it. The PI value for node i is the sum over all critical sets of the product of the size of the set

|S| and the PI;(S) value for this set.

PI(i) = Z|S| X PI;(S)
S



Total influence index (Tl)

The combined index, called the Total influence index (T1) is defined as follows
TI(i)= a;IN(i)+a,BI(i)+a3PI(i)

Here «;, i=1,2,3 are weighting coefficient, a; € [0;1], a;+a,+a3=1.

Normally, the equal weights are used, i.e. aF% .



Example

Let us consider the described indices using an example of a graph consisting of five nodes

Adjacency matrix for a graph consisting of five vertices

Ol (O|N|Q

m|olo |T|w
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Example

edge weights to fall below the quota. For the critical set {a, d}, there are no pivotal nodes, as
removing any one node still leaves the sum above the quota. Thus, PI(e) = 2.

5 .e Let the quota be g = 1, k = 3. Then for node e we obtain the following critical sets: {a},
\ p {d}, and {a, d}, with total weights 3, 6, and 9 respectively.

2 8| \J0 Now the BI index for these critical sets can be calculated. Since for all critical sets the
(] A sum of weights is greater than or equal to the quota g, BI for these sets equals 1, hence Bi(e)
\K\. s 3. Similar calculations can be performed for the remaining nodes to obtain the index values.
/3 2 To calculate the PI index, it is necessary to identify the pivotal nodes. For node e in the first
: ! g s two critical sets, nodes a u d are pivotal, since their exclusion causes the sum of incoming

4 e

C

b

The values of the In-degree, Bl, PI, and T1 indices for a graph

Vertices In-degree Bl, g=1, k=3 Pl, g=1, k=3 Tl
a 0.19 0.44 0.31 0.27
b 0.02 0.03 0.08 0.06
C 0.32 0.22 0.23 0.26
d 0.32 0.22 0.23 0.26
e 0.16 0.09 0.15 0.15




Example

Let us consider the calculation of Bl and PI indices for various quota values under the same restriction k = 3.

Quotag=1

Vertices Bl, g=1 Pl, g=1
a 0.44 0.31
b 0.03 0.08
C 0.22 0.23
d 0.22 0.23
e 0.09 0.15

Quotaqg =9

Vertices Bl, g=9 Pl, g=9
a 0.18 0.43
b 0 0
C 0.36 0.29
d 0.36 0.19
e 0.09 0.10

Quota g = 10

Vertices Bl, g=10 Pl, g=10
a 0 0
b 0 0
C 0.5 0.6
d 0.5 0.4
e 0 0

For quota g = 10, according to the Bl index, the most significant
vertices are ¢ and d, and the remaining vertices have the same rank.
When the quota is decreased to 9 (g = 9), vertices ¢ and d have a
high rank, but the significance of the other vertices has changed. The
ranking now is as follows
c-~d >a >e >b,

When the quota is reduced to 1 (g =1), the ranking changes completely
a>c ~d >e >b,

I.e., the most important vertex becomes a.

In terms of article citations at the journal level, this example can be
interpreted as follows. For quota g = 1, i.e., if we simply consider the fact of
citation of journals, then the most important journal turns out to be a, and the
influence of a is twice as high as that of ¢ and d. However when the quota is
Increasing, journals c and d, actively citing each other, turn out to be the most
influential. In other words, the considered models allow us to identify groups
of narrowly specialized journals that actively cite each other.



Network stability analysis

In networks considered dynamically, various changes may occur — new vertices may appear or old ones may disappear, and
the interconnections between them may change. It is important to understand how much the network has changed over time
to identify patterns and trends, and the stability of the scientific community. The simplest methods are the calculation of the
correlation of two successive adjacency matrices or the ranks of vertices in such networks, which do not account for
topological changes in the network. An approach is developed to measure graph stability, taking into account topological
similarity and the similarity of the importance of elements. Two networks are considered similar if they have a similar
structure (vertices exert the same influence on each other) and similar key elements.

Networks have similar key elements if their vertices have the same ranks. Vertices can be ranked using any centrality
indices suitable for the task. Let C; be the rank of vertex i, n — the number of vertices, then the interval order matrix R® =
|| is introduced at time ¢

1,if

3 e —-¢f|:>e

rt
0, else
That is, its values are equal to 1 if the ranks of the vertices differ by more than €. Then the distance between matrices

at two successive points in time can be calculated (Wiener, 1914; Aleskerov et al., 2007)

4757 r.t. —r.t.+1
d(RE, RE+1) = i=j|'i ij
( ) n-(n—1)

It is equal to zero in the case of matching ranks and greater than zero when the ranks differ.



Pattern analysis

Various clustering methods can be applied to bibliometric data to identify specific groups of objects. Pattern analysis is
the analysis of objects grouped into clusters with the same pattern. A pattern is a sample or template; in this work, a pattern is
understood as a set of objects characterized by a certain combination of indicator values of the objects. Groups of similar
objects will be called clusters. Objects in one cluster are similar to each other and significantly differ from others. Visually,
the pattern can be represented by depicting objects (vectors) in parallel coordinates: each vector value is located on its own
vertical axis, and all values of one vector are connected by a line for four objects.

Example of patterns
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Pattern analysis

There are two ways to group into clusters: grouping identical objects with and without considering the scale. Identical
objects are defined by falling into the same neighborhood, called the e-tube. For the two methods, it is constructed differently:
1. The € -tube is built on normalized data. Let v € R¥ be a data vector. In this case, objects that are close in values of vector
elements fall into one pattern.

2. The ¢ -tube is built on the tangents of the angles of polyline slopes. Let v € R¥~1 be a vector of data slope angles.
Clustering by tangents combines into one pattern objects whose graphs have a similar shape (points connected by segments in
the parallel coordinates system can be represented as a graph of a piecewise linear function).

For each vector v, its e-tube is calculated, for all v; the maximum deviation (d,,4,); IS calculated, which is of two
types:

« Non-adaptive, does not depend on the value of the parameter (d,,4.); = 1.
« Adaptive, calculated based on the parameter (d,,,qx); = ;.

After that, all values are multiplied by €: d = € - d,,,4,. Then, if the values N (v) are in the same cluster with vector v, then

uENW) & Vi:|lu; —v;| < d;.
That is, If for each coordinate with number i of vector u the condition is met that the value of this coordinate differs from
the value of the corresponding coordinate of vector v by no more than d;, then vector u falls into the cluster formed by
vector v.



Pattern analysis

Thus, in the considered example, for each object we introduce an e-tube, as shown in the figure.

Example of patterns with tubes
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As can be seen, for objects numbered 1 and 2 the ¢ -tubes intersect, i.e., these objects are placed in one cluster, while
objects numbered 3 and 4 each form their own cluster. Thus, it is possible to group objects into various clusters by
choosing the appropriate method for accounting for their structure and scale.



Publication citation analysis

Publication citation graph is constructed. The purpose of constructing this graph is to determine the
Influence of vertices. The vertices of the graph are publications, the edges represent citations. The type
of graph is directed. We analyze a graph containing 39,811 vertices and 310,829 edges. Citation
analysis allows the identification of key research directions and determination of trends in their

development.

The citation graph of publications makes it possible to analyze the interaction and influence exerted by
studies presented In scientific publications on each other. The nodes in this graph are articles, and the
directed unweighted edges are citations (all weights are equal to 1). Thus, if an article with ID1 cites
an article with ID2 in year Y, then a directed edge from node ID1 to node 1D2 appears in the network.
The ‘weight’ parameter contains the weight of the edge or the number of citations, i.e., in this network

It Is equal to 1, because each article can cite another no more than once.



Publication citation analysis

New centrality indices were applied to identify groups of specialized articles that actively cite each other. The
maximum size of the critical set is 3, that is, 3 nodes can simultaneously influence another node. The following indices were
calculated: PI, BI, In-degree, and the overall influence index TI. For the new indices, the following quota values were
considered as percentages of the total number of citations per article, 0.1% of citations, 0.5% of citations, 1% of citations.
The table presents the values of the PI, BI, Tl indices for the 0.1% quota and the In-degree index for the Top-10 articles.
The list of publications is ranked by TI.

Ne Title In-degree 9=0.1%
Bl Pl Tl
1 MDS clinical diagnostic criteria for Parkinson’s disease 0.005 0.63 0.94 0.53
2 Gut Microbiota Regulate Motor Deficits and Neuroinflammation in a Model of 0.0016 0.02 0.000096 0.0075
Parkinson’s Disease
3 Epidemiology of Parkinson’s disease 0.00156 0.018 0.000093 0.0068
4 MDS research criteria for prodromal Parkinson’s disease 0.00152 0.0175 0.000091 0.0064
5 The epidemiology of Parkinson’s disease: risk factors and prevention 0.0015 0.0170 0.00009 0.0062
6 Non-motor features of Parkinson disease 0.00147 0.016 0.000088 0.0058
7 Global, regional, and national burden of Parkinson’s disease, 1990-2016: a 0.00147 0.016 0.000088 0.0058
systematic analysis for the Global Burden of Disease Study 2016
8 The Roles of PINK1, Parkin and Mitochondrial Fidelity in Parkinson’s Disease 0.00147 0.0159 0.0000882 0.0058
9 a-Synuclein strains cause distinct synucleinopathies after local and systemic 0.0014 0.014 0.000085 0.0052
administration
10 Gut microbiota are related to Parkinson’s disease and clinical phenotype 0.0013 0.012 0.00008 0.0044




Publication citation analysis

The figures show the dynamics of changes in the Bl and PI indices by year for the Top-5 publications. The Bundle
index for the first article was the highest after 2016, whereas for the other publications the index was significantly
lower and fluctuated between 0 and 0.15, with a maximum value 1-3 years after publication. The dynamics of the
Pivotal index by years fully coincides with the In-degree index. In this case, the small quota (g=0.1%) does not lead
to a change in the number of pivotal nodes. The value of Tl over the years behaves similarly to the Bl index.

Pl index, q=0.1% for top 5 articles

Bl Index, q=0.1% for top 5 articles
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Journal citation analysis

Journal citation graph is constructed. Information for each publication contains the journal in which it
was published, which allows the construction of a network of interactions among scientific journals on
a specific topic. The graph in this case is constructed as follows: vertices represent journals, and the
edge weight is the number of references from one journal to another over a certain period. The type of
graph is weighted and directed (edges are assigned weights — the number of references). Unlike
publications, journals may cite themselves. If journals cite themselves, loops are formed in the graph
(a vertex is connected to itself). The constructed journal citation graph contained 3,292 vertices and
152,203 edges. Journal citation analysis makes it possible to identify the most influential journals,

determine the journal's rank in the research field, its productivity, and scientific popularity.



Journal citation analysis

New centrality indices were calculated, as well as overall influence, by which journals were ranked. The calculation results
showed that the Top-10 journal list for the quotas 0.5%, 1%, and 3% is practically identical to the list obtained for classical
indices. As an example for the Top-10 journals, the value of the Tl index and the ranks of the Bl and PI indices for the quota
g=0.5% are provided. The calculations were carried out taking into account journal self-citation. For comparison, the values of
the journals’ In-degree are given. The journals are ranked by the In-degree index.

No Journal In-degree Rank g=0.5%

values Tl Tl Bl Pl
1 Movement Disorders 0.08 0.06 1 1 1
2 Parkinsonism & Related Disorders 0.05 0.04 2 2 2
3 Neurology 0.02 0.02 6 7 10
4 Journal of Parkinson’s Disease 0.02 0.027 4 4 4
5 Plos One 0.019 0.031 3 3 3
6 Brain 0.019 0.017 8 13
7/ Scientific Reports 0.018 0.024 5 5 5
8 Lancet Neurology 0.016 0.020 7 6 6
9 Neurobiology of Disease 0.015 0.016 11 12 | 12
10 Proceedings of the National Academy of Sciences of the United 0.012 0.012 20 22 | 24

States of America




Clustering of journals centrality patterns

Clustering of journal patterns by change in their citation by years. An analysis of patterns with various parameters was
conducted for 3,292 journals. The main task of such analysis is clustering of journals and identification of differing patterns.
This made it possible to determine the journals whose citation increased during the period from 2015 to 2021, and those
journals whose citations declined. Pattern analysis was carried out based on changes in the In-degree index by year. For the
analysis, an epsilon tube of € = 0.05 was selected. Two variants of clustering were performed — clustering by absolute value
and by slope angle.

) ) In-degree index by years for journals of 7-th pattern by absolute value
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Topology distance
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Journal citation network stability analysis

A stability analysis was conducted for the journal citation network consisting of 3,292 nodes. Six networks were
constructed for each year from 2015 to 2021, evaluating the dynamic changes in the citation network. The in-degree index was
chosen as the centrality indicator of a node for a specific year. The coefficient of influence of one node on another was
calculated as follows:

Wij
~t

Eij = 2k Wij

Stability of journal citation network over years

2020-2021

0,06

2019-2020 2017-2018

2018-2019

2016-2017

2015-2016

0,08 0,1 0,12 0,14 0,16 0,18
Ranking distance

,if anedge fromito j exists

0,else

The results of the stability analysis are
represented on a two-dimensional plane. The
horizontal axis indicates the similarity of the
networks in terms of centrality, and the vertical
axis indicates similarity in terms of structure.



Author citation analysis

Author citation graph is constructed. Each publication also contains information about the authors. For
each article, it was decided to select the first author from the list, as in medical articles the first author
Is usually the leading author or the project leader. Thus, the vertices of the graph are the first authors

of the articles.

An edge corresponds to the citation of an article by author A of an article by author B. The edge
weight is the number of citations for a given year. The constructed author citation graph contained
27,551 author vertices and 271,623 edges. The analysis of the author publication activity graph is

mainly carried out to identify the most significant authors.



Author citation analysis

The table presents the Top-10 authors by Bl, PI, and TI indices with a quota of 0.1%, ordered by the TI index. As in the
case of journals, the results are almost identical to the Top-10 by the In-degree index or the list of most cited authors. It is
interesting that the Pl index of the first author (Auld 2047227543) is nearly equal to 1, while the other authors have
values close to zero. This means that the first author has the highest number of pivotal nodes, an order of magnitude
greater than the others.

Ne Author Id Affiliation In-degree qg=0.1%
values Bl Pl Tl
1 2047227543 Montreal General Hospital 0.0071 0.577 0.99 0.528
2 2303827053 University of Rochester 0.0023 0.0251 0 0.0091
3 2064657699 University College London 0.0024 0.0245 0 0.009
4 2600996391 National Institute of Neurological Disorders and Stroke 0.0018 0.0142 0 0.0053
(NINDS)

5 2195539447 Haukeland University Hospital 0.00164 0.0122 0 0.0046
6 2112352720 California Institute of Technology 0.00168 0.012 0 0.00457
7 78852038 University of Cincinnati 0.0018 0.011 0 0.0043
8 1761635969 National Institutes of Health 0.00197 0.0104 0 0.0041
9 1991986455 Harvard University 0.0016 0.0105 0 0.004
10 2100557140 Veterans Health Administration 0.0017 0.0096 0 0.0038




Author citation analysis

The dynamics of changes over the years in Bl and PI indices for authors are presented using the example of quota g =
1%. The figure shows the changes in the Bl index values from 2015 to 2021 for the Top-5 authors.

Blindex, 4=1%, by years, top 5 most cited authors For example the author with Auld: 2731932222 had an
0,012 index value close to O before 2017, which indicates low
collective influence during that period. However, from
2017 to 2019 the index value increased significantly. This
may be explained by the fact that during this period the
author became part of more influential research groups or
his works began to gain collective recognition from more
significant authors. Since 2019, the index has begun to
2015 2016 2017 2018 2019 2020 2021 decline again, which may be due to a weakening of his role
2184490828 oo 2303025656 s 5731932922 in collaborations or a decrease in citation of his works by
— - - 2141423704 - - -2618592063 other key authors.

=1%

Bl index. q
o
o
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Institutions citation analysis

Affiliation citation graph is constructed. At the data processing stage, the affiliations of researchers
were identified for each article by processing the relevant fields using the Python programming
language. As a result, a list of affiliations for the authors of each article was obtained. Two graphs
were constructed — a network based on the first author's affiliation and based on all authors'
affiliations. The network based on the first author's affiliation contained 3,029 organization vertices
and 128,602 edges. The analysis of such a network determines the significance of scientific teams and
research centers in a given research field. To analyze the organizational collaboration network, a graph
was constructed in which the vertices represented the affiliations of all authors, and edges were drawn
between them if authors from these affiliations had co-authored publications. The organizational

collaboration network is an undirected graph with 4,697 vertices and 85,900 edges.



Institutions citation analysis

Since authors of publications can cite both their own works and those of colleagues working in the same
organization, loops appear in the affiliation network. In this network, a node may belong to its own critical set.
The table presents the BI, PI, and T1 index values with the smallest quota q=0.1% for the Top-10 affiliations. The list is
ranked by TI value. For comparison, the table also includes In-degree index values for the affiliations.

No Institutions In-degree 9=0.1%.
Bl P Tl

1 UCL Institute of Neurology 0.013 0.044 0.21 0.089
2 National Institutes of Health 0.016 0.037 0.16 0.07
3 University of Cambridge 0.013 0.032 0.139 0.061
4 University College London 0.012 0.037 0.106 0.051
5 Harvard University 0.010 0.033 0.109 0.05
6 University of Oxford 0.012 0.031 0.103 0.049
7 Northwestern University 0.011 0.031 0.097 0.046
8 University of Pennsylvania 0.0085 0.019 0.069 0.032
9 Capital Medical University 0.0078 0.023 0.0004 0.01
10 Karolinska Institutet 0.0079 0.0198 0.0003 0.0093




Institutions citation analysis

The dynamics of changes in the TI index with a quota of g = 10% from 2015 to 2021 are shown for three affiliations:
Radboud University Nijmegen, University of Florida, and Newcastle University

Tl index, g=10%, by years, fop top 3 institutions
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0,015
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Term co-occurrence analysis

Term co-occurrence graph is constructed. The research topic can often be determined by the
terminology used in publications. Therefore, term analysis provides a broad understanding of the
development of various research directions and helps to identify future prospects. From the abstracts
of the downloaded publications, we identified six sets of terms that define different research directions
on Parkinson’s disease. These sets include from 20 to 147 terms. The following six research directions
were identified

» Biochemistry, cell, genetics (BCG)
* Medicines

e  Symptoms

« Central nervous system (CNS)

« Diagnostics

» Research methods



Term co-occurrence analysis

The analysis of the number of publications by year showed that there were no sharp changes in the proportion of articles
mentioning terms from different fields. The presents the number of publications in each year (from 2015 to 2021) in which
at least one term from the considered research area appeared. The table also shows the relative frequency of terms from the
given group for each considered year. Note, that an article can contain several terms.

2015 2016 2017 2018 2019 2020 2021

Number of publications Total 39811 4613 4908 5396 5139 5876 6816 7063
BCG articles 3166 3318 3618 3538 4016 4680 4736
% to total 68.6 67.6 67.0 68.8 68.3 68.7 67.1

Medications articles 1136 1212 1254 1187 1323 1490 1580
% to total 24.6 24.7 23.2 23.1 22.5 21.9 22.4

Symptoms articles 3129 3287 3598 3493 3912 4604 4779
% to total 67.8 67.0 66.7 68.0 66.6 67.5 67.7

CNS articles 2114 2203 2432 2294 2645 2918 3057
% to total 45.8 44.9 45.1 44.6 45.0 42.8 43.3

Diagnosis articles 1204 1275 1428 1363 1662 1899 2008
% to total 26.1 25.9 26.4 26.5 28.2 27.8 28.4

Research methods articles 1141 1189 1300 1260 1417 1601 1672
% to total 24.7 24.2 24.1 24.5 24.1 23.5 23.7




Network of terms

For each of the six research directions, a co-occurrence network of terms in articles was constructed taking into account
the centrality of the articles. The network is built as follows.

In the abstracts of articles, at least one pair of terms from the same topic is identified. There may be several such pairs.
These terms are the nodes of the network. There is an edge between terms if a pair of terms simultaneously appears (as a pair)
In article abstracts. The weight of the undirected edge between the terms (network nodes) is calculated as the sum of the
centralities of all articles whose abstract simultaneously includes this pair of terms. Then, for each network, the centrality of
the terms is calculated. For the term network built based on article centrality using the In-degree Index, the centrality of terms
is calculated using the In-degree index. For the network built based on the Bundle Index (Bl), the centrality of terms is
calculated using Bl. For the term network built based on the Pivotal Index (Pl), the centrality of terms is calculated using the
Pl index. For Bl and PI indices, quotas of 1%, 5%, and 10% were considered. Group size restrictions k=5 were applied.

Thus, the network allows for identifying terms that not only occur frequently but also appear in the most cited
publications. At the same time, the new centrality indices allow for highlighting terms that most frequently appear in narrowly
specialized articles actively citing each other. We carried out the calculation of the considered In-degree index, Bundle
Influence index (BI), and Pivotal Influence index (Pl) for the compiled list of terms for each research direction of PD — BCG
(biochemistry, cell, genetics), Medications, Symptom, CNS (central nervous system), Diagnosis, Research methods.



Centrality in the network of terms

The Top-10 terms by the Bl index for the quota q=1% are presented in the table. For comparison, the table shows the ranks
of these terms by the In-degree and PI indices. The Top-10 terms by the Pivotal Influence Index Pl (g=1%) are presented,
which also provides the ranks of these terms by the In-degree and Bl indices for the Top-10 terms of the BCG group.

Bl index, BCG research direction Pl index, BCG research direction
Ne Terms Bl g=1% Rank No Terms Pl g=1% Rank
In-degree Pl In-degree Bl
1 dopamine 0.031 3 1 1 dopamine 0.038 3 1
2 synuclein 0.0298 2 2 2 synuclein 0.036 2 2
3 protein 0.0297 1 3 3 protein 0.033 1 3
4 gene 0.0289 4 6 4 mrna 0.032 32 15
5 genetic 0.026 5 5 5 genetic 0.029 5 5
6 cellular 0.025 7 9 6 gene 0.0288 4 4
7 oxidation 0.0244 8 10 7 molecule 0.0275 6 8
8 molecule 0.0243 6 7 8 membrane 0.0268 14 12
9 enzyme 0.021 19 12 9 cellular 0.0266 7 6
10 neurotoxin 0.01 25 13 10 oxidation 0.0266 8 7




Centrality in the network of terms

The table presents the Top-10 CNS terms most frequently encountered in the total number of publications. For
comparison, it presents the Top-10 terms ranked by the value of the In-degree index. This table also provides the term
ranks according to the Bl and PI indices (g=1%). It is noted that the two terms "nigra" and "striatum™ are leaders in both
lists, i.e., they most frequently occur both in the total number of publications and in the most cited publications. The two
terms "subthalamic" and "microglia”, which entered the Top-10 by total number of publications, dropped out of the Top-
10 most cited list and were replaced by "putamen™ and "thalamus".

Bl index values for the Top-10 terms of the CNS group Pl index values for the Top-10 terms of the CNS group

Ne Terms Bl g=1% Rank No Terms Pl g=1% Rank
In-degree | Pl q=1% In- Bl g=1%
degree

il basal 0.064 4 3 1 subcortical 0.079 14 9
2 ganglia 0.062 5 2 2 ganglia 0.072 5 2
3 cortex 0.057 3 5 3 basal 0.070 4 1
4 thalamus 0.057 10 18 4 hippocampus 0.068 15 13
5 nigra 0.057 1 9 5 cortex 0.0599 3 3
6 nigrostriatal 0.056 6 6 6 nigrostriatal 0.057 6 6
7 striatum 0.05 2 11 7 putamen 0.054 9 12
8 cerebral 0.049 13 8 8 cerebral 0.053 13 8
9 subcortical 0.043 14 & 9 nigra 0.052 1 5
10 cerebellar 0.042 17 28 10 neurogenesis 0.048 26 19




Conclusion

Historically, the impact of any article, author or journal had been evaluated by a scientific community,
sometimes too late. Today, due to enormous increase of the number of publications there is a need In high
quality quantitative models analyzing the impact of a journal or an institution or an author to the
corresponding field of research. Responding to this demand many colleagues suggested some models based
on very different tools — from aggregation models to semantic analysis, from statistics to optimization
techniques. We presented an attempt to construct such models based on a new technique proposed for social
network analysis. This very technique include the new centrality measures, models of pattern analysis and

stability.



Thank you
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