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Self-Liking Group in Networks with Multi-Class
Nodes
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Abstract—Nodes in complex networks are generally allocated
into groups using community detection methods. These com-
munities are based on the interactions between nodes (links).
Conversely, in machine learning, clustering methods group data
points into classes based on their attribute’s similarities re-
gardless of their interactions. Although both communities and
clustering methods classify data points into groups, they are
fundamentally different. Clustering relies on attribute similarity,
while communities focus on interaction patterns. The present
study bridges these two distinct approaches by introducing a
new concept - Self-Liking Groups (SLG). Based on entropy
considerations, SLG quantifies the preference of node classes to
interact with similar ones based on their communication patterns,
thus combining both the community and the clustering methods.
We demonstrate SLG in three case studies: (i) A career network
of 2.5 million companies, linked by 8 million job switches.
Here, SLG reveals the openness of different industrial sectors
to workers in other sectors. For example, the Healthcare sector
shows the highest SLG, i.e., it is the least open to accepting
workers from other sectors, while the Energy sector has a
high SLG, but only for educated workers. Also, managers’ shift
between different sectors is more limited due to higher SLG.
(ii) A scientific co-authorship network where SLG measures the
openness of collaboration between different countries. China,
India and Japan, have stronger SLG and are thus more likely
to collaborate with scientists in their own country compared to
the USA, Canada, and most EU countries. (iii) In the medical
scientific research space, SLG reveals that Japan, a country
known for its longevity, is extremely close compared to China or
India. We also find that SLG is a stable measure across various
community detection methods and initial parameter spaces. This
implies that SLG captures a fundamental property of networks
with heterogeneous nodes and is useful in analyzing real complex
network scenarios.

Index Terms—self-liking group, complex networks, heteroge-
neous nodes, career networks, scientific collaboration networks,
Japan medical research
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I. INTRODUCTION

Self-liking, is known as a sociological property of individ-
uals in a group to form connections with similar ones [1],
[2l. This phenomenon extends beyond human social bonds
and has been observed also in various primates [3[], [4]], [S].
These consistent patterns across animal species highlight the
fundamental nature of self-liking in the formation of social
structures and its importance in forming and maintaining group
cohesion and social structure.

Connections in social structures are generally represented
as links in a network. From the complex network perspective,
nodes’ linking can represent various properties. While the
obvious one is node’s communication patterns among individ-
uals, links can also represent traffic flows between city neigh-
borhoods, the movement of workers between firms, or even
correlations between weather patterns in different localities
[el, 171, 181, 9], [10], [11]. Nodes with denser connections
form communities, reflecting connectivity preferences based
on intra-linking compared to inter-linking [12], [13[], [14],
[15]. These communities reveal the functional organization
of a network, such as identifying groups of individuals with
similar hobbies in a social network, or neighborhoods with
high internal traffic flow in an urban road network [[16], [17].
Community detection methods, however, mainly analyze edge
density and entirely ignore the inherent characteristics and
the properties of the node themselves [12], [13], [15], [18].
This limitation can lead to an incomplete understanding of
the formation of groups in the network, particularly when
the nodes are not identical but rather heterogeneous. For
instance, the existence of tightly connected groups of nodes in
a social network is less insightful if we do not also consider
attributes such as political views that describe these nodes.
Such attributes can be for example, race, gender, or education,
in the case of a social network, fields of research, or country
of affiliation in the case of a scientific collaboration network.

Another example of connecting nodes in a network can be
observed in recommendation networks. Here, users can be
linked not only based on who they are and who are their
friends but also based on their common interests in purchasing
similar goods and products. In this case, users are generally
first clustered into groups using any of the many clustering
methods [19], [20], [21], where different clusters represent
groups of users with similar purchasing interests. On the other
hand, in the same recommendation network, users can be
grouped by who they commented on, and who they follow.
A deeper comparison between community detection methods
and clustering methods is detailed in the SI section.
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Therefore, measures are needed to bridge the gap between
the separation of nodes into groups according to their data
attributes (clustering) and their separation into groups based
on their connections (communities). Looking at both struc-
tures within the network would enable a more comprehensive
understanding of realistic complex systems which are often
constructed from several non-homogeneous node types.

Motivated by this idea, we introduced a new general mea-
sure named Self-Liking Groups (SLG). The concept of Self-
Liking forms the core of SLG, and is based on a comparison of
the two node classification methods. (i) the rigid classification
of nodes by their external attributes classes, such as gender,
country, or profession, and (ii) their functional class, which
emerges from their communication and interaction patterns
(linking patterns). While these two classification methods
usually do not fully overlap, the extent of their overlap reveals
the self-liking of groups. Thus, SLG estimates the agreement
between the external and the functional classifications. If the
agreement is high, it indicates a stronger preference to interact
within the same cluster of nodes.

We demonstrate the benefits of SLG in three use cases and
domains. The first is a job exchange network, where SLG
shows the self-preference of different industrial sectors for
workers from their own sector. The second use case is a
physics article co-authorship network, where SLG shows the
preference of different scientists from different countries to
work with their own country fellows. Last, we focus on a
medical scientific co-authorship network, where SLG reveals
the anomaly of Japanese medical scientific research compared
to the rest of the globe.

We next introduce SLG and then demonstrate its application
across several complex networks and domains. We apply first
SLG on a career network where it measures the preferences
for hiring workers within one’s own sector, then apply SLG
on a scientific collaboration network where it measures the
preference to interact scientifically with researchers from one’s
own country. Then, we apply it to a medical research co-
authorship network. Our analysis demonstrates the robustness
and stability of SLG across a variety of community detection
methods. This stability highlights its potential as a general
measure to understand internal dynamics in complex network
behaviors.

II. DATA AND METHOD
A. Data

The job exchanges network data has been collected from
the curricula vita (CV) of over 2:1 million workers from
LinkedIn, detailing their careers between 1990 and 2005.
In each CV, the sequence of jobs is first separated into
a set of job moves between pairs of companies. Before
analysis, the data underwent anonymization to ensure the
confidentiality of individuals featured in the CVs. The dataset
also contains additional descriptive information, including
the individual’s highest education, including PRE-BA, BA,
MA, or POST-MA (Ph.D.), and also job seniority rank-
ing for both managerial and non-managerial jobs: Non-

Management-Low (NML), Non-Management-Middle (NMM),
Management-Low (ML), Management-Middle (MM), and
Management-Top (MT). These descriptive fields are derived
from the original LinkedIn data by a company specializing in
career analytics tools (see the Acknowledgement section).

From this dataset, we then construct a directed network
G = (V; E) of companies, where edges denote job transitions
of workers between pairs of companies, and edge weights
correspond to the number of workers moving between a pair
of companies. Once cleaned, the network included 2;501; 344
companies (nodes) connected by 6;032;701 edges, which
were constructed from a total of 8;201;284 individual job
moves between pairs of companies. The edges’ weights are
constructed such that if m workers move between company
i and ], then the weight is w(i,j)=m. We only select the
giant component (GC) of the network, where GC consisted
of 2;343;484 distinct companies. A full description of the
sizes of the entire network and the size of GC is given
in Table [A.] of the SI section. Fig. [T{B) is a schematic
network visualization of the 20 largest communities, where
each community is represented by a different color.

B. Company classification and network community detection

In our analysis, we utilized the Global Industry Classifi-
cations Standard (GICS) which classifies companies to their
industrial sector. We focus on the highest taxonomy level with
11 industrial sectors [22]. Notably, GICS classifications are
limited to large companies, prompting supplementation with
an S&P500 GICS dataset for others. Comparison between
these datasets, detailed in Fig. in SI, demonstrates good
agreement and thus enhances result validity. For commu-
nity detection, various algorithms were explored, including
Informap, fast greedy, Walktrap, and modulated optimiza-
tion methods [12], [13[, [14], [15], (18, [23], [24]. Due
to computational constraints, the Louvain method [25], [26]]
was selected, yielding optimal modularity (0.614). Details
on modularity partition parameter determination are found
in Fig. [A2] in the SL Louvain partitioned the network into
634 communities, with the top 20 representing 71% of job
movements, as shown in Fig. E] in the SI.

We manually identify the primary field of operations of the
10 largest companies in each of the 20 communities (see Ta-
ble[l). We then search for a common name that best represents
the majority of fields of occupation among these companies,
thus assigning a name to each community accordingly. This
process resulted in a good fit between the companies’ fields of
operations and their respective community names. For exam-
ple, Community 2 is named Finance due to the prevalence of
companies operating in the financial field within this commu-
nity, such as City Bank, Morgan Stanley, Merrill Lynch, UBS,
and J.P. Morgan. However, in two communities, specifically
Community 10 and Community 17, no clear commonality
can be discerned among the companies’ operations. Instead,
we identify a shared geographical actor based on proximity
[27]. Community 10 includes companies from different sector
types predominantly situated in the Massachusetts area, while
Community 17 comprises companies primarily from Illinois.
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Fig. 1. Network of companies, where the links represent people moving between companies. (A) Matrix of moves within and between the 20 largest
communities (sectors). Values in cells Ig(mj;j) represent the log;q of worker moves between communities i and j, with larger diagonal values indicating a
preference for intra-community moves. (B) Visualization of community organization in the network, with each community represented by a unique color.

A more detailed overview of the communities is found in
Fig. [A2]in the SI section. It’s important to acknowledge that
while naming each community is somewhat subjective and
primarily aids in comprehension, it’s not a necessary step
for computing SLG. The naming process serves the purpose
of facilitating easier interpretation and understanding of the
communities within the network but does not directly impact
SLG.

C. Quantitative Estimation of SLG

The SLG quantitative measure, based on Shannon entropy,
assesses the level of disorder in any given distribution. Conse-
quently, it also quantifies orderliness, indicating the likelihood
of correctly predicting future outcomes, such as whether an
individual stays in the same sector when transitioning to a
new job.

We define SLG such that a score of 1 indicates the highest
level of self-liking, indicating exclusive interactions within
a node’s own class. Conversely, a score of O indicates that
the link formation process remains unaffected by the node’s
label (its external class), i.e., zero self-liking. To compute
SLG, we first define the value in each cell, Mj;j, in the jobs
move matrix shown in Fig. B{A). This matrix represents the
fraction of companies in a specific GICS sector j present in
i@mmunity i, where the sum of each column is qgmalized to

i Mi;j = 1. Note that the sum of each row is ~ ; Mj;j &1
since companies within the 20 largest communities lack the
GIES codes. We first apply the entropy function H() =

i Mi;j  log(M;;j) to estimate the uncertainty within a
distribution of categorical variables based on Shannon entropy
[28]]. One note that H(j) reaches its maximal value when all
values of Mj.j are the same, forming a Uniform distribution.
In this scenario, the highest entropy equates to the smallest
value of the SLG measure. }ge therefore define SLG as

i Mi;j  log(Mi;j)
log(%)
which is the inverse of H(j) and signifies that high levels

of self-liking correspond to high SLG values. As mentioned
earlier, the SLG measure is confined within the range SLG 2

SLG(j) =1

(D

[0;1]. A score of O indicates no SLG, i.e., no preference
for one’s own group, while a score of 1 means the highest
attainable level of SLG.

Fig. 2] provides a demonstration for computing and un-
derstanding the SLG in a demo network. The table details
the nodes’ external class and their associated communities.
For instance, all three red circle nodes belong to the same
community, meaning they are only connected with internal
nodes within the same red community, with no links to external
nodes. Therefore, according to Eq. [T} their SLG value is
1 % = 1. This is because the circle node types (see table
left column) have 3 nodes in Community 1, and O in the two
others, i.e., [3;0;0]. The fraction of nodes-to-communities is
thus [1;0; 0], resulting in the SLG = 1. In contrast, the blue
triangle nodes are spread across the different communities,
resulting in an SLG value of 0. The yellow star nodes are
distributed between two communities, giving them an SLG
value of 0.42, which is higher than 0 but less than 1. This figure
clearly illustrates the self-liking of nodes in each category,
consistent with their respective SLG values. We also compare
the SLG values with the seemingly straightforward method,
the fraction of intra-links for each type of node. The fraction
of intra-links is defined as the ratio between the number of
edges connecting nodes of the same attribute category to their
total number of edges. A higher fraction of intra-link suggests
a stronger self-preference for that node type. The red circle and
blue triangle both have 1 intra-link between the same nodes
and a total of 4 links between different nodes, thus, the intra-
links fraction (which is the natural method to compute self-
liking) is % = 0:2. While the triangles and circles have the
same fraction of intra-link, their self-liking evidently differs.
Thus, SLG provides a more nuanced characterization of self-
liking, considering both the intrinsic attributes of nodes and
the community structure.

It’s important to note that SLG is an ordinal measure.
This implies that although we can discern that an SLG of
0.75 indicates higher self-liking compared to an SLG of 0.5,
we cannot precisely quantify the extent of this difference in
percentage terms. As demonstrated in the forthcoming Results
section, a comparable methodology will be applied to compute
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TABLE I
SIMILARITY IN COMPANY OCCUPATION FIELD BASED ON WORKERS ‘ FLOWS. COMMUNITIES (ROWS) AND THE 10 COMPANIES WITH THE HIGHEST FLOWS
FOR EACH COMMUNITY (COLUMNS).
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SLG for the real network.

III. RESULTS

After constructing the network based on workers’ flows, we
applied the Louvain algorithm [25], [26]] to detect and allocate
a community to each company. In Fig. [[(A), we present
the initial distribution of worker flows and (B) the resulting
network following the application of community detection
methods with each community marked by its own color.

The heat map matrix, employing a logarithmic base 10
scale, visualizes employee moves between companies in com-
munity i (row) to companies in community j (column) on a
color gradient. Notably, the diagonal cells exhibit significantly
higher values (log base) than the non-diagonal cells, indicating

a substantial volume of individuals transitioning between jobs
within the same community compared to moves between
different communities. Consequently, panel (B) of Fig.
shows a conspicuous clustering effect, where circles of the
same colors (community grouping) are proximate to each other
in the network, highlighting a clear preference for clustering
within communities.

A. Calculating SLG of different industrial sectors

To compare the GICS sector of the companies and the com-
munity assigned to each company, we first study the moves
of employees within and between the largest companies. For
these large companies, we could easily obtain both their GICS
codes and their community classes. It’s worth noting that while
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Fig. 2.

Functional External Circle Triangle
Community 1 3 1 1
Community 2 0 2 1
Community 3 0 0 1

SLG 1 0.42 0
Intra Links Fraction| 0.2 0.25 0.2

Schematic diagram illustrating the computation of SLG in comparison with the direct method based on the fraction of intra-links. The

demonstration illustrates a network consisting of 9 nodes (blue triangles, red circles, and yellow stars) which are distributed across 3 different communities
(indicated by red, blue, and yellow cloud colors). The accompanying table highlights the values and superiority of our SLG method over evaluating SLG by
the fraction of intra-links. For instance, all three red circle nodes interact exclusively within Community 1 (red cloud), resulting in SLG = 1 from Eq In
contrast, the direct and simple intra-link fraction method fails to distinguish between the self-liking levels of triangles and circles, as both have an intra-link
fraction of 0.2. Although the circles are grouped together in one community, showing a clear preference for intra-community connections, the triangles are
dispersed across three different communities, indicating lower levels of self-liking in their interaction structures (communities).

community classes are applicable to all companies in our
dataset, GICS classifications are solely accessible to larger
companies. Once communities are assigned to companies,
we construct a two-dimensional distribution matrix Fig. 3(A)
comprising 220 cells, representing 11 GICS sectors, and 20
communities. Each cell in this matrix displays the proportion
of companies belonging to a certain community (row) and a
defined GICS sector (column).

When reviewing Fig. BfA) and (B) collectively, we find
for example that in the Energy sector (6th column from left),
has 54% of its companies also belonging to Community 11
(Energy), with smaller percentages belonging to Community
12 (Non-US Global, 6%), community 16 (Consulting, 6%)
and community 2 (Finance, 5%). Using Eq. |1} to compute the
SLG, this distribution results in an SLG value of 0:36 for the
Energy sector. Contrarily, the Industrial sector is significantly
more diverse in terms of its exchange of employees among
various communities. It demonstrates interactions with nearly
all distinct communities. Consequently, the Industrial sector
worker companies exchanges are distributed more homoge-
neously between the 20 different communities compared to
the Energy sector. Therefore, the former sector has a lower
SLG (self-liking), specifically SLG = 0:08. This suggests that
individuals in the Energy sector are significantly more inclined
to remain within their own sector, while those in the Industrial
sector demonstrate a higher ability to transit to other sectors
in their subsequent jobs.

The SLG values for all 11 sectors are presented in Fig. [3(B).
Each bar includes the SLG of the main GICS sectors along-
side their respective shuffled control results. Across more
than 200 random realizations, the actual SLG significantly
differs from the controlled shuffled data with over 0.95%
significance for all 11 GICS sectors. Overall, the highest

SLG levels appear in the Healthcare sector at SLG=0.46,
followed by the Energy sector with SLG=0.36, and the Fi-
nancial sector at SLG=0.28. Sectors within the mid-range
of SLG include Materials (SLG=0.23), Information Technol-
ogy (SLG=0.22), Utilities (SLG=0.19), and Communication
Services (SLG=0.18). Those with lower values of SLG are
Consumer Discretionary (SLG=0.12), Real Estate (SLG=0.1),
and Industrial (SLG=0.085). The sector with the lowest SLG
is Consumer Staples (SLG=0.056).

The notable high SLG in the Healthcare sector is expected
due to the specialization of medical professionals like doctors,
nurses, and other healthcare staff, making them less likely to
move to other sectors. Given that doctors sometimes work in
the pharmaceutical industry, one should note that both Pharma
& Healthcare are in the same community. The Energy sector
also exhibits relatively high SLG values, particularly among
highly educated individuals, as we’ll demonstrate in Fig. ]
The Finance sector and the Information Technologies sector,
follow with the next highest SLG values. These sectors are
considered to be industries where it takes time to acquire the
needed experience. Companies in the Materials sector also
employ fairly unique human resources. These companies deal
with the mining and manufacturing of materials. They employ
professionals such as geologists as well as chemical specialists.
As can be seen in Fig. ] (A), highly educated individuals
in the Materials sector face high SLG values of over 0.3
while less educated workers (mainly blue-collar workers) face
substantially lower levels of SLG below 2.

The Utility sector involves industries providing essential
services such as water, electricity, and gas. While these sectors
have large size and government involvement, they generally
seem to have less employee exchange due to their established
nature. The SLG of educated vs less-educated workers as seen
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Fig. 3. SLG computation for industrial sectors. (A) Overlap between node’s
GICS sectors and their communities allocation on a real career network. Rows
represent the 20 largest communities and columns represent the 11 main GICS
sectors. Cellspoj;j show normalized fractions of companies in community i
and sector j (. Mj;j = 1; 8j). (B) SLG values for each GICS sector shown
in (A) compared to shuffled data from over 200 randomizations, showing
the high significance of observed SLG values. Healthcare follows by Energy
shows the strongest SLG values.

in Fig. ] (A) in these industries have a rather large gap.
Consumer Discretionary sector encompassing diverse in-
dustries like automobile parts manufacturers, home appliance
manufacturers, and textile producers. These “blue collar”
workers seem to face low levels of SLG when seeking new
jobs, possibly due to the high variability in the business types
that exist in this sector. Consumer Staples are related to food
manufacturing and suppliers, and exhibit low SLG, suggesting
greater replacement ability among its workforce. Industrials is
another engineering-based sector. It is a wide sector that in-
cludes the construction industry, electricity components manu-
facturing, construction machinery manufacturing, agricultural
and farm machinery manufacturing, and also some aerospace
and defense-related companies. Indeed, in this sector, we can
observe when drilling in deeper into the data, a rather strong
flow of employees back and forth between itself and other
communities: e.g., the financial, electronics, defense, energy,
and non-US global communities. Thus, SLG serves as a single-
value quantifier capturing the properties of self-liking and
openness in job changes patterns of different sectors.

B. Worker exchanges reveal connections between sectors

The flows of workers as exhibited by the communities can
also reveal hidden patterns in the data. For example. Table []
shows the 10 companies with the highest flows of workers in
each community. This allocation of companies to communities
is based on the flow of workers and can reveal non-trivial
inter-firm connections. For example, in the 4th community,
“Defense”, we find companies such as the US Army, US Air
Force, US Navy. We also find Defense contractors such as
Lockheed Martin, Boeing, Northrop Grumman, and Raytheon
Technologies. These huge global security and aerospace firms
are in the same community as the defense forces, since they
probably exchange many workers with military units, to such
a degree that they appear in fact in the same community as the
US Army, Air Force, and Navy. These Defense contractors are
huge conglomerates. In 2019, Lockheed Martin, Grumman,
and Raytheon Technologies had sales of USD59:8, USD30,
and USD27 billion, respectively.

A similarly interesting allocation of companies to commu-
nities is observed in the 8th community, “Pharma & Health-
care”, which mostly consists of pharmaceutical companies
as observed in Table In this community, we also find
Philips, a company previously known as an electronics or
home appliance producer, but is now (so we learned) investing
highly in healthcare and MRI and CT technologies.

Also, in the 14th community named ‘Political”’, we find
most of the major US political entities such as the US
Department of State, the US House of Representatives, the
US Senate, the US Department of Justice and the White
House. This community of political entities also includes
what seems at first sight to be an anomaly - Georgetown
University. Further inspection shows that this university is
one of the leading global political and governance-related
educational institutions. Among its alumni are an astonishingly
high number of well-known politicians, princes, and foreign
prime ministers, both from around the world and from inside
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the United States. Georgetown University seems to serve as a
greenhouse for educating many of the world’s future leaders
and their families.

After demonstrating how the flows of workers between
companies reveal important connections between sectors,
we next examine the role of employees’ education and
management/non-management levels in determining SLG re-
lated to such flows of workers.

C. SLG for different management and education levels

The changes in SLG for employees with different levels
of education and different managerial positions are shown in
Fig. 4] Overall, in most sectors, individuals with higher levels
of education or seniority exhibit higher SLG values, which
implies facing more challenges when seeking employment op-
portunities in alternative industries. Notably, within the Energy
and Materials sectors, educated workers display significantly
higher SLG values compared to their less educated counter-
parts. This disparity may arise from specialized roles within
the energy and materials industries; where educated workers,
often comprising highly specialized petroleum engineers or
geologists, as opposed to less educated workers, typically
encompassing field operators, who appear more inclined to
shift between industries. The Communication services sector
and the Consumer Staples sector are somewhat different as
in these sectors the less educated workers seems to encounter
higher SLG levels compared to the educated workers.

As also seen in Fig. 4] we observe how education compared
to management level determines SLG. In general, it appears
that workers in management jobs face higher levels of SLG
compared to non-managers in all sectors. As for education,
higher education makes it harder to change sectors for some,
but not all sectors.

D. Applying SLG on Other Networks

The methodology used to compute SLG is easily applicable
to many different types and domains of complex networks.
Generally, it only requires a network composed of hetero-
geneous node types, defined as G = (V;E;C), where C
represents the class of each node and dim(C) = dim(V).
As a demonstration of its generality, we present a second
case of applying SLG in an entirely different network and
domain. We analyze through SLG the self-liking between
scientists of different countries; i.e., their preference to work
with scientists with their own (or other) countries. Fig. E]
shows the SLG values of different countries, based on their
scientific interactions in physics research. In panel (A), we
use the American Physics Society (APS) data set [29] to
create an authors’ network, where connections are established
between authors who co-authored a publication. Following the
same route as in our previous example, we first conduct a
community detection algorithm on this network, allocating
nodes into their communities. Subsequently, each author is
assigned a community number and a country code (node
class), allowing us to compute the SLG of each country.

In Fig.[5(A), one can observe the low SLG values in physics
research of the USA, Canada, and Mexico in North America

(A)
Education

(B)
Job Grade

Fig. 4. SLG separation by levels of education and job seniority. (A) Light
color is low education; dark color is high education. (B) Light color is low
job grade; dark color is high job grade.

compared to those of Brazil, Argentina, and other South
American countries (marked blue). Similarly, the European
Union (EU) exhibits lower SLG values compared to several
Asian countries, with Iceland an exception in the EU research
collaboration. In Africa, South Africa is rather open (Low
SLG), followed by Egypt, a nation known for having one
of the highest rates of Ph.D. students in the Middle East
[30]. Conversely, countries including Myanmar, Afghanistan,
Syria, and Sudan are very close scientifically and have the
highest SLG scores, thus they barely interact scientifically
with other countries. Interestingly for us, Japan seems to have
surprisingly high SLG values, which means it is less open to
collaboration than China or India in Asia in physics.

In Fig. [5B), we create a similar network but now only
focus on the medical articles in the Microsoft Academic Graph
(MAG) dataset [31]]. Similar to the process in (A), we created
a citation network, segmented by communities and countries,
and computed SLG values for 9 selected countries across
various years. Japan (a country well known for its longevity)
stands out not only for its high self-liking levels in medical
research but also for sustaining this trend over the years. In
contrast, countries like Israel, Russia, or China, where English
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Fig. 5. SLG of different countries and continents based on articles co-
authorship networks. (A) APS data for Physics research. (B) MAG data for
Medicine research. The USA, Canada, and the EU show low SLG values,
indicating high collaboration with foreign countries. Japan has the highest
SLG levels over the years, indicating less collaboration in medical research
compared to other countries.

is not the primary language, exhibit a decrease in SLG levels
over time, reflecting an increasing tendency for international
collaboration in medical research.

The anomaly in Japan’s SLG trend may be attributed to
stringent regulations where foreign doctors are generally not
accepted to work in Japan without comprehensive Japanese
language proficiency and medical examinations in Japanese.
As per our understanding, non-Japanese doctors can only prac-
tice in Japan under specific agreements, limiting their patient
pool exclusively to individuals from their home country, ex-
cluding Japanese patients [32], [33]. As observed by the SLG
measure, these severe medical regulatory constraints in Japan
seem to have real consequences on scientific collaboration
research in Japan and result in a very strong self-liking in
medicine research in this country.

E. The stability of SLG

We continue and study the stability of SLG and find it a
very stable indicator. This stability implies that SLG captures
an internal characteristic within a complex network with sev-
eral node classes. Despite variations in community detection
methods that are common in assigning nodes to different
communities, the proposed SLG measure demonstrates very
high stability when a large range of modularities or different
community detection methods are applied.

Fig. [6] shows this stability effect. In Fig. [6fA) we change
the number of largest communities that are used (x-axis) in
the process of computation of SLG and show the correlations
between pairs of SCG vectors with the varying parameter.
For this analysis, correlations between pairs of SCG vectors
are computed, as the number of largest communities changes.
Notably, with 20 communities or more, the mean correlations
(Spearman / Pearson) are 0.85 / 0.91 respectively, indicating
the very strong stability of SLG. Furthermore, the correlations
remain consistently high, surpassing 0.9 from 30 communities
and above.

Fig. [([B) follows a similar process but computes the cor-
relations between SLG pairs of SLG vectors as the Louvain
modularity parameter is changing (instead of changing the
top-largest-communities value). We set the top-largest com-
munity value to 30 based on the earlier analysis results. For
this analysis, correlations between pairs of SEG vectors are
computed, and their means and standard deviations are plotted
across different values. The correlation exhibits high stability
within the range of [0:7; 1:4]. In this range, mean correlation
values are between 0.8 and 0.9 using Spearman and Pearson
correlation methods. This analysis reveals that variations in ,
the modularity parameter of the Louvain community detection
method, minimally affect the correlations between the SLG
values. These figures underscore the robustness of SLG across
various parameters.

In conclusion, despite variations in community to node
allocations and the sensitivity of communities to parameters
like , the SLG values for different sectors demonstrate less
sensitivity to these changes. This suggests that even when
nodes are allocated to different communities, SLG still ef-
fectively captures the internal properties of network topology,
which are related to communication patterns among distinct
node classes.

The variety of applications that can use SLG is indeed vast
and diverse. It holds potential in various domains, offering
insights into complex communication patterns and network
properties in different contexts. For example, in a network
of air flights, the nodes V are airports, the edges E are
flight frequencies between the airports and the classes C
are countries in which each airport is located. In this case,
SLG reflects the balance between domestic and international
flight traffic among countries, providing valuable insights into
disease spread control during global pandemics like COVID-
19. [34]. In a city traffic network [35]], where people move be-
tween neighborhoods, SLG can reveal the degree of openness
between different neighborhoods (classes) within a city, aiding
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Fig. 6. SLG measure stability. (A) Mean and standard deviation of the
correlations between 9x8 pairs of SCG vectors computed for varying top
community numbers i in the range of [20, 100]. (B) Similar to (A), correlations
between pairs of SL"GXJ- vectors are calculated for fixed ’i” values and
varying Louvain modularity parameter ( ) values between 0.8 and 1.4. The
top community number is set fixed at 30. Pearson correlations are shown in
gray, Spearman correlations are in orange.

in understanding traffic flow dynamics and urban planning
strategies. Beyond these examples, SLG can be a useful
measure in computer networks, social networks, biological
networks, brain networks [36l], [37], [38], [39] and many other
network systems where nodes exhibit heterogeneity based on
meaningful classifications or clustering by their attributes.
This diversity of possible applications demonstrates the high
versatility of SLG as a quantifier in exploring various complex
network structures and communication patterns when several
node types apply.

IV. DISCUSSION

The analysis conducted on the career network in this work
has some limitations that need to be addressed. While our
dataset is extensive, derived from LinkedIn CVs, a platform
focusing primarily on employment and favoring high-tech and
modern industry job matches, it may not represent a fully bal-
anced sample of the entire employed population in a country.
It may reflect some bias toward certain job seekers, such as
white-collar job seekers who more actively use LinkedIn.

Another aspect to consider here is the relatively limited
number of companies for which we obtained GICS codes. To
address this, we tested our results using a separate dataset of
S&P500 companies. These additional analyses, and the good
degree of agreement between the two analyses are shown
in Fig. and Fig. in the SI section. These images
confirm that there is reasonable agreement between the results
of SLG obtained from both the GICS and the S&P500 datasets,
supporting similar conclusions.

It is also crucial to recognize that SLG is not a linear
measure. Therefore, having one’s company’s SLG twice that
of another doesn’t imply one is twice more open than the
other, as SLG operates on a logarithmic scale and is based on
entropy, both nonlinear but still valuable measures.

Lastly, it’s essential to clarify that SLG does not measure
interdisciplinarity or diversity. Rather, it stands as a unique
measure determining the level of self-liking between entire
classes of nodes, as expressed in the communication and
interaction patterns in a complex network. As for this point, a
known property that could be confused with SLG is diversity.
Stirling proposed classic diversity indices such as the Shannon
index and the Simpson index (also known as the Herfindahl
index) to measure the diversity within each category [40].
These indices are used together with other indices such as
the Gini-Simpson index and the Rényi entropy to describe
preference and diversity within data categories [41] and distri-
butions. In the field of ecology, these indices are often used to
assess biodiversity in different habitats, and provide valuable
insights into the well-being and resilience of ecosystems [42].
Also, Information theory applies these indices to understand
the diversity and complexity of information sources [43]].
However, these traditional diversity indices primarily focus on
the data itself and ignore the connectivity patterns between
the different data points, which is crucial for understanding
complex interactions.

Here, it is important to note that SLG does not estimate
the self-liking of a group by averaging the communication
patterns of each individual member, nor does it measure the
distribution of different spices as diversity does; rather SLG
directly computes the self-liking for an entire group without
any need for any subjective pre-defined similarity measure.

To demonstrate the difference between diversity and SLG,
we can consider an example with two scenarios. Considering
two ethnic groups with three eye colors (green/blue/brown).
We can calculate the diversity of eye color in the groups by
the number of people in each group. If, however, there were
a few inter-eye-group marriages or there are many such inter-
eye-group marriages (i.e., interactions and communication
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between these groups), the SLG values would change, while
the diversity would not.

In regards to the many other works that study job changes
networks [44], these studies ask different questions. Mainly,
the ability to predict economic changes from vocational
network data. They do not look at self-liking within and
between different classes based on their interaction patterns,
nor propose any new general network science metrics, as we
propose here.

An important work related to vocational networks is the
work of Park [45]]. This work examined the flows of workers
between companies and also used also some entropy-related
measures. Their work however inspects the breaking down of
different communities into smaller and smaller communities,
with changing levels of hierarchical clustering. While they
used rather similar dataset and also use entropy, their goals
were not the same, since they did not compare the openness
and self-liking of different sectors, but rather compared the
effect of geography to that of sectors in the process of job
search.

To conclude, the proposed SLG measure is a new quan-
titative measure that estimates and compares the self-liking
in the interaction preference between different classes of
heterogeneous nodes in a complex network. Community struc-
tures are not simply the connection of sectors through a
two-dimensional From-To matrix, but rather these structures
capture a flow of knowledge or interactions on a higher
dimension. For example, if sector A has a strong flow to and
from a sector B, and sector B has a strong flow to and from
sector C, but sector A and C barely interact, then it is likely
that all sectors A, B, and C will be in the same community
since information flows between all three. If in contrast we
only look at the From-To matrix, (as demonstrated in Fig. EI),
it will not reveal the flow from A to C and not regard them
to be part of the same community. Thus, communities in a
network and the entropy between such communities and their
sector distributions, as expressed by SLG, capture a unique
relationship on a higher order, which would not be observed
directly by any other complex network measure.

V. CONCLUSIONS

We propose and develop here a new concept named Self-
Linking Group (SLG), designed to estimate the self-liking in
the interaction patterns between nodes of similar and different
groups in a complex network. SLG studies a common scenario
where nodes in a complex network are not entirely homoge-
neous, but rather consist of several heterogeneous well-defined
node or cluster types. For instance, social networks often
include such heterogeneous node types, as users are labeled
with different ethnicities, gender classes, or salary groups.

SLG is based on the fit between two distinct node classifi-
cation methods. The External classification, categorizes nodes
based on a rigid predefined class or cluster of attributes, e.g.,
ethnicity eye or hair color class, and the Functional classi-
fication, which organizes the nodes into community groups
according to their interaction patterns within the network.
Through this comparison between the external class and the

10

functional class, SLG quantifies the self-liking metric for
various node types within the network.

We demonstrate and construct here SLG using three differ-
ent network scenarios. (i) A job exchange network involving
2.1 million people and 8.2 million job changes across 2.5
million companies over 15 years. (ii) A co-authorship network,
highlighting the general applicability of SLG across a diverse
set of domains in physics and in (iii) a co-authorship network
in medicine research.

The main findings shown through SLG can be summarized
as:

A. Industrial sectors and SLG

In the job exchange network, we find through SLG that
the Healthcare (SLG=0.46), Energy (SLG=0.36), Finance
(SLG=0.28), and Materials (0.23) sectors reflect industries
with specialized skills and longer experience requirements,
thus harder cross-sector job change. In contrast, sectors such as
the Consumer Staples (SLG=0.056) and the Consumer Discre-
tionary (SLG=0.12), show lower SLG values, indicating higher
sectorial fluidity and higher worker cross-sector movement.

B. Worker flows revealing connections between sectors.

We see that worker‘s flows can also reveal hidden intra-
sector connections. For example, the Defense community
includes military branches and major defense contractors like
Lockheed Martin and Boeing, indicating strong personnel
exchanges. The Pharma - Healthcare community includes both
pharmaceutical companies and firms like Philips, which has
expanded into healthcare technologies.

C. Global Scientific Collaboration Patterns and SLG.

When applied to analyze the collaboration patterns between
countries, SLG reveals that countries like the USA, Canada,
and EU have low SLG values, indicating high collaboration
with international researchers, while countries like Myanmar
and Japan show high SLG, suggesting more insular scientific
communities. Notably, Japan’s high SLG in medical research
reflects regulatory barriers, such as strict language and certi-
fication requirements for foreign doctors in Japan.

D. The stability of SLG.

The stability test of SLG is evident, as seen in Fig. E]
showing minimal sensitivity to changes in community detec-
tion methods or modularity parameters. This robustness makes
SLG a reliable metric for understanding the internal dynamics
of complex networks across different domains, which is in
contrast to many community detection methods that are to
some degree parameter dependent.

E. The versatility of SLG.

Last, SLG offers a versatile framework applicable to vari-
ous network scenarios where nodes possess external classes,
resulting in a lack of complete node uniformity. SLG exposes
new and important internal network dynamics. Our findings
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through SLG of the closeness of the Japanese health system,
need further attention by the Japanese health regulator since
these might have real applicable consequences on the Japanese
medical and medical research ecosystem.

SLG is an easy-to-apply and it is important network quan-
tifier. We find it useful in several complex network scenarios.
In fact, it can be beneficial in almost any complex network
scenario.

ACKNOWLEDGMENT

We wish to thank the European Union under the Hori-
zon Europe grant OMINO—Overcoming Multilevel Infor-
mation Overload (grant number 101086321) for its sup-
port. This research is also supported by grants from the
National Natural Science Foundation of China (Grant Nos.
72174091, 6237316972474086), Young and Mid-Career Aca-
demic Leader of the Jiangsu Province Qinglan Project (2024),
National Key Research and Development Program of the
Ministry of Science and Technology of China (Grant No.
2020YFA0608601), Major Projects of the National Social Sci-
ence Foundation of China (Grant No. 22&Z7ZD136), National
Statistical Science Research Project (Grant No. 2022L.Z03),
Israel Science Foundation (Grant No. 189/19), Binational
Israel-China Science Foundation (Grant No. 3132/19).

DATA AVAILABILITY

Data records have been hashed to ensure the security of
companies’ and users’ anonymity. Data and code are available
in the project’s Git repository - https://github.com/wwwfanang/
SectorHomophily.git.

REFERENCES

[1] P. E Lazarsfeld, R. K. Merton et al., “Friendship as a social process:
A substantive and methodological analysis,” Freedom and control in
modern society, vol. 18, no. 1, pp. 18-66, 1954.

[2] M. McPherson, L. Smith-Lovin, and J. M. Cook, “Birds of a feather:
Homophily in social networks,” Annual review of sociology, vol. 27,
no. 1, pp. 415444, 2001.

[3] J. J. Massen and S. E. Koski, “Chimps of a feather sit together: chim-
panzee friendships are based on homophily in personality,” Evolution
and Human Behavior, vol. 35, no. 1, pp. 1-8, 2014.

[4] A. Ebenau, C. von Borell, L. Penke, J. Ostner, and O. Schiilke,
“Personality homophily affects male social bonding in wild assamese
macaques, macaca assamensis,” Animal Behaviour, vol. 155, pp. 21-35,
2019.

[5] A.M.d.S. Machado, M. Cantor, A. P. Costa, B. P. Righetti, C. Bezamat,
J. V. Valle-Pereira, P. C. Simdes-Lopes, P. V. Castilho, and F. G. Daura-
Jorge, “Homophily around specialized foraging underlies dolphin social
preferences,” Biology letters, vol. 15, no. 4, p. 20180909, 2019.

[6] A.-L. Barabdsi et al., Network science. ~Cambridge university press,
2016.

[7] R. Cohen and S. Havlin, Complex networks: structure, robustness and
function. Cambridge university press, 2010.

[8] M. Newman, Networks. Oxford university press, 2018.

[91 G. Dong, F. Wang, L. M. Shekhtman, M. M. Danziger, J. Fan, R. Du,

J. Liu, L. Tian, H. E. Stanley, and S. Havlin, “Optimal resilience of

modular interacting networks,” Proceedings of the National Academy of

Sciences, vol. 118, no. 22, p. €1922831118, 2021.

L. K. Gallos, C. Song, and H. A. Makse, “A review of fractality and

self-similarity in complex networks,” Physica A: Statistical Mechanics

and its Applications, vol. 386, no. 2, pp. 686-691, 2007.

J. Chen, C. Xia, and M. Perc, “The siqrs propagation model with quar-

antine on simplicial complexes,” |IEEE Transactions on Computational

Social Systems, 2024.

[10]

(11]

[12]

[13]

[14]

[15]

[16]
(17]

(18]

[19]

[20]

[21]

[22]

[23]

[24]

[25]

[26]

[27]

(28]

[29]
[30]

(31]

[32]

[33]

[34]

(35]

[36]

S. Fortunato, “Community detection in graphs,” Physics reports, vol.
486, no. 3-5, pp. 75-174, 2010.

J. Leskovec, K. J. Lang, and M. Mahoney, “Empirical comparison of
algorithms for network community detection,” in Proceedings of the 19th
international conference on World wide web, 2010, pp. 631-640.

M. Girvan and M. E. Newman, “Community structure in social and
biological networks,” Proceedings of the national academy of sciences,
vol. 99, no. 12, pp. 7821-7826, 2002.

V. D. Blondel, J.-L. Guillaume, R. Lambiotte, and E. Lefebvre, “Fast
unfolding of communities in large networks,” Journal of statistical
mechanics: theory and experiment, vol. 2008, no. 10, p. P10008, 2008.
M. E. Newman, “Detecting community structure in networks,” The
European physical journal B, vol. 38, pp. 321-330, 2004.

S. Fortunato and D. Hric, “Community detection in networks: A user
guide,” Physics reports, vol. 659, pp. 1-44, 2016.

A. Lancichinetti, S. Fortunato, and F. Radicchi, “Benchmark graphs for
testing community detection algorithms,” Physical review E, vol. 78,
no. 4, p. 046110, 2008.

J. Xie, R. Girshick, and A. Farhadi, “Unsupervised deep embedding for
clustering analysis,” in International conference on machine learning.
PMLR, 2016, pp. 478-487.

M. Caron, I. Misra, J. Mairal, P. Goyal, P. Bojanowski, and A. Joulin,
“Unsupervised learning of visual features by contrasting cluster assign-
ments,” Advances in neural information processing systems, vol. 33, pp.
9912-9924, 2020.

B. Yang, X. Fu, N. D. Sidiropoulos, and M. Hong, “Towards k-
means-friendly spaces: Simultaneous deep learning and clustering,” in
international conference on machine learning. PMLR, 2017, pp. 3861—
3870.

S. Bhojraj, C. M. Lee, and D. K. Oler, “What’s my line? a comparison
of industry classification schemes for capital market research,” Journal
of Accounting Research, vol. 41, no. 5, pp. 745-774, 2003.

P. Pons and M. Latapy, “Computing communities in large networks
using random walks,” in International symposium on computer and
information sciences. ~ Springer, 2005, pp. 284-293.

A. Clauset, M. E. Newman, and C. Moore, “Finding community
structure in very large networks,” Physical review E, vol. 70, no. 6,
p. 066111, 2004.

P. De Meo, E. Ferrara, G. Fiumara, and A. Provetti, “Generalized louvain
method for community detection in large networks,” in 2011 11th In-
ternational Conference on Intelligent Systems Design and Applications.
IEEE, 2011, pp. 88-93.

N. Dugué and A. Perez, “Directed louvain: maximizing modularity in
directed networks,” Ph.D. dissertation, Université d’Orléans, 2015.

A. Manning and B. Petrongolo, “How local are labor markets? evidence
from a spatial job search model,” American Economic Review, vol. 107,
no. 10, pp. 2877-2907, 2017.

A. Rényi et al., “On measures of entropy and information,” in Proceed-
ings of the Fourth Berkeley Symposium on Mathematical Statistics and
Probability, Volume 1: Contributions to the Theory of Statistics. The
Regents of the University of California, 1961.

A. P. Society, “Aps,” https://journals.aps.org/datasets|

D. Cyranoski, N. Gilbert, H. Ledford, A. Nayar, and M. Yahia, “Edu-
cation: the phd factory,” Nature, vol. 472, no. 7343, pp. 276-280, 2011.
M. Firber, “The microsoft academic knowledge graph: A linked data
source with 8 billion triples of scholarly data,” in The Semantic Web—
ISWC 2019: 18th International Semantic Web Conference, Auckland,
New Zealand, October 26-30, 2019, Proceedings, Part 1l 18. Springer,
2019, pp. 113-129.

W. H. Organisation, “Tokyo hospitals to add five foreign doctors for
expats,” 2015, https://www.japantimes.co.jp/news/2015/07/19/national/
science- health/tokyo-hospitals-add-five-foreign-doctors-expats/,  Last
accessed on 2023-08-30.

World.Health.Organisation, “How to immigrate to japan as a doctor?
frequently asked questions about immigration to japan as a doc-
tor,” |https://visalibrary.com/jobs/immigrate-to-japan-as-a-doctor/, Last
accessed on 2023-08-30.

H. Nakamura and S. Managi, “Airport risk of importation and exporta-
tion of the covid-19 pandemic,” Transport Policy, vol. 96, pp. 40-47,
2020.

G. Zeng, J. Gao, L. Shekhtman, S. Guo, W. Lv, J. Wu, H. Liu, O. Levy,
D. Li, Z. Gao et al., “Multiple metastable network states in urban traffic,”
Proceedings of the National Academy of Sciences, vol. 117, no. 30, pp.
17 528-17 534, 2020.

N. Lahav, B. Ksherim, E. Ben-Simon, A. Maron-Katz, R. Cohen,
and S. Havlin, “K-shell decomposition reveals hierarchical cortical

Authorized licensed use limited to: Bar llan University. Downloaded on January 01,2025 at 09:45:22 UTC from IEEE Xplore. Restrictions apply.

© 2024 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission. See https://www.ieee.org/publications/rights/index.html for more information.


https://github.com/wwwfanang/SectorHomophily.git
https://github.com/wwwfanang/SectorHomophily.git
https://journals.aps.org/datasets
https://www.japantimes.co.jp/news/2015/07/19/national/science-health/tokyo-hospitals-add-five-foreign-doctors-expats/
https://www.japantimes.co.jp/news/2015/07/19/national/science-health/tokyo-hospitals-add-five-foreign-doctors-expats/
https://visalibrary.com/jobs/immigrate-to-japan-as-a-doctor/

This article has been accepted for publication in IEEE Transactions on Network Science and Engineering. This is the author's version which has not been fully edited and
content may change prior to final publication. Citation information: DOI 10.1109/TNSE.2024.3520967

IEEE TRANSACTIONS ON NETWORK SCIENCE AND ENGINEERING

[37]

[38]

[39]

[40]

[41]
[42]

[43]

[44]

[45]

organization of the human brain,” New Journal of Physics, vol. 18, no. 8,
p. 083013, 2016.

O. Sporns and R. F. Betzel, “Modular brain networks,” Annual review
of psychology, vol. 67, pp. 613-640, 2016.

D. Meunier, R. Lambiotte, and E. T. Bullmore, “Modular and hierarchi-
cally modular organization of brain networks,” Frontiers in neuroscience,
vol. 4, p. 200, 2010.

L. K. Gallos, H. A. Makse, and M. Sigman, “A small world of weak ties
provides optimal global integration of self-similar modules in functional
brain networks,” Proceedings of the National Academy of Sciences, vol.
109, no. 8, pp. 2825-2830, 2012.

A. Stirling, “A general framework for analysing diversity in science,
technology and society,” Journal of the Royal Society Interface, vol. 4,
no. 15, pp. 707-719, 2007.

L. Jost, “Entropy and diversity,” Oikos, vol. 113, no. 2, pp. 363-375,
2006.

A. E. Magurran, Ecological diversity and its measurement.
Science & Business Media, 2013.

C. E. Shannon, “A mathematical theory of communication,” ACM
SIGMOBILE mobile computing and communications review, vol. 5,
no. 1, pp. 3-55, 2001.

O. A. Guerrero and R. L. Axtell, “Employment growth through labor
flow networks,” PloS one, vol. 8, no. 5, p. e60808, 2013.

J. Park, 1. B. Wood, E. Jing, A. Nematzadeh, S. Ghosh, M. D. Conover,
and Y.-Y. Ahn, “Global labor flow network reveals the hierarchical
organization and dynamics of geo-industrial clusters,” Nature communi-
cations, vol. 10, no. 1, pp. 1-10, 2019.

Springer

Fan Wang received the B.S., M.S., and Ph.D.
degrees from Jiangsu University, Zhenjiang, Jiangsu,
China, in 2016, 2019, and 2023. She also holds
a Ph.D. from Bar-Ilan University, Israel. She is
currently a lecturer in the School of Mathematical
Sciences at Nanjing Normal University, China. Her
research interests are in complex networks, phrase
transition, collaborative networks, and mobility net-
works.

Alex Smolyak received the B.S. degree from Tel
Aviv University, Israel, in 2003 and the M.S. and
Ph.D. degrees from Bar-Ilan University, Israel, in
2010 and 2020. He is working at Equinom Ltd. as
a director of data and Al

Gaogao Dong received the M.S. and Ph.D. degrees
from Jiangsu University, China, in 2008 and 2013.
From 2011 to 2013, He was also a Ph.D. student
jointly trained by Jiangsu University and Boston
University in the United States. He is currently a
professor and doctoral supervisor at Jiangsu Uni-
versity. He is a member of the China Mathemat-
ics and Applied Mathematics Complex Networks
and Complex Systems Committee and a member
of the China Statistical Physics Complex Systems
Academic Committee. The main research fields in-
clude complex network theory and application, and data science theory and
application. He has published more than 50 papers, and some of his work has
been included as the first author in journals such as "PNAS” (2018, 2021),
”National Science Review” (corresponding author), "New Journal of Physics”,
and “Physical Review E” . He also published 2 monographs, translated 1
book, and edited 2 textbooks. He currently serves as deputy editor of the
international journal “Frontier in Physics” and guest editor of the English
journal “Mathematics” in related fields.

Lixin Tian received the B.S. degree from East China
Normal University, China, in 1983 and the Ph.D.
degree from Suzhou University, China, in 1998. He
is currently a distinguished professor and doctoral
supervisor at Jiangsu University and a Member of
the European Academy of Sciences. He is engaged
in research in the fields of theoretical analysis and
application of dynamic large system modeling and
control, and complex networks. He has authored or
coauthored more than 170 peer-reviewed papers in
renowned journals, and 5 monographs. He serves
as a director of the Chinese Mathematical Society, a supervisor of the
Jiangsu Society of Industrial and Applied Mathematics, the vice chairman
of the Jiangsu Society of Systems Science, the vice chairman of the China
Committee of the International Society for Energy Economics, and vice
Chairman of the Complex Systems Professional Committee, Executive Deputy
Editor-in-Chief of Inter. J. Nonli. Sci. Magazine.

Alon Sela received his B.Sc. in Industrial En-
gineering from Ben-Gurion University, Israel, and
his Ph.D. in Industrial Engineering from Tel-Aviv
University, Israel. He is currently a senior lecturer
in the Industrial Engineering department of Ariel
University and a research affiliate in the laboratory
of AI and Machine Learning Business Data Ana-
lytics (LAMBDA) of Tel Aviv University and in the
Complex Network lab of Prof. Shlomo Havlin in Bar
Ilan university (Physics). His research fields include
Complex Networks, Machine Learning, Computa-
tional Social Science, and Agent-Based Modelling. Alon has published over
20 papers in journals and conferences, of which he is the first author in 10,
and 2 are in journals with IF;20.

Authorized licensed use limited to: Bar llan University. Downloaded on January 01,2025 at 09:45:22 UTC from IEEE Xplore. Restrictions apply.

© 2024 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission. See https://www.ieee.org/publications/rights/index.html for more information.


https://www.lambda.sites.tau.ac.il/
https://havlin.ph.biu.ac.il/people/

This article has been accepted for publication in IEEE Transactions on Network Science and Engineering. This is the author's version which has not been fully edited and
content may change prior to final publication. Citation information: DOI 10.1109/TNSE.2024.3520967

IEEE TRANSACTIONS ON NETWORK SCIENCE AND ENGINEERING 13

Shlomo Havlin graduated from Bar-Ilan and Tel-
Aviv universities with highest distinction. He is a
professor of physics at Bar-Ilan University in Is-
rael. He served as President of the Israel Physical
Society, Dean of the Faculty of Exact Sciences,
and Chairman of the Department of Physics. He
has carried out fundamental research in applications
of statistical physics to areas such as complex net-
works, infrastructure resilience, social networks, etc.
He published more than 800 articles in high-impact
journals such as Nature, Science, Nature Physics,
etc., and 15 books. He is among the two most cited scientists in Israel (in
2018), with over 120,000 citations and an h-index of 150 (Google Scholar).
For his research achievements, he obtained numerous prizes, including the
Landau Prize for Outstanding Research in Physics, the Humboldt Award,
Germany, the Prize for Best Scientific Paper of 2000, Bar-Ilan University,
and the Prize for Best Popular Scientific Paper, Minister of Science, Israel.
He also obtained the Nicholson Medal of the American Physical Society,
the Chaim Weizmann Prize for Exact Sciences, the Julius Edgar Lilienfeld
Prize for outstanding contribution to physics, the Rothschild Prize for Physical
and Chemical Sciences, the Distinguished Scientist Award of the Chinese
Academy of Sciences, the Order of the Star of Italy from the President of
Italy. He won the Israel Prize for his accomplishments in physics in 2018.
He got in 2023 the Bakhuis Roosebom Medal from the Royal Academy of
Sciences of Netherlands.

Authorized licensed use limited to: Bar llan University. Downloaded on January 01,2025 at 09:45:22 UTC from IEEE Xplore. Restrictions apply.
© 2024 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission. See https://www.ieee.org/publications/rights/index.html for more information.



	Introduction
	Data and Method
	Data
	Company classification and network community detection
	Quantitative Estimation of SLG

	Results
	Calculating SLG of different industrial sectors
	Worker exchanges reveal connections between sectors

	Discussion
	Conclusions
	Industrial sectors and SLG
	Worker flows revealing connections between sectors.

	References
	Biographies
	Fan Wang
	Alex Smolyak
	Gaogao Dong
	Lixin Tian
	Alon Sela
	Shlomo Havlin


