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Mobile social networks (MSNs) suffer from an unbalanced traffic load distribution due to the heterogeneity
in mobility of nodes (humans) in the network. A few nodes in these networks are highly mobile, and the
proposed social-based routing algorithms are likely to choose these most "social" nodes as the best
message relays. Finally, this could lead to inequitable traffic load distribution and resource utilization, such
as faster battery drain and/or storage consumption of the most (socially) popular nodes. We propose a
framework called Traffic Load Distribution Aware (TraLDA) to improve traffic load balancing across network
nodes. We present a novel method for calculating node popularity that takes into account both inherent and
social-relations popularity. The former is purely determined by the node’s sociability level in the network,
and in TraLDA is computed using the Kalman-prediction that considers the node's periodicity behaviour.
However, the latter takes the benefit of interactions with more popular neighbours (acquaintances) to boost
the popularity of lower (social) level nodes. Using extensive simulations in the ONE environment driven by
real mobility scenarios, we show that TraLDA can enhance the traffic load distribution fairness of the
classical, yet popular social-aware routing algorithms BubbleRap and SimBet without affecting the overall
delivery performance.

Authors' Responses to Reviewer's Comments (Reviewer 1)

Author's Notes

Dear Reviewer 1,
We thank you for the valuable comments and the opportunity to improve our paper.

In response to your review, we revised our manuscript with our point-by-point response to the comments
explained below.

Best regards,
Bambang Soelistijanto and Vittalis Ayu
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Comment#1: The authors should please state more clearly how their approach is related to existing
approaches and how it advances the fields in terms of improving traffic load distribution over social
networks. How does this approach relevantly promote the state of the art, and how relevant is this for social
networks that are already now handled well by existing approaches in terms of load distribution faimess? As
it stands. | am not convinced in terms of novelty. This is mainly a modification of many similar approaches
for improving traffic load distribution.

Author response: We agree with the reviewer.

Author action: We updated the Related Work and add more the related literatures as comparisons of our
work to the existing approaches, so that our contributions can be described clearly .

Comment#2: In the Introduction, several key works are overlooked, especially: Saving human lives: What
complexity science and information systems can contribute, Dirk Helbing,et al. J.Stat.Phys. 158. 753-781
(2015) and Sacial Physics, Marko Jusup, et al., Phy. Rep. 948, 1-148 (2022). Where precisely such
approaches have been reviewed in the light of many preceeding similar methods for improving traffic. The
introduction should be much improved in terms of relevant precesing work.

Author response: We agree with the reviewer

Author action: We improve the Introduction, adding the some literatures suggested by the reviewers so that
the rationale behind our work can be stated clearly.

Comment#3: It would also improve the paper of the figure captions would be made more self-contained. In
addition to briefly stating what is shown, one could also consider a sentence or two saying what is the main
message of the each figure.

Author response: We agree with the reviewer.

Author action: We add captions in all figures in the manuscript , adding more detail description to each of
the figure.

Comment#4: More importantly, the presentation of the results is quite abstract, with very little guidance of
the reader throughout the many algorithms and mathematical details. Since Algorithms is not a purely
computer science or applied mathematics journal, such style will likely or not appeal and not be
understandable to the majority of the reader. The authors must imprave the clarity of the writing.

Author response: We agree with the reviewer.

Author action: We improve explanation of our results and to add claritv throuah the pronosed alaorithm. we



also add calculation examples and illustrations, such as in Figure 6.

Comment#5: It would be very useful if the authors would make their source code available as
supplementary materials. This would promote the usage of the proposed algorithm and allow also athers to
take advantage of this research, and also to allow them to reproduce the results.

Author response: We agree with the reviewer.

Author action: We add the link of the source code of TraLDA as supplemantary material, so it can accessed
publicly.

Comment#6: Some references contains errors and inconsistent formatting. It is difficult to give credit to
research if even such elementary aspects of the works are not error free. The references should be made
error free and formatted in agreement with the journal guidelines.

Author response: We agree with the reviewer.

Author action: We improve the references to be error-free and adjusting the style with Multidiciplinary Digital
Publishing Institute formatting.

Comment#7: Finally, do not use so many abbreviations in the abstract and elsewhere. In the absence of
stringent space constraints, the use of abbreviation is not a good idea because it decreases ease of reading
if a person has to remenmber all the abbreviations. The paper is at places further difficult to follow due to
the excessive use of abbreviations.

Authar response: We agree with the reviewer.

Author action: We improve our manuscript by removing the abbrevations and write the respective term as it
is to increase clarity.
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Are the results clearly presented? () (x) () ()

Are the conclusions supported by the results? () (x) () ()

Comments and
Suggestions for Authors

In "Improving Traffic Load Distribution Fairness in Mobile Social Networks" authors study a
relevant problem with potential applications and further research.

But similar methods for improving traffic load distribution have been presented before, and it is
not clear how groundbreaking and relevant is this for the readers of Algorithms. If a revision will
be granted, the following comments should be taken into account with care and love to detail.

1) The authors should please state more clearly how their approach is related to existing
approaches and how it advances the field in terms of improving traffic load distribution over social
networks. How does this approach relevantly promote the state of the art, and how relevant is
this for social networks that are already now handled well by existing approaches in terms of load
distribution fairness? As it stands, | am not convinced in terms of novelty. This is mainly a
modification of many similar approaches for improving traffic load distribution.

2) In the introduction, several key works are overlooked, especially: Saving human lives: What
complexity science and information systems can contribute, Dirk Helbing, et al. J. Stat. Phys.
158, 735-781 (2015) and Social physics, Marko Jusup, et al., Phys. Rep. 948, 1-148 (2022),
where precisely such approaches have been reviewed in the light of many preceding similar
methods for improving traffic. The introduction should be much improved in terms of relevant
preceding work.
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is the main message of each figure.

4) More importantly, the presentation of the results is quite abstract, with very little guidance of
the reader through the many algorithms and mathematical details. Since Algorithms is not a
purely computer science or applied mathematics journal, such style will likely not appeal and not
be understandable to the majority of the readers. The authors must improve the clarity of the
writing.

5) Also, it would be very useful if the authors would make their source code available as
supplementary material. This would promote the usage of the proposed algorithm and allow also
others to take advantage of this research, and also to allow them to reproduce the results.

6) Some references contain errors and inconsistent formatting. It is difficult to give credit to
research if even such elementary aspects of the work are not error free. The references should
be made error free and formatted in agreement with the journal guidelines.

7) Finally, do not use so many abbreviations in the abstract and elsewhere. In the absence of
stringent space constraints, the use of abbreviation is not a good idea because it decreases ease
of reading if a person has to remember all the abbreviations. The paper is at places further
difficult to follow due to the excessive use of abbreviations.

If a revision will be granted, | will be happy to review a revised manuscript.

Submission Date 23 May 2022
Date of this review 02 Jun 2022 13:33:50
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Mobile social networks (MSNs) suffer from an unbalanced traffic load distribution due to the heterogeneity
in mobility of nodes (humans) in the network. A few nodes in these networks are highly mobile, and the
proposed social-based routing algorithms are likely to choose these most "social" nodes as the best
message relays. Finally, this could lead to inequitable traffic load distribution and resource utilization, such
as faster battery drain and/or storage consumption of the most (socially) popular nodes. We propose a
framework called Traffic Load Distribution Aware (TraLDA) to improve traffic load balancing across network
nodes. We present a novel method for calculating node popularity that takes into account both inherent and
social-relations popularity. The former is purely determined by the node’s sociability level in the network,
and in TraLDA is computed using the Kalman-prediction that considers the node's periodicity behaviour.
However, the latter takes the benefit of interactions with more popular neighbours (acquaintances) to boost
the popularity of lower (social) level nodes. Using extensive simulations in the ONE environment driven by
real mobility scenarios, we show that TraLDA can enhance the traffic load distribution fairness of the
classical, yet popular social-aware routing algorithms BubbleRap and SimBet without affecting the overall
delivery performance.

Authors' Responses to Reviewer's Comments (Reviewer 3)

Author's Notes

Dear Reviewer 3,
We thank you for the valuable comments and the opportunity to improve our paper.

In response to your review, we revised our manuscript with our point-by-point response to the comments
explained below.

Best regards,
Bambang Soelistijanto and Vittalis Ayu

B
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Comment#1: In my opinion, the paper is extremely interesting but there are some points for improvements.
In particular, the authors should separate the introduction from the Related Literature. In the introduction
they should explain the rationale behind their work and should provide an overview of the proposed
approach.

Author response: We agree with the reviewer.

Author action: We improved the paper by separating Introduction from Related Literature and explain the
rationale behind our work in the Introduction.

Comment#2: Instead, the description of related approaches should be placed in the Related Literature
section.

Author response: We agree with the reviewer

Author action: We improved the paper by separating Introduction from Related Literature and describe the
related approaches in Related Literature.

Comment#3: Regarding that section | see many similarities between the problem considered by the authors
and the corresponding solution proposed by them, on the one hand, and the problem of computing the trust
and reputation of a smart objct in a MultilOT context, on the other hand. In particular, | would suggest that
the authors compare their approacah with those described in the following papers,”An approach to evaluate
trust and reputation of things in a MultilOTs scenario” and “An approach to compute the scope of a social
object in a MultilOT scenario.”

Author response: We agree with the reviewer.

Author action: We improve Related Literature by adding comparison with the approaches suggested by the
reviewer.

Comment#4: Finally, in order to make the many formulas included in the paper mode understandable, |
suggest that the authors add a leading example throughout Section 3 and possibly along Section 2 as well.

Author response: We agree with the reviewer.

Author action: To explain the many formulas, we include calculation example and illustration such as in
Figure 6. In addition, we provide the implementation of those formulas in TraLDA's source code is attached
in supplementary file
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Comments and  |n this paper, the authors propose a framework called TraLDA to improve traffic load balancing
Suggestions for Authors across network nodes. The framework is based on a new approach to calculate the popularity of
a node. The problem considered by the authors is extremely important and the solution they
propose appears to be sound and well-founded. In addition, the authors propose several

experiments that aim to demonstrate the soundness of the proposed approach.

In my opinion, the paper is extremely interesting but there are some points for improvement. In
particular, the authors should separate the Introduction from the Related Literature. In the
Introduction they should explain the rationale behind their work and should provide an overview
of the proposed approach.

Instead, the description of related approaches should be placed in the Related Literature section.
Regarding that section | see many similarities between the problem considered by the authors
and the corresponding solution proposed by them, on the one hand, and the problem of
computing the trust and reputation of a smart object in a Multi-loT context, on the other hand. In
particular, | would suggest that the authors compare their approach with those described in the
following papers, "An approach to evaluate trust and reputation of things in a Multi-loTs scenario'
and "An approach to compute the scope of a social object in a Multi-loT scenario.”



Finally, in order to make the many formulas included in the paper more understandable, | suggest
that the authors add a leading example throughout Section 3 and possibly along Section 2 as
well.

Submission Date 23 May 2022
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Dear Reviewer 1,
We thank you for the valuable comments and the opportunity to improve our paper.

In response to your review, we revised our manuscript with our point-by-point response to the
comments explained below.

Best regards,

Bambang Soelistijanto and Vittalis Ayu

L

Comment#1: The authors should please state more clearly how their approach is related to existing
approaches and how it advances the fields in terms of improving traffic load distribution
over social networks. How does this approach relevantly promote the state of the art, and
how relevant is this for social networks that are already now handled well by existing
approaches in terms of load distribution fairness? As it stands. | am not convinced in terms

of novelty. This is mainly a modification of many similar approaches for improving traffic
load distribution.

Author response: We agree with the reviewer.

Author action: We updated the Related Work and add more the related literatures as comparisons of
our work to the existing approaches, so that our contributions can be described clearly .

Comment#2: In the Introduction, several key works are overlooked, especially: Saving human lives:
What complexity science and information systems can contribute, Dirk Helbing,et al.
J.Stat.Phys. 158. 753-781 (2015) and Social Physics, Marko Jusup, et al., Phy. Rep. 948, 1-
148 (2022). Where precisely such approaches have been reviewed in the light of many
preceeding similar methods for improving traffic. The introduction should be much
improved in terms of relevant precesing work.

Author response: We agree with the reviewer

Author action: We improve the Introduction, adding the some literatures suggested by the reviewers so
that the rationale behind our work can be stated clearly.

Comment#3: It would also improve the paper of the figure captions would be made more self-
contained. In addition to briefly stating what is shown, one could also consider a sentence
or two saying what is the main message of the each figure.

Author response: We agree with the reviewer.

Author action: We add captions in all figures in the manuscript , adding more detail description to each
of the figure.



Comment#4: More importantly, the presentation of the results is quite abstract, with very little guidance
of the reader throughout the many algorithms and mathematical details. Since Algorithms
is not a purely computer science or applied mathematics journal, such style will likely or not
appeal and not be understandable to the majority of the reader. The authors must improve
the clarity of the writing.

Author response: We agree with the reviewer.

Author action: We improve explanation of our results and to add clarity through the proposed
algorithm, we also add calculation examples and illustrations, such as in Figure 6.

Comment#5: It would be very useful if the authors would make their source code available as
supplementary materials. This would promote the usage of the proposed algorithm and
allow also others to take advantage of this research, and also to allow them to reproduce
the results.

Author response: We agree with the reviewer.

Author action: We add the link of the source code of TraLDA as supplemantary material, so it can accessed
publicly.

Comment#6: Some references contains errors and inconsistent formatting. It is difficult to give credit to
research if even such elementary aspects of the works are not error free. The references
should be made error free and formatted in agreement with the journal guidelines.

Author response: We agree with the reviewer.

Author action: We improve the references to be error-free and adjusting the style with Multidiciplinary
Digital Publishing Institute formatting.

Comment#7: Finally, do not use so many abbreviations in the abstract and elsewhere. In the absence of
stringent space constraints, the use of abbreviation is not a good idea because it decreases
ease of reading if a person has to remenmber all the abbreviations. The paper is at places
further difficult to follow due to the excessive use of abbreviations.

Author response: We agree with the reviewer.

Author action: We improve our manuscript by removing the abbrevations and write the respective term
as itis to increase clarity.




Dear Reviewer 2,
We thank you for the valuable comments and the opportunity to improve our paper.

In response to your review, we revised our manuscript with our point-by-point response to the
comments explained below.

Best regards,

Bambang Soelistijanto and Vittalis Ayu

L

Comment#1: In my opinion, the paper is extremely interesting but there are some points for
improvements. In particular, the authors should separate the introduction from the Related
Literature. In the introduction they should explain the rationale behind their work and
should provide an overview of the proposed approach.

Author response: We agree with the reviewer.

Author action: We improved the paper by separating Introduction from Related Literature and explain
the rationale behind our work in the Introduction.

Comment#2: Instead, the description of related approaches should be placed in the Related Literature
section.

Author response: We agree with the reviewer

Author action: We improved the paper by separating Introduction from Related Literature and describe
the related approaches in Related Literature.

Comment#3: Regarding that section | see many similarities between the problem considered by the
authors and the corresponding solution proposed by them, on the one hand, and the
problem of computing the trust and reputation of a smart objct in a MultilOT context, on
the other hand. In particular, | would suggest that the authors compare their approacah
with those described in the following papers,”An approach to evaluate trust and reputation
of things in a MultilOTs scenario” and “An approach to compute the scope of a social object
in a MultilOT scenario.”

Author response: We agree with the reviewer.

Author action: We improve Related Literature by adding comparison with the approaches suggested by
the reviewer.




Comment#4: Finally, in order to make the many formulas included in the paper mode understandable, |
suggest that the authors add a leading example throughout Section 3 and possibly along
Section 2 as well.

Author response: We agree with the reviewer.

Author action: To explain the many formulas, we include calculation example and illustration such as in
Figure 6. In addition, we provide the implementation of those formulas in TraLDA’s source code is
attached in supplementary file
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Abstract: Mobile social networks suffer from an unbalanced traffic load distribution due to the het-
erogeneity in mobility of nodes (humans) in the network. A few nodes in these networks are highly
mobile, and the proposed social-based routing algorithms are likely to choose these most "social"
nodes as the best message relays. Finally, this could lead to inequitable traffic load distribution and
resource utilization, such as faster battery drain and/or storage consumption of the most (socially)
popular nodes. We propose a framework called Traffic Load Distribution Aware (TraLDA) to improve
traffic load balancing across network nodes. We present a novel method for calculating node pop-
ularity which takes into account both node inherent and social-relations popularity. The former is
purely determined by the node’s sociability level in the network, and in TraLDA is computed using
the Kalman-prediction which considers the node's periodicity behaviour. However, the latter takes
the benefit of interactions with more popular neighbours (acquaintances) to boost the popularity of
lower (social) level nodes. Using extensive simulations in the Opportunistic Network Environment
(ONE) driven by real human mobility scenarios, we show that our proposed strategy enhances the
traffic load distribution fairness of the classical, yet popular social-aware routing algorithms Bub-
bleRap and SimBet without negatively impacting the overall delivery performance.

Keywords: fair traffic distribution; human mobility; node popularity; mobile social networks

1. Introduction

As a particular case of MANETFsmobile ad-hoc networks (MANETS), opportunistic
mobile networks {OMNs)-[1] are unique dynamic wireless mobile networks. Unlike MA-
NETsMANETs, in such networks persistent connectivity is not a necessity, and end-to-
end paths from sources to destinations are not assumed to exist at all times. A link be-
tween a pair of nodes is established whenever they come into contact. In opportunistic
mobile networks ©OMNs, pairwise node contacts occur randomly in time, and the duration
of each contact is also random. Thanks to the omnipresence of mobile devices nowadays,
e.g., mobile phones and tablets, human can exploit contact opportunities to exchange in-
formation by means of short radio range connections. This leads to human-centric oppor-
tunistic mobile networks, also referred to mobile social networks (MSNs) in [2,3]. These net-
works have mainly been introduced by combining social networks and mobile communi-
cation networks. MSNs take a human-centric approach to networking, closing the gap
between networks and human behaviour. Moreover, studies in [4-6] revealed that social
interactions influence human mobility. As a result, MSNs are closely linked to social {re-
latien)networks, and knowledge about social ties can be used to improve routing rewting
algorithms in such human-based networks.

Researchers currently focus on studying social relation patterns, e.g., node popular-
ity and social similarity, as the choice parameters of relay nodes. Furthermore, the pro-
posed social-based routing algorithms [7-9] typically favour nodes with many social ties

Algorithms 2022, 15, x. https://doi.org/10.3390/xxxxx
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as optimal carriers for message transfers-{7—9}. This might end up in heavy traffic load in
the (socially) popular nodes, quickly draining the nodes’ constraint resources, such as
power and storage, and this unbalanced traffic load eventually deteriorates the network’s
delivery performance [10]. In addition, the poor trafficload balancing also results in unfair
delivery success rate among individuals, where messages from popular individuals can
reach the destinations with a high probability, but individuals with few social connections
will experience in low delivery success [11]. This variance of the delivery rate becomes a
deterrent for nodes to participate in the message forwarding. Ultimately, the unfairness
of traffic load makes popular nodes are easy target of attacks [12].

Unbalanced traffic distribution across network nodes leading to traffic congestion in

social networks has been extensively studied in several areas [13-15]. pexad-In [13] b

(data) traffic congestion during crowd disaster was thoroughly discussed. In that crowd
management scenario, mobile devices carried by individuals is used to detect and inform

[ Formatted: Font color: Red

{ Formatted: Font color: Red

to the crowd managers about the crowd density. However, in crowded areas traffic can
increase dramatically within a short period of time, and, in turn, traffic congestion starts
to occur, making the crowd managers fail to handle the crowd. In [14] —fxd-traffic in social
networks was investigated in various applications, ranging from vehicular traffic in urban
environments to data traffic in Internet of Things and human-machine networks. In these
settings, local failures such as traffic congestion in some parts of networks might provoke
a cascade of failures throughout systems. Machine learning approaches were therefore
nominated to address such issues. In [15] jx}-pocket switched networks were proposed to

transfer data between users’ mobile devices. Such opportunistic networks exploit human
mobility to enable a store-carry-forward mechanism to deliver messages from sources to

destinations. In each contact, social-based routing algorithms [7-9] typically select popu-
lar nodes (individuals) as the best relays in the network, resulting in unbalanced traffic
distribution across nodes and traffic congestion in the most central nodes.

Social-based routing algorithms are a class of utility-based routing algorithms. In
such schemes, heuristic methods are used to determine the “quality” (utility) of anode as
arelay. Each node i retains U;(j), a utility function that denotes the likelihood of i deliv-
ering a message to j. The utility function can be based on some different parameters, such
as contact history, mobility model, social relations, etc. Spyropoulos et al. [16] categorized
utility functions into two types: destination-dependent (DD) and destination-independent (DI).
In DD, node utility is dependent of the destination; i.e., node i is an optimal relay for one
destination d;, vet node j is the best one for another d,, or U;(d;) > Uj(d1 ). but U;(d,) <
Uj(dz) _for d, # d,. DD functions could be based on last-contact, social similarity, or cor-
related mobility pattern, with the given destination. However, destination-dependent
(DD) imposes a large overhead on nodes, since the nodes should keep a single entry for
each peer in the network. As opposed to DD, node utility in DI is independent of any
destination, for example, a single node may be the best carrier for most/all destinations in
the network, or in general it holds that U;(d;) > U;(d;)_then U;(d) > U;(d)_for most/all j,
d. Instances of nodes which are better relays for all destinations would be those with many
connections to others (e.g., hub nodes in scale-free networks), nodes with many acquaint-
ances (e.g., popular nodes in social networks), or nodes with high mobility (e.g., cars or
buses in vehicular delay-tolerant networks). Nevertheless, destination-independent (DI)
imposes a higher forwarding overhead on better relays, leading to poorer fairness in both
traffic load distribution and utilization of the nodes” resources.

This paper proposes a framework called Traffic Load Distribution Aware (hereafter,
TraLDA), aiming to improve fairness in forwarding of social-based routing algorithms.
Here, we introduce a novel computation of node (global) popularity in the entire network.
This utility metric is obviously independent of the message destination, and it may con-
tribute to a traffic load imbalance across nodes, as mentioned in [16]. In TraLDA, we con-
sider two different popularities in the calculation of node popularity, namely inherent pop-
ularity and social-relations popularity. Inherent popularity is based solely on the node’s so-

{ Formatted: Font color: Red

{Formatted: Font color: Red
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98 ciability level, and in TraLDA is computed using the Kalman-prediction [17]_ which con-
99 siders the periodicity in human behaviour. The works in [18,19] confirmed that human
00 activities typically exhibit some of periodicity. Consequently, the calculation of node pop-
01 ularity in mobile social networks should consider this property. Social-relations popular-
02 ity, on the other hand, reflects the social benefit of connections with popular nodes, and
03 spreads the popularity of these nodes to their lower ranking acquaintances. Finally, we
04 apply the TraLDA’s node popularity computation on the classical, yet prominent social-
05 based routing algorithms SimBet [20] and BubbleRap [21], and next investigate the per-
06 formance improvements of these routing schemes, particularly in the trade-off between
07 forwarding fairness and efficiency. SimBet and BubbleRap basically combine two differ-
08 ent utility metrics to decide node fitness as relay to a given destination: the one which is
09 dependent of the destination (i.e., similarity and social community in SimBet and Bub-
10 bleRap, respectively), and the other one which is independent of the destination (i.e., be-
11 tweeness centrality and global popularity in SimBet and BubbleRap, respectively). In this
12 case, TraLDA focuses on improving the calculation of global popularity and betweeness
13 centrality in BubbleRap and SimBet, respectively.
14 The following are the main contributions we made in this paper:
15 e Toincrease fairness in forwarding of social-based routing algorithms in mo-
16 bile social networks, we propose TraLDA, a framework of traffic load distri-
17 bution aware. We offer a new method for calculating node global popularity,
18 a function of both node inherent and social-relations popularity.
19 e The inherent popularity of a node is solely determined by the node’s own
20 mobility pattern or sociability level in the network, and in TralLDA is com-
21 puted using the Kalman-prediction which accounts for the regularity (perio-
22 dicity) of human behaviour.
23 e Node social-relation popularity, on the other hand, represents the advantages
24 of connections with more popular or central nodes (individuals). It shares the
25 popularity of more popular nodes to their less popular counterparts.
26 e Finally, we apply TraLDA on the calculation of node global popularity and
27 centrality in BubbleRap and SimBet, respectively, in order to improve the traf-
28 fic load balancing among network nodes. Using extensive simulations in the
29 Opportunistic Network Environment (ONE) [22] driven by realistic human
30 mobility scenarios, we show that TraLDA enhances fairness in forwarding of
31 both schemes, without negatively affecting the overall delivery performances.
32
33 We proceed in this paper as follows. Related literature is given in Section 2, research
34 background is described in Section 3, detailed design strategy of TraLDA is discussed in
35 Section 4, simulation and discussion is presented in Section 5, and lastly conclusion and
36 future work is showed in Section 6.
37
38 2. Related literature
39
140 Fairness is important in many areas of human lives, e.g., sociology, economics and
141 politics, and it is also true in technologies. In computer engineering, distinct computer
142 resources should be shared equally amongst all processes and threads. In computer net-
143 working, all nodes require to attain the bandwidth and quality of service (QoS) equitably.
144 In [23] fairness challenges and issues in wireless networks is thoroughly discussed, and
145 some trade-offs between fairness and performance are reviewed. Mtibaa and Harras [10]
146 studied the trade-offs between fairness and efficiency of social-based routing algorithms
47 in MSNsmobile social networks. They found that excluding popular nodes on the message
48 forwarding significantly degrades the delivery efficiency. We in-[24] also showed that ab-
149 solute traffic load fairness leads to the deterrent of delivery efficiency; yet, high delivery

150 efficiency results in unfairness of traffic load.—
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51 To overcome theis problem, fair routing algorithms have been proposed for MSNs
52 mobile social networks [11,25-27]. Fan et: al. [11] introduced a fair routing strategy based
53 on packet priority to improve fairness in success rate among nodes. Ying et- al. [25] pro-
154 posed FSMF, a fair social aware message forwarding to solve the issues of imbalanced
155 traffic load distribution as well as unfair delivery rate. Pujol et -al. [26] proposed FairRoute
156 that combines social strength and buffer queue length as the routing metrics to fairly dis-
157 tribute the traffic load among nodes. Milena and Grundy [27] presented CafRep, an adap-
158 tive congestion aware forwarding strategy that diverts the traffic from congested nodes
159 (popular nodes) to less congested nodes (unpopular nodes).
60
161 Indeed, fair routing algorithms in distributed, intermittently connected wireless net-
62 works like MSNs-mobile social networks are more complex than those in conventional
63 networks, such as the Internet, since: firsthy(i); negotiation and compromise amongst au-
164 tonomous nodes is more complicated, for example non-cooperative nodes may be reluc-
165 tant to help other nodes in forwarding; and seeendly(ii); due to the lack of knowledge
166 about the global states, routing decisions are made solely based on nodes” local infor-
167 mation. For the fermerfirst issue, the impact of selfish nodes on delivery performance and
168 resource consumption fairness has been investigated in [28]. In addition, to increase fair-
169 ness in forwarding an incentive or a credit was applied on the routing decisions in [25].
70 Finally, Ja-in [29] a game theoretic approach is used to support fair cooperation among
71 nodes in opportunistic networks._-For the latter-second issue, current works of fair rout-
72 ing schemes searcheded for proper nodes’s” locally available information to ensure a bet-
73 ter fairness and efficiency trade-off._ Furthermore, there are two sorts of node local
74 knowledge which are commonly used to improve traffic fairness and reduce congestion:
75 (i) puffer statistics and (ii) gocial measures. For the former case, some algorithms consider {Formatted: Font: Italic
76 node burden, inferred from the node’s buffer queue length, as the forwarding metric to
77 achleve abalanced traffic d1str1but1on For examnle éemea}geﬁthmseeﬂﬂéemedeleﬁr— [ Formatted: Font: Italic
78 W
79 bakaﬂeed—&aﬁﬁe}ead—déstﬂb&ﬁen'—fer—e*am-pl&FOG [10] and GreBurD [30] pnorltlze
180 nodes with higher residual buffer space as suitable relays to distribute load away from
81 the congested nodes;- CafRep [27] defines node retentiveness, calculated as an expected
82 weighted moving average of the node’s remaining storage, as the congestion heuristic to
83 detect storage congestion in popular nodes. For the latter case, on the other hand, re-
84 searchers search for better social network measures for improving fairness in forwarding
85 of social-based routing schemes. For example, FairRoute [26] improves the calculation of
86 pairwise tie strength based on the short-term and long-term relationships; SimBet [20]
87 adds connection strength information to the routing metrics to offload traffic from popu-
88 lar nodes; Socially-Aware Prediction (SAP) [31]_estimates future contacts based on the
89 node (social) similarity, and forwards messages to nodes with a higher similarity with the
90 destinations, thus reducing messages forwarded to globally popular nodes.
91 As opposed to [26] [20] [31] which focus on improving the calculation of destination-
92 dependent (DD) utility metrics, our proposed scheme TraLDA chooses to improve the
93 computation of node popularity in the network, since as noted in [16], this destination-
94 independent (DI) utility metric primarily contribute to the traffic imbalance among nodes
95 in mobile social networks. In social network analysis, Freeman [32] ] -proposed three {Formatted: Font color: Red
96 distinct centrality measures to identify the importance of nodes (individuals) in social net-
97 works, namely degree centrality, betweeness centrality, and closeness centrality. Degree
98 centrality is the number of direct neighbours or friends a node has; betweeness centrality
99 is the number of shortest paths connecting any two nodes that pass through a given node;
400 and closeness centrality is the average distance (proximity) between a node and all other
101 nodes in the network. Freeman'’s centrality metrics have been widely used to detect nodes
402 which are capable of disseminating information in mobile social networks; for example,
203 BubbleRap [21] and SimBet [20] consider degree centrality and betweeness centrality, re-
204 spectively, computed in a distributed, ad-hoc fashion to determine node popularity. In
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BubbleRap, node degree is calculated as the cumulative average of total number of distinct
peers encountered by the node in all previous time windows. In SimBet, node betweeness
centrality is computed based on a binary model of a social relation, i.e., a value of “1”
means two nodes know each other, and “0” otherwise. However, we argue that the node
popularity or centrality calculations in BubbleRap and SimBet do not cope with the dy-
namics of a social network. Furthermore, as confirmed in [18,19] human activity typically
exhibits a regularity (periodicity) pattern. Considering this matter, as our first contribu-
tion in this paper, we propose a novel method to calculate node inherent popularity at a
given time interval based on the Kalman prediction [17]_which takes into account the
node’s periodicity behaviour.

Nevertheless, Freeman’s centrality measures typically disregard the influence of the
neighbours. The authors of [33]-pxRusiNewskal argued that a node’s importance in the

social network should also be determined by the importance of its neighbours. In [34]

[xpage6Deomd, the authors studied a strategy to find persons that are able to spread ad-
vertisements as far as possible in a social network. They showed that a person that receives
highly respects from her friends, her advertisements will be highly probable to spread
over the social network quickly. In addition, Ursino and Virgili [35] —px]-integrated the
concept of social networks and IoT to determine the reputation of IoT objects. They pro-
posed a formula to calculate reputation of an object in a social Internet of Things based on
the well-known Google PageRank. In that technique, the reputation of an object is deter-
mined by the level of trust it obtains from other IoT objects. Almost similar, Cauteruccio
etal. [36]_—p¢lattempted to introduce concepts and behaviours of social networks into the

LT settings. In that work, to measure the reputation of an IoT object, the authors defined

Impact Degree, calculated as the average trust degree that the object receives from the

{ Formatted: Font color: Red
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other objects in its scope (neighbourhood). Meanwhile, from the social network theory.
there exist centrality measures that consider a richer range of direct and indirect influence
of neighbours, such as the Katz’s prestige measure [37]. This centrality metricis developed
based on the premise that a node’s importance in the network is influenced by its neigh-
bours' importance. Thus, this prestige measure considers a node's connectedness to other
nodes as well as its proximity to other important nodes. In this regard, node popularity
calculation in Tral.DA should take into account the influence of more popular neighbours
when determining the popularity of a node. Therefore, as our second contribution in this
paper, we propose a method to calculate node social-relations popularity based on the
Katz’s prestige measure [37]. We perform some modifications on the calculation of this
centrality metric to make it appropriate for distributed, ad hoc environments, such as mo-
bile social networks.
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12 23. Research Background

13 In this section, we discuss the topology structure of MSNs-mobile social networks
314 and the forwarding strategy of social-based routing algorithms. We initially consider an
315 opportunistic network with N nodes as a graph G (V, E), where V and E are the sets of
316 nodes and links, respectively. In this graph, alink between two nodes represents the phys-
317 ical contact between them, and the link weight is defined as the probability of their pair-
318 wise contact. We assume the graph G is connected, that is, between any pair of nodes at
319 least a single path exists. Further, the message dissemination in the graph G under a util-
320 ity-based routing is formulated as a discrete-time Markov chain. Suppose that a message
321 m is transferred hop-by-hop in this graph. Initially, a message m is in state i if it is carried
322 by node i, and when a contact occurs between node i and j and suppose that i transfers
323 the message m to j, then the state of m changes from i to j. Therefore, the forwarding pro-
324 cedure of a message in an opportunistic network can be modelled as a state transition
325 process in a discrete-time Markov chain. Next, we develop a transition probability matrix
326 P, with p;; denotes the probability that the message m is transferred from node i to j, and
327 is expressed as follows

Py =p§ P} (1)

328 where pf; is the probability of encounter between i and j, and pifj is the likelihood that i

29 transfers the message m to j during the contact. Node contact probability in MSNs-mobile

30 social networks is directly related with the human mobility pattern, and in some papers,
331 such as [5,38], it was characterized based on the structural properties of node contacts.
332 Yet, forwarding probability fully depends on the forwarding rules used in message rout-
333 ing. In the following, we analyze the topology characteristics of MSNs-mobile social net-
334 works as well as the forwarding features of social-based routing schemes, and discuss
335 how the combination of them may result in the unfairness in forwarding among network
336 nodes.
337
338

Low
Y
High

339

40 Figure 1. A MSN"s-mobile social network’s structural topology. On the top layer, the social network= Formatted: Justified
41 drives human to move, and this human mobility creates opportunistic contacts in the physical net-

42 work.
343 23.1. Topology structures of MSNsmobile social networks
344 -When analyzing the delivery performance of a routing algorithm, information of net-

45 work topology is typically needed. The movement patterns of nodes in mobile networks;

46 e-g-MANETs-and-OMNSs; have a direct impact on the networks’ topologies. MSNsMobile

47 social networks, in particular, are human-based networks, and node encounters in such
348 networks represent the ways in which people interact. Yoneki et al. [38] and Hossmann et
149 al. [5] studied the topology characteristic of mobile MSNs-social networks using some re-

350 alistic human mobility scenarios. They firstly aggregated the contact data to establish



Algorithms 2022, 15, x FOR PEER REVIEW 8of 27

351 weighted contact graphs, where the link weights express the duration of contact of pairs
:{52 of nodes. These graphs in turn exhibit the characteristics of social networks: (A-a social
353 network is a graph of human relationships formed by one or more types of interdepend-
{54 encies, such as mutual interests, kinship, or friendship). By applying a complex network
355 analysis on the derived graphs, they concluded that the networks have a non-random
356 (heterogeneous) connectivity structure, exhibiting a power-law degree distribution in
357 which some nodes have a relatively large connectivity degree to other nodes, whereas the
358 majority of nodes in the network have few. The large degree nodes (so-called hub nodes)
359 are the most popular (central) nodes in the social graph, and therefore they can act as
360 information brokers which are capable of disseminating messages to all nodes within a
jél relatively short delay. In Fig. 1 we show the structural topology of ar MSNmobile social
62 network: a virtual social network exists on top of ar MSNmobile social network, which is
363 less volatile than the physical network, and this network guides humans to move.
64 Additionally, we conduct an online analysis in the ONE simulator_[22] to investigate
65 the node popularity distribution in zealMSNsmobile social networks. A node in a-self-
66 organizing networks like-such as MSNs-mobile social networks should be able to sense its
367 own popularity throughout the network. Here, node popularity is defined as the number
368 of different nodes contacted in a certain time window. In an aggregated contact graph,
369 this corresponds to node degree (centrality) [21]. In this study, we consider the Reality
370 contact traces [39] as the mobility scenario. In Fig. 2 (left) we show the node degree distri-
371 bution in Reality, where the degree of a node is computed in a 6-hour-time-window basis.
372 It is evident that some nodes have a degree value that is significantly larger than the net-
73 work’s average degree (i.e.,~~2.2). Furthermore, in Fig. 2 (right) we show the node degree
74 distribution in the Reality scenario on a log-log scale. The graphic shows that the node
375 degree distribution follows a power-law distribution, with a low probability of finding
76 nodes with a high degree because most network nodes have alow one. Moreover, Fhe-the
77 authors of [40] established the potential of coupling between MSNs-mobile social net-
378 works and scale-free networks, which have a power-law degree distribution as their main
79 characteristic. Fhusln other words, the degree distribution in real human-based networks
380 differs from the Gaussian_(normal) degree distribution commonly assumed in random

Node degree

Node degree (K

Figure 2. (left) the node degree distribution in the Reality mobility scenario, and (right) when it is
plotted in a log-log scale. The almost linear of the plot of the node degree in the log-log scale verifies
that the node degree is power-law distributed.

81 networks.

82 23.2. Social-based routing algorithms

383 Social-based routing schemes typically define a utility metric for each node when
384 making routing choices. Clearly, a higher utility reflects a higher chance of the node to
385 deliver a message. The method forwards the message to the contacted node with a higher

386 utility in each contact. This best next-hop heuristic forwarding pifj can be described as
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f_{l, U; < U; )
Pij—o’ U; > U )

Nevertheless, the utility-based routing algorithms in MSNs-mobile social networks
have some drawbacks as follows:

Hill-climbing heuristic forwarding is a pure greedy approach that sends the
message to the nodes with the highest utility at each contact (thop). Fan et: al.
[11] used a Markov model to show that under this forwarding technique, the
probability of a message reaching the greatest utility node(s) is one, implying
that messages will always find the highest utility nodes in MSNsmobile social
networks. Furthermore, in the following we show mathematically that the for-
warding heuristic, which is biased towards higher value nodes, guides the
routing algorithm to send the bulk of network traffic through the highest utility
node(s) as follows. We first assume a routing strategy that determines the next-
hop nodes in arandom manner. The message forwarding is therefore a random
walk over the graph G(V, E) mentioned above, with the transition probability
matrix P, where its element p;; is defined in (1). Under this random forward-
ing, p; is equal to the inverse of node i's degree d;, or p;; = 1/d;. In a steady
state traffic flow, the chance to find a message m in node j, which also equals to
J's traffic load, can be computed as the first eigenvector of the distribution ma-
trix 117, with -m;; = p;; . —(Z]- pij)_l. Then, itis easy to see that the eigenvector
for distribution matrices of networks with a non-random (heterogeneous) con-
nectivity distribution like MSNs-mobile social networks will be skewed to-
wards the highly connected nodes (hub nodes) under this random scheme.
FherefereEventually, this confirms the natural traffic load imbalance in the
MSNssocial networks. Further, if the forwarding strategy is not random, but
biased towards connectivity (i.e., favouring nodes with a higher degree), the
probability of hub nodes receiving relay traffic increases and the traffic load
distribution becomes more unbalanced. MereeverFurthermore, using simula-
tion in the Reality mobility scenario [39] we shew-illustrate in Fig. 3 (left) the
node degree vs. node traffic load when the hill-climbing heuristic forwarding
is used-applied on the network (here, node traffic load is defined as the total
relay messages carried by a node). The graphic depicts hew-a few the highest
degree nodes handle a big portion of traffic, yet most of network nodes only
process asmall one. This quickly depletes the hub nodes’ constrained resources
like power and storage. For instance, we show in Fig. 3 (right) the buffer occu-
pancy changes of illustrative hub node and non-hub node in Reality. Clearly,
Fhe-the buffer occupancy in the hub node is regularly saturated, whereas the
buffer queue on the non-hub node is normally low during the experiment.
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424 e In MSNsmobile social networks, node utility can change over time, and a low
425 utility node at the present time could become a good relay in the future. Most
426 conventional utility-based forwarding algorithms, however, often ignores this.
27 Furthermore, the studies in [18,19] showed that node elegree-popularity in hu-
28 man-based networks;-such-asMSNs; varies over time and has a periodic pat-
429 tern. Considering this, when TraLDA calculates node popularity, these features
430 will be taken into account.

. M A
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Buffer occupancy (%)
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Figure 3. (left) node degree vs. node traffic load, and (right) the buffer queue growths of illustra- «
tive hub node and non-hub node, when the hill-climbing heuristic forwarding is apphedused in

the mobile social network-en-the Reality-mobility-seenario. This describes an imbalanced traffic

, Formatted: MDPI_5.1_figure_caption, Indent:
Left: 0.25cm

load among nodes, with the highest degree nodes handling the bulk of network traffic, resulting
in significant buffer occupancy throughout the simulation.

431 34. TraLDA Design
432 In TraLDA, we improve the computation of node (global) popularity in MSNsmobile
433 social networks. To determine a node’s popularity, two popularity metrics are calculated:
434 inherent popularity and social-relations popularity. We hypothesize that inherent popularity
435 is purely determined by the node’s own mobility pattern or sociability level, whereas so-
436 cial-relation popularity is derived as an advantage from relationships with more popular
437 nodes. Finally, TraLDA uses both popularity indicators to choose optimal relays during
438 contacts. In the following, the computations for both measures are described in detailed.

39 34.1. Inherent popularity calculation

40 The inherent popularity of a node is determined by its own sociability degree or ret-

41 werk-movement pattern. In practice, this metric is defined based on a particular metric,
442 such as the total contacts with different nodes in a time interval [21] or the neighbour
443 change rate [38,41]. In the literature, the former is denoted as the node degree in an aggre-
444 gated encounter graph. In TraLDA, we use node degree to quantity a node’s inherent
445 popularity. Moreover, our investigation below shows that node degree in realistie
446 MSNmobile social networks fluctuates significantly over time and exhibits some of peri-
447 odicity. FhereforeThus, itis important to take into account these features when computing
448 calculating node degree at a given time. Finally, we introduce a novel calculation of node
449 degree using the Kalman-prediction [17] which consider the periodicity of human behav-
450 iour.
451 We begin by looking into the node degree change characteristics in MSNs-mobile
452 social networks using real-werld human movement cases. The Reality trace dataset [39]
453 is used in this study because it consists a large number of nodes and spans a lengthy pe-
454 riod of time. Furthermore, an instantaneous node degree is estimated by the number of

455 distinct nodes contacted in a given time window. In the case of Reality, we chose a time
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456 window of 6 hours as the basis for node degree calculation based on a study in [21] that
457 found that individuals’ daily life is typically separated into four main periods of 6 hours
458 each: morning, afternoon, evening, and night (however, for a detailed discussion of the
459 impact of time window scale choices on the node degree calculation, see [42]).

460 We now depict changes in node degree in the Reality scenario; for instance, in Fig. 4
461 (left), we present the node degree variations of an illustrative hub node in Reality. We
462 notice that the node’s degree changes dramatically and rapidly over time. Subsequently,
463 we use a periodogram analysis [43] to find the main periods (frequencies) within the
464 node’s degree data series. We display the discovered periodicities of the hub node’s de-
465 gree in Fig. 4 (right). The figure clearly shows that the degree of the hub node firmly
466 demonstrates a 7-days (weekly) period (moreover, our investigation on all the nodes in
467 Reality finds that majority of the nodes possess a weekly cycle of their popularities as
468 well). Indeed, the Reality dataset logged MIT staff and student activities on campus,
469 which are higher during the weekdays but lower on weekends due to less interactions.
470 Nevertheless, depending on the experimental setting, distinct human encounter datasets

471 may have different periodicities.
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Figure 4. (left) the changes of nede-degree of an illustrative hub node in Reality (measured by node
degree in a 6-hour time window), and (right) the detected periodicities of the node’s degree. This
describes that the node popularity in the mobile social network fluctuates over time and has a weekly

period.

The structural component of the node degree data series in Fig. 4 (left) is then ob-
served using a discrete time series analysis. A discrete time series is a set of observations
¥, logged regularly at a specific time interval. In the traditional decomposition model [44],
Y¢ can be broken down into a trend component, a seasonal (periodic) component with
period d, and a random noise component. We apply a seasonal filter [45] to the supplied
given data series to get estimated periodic data: in Fig. 5 (upper), we present the long-
term seasonal data of the data series;- Finallyfinally, by removing the periodic data from
the original data, deseasonalized data is obtained (shown in Fig. 5 (lower)), —deseasenal-

Original data
Long-term seasonal data.

Node degree

Node degree
&

: : : L L
100 200 300 400 500 600 700 800
Time window (6-hour-based)

Figure 5. (upper) long-term seasonal data, and (lower) deseasonalized data of the hub node’
degree in Fig. 4. These figures show that node popularity in mobile social networks typically

comprises a periodic (seasonal) component along with a random noise component.

original-data,—consisting-consisting of a random noise element and a less obvious trend

element.

Based on the previous analysis, we now use the Kalman-filter theory [17] to develop
an estimation model of the time series data to compute a node’s inherent popularity in a
time interval. The Kalman filter is widely used in control system design to estimate un-
measured process conditions. It can calculate the best estimates of the current states of a
dynamic system defined in a state vector. The state is updated based on periodic observa-
tions of the system. We use a typical state space model [46] to express the problem in our
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model. Furthermore, we only investigate the case when a seasonal component dominates
the time series (see [47] for the discussion of Kalman-prediction for a complete model).
The state space model is constituted by two scalar equations, namely the observation equa-
tion and the state equation. For our model with (only) a seasonal component, the observa-
tion equation is given as follows

Ve=S+W, , t=12,.. 3)

where S, is a state variable and W, is an additive white noise with zero mean and vari-
ance o2 (W, = WN(0,02)). Furthermore, when we consider S, representing a seasonal
component with a period d such that S,,4 =S, and Y%, S, = 0, it is therefore possible to
determine S;,; as

Ste1 = =St = St-1 -~ St—as2 (4)

For a more general expression of S, allowing random deviations to exist in the periodic-
ity, a white noise term V, (V, = WN(0,02)) is added in the right hand side of (4). After-
wards, regarding only the seasonal effect on the series, in order to obtain the state equation
for our model, we introduce (d — 1) dimensional state vector X, defined as

Xe=[S Seei o Seas” (5)
and the series S; is determined as
Ss=[1 0 0 0 .. 0]X, 6)

For the purpose of the derivation of Kalman-prediction, the observation equation in (3) is
now rewritten in a general form as follows

Y, = GX.+W, )

with G, =[1 0 0 0 .. 0], and X, satisfies the state equation

X1 = FX +V, ®)
-1 -1 -1 -1
1 0 0 0
with V,=[¢Z 0 0 .. 0]",and F, = 0 1 0 0
l 0 0 1 0 J

Given the observation equation in (7) and the state equation in (8), the recursive equations
of Kalman-filter for the estimation of the values of the series are defined as follows. Con-
sidering the initial settings as

X, = P((XlYy) )

0= E((X, _21)()(1 _21)T (10)

the Kalman recursive equations are then given as

Xt+1 = F[i(t + 0,471 (Y, — Gtir) (11)
04y = FOF +Q - 0.4776f (12)
[ ] . 0
_ T — T _10 o} . 0 _ 2
where A, = G.Q,Gf +R, , 0, =FQG , Q =|" v 7| and R =o05.
0 0 0 o?
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14
415 As an example of node popularity estimation using the Kalman-prediction, we show in
16 Fig. 7 the Kalman estimates of the hub node’s degree compared with the actual values of
417 the node degree in the Reality mobility scenario (for the detail implementation of the Kal-
18 man-prediction on the node degree calculation in the ONE simulator, please refer to
319 https://github.com/soelistijanto/TraLD A/routing/community/KalmanDegree.java).
20 34.2. Social-relations popularity calculation
21 An individual can gain (social) benefits from relationships with his/her more central
522 or popular acquaintances in a social network. Depending on the substance of the relations,
523 measures of node centrality can be classified as undirected (symmetric) relations, such as
524 friendship and kinship, or directed (asymmetric) relations, such as choice and influence.
525 Moreover, in directed graphs centrality is known as “prestige” [48], where the direction of
526 the interaction is a key attribute for this metric. For instance, individuals who are picked
527 as friends by many others have a special status — prestige in the group. In the literature,
528 there exist metrics of prestige which consider both direct and indirect social influences.
529 For instance, the centrality measures in [37,49] are based on the assumption that the im-
530 portance of a node in the network is determined by the importance of its neighbours.
531 Thus, these metrics take into account both a node's connectivity to other nodes and its
532 proximity to other important nodes.
533 We now mention one of the widely used centrality measures, the Katz’s prestige
534 measure [37]. This defines the prestige of node i in the graph G, denoted by Cxq:, (i), as
535 the sum of the prestige of all i's neighbours divided by their degrees. Node i therefore
536 gains its prestige from having a neighbour j with higher prestige. This i's prestige is how-
537 ever corrected by the number of neighbours of j, so if j has more relations, then i gains less
538 prestige from friendship with j. This adjustment might be thought of correcting for i’s time
539 spent with or relative access to j. As a result, node i's Katz centrality in the graph G is
540 determined as follows:
Can® = gy Feed) 13)
Jj#i dj
541 where g;; =1 if there is a relation between i and j, or “0” otherwise, and d; is the degree
542 of j representing the number of j's neighbours.
543 Inspired by the Katz’s centrality measure, we introduce social-relations popularity,
544 the node’s popularity derived from relationships with more popular nodes. This distrib-
545 utes the popularity of more (socially) important nodes to their less important neighbours,
546 and thus takes neighbours’ popularity into account when calculating a node’s popularity.
47 We employ (13) to compute a node’s social-relations popularity in a given time intervat
48 window as follows. To begin, we suppose that social influence occurs in only one direc-
549 tion, with nodes with lower popularity can only receive social benefits from their more
550 popular neighbours; for instance, from (13) we can deduce influence from j towards i,
551 denoted by g;; =1, exists when Cyq,(j) > Cae, () or “0” otherwise, and therefore
552 g, % g, - Second, we assume that the popularity of a more important node is shared by
553 its less important neighbours and is weighted by the strength of their interactions with
554 the given node. As a result, the higher (social) level node gives more effect on the closer
555 neighbours. Finally, the social-relations popularity of node i in time window ¢ is defined
556 as follows
Phe)= ) s Bl () (14)
J730) keF(j) 9k - Wik
557 where g, denotes the presence of a (social) influence of j towards i : g, =1 for

558 Isgtm,,al(]') > Pgtlobal(i), or =0 otherwise, F(i) represents the set of i’s friends, wj; is the
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559 connection strength of i and j, and PJ},p4;(j) is the cumulative mean of global popularity
560 in time window ¢ calculated as follows
t-1

Phona ) = )" Phonaali) /(6= 1) (15)
E|61 where Pj;0,4,(j) is the instantaneous global popularity of j in time window t computed [Formatted: Font: Italic
562 using (16) below. ~ -
563 To give an example of the calculation of node social-relations popularity, we con- {Formatted: Font: Italic
564 sider a simple neighbourhood of node A in Fig. 6, comprising 4 neighbours with different
565 levels of global popularity at a time ¢. Between a pair of nodes A and B, a black line indi-
566 cates the social connection between them, with w,p represents their connection strength
567 (e.g., measured in total contact duration (seconds)). A red dotted vector, on the other hand,
568 denotes the influence of node B to A: gz =1if Pliopai(B) > Pligpai(A), and =0 otherwise.
569 Finally, the social-relations popularity of node A at time t is calculated as:
570

Gsa - Wga -P, B Jca - Wea -PE C)  Jpa - Wpa -P D

571 PL(4) = gB;A) BA - LTglobal (B) + Yca ca -Fglobal ©) " Ipa pA -Fglobal (D)

= — — — —
9sa - Wea t+ Gpc - W_BtC 9ca - Weat 9ce - Weg 9pa - Wpa + 9pe - Wpe
gea - Wea -Pgiopar (E)

572 L glob
9ea - Weat 9ep - Wep

573

- pt () L:-2000.7 _ 1.800.10 0.3000.3  1.2500.8

! 0¢¥¥ 71 .2000+0 .1200 ' 1 .800+1 .1200 ' 0 3000 +0 .700 * 1 .2500 +1 .700

75

376 PL(A) =7 +4+0+625=1725

Node B
Node C Pglobal= 7

Pglobal= 10

Node A
Pglobal= 4

Wio=30005_7
o~ Wae= 2500 s
oy “\
(s *
-

Node D -

Paiobai=3 7" | NodeE

Pglobal= 8

Figure 6. A neighbourhood of node A, comprising 4 neighbeur-nodes which ean-gives social
influences to node A. Social influences (red dotted vectors) to node A {red-dottedvectorsy-exist Formatted: Font: Italic

when the global popularity of the neighbours is higher than A’s.

77

578

479 34.3. TraLDA distributed algorithm

580 In TraLDA, we combine a node’s inherent popularity and social-relations popularity
581 to assess its global popularity. The instantaneous global popularity of node i in time win-
582 dow t, denoted by Py,pq (), is represented by

Pgiopat@® = Py D + & . Pioc(®) (16)
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583 where Pf,,. (1) and PY (i) are node i’s inherent and social-relations popularity, respec-
584 tively, in time window £, and ¢ is a social influence factor which controls the impact of
585 neighbours’ influences on the overall i’s popularity and is defined between 0 < ¢ < 1.
86 When ¢ = 0, neighbours’ influences disappear and the node’@ global popularity is solely
87 dependent of the—nede’its own behaviour. The metric Pgipq (1) is further used by
588 TraLDA to select optimal relays during node contacts.
589 We now discuss how TraLDA is implemented in a distributed environment. In self-
E|90 organizing networks like MSNsmobile social networks, a node should be able to perceive
591 its immediate neighbours autonomously. In TraLDA, we use the terminology “familiar
592 set” in [50] to refer to a node’s group of friends (direct neighbours) (hereafter, called a
593 friendship set F). Every node stores a map of the contacted nodes together with their total
594 encounter times. When the pairwise total contact time surpasses a given friendship thresh-
595 old F;, the contacted node is added in the given node’s friendship set. This implies that
596 the two nodes now have a link, and in turn, we apply a direction and a weight on this
597 connection to indicate the direction of social impact and the strength of the tie between
598 them, respectively. Finally, in Algorithm 1 we describe how to calculate node popularity
E|99 in MSNs-mobile social networks using the TraLDA distributed algorithm. When a contact
600 occurs in time window t and the contacted node is in the current node’s friendship set,
601 the two nodes exchange two items of data to compute their social-relations popularities:
602 Pliobai(-) the mean of global popularity in time window t — 1, and tsjoyer(-) the total
603 strength of connections to the less popular neighbours. The latter is computed as
604 Yker() 9k - Wik, where kis the direct neighbours of j, wy, is the connection strength of
605 jand k, and gy, is the existence of influence of j towards k. The current node modifies its
606 social-relation popularity and then recalculates both its instantaneous global popularity
607 and cumulative average global popularity based on this peer’s data. When the contact
608 ends, if the contacted node is not in the friendship set yet, then the current node updates
609 a map (peer,ts(peer)). Finally, the peer will be added to the friendship set when
10 ts(peer) exceeds the threshold F,.(The implementation of the TraLDA distributed algo-
11 rithm in the ONE simulator is available online at
12 https://github.com/soelistijanto/TraLDA).
613
614

Algorithm 1. TraLDA node global popularity calculation (i)

require: Pc(i) <0, Pgopa (@) < 0
while i encounters j in time window t do
[*update current node’s global popularity based on the peer’s information*/

if j € F(i) then

send Pg vobar (D), tSiower (1))
receive globul(]) tSower ()
calculate PL, (i) (14)
calculate Pf,, (i) 9)-(12)
calculate Pfjopq; (i) (16)
calculate Pjyypq (D) (15)

end if

/* exchange instantaneous node global popularity */

send Pliopar(D)

receive Py (j)

/*when the contact ends*/
if j ¢ F(i) then
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update map (j, ts(j))
if ts(j)> F,, then F(i) «j

end if
end if
end while

15 45. Simulation and Discussion

16 45.1. Simulation setup
617 The scenarios of simulations and evaluation metrics considered in the TraLDA's in-

18 vestigation are now discussed. We implement TraLDA and the algorithm benchmarks en

19 in the Opportunistic Network Environment (ONE) simulator [22]. For the simulations, we
620 vary the total number of nodes and simulation time dependent of the mobility scenarios.
621 A warm-up phase of 30% of the simulation duration is used to enable nodes to gather
622 information about the network’s states. We set the node buffer to 20 MB, while the mes-
623 sage size and its TTL are set to 10kB and 7 days, respectively. A new message is generated
624 at arate of 12 messages per hour at a random node, and is directed to a randomly selected
625 destination. For each algorithm, the simulations are run five times with distinct random
626 number seeds.
627 For mobility scenarios, we use two realistic, long period of human encounter da-
628 tasets, Reality [39] and Sassy [51]. In Reality, 100 mobile phones were carried by MIT staffs
629 and students during nine months. The phones were running software that performed
630 Bluetooth device discovery every 5 minutes, logging contacts with nearby Bluetooth-ena-
631 bled devices. The dataset gathered device contacts in the campus over the given period.
632 The traces were acquired in Sassy, however, utilizing TMote invent devices carried by
633 academics of University of St. Andrews. The invent devices were designed to broadcast
634 beacons every 6.67 seconds to detect other devices within a 10-meter radius. The experi-
635 ment was conducted for 74 days, where they were asked to bring the devices at all times,
636 whether in or out the town.
637 For performance evaluation, we utilize the following evaluation metrics:
638 1. Delivery ratio: the ratio of the number of messages delivered to the number of new
639 messages created.
640 2. Delivery latency: the time it takes for a message to be created and forwarded to the
641 intended recipient.
642 3. Message overhead ratio: the fraction between total overhead messages and total de-
643 livered messages. The total overhead messages is computed as the number of for-
644 warded messages minus the number of messages successfully delivered
645 4. GINI index: this statistical dispersion measure [52] computes the disparity between
646 values of a frequency distribution. Here, the GINI index is used to quantify the fair-
647 ness level of trafficload distribution in the network: a value of “0” indicates that traf-
648 fic is divided equally among network nodes, while a value of “1” indicates that all

49 network traffic is processed by a single node.

50 + “ Formatted: Indent: Left: 5.35 cm, No bullets or

numbering

51 45.2. Simulation results and discussions
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452 We now present the simulation results and discussions of the delivery performances
653 of conventional BubbleRap [21] (hereafter, called BubbleRap) and conventional SimBet [20]
654 (hereafter, called SimBet) compared with their improved versions within the TraLDA
655 framework (hereafter, called Bubble-TLDA and SimBet-TLDA, respectively) in the given
656 mobility scenarios, Reality and Sassy.

Node degree

i

4 ,
o 20 40 60 80 00 120 140 160 180 200
“Time window (24-hour-based)

Figure 67. Node degree values of an illustrative Reality hub node in a certain time window, com-
paring the actual value, the Kalman prediction, and the C-Window estimate. Kalman-prediction
clearly outperforms C-Window when estimating the actual node’s degree level in each time win-
dow, and it captures the periodic pattern of the node degree quite well.

57 45.2.1. BubbleRap vs. Bubble-TLDA
658 BubbleRap bases its routing on both node global popularity and the community to
659 which the destination belongs to. When either the current node or the encountered node
60 is in the destination’s community, routing eheiees-decisions are performed based on local
61 popularity, which is the popularity of a-the node within a-giventhe given community;
662 otherwise, global popularity is considered. In BubbleRap, the C-Window method is used
463 to compute node global popularity. This method calculates a node’s degree value in the
464 current time wmdow bV simply taklng the average of all the node’s degree Values in Drlor
465 time windows. -w M M :
66 dews-TraLDA, on the other hand estimates node inherent popularlty in a time wmdow
467 (also measured in node degree) based on the Kalman-prediction; which considers the reg-
68 wlarity-periodicity of human aetivityactivities. For a performance comparison between
469 two schemes, As-an-illustration-in Fig. 67 we show the time series of an illustrative hub
70 node’s degree values in Reality. In every-each single-time window, the node’s degree
671 value is determined based on real measurement (y;), C-Window (¥,), and Kalman-predic-
672 tion (§;) (we show these values in a daily basis to make them easily observed). For Kal-
673 man-prediction, we assume (from Section 3.1) that the seasonality S; is known with the
474 period of 7 days. Fig. 6-7 shows that Kalman-prediction captures fluctuations in the node
675 degree values, and thus delivers more accurate estimations of the instantaneous node’s
676 popularity compared to BubbleRap’s C-Window. C-Window reacts slowly to variations
677 in node popularity and ignores the regularity of human activity.
678 We next discuss the delivery performance of BubbleRap compared with that of Bub-
679 ble-TLDA in the Reality and Sassy scenarios based on the given evaluation metrics. As we
680 noted above, BubbleRap considers node global popularity and the community of the des-
81 tination belongs to when making forwarding decisions. To determine the community of a
82 node, Eor-thelatter-ease~we exploit the k-clique community detection in [50]-te-determine
83 the-community-of-agivennede.. For the parameters of the k-clique scheme used by both
84 BubbleRap and Bubble-TLDA, ferReality-we choose k=5 and familiar threshold T,,=250k

85 seconds_for Reality, and for Sassy k=3 and T, =3k seconds. Moreover, Eer—for the
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486 TraLDA’s parameters in Bubble-TLDA, we use two different-distinct values of friendship
687 thresholds for each mobility scenario: F,,=150k seconds and 300k seconds for Reality, and
88 F=2k seconds and 3k seconds for Sassy. In addition, for both mobility scenarios, we use
89 a social impact factor (§) of 0.8, which determines the weight of neighbours’ influences on
90 the overall node’s popularity.
91 As previously mentioned in the node social-relations popularity (Section 4.2), stated;
92 the neighbourhood of a node is defined in terms of a friendship set, with the-peeranother
93 node being involved in the node’s friendship set if their pairwise total encounter time
94 surpasses a given friendship threshold (F;;). Indeed, this threshold is critical for TraLDA’s
95 performance as it dictates the size of afriendship-set-ef-a-givena node’s friendship set
96 which in turn impacts the-the node’s retwerk—wide-social influence in its neighbourhood.
497 For instance, we-show-in Table-1 we show the comparison of -the friendship sets of hub
498 node and non-hub node in the Reality scenario efReality-hub-nede-andnen-hubnedefor
499 different-various values of friendship threshold (F;) (in seconds). In the ease-ef-hub node,
700 we notice that increasing the friendship threshold F,, makes deereases-the rode’sfriend-
701 ship set shrinking (Table-1(a)). This alse-implies that as F;, increases, the spread of social
702 influences of the hub node to its neighbours diminishes. Since a hub node, in general, is
fo3 more-the most active node in the network, it consequently has weaker ties with its neigh-
704 bours. Furthermore, Granovetter [53] underlined the relevance of weak relationships in
705 information dissemination in social networks. A non-hub node, on the other hand, has
06 stronger relationships to its friends<{direct neighbours), and as indicated in Table-1(b) the
07 friendship threshold (F;y) in this case has a small influence on the node’s friendship set
08 size.
09 Table 1. The friendship sets of Reality’s-hub node and non-hub node_in Reality for different values
10 of Fip.
(a) Node 80 (hub node) (b) Node 3 (non-hub node)
F (5) Friendship Set (node ID) Fu () Friendship Set (node ID)
150k [5,7,13, 15, 17, 20, 22, 32, 82, 84, 85, 95] 150k [45, 63, 82, 95, 96]
200k [5,7,13,17, 20, 22, 32, 82, 84, 95] 200k [45, 63, 82, 95, 96]
250k [5,7,13,17, 20, 22, 82, 84, 95] 250k [45, 63, 82, 95, 96]

300k [5, 13,17, 22, 82, 84, 95] 300k  [45, 63, 82, 95, 96]
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Figure 89. Performance evaluation of BubbleRap and Bubble-TLDA (§=0.8) for the Sassy
mobility scenario. In this case, Bubble-TLDA slightly improves the traffic distribution (in- -
dicated by a reduced GINI index), while keeping other delivery performances as high as
those of BubbleRap

Finally, we depict the delivery performances of BubbleRap and Bubble-TLDA in Re-
ality and Sassy in Figs. 7-8 and 89, respectively, based on the four performance metrics
mentioned before. For Bubble-TLDA, we consider two distinct friendship thresholds for
each scenario: for Reality F,,=150ks and 300ks, but-and for Sassy F,,=2ks and 3ks. Since
the primary purpose of TraLDA is to enhance fairness in forwarding across network
nodes, we notice in these figures that this is achieved: Bubble-TLDA can improve the traf-
fic distribution fairness in both scenarios, indicated by the reduced of GINI index. The
improved traffic fairness of Bubble-TLDA has a little impact on the delivery rate, i.e. Bub-
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Figure 910. (left ) the traffic load distribution among nodes in Reality for BubbleRap, and (right) for
Bubble-TLDA (§=0.8, F,;,=150ks). Clearly, the improved node popularity calculation of TraLDA

on BubbleRap significantly reduces the traffic load in the hub nodes, while increasing the relay

traffic in majority of non-hub nodes.
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ble-TLDA keeps the delivery success rate as high as that of BubbleRap. In addition, Bub-

ble-TLDA with a lower friendship threshold (F;,) can give a more significant impact on

reducing the GINI index. As mentioned in Table-1, the lower friendship threshold (F;;)

means the wider influences of hub nodes on their neighbourhoods, resulting in more non-
hub nodes can increases their Dopularltv and, in turn mav become better relavs For ex-

show the dlstrlbutlon of trafflc Ioad among nodes in Reahty for BubbleRap and Bubble-
TLDA (¢=0.8, F;,=150ks). Bubble-TLDA is clearly capable of significantly reducing the re-
lay traffic managed by the most popular nodes_(hub nodes), while, on the other hand,

simultaneously increasing the total relay traffic handled-byon mest-alarge number of non-

hub nodes, and thereby 1mprov1ng trafflc
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Figure 1011. (left) social impact factor (§) vs. GINI index, and (right) social impact factor (§) vs.

delivery latency of Bubble-TLDA for Reality (F;,=150ks) and Sassy (F.;,=2ks). A social impact factor

represents the contribution of neigbours’ influence on the node popularity. A higher ¢ leads to a

lower GINI index, but somewhat increases the delivery delay.

The large-reduction in load in the most popular nodes_in the case of Bubble-TLDA
on the other hand, has-anegativenegatively influenee-impacts on the delivery latency. In
both seenariosReality and Sassy, as illustrated in Fig. 7-8 and 8-9 (upper-right), Bubble-
TLDA increases delivery time beyond that of BubbleRap. Reducing traffic on the hub
nodes implies that most of the network traffic is diverted away from the shortest-paths

through these nodes, and now traverses on the suboptimal-paths via non-hub nodes

which typically longer than the shortest-paths, resulting in a longer delivery time.-

ble-TLDA’ performance, particularly delivery latency and GINIindex.

Subsequently, we deseribe-investigate the effect of a social impact factor (§) on Bub-

In TraLDA, asocial

impact factor (¢) determines the weight of neighbours” influences on the node’s global
popularity. From (16), when the social impact factor (§) decreases, the effect of neighbours”

importance on the node’s popularity weakens, and thus the node’s popularity merely re-

lies on its own mobility pattern or sociability level in the social network. -In Fig 4011, we
depict the impact of varying social impact factor () on the GINI index and average deliv-
ery latency in Reahty and Sassy —Frem—é}é-)—wheﬂ—é—éeereases—ﬁ%e—eﬁeet—of—see}al—rela-

As illustrated in Flg l—@-ll (left), when the soc1al 1mpact factor (§)
increases, the GINI index in both scenarios decreases, with the reduction is more obvious

in Reality. This demonstrated that considering neighbours” popularity influences on the
node’s global popularity computation indeed improves fairness in forwarding of Bub-

bleRap. However, increasing the social impact factor (§) lengthens Fhis-demonstrates-that
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i the delivery delay-time in both scenarios. The greater the value of the social
impact factor (§), the more traffic is redirected from optimal paths (via hub nodes) to sub-
optimal paths (through non-hub nodes), which are often longer than the shortest routes
(via hub nodes) to the destination. Finally, for the case of message overhead ratio, Bubble-
TLDA marginally rises BubbleRap’s delivery cost in both mobility scenarios (Fig. 7 and 8
(lower-right))._ This implies that reducing traffic in hub nodes, while increasing traffic in
non-hub nodes gives a less impact on the delivery overhead, i.e., Bubble-TLDA is able to
maintains the total message copies as high as BubbleRap.

45.2.2. SimBet vs. SimBet-TLDA

For the last TraLDA’s analysis, we now consider SimBet routing [20]. SimBet uses
two distinct social properties, namely betweeness centrality and social similarity, to cal-
culate node utility to a given destination. Both the SimBet’s utility metrics are calculated
based on a binary model of a social connection, where a value of “1” denotes that a pair
of nodes have known each other, and “0” otherwise. The binary social relationships may
create a substantial issue in forwarding fairness, since a node having large contacts with
other nodes will always be considered as the popular nodes regardless of time. Using the
graph with binary links, -Fe-quantify-node-centrality-SimBet computes node betweeness
centrality based_-on an ego-centric network approach, since the global network topology
information is eommenty-unavailable for nodes in MSNs. Node social similarity, on the
other hand, is calculated as the number of common encountered nodes between a pair of
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Figure 1112. Performance evaluation of SimBet and SimBet-TLDA (¢=0.8) for the Reality
mobility scenario. As in the case of BubbleRap, in this case TraLDA is also able to substantially

reduce the SimBet’s GINI index, without much affecting other delivery performances.
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nodes. In the end, A-thenode’s SimBet utility of a node is computed as the weighted com-
bination of betweeness centrality and similarity, with a parameter a that-which balances
the two metrlcs respectlve relevance. FurthermoreHowever, for SimBet-TLDA;-the Sim-
, we modify the calculation of node betweeness
of SimBet with the calculation of node global popularity of TraLDA using (16). Fi-
nallyEventually, in Figs. 11 and 12 we depict the delivery performances of SimBet and
SimBet-TLDA for Reality and Sassy, respectively. For TraLDA's social-relations parame-
ters, namely friendship threshold (F;) and social impact factor (£), we again consider the
similar settings used in the previous investigation of Bubble-TLDA. Moreover, for both
SimBet and SimBet-TLDA we choose a SimBet’s-weighting parameter « =0.5, assigning an
equal importance to the global popularity and social similarity utilities in both Reality and
Sassy.
The major purpose of SimBet-TLDA is to enhance traffic load balancing across net-
work nodes, and as seen in Figs. 3312 and 42-13 (lower-left) the GINI index performance
of SimBet-TLDA can outperform that of SimBet. As previously stated, using binary rela-

tionships to calculate node centrality makes a node’s utility relatively constant over time
ignoring the dynamics of human behaviour. As a result, majority of network traffic is di-
rected to the most central nodes (hub nodes), creating a traffic imbalance in the network.
A node’s centrality in SimBet-TLDA, however, is determined by considering both the pe-
riodicity of human activities as well as the centrality of the neighbours of the nodes. This
can reduce the traffic in the most central nodes and distributes the traffic more equitably
across the network nodes, indicated by the reduce of GINI index in both mobility scenar-
ios. Furthermore, The GINI index reduction in SimBet-TLDA is more obvious in the case
of alower friendship thresholds (Fy;). As described in Table. 1, a lower friendship thresh-
old results in Fhisisbeeause-with-atewer—F-the influence of more pepular-central nodes
are wider in their neighbourhood, and eensequently-hence, many more less -pepularcen-
tral neighbour reighbeursnodes can increase their popularity and say-afterwards can
become a-good eandidaterelaysnew. Moreover, the reduce of GINI index FhisGHNHnadex
reduetion,—meoreover—slightly impacts on the delivery ratio, and SimBet-TLDA delivers
the-messages to the destinations with a success rate as high as that of SimBet. However,
as in Bubble-TLDA, the GINI index deereasereduction in SimBet-TLDA alse-increases the
delivery time in both mobility cases. The explanation of this is similar to that given in the
Bubble-TLDA before, as follows: when SimBet-TLDA successfully reduces the GINI in-
dex, some of traffic is diverted away from the shortest-paths (through hub nodes) on to
the sub-optimal paths (via non-hub nodes); in turn, increasing the average delivery time.
Finally, in terms of message-delivery costeverheadratio performance, SimBet-TLDA per-
forms as well as SimBet in both scenarios, i.e., SimBet-TLDA creates (redundant) message
copies as many as SimBet in the network.
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Figure 1213. Performance evaluation of SimBet and SimBet-TLDA (£=0.8) for the Sassy mobility

scenario. Similar with the case in Reality, here SimBet-TLDA also improves the traffic fairness

in_the network (indicated by the reduced GINI index), while keeping other delive:

performances as high as those of SimBet.

56. Conclusion

We presented TraLDA, a distributed framework aimed primarily at improving fair-
ness in forwarding among MSN-nodes in mobile social networks. In TraLDA, we intro-
duce a novel calculation of node popularity, a function of inherent and social-relations
popularity. We have demonstrated that TraLDA achieves this fairness, reducing the GINI
index of BubbleRap and SimBet, but at the expense of an slightly increase of delivery delay
of these routing schemes. Given that MSNs-mobile social networks are assumed to be de-
lay-tolerant, the increased delivery latency is a reasonable trade-off given the enhanced
network traffic fairness and lower resource use in the most popular nodes.

For future work, we believe that TraLDA can be incorporated with buffer congestion
control to further improve traffic load balancing across network nodes and simultane-
ously avoid congestion mainly in the most popular nodes.
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