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• Mailing Address: PL 35, 40014 Jyväskylän yliopisto, Jyvaskyla, Finland

• Phone: +358408054835

Period of Performance: 03/15/2017 – 03/14/2020

Abstract

The goal of the present research is to study viral information spread occurring
in social media sites. This phenomenon is referred to as information cascades.
In this research we investigated properties of massive network of users of a social
media site VK.com, studied networks of adviser-advisee relationships in mathe-
matics, networks formed by word2vec word embeddings, and networks of causal
relationships in the U.S. stock market. We studied how deep neural networks can
be applied for prediction of cascades in social media sites VK.com and Weibo,
developed multitask machine learning methods for native language identifica-
tion, and applied transfer learning for novel recommender system algorithms.
Further, we investigated how difference of convex functions (DC) programming
may be used for solving network optimization problems. This project resulted
in five published papers in peer-reviewed journals, five peer-reviewed conference
proceedings, and three submitted papers. Also, the grant supported multiple
research visits and collaborations.

Introduction

Social media sites play very important role in information dissemination. Nowa-
days, largest social media sites have more than 2B monthly active users. Users
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of social media sites and connections between them may be represented as a
graph, where users are the nodes of the graph, and connections between users
are the edges of the graph. Social media sites allow to its users to post in-
formation on their feeds, and their peers are able to see this information and
repost it to their own pages. As a result, messages are spread over social network
graph. Understanding how the information propagates is essential for successful
applications in viral marketing and cyber security in social media networks.

The ultimate goal of the present research is to study information spread
occurring in social media sites. In order to understand characteristics of this
spread, it is important to a) conduct descriptive study of the social network
graphs, as the medium for spreading the information, and b) investigate the
cascades occurring at social media sites.

In order to understand properties of information propagation, it is important
to analyze data from real social media sites. One specific aim of this work was
to perform investigation of the social network from the site VK.com, which at
this moment has around 70M monthly active users, and is the largest social
media site at “Post-Soviet” space. Before this work, there were no studies that
analyze the entire VK social network from a global perspective.

Another aim is to investigate cascades at VK.com; specifically, to find,
whether reposting behavior can be predicted. Next, the goal was to investi-
gate engagement of users at social media sites, and analyze whether network
effects play a role in growth of social media sites.

Social media sites allow users to add and remove peers from their friendship
circles. Thus, topology of social network graph changes based on users’ decisions
to add or remove “friends”. Also, in reality each user has an array of different
interests: two users may be in agreement on the appeal of certain topics, while at
the same time disagreeing on others. For instance, if two users support the same
football team, but discover they do not like each other’s posts about politics,
should they stay friends a social media site? If they decide to unfollow each
other, they still may keep receiving unwanted information through their other
followees. In such cases it is important to find such a network configuration that
would result in the best utility for all users combined. This can be formulated
as an optimization problem. However, as many other network optimization
problems, it has vast solution space, and it is important to develop efficient
heuristics for solving network optimization problems.

Social media sites contain a lot of user generated content, and large portion
of this content is in the textual form. Because of that, effective methodologies
for text data analysis are very important for analyzing information propagation.
Another aim of this study was to find, whether native language of the person
can be identified by her text written in English, and whether multitask machine
learning would be efficient for this problem. Results of this study could poten-
tially contribute to such areas of research as authorship profiling, authorship
attribution, and authorship identification; methodologies from these fields can
be applied to social media analysis; for example, authorship identification may
be employed to understand, whether multiple user accounts participating in in-
formation exchange are controlled by one person. Later, these user accounts
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may be combined into one entity using data integration methods.

Experiments and Theory

There are many social media sites, the largest of which have billions of monthly
active users. For example, Facebook had around 2.3B monthly active users,
and Twitter had 330M monthly active users. The largest social media site
at Post-Soviet space is called VK.com, in 2019 it had around 70M monthly
active users. VK.com provides convenient API interface for extraction of their
data, we used data collected from VK.com for analyzing graphs and information
propagation principles. In the project we modelled social networks as graphs,
and studied properties of these graphs, and properties of cascades spreading
over these graphs. Also, we studied how machine learning methods may be
used for analysis of information spread.

Social Network Analysis

Social network of users of a social media site may be modeled as a graph G =
(V,E) with a set of n vertices nodes V = {1, ..., n} and a set of m edges E ⊂
V × V , |V | = n and |E| = m.

If (i, j) ∈ E, then vertices i, and j are called adjacent. If every of two
vertices are adjacent, the graph is called complete. Neighborhood N (v) of a
vertex v is a set of all nodes v′ adjacent to v, i.e. v′ ∈ N (v) for all (v, v′) ∈ E.
Then, the degree of v, deg(V ) = |N (v)|. Path Pij between vertices i and j is
a set of vertices {v0, ..., vd} ⊆ V such that v0 = i, vd = j, and (vk, vk+1) ∈ E,
∀k = 0, ..., d− 1. Such path is called a path of length d− 1. Two vertices i and
j are connected, if there is a path between them. Graph G is connected, if all of
its vertices are pairwise connected, and disconnected otherwise. Shortest path
between vertices i and j is the path containing of least number of edges among
all paths between i and j. The length of the shortest path between i and j in
G is referred to as the distance between i and j in G and is denoted by d(i, j).
The largest distance between any two vertices in G is referred to as the graph
diameter.

Betweenness centrality CB(v) of v is the fraction of shortest paths connecting

any two other vertices i and j that pass through v, CB(v) =
∑
i,j∈V

σij(v)
σij

, where

σij is total number of shortest paths, and σij(v) is the number of shortest paths
that pass through vertex v.

Machine Learning Approaches for Social Media Analysis

Consider a dataset Dt = {(xi, yi)}ni=1, where xi ∈ X is the ith observed variable,
and yi ∈ Y is the corresponding ith label. In machine learning tasks, performed
in this project, the goal was to to learn a function ŷj = f(xj , θ), where ŷj
is predicted class, and θ is a vector of parameters. In order to find vector of
optimal parameters θ, we need to minimize loss function L(y, ŷ) between actual
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and predicted classes. In our research for prediction of cascades, we designed a
neural network to solve binary classification problem; observed variables xi were
represented by features of social media users who participated in social media
spread. In our research on native language identification, X contained essays
written by non-native English speakers, and Y contained their native languages.
We propose multiple architectures to find optimal θ.

Results and Discussion

In this section I will describe the summaries of the contribution of research arti-
cles, that were published during this project and acknowledged with grant num-
ber, and discuss what future research may be performed as follow on projects.

Summary of the Results, Social Network Analysis

This section contains summaries of the articles that investigate descriptive prop-
erties of the networks formed by users of social media sites. During this project
we also studied networks formed by word embeddings, and network of causal
relationships in the U.S. Stock Market.
Network-based indices of individual and collective advising impacts
in mathematics (1.1) We define and interpret a family of metrics (collectively
referred to as “a-indices”) that can potentially be applied to “ranking academic
advisors” using the academic genealogical records of scientists, with the em-
phasis on taking into account not only the number of students advised by an
individual, but also subsequent academic advising records of those students. We
also define and calculate the extensions of the proposed indices that account for
student co-advising (referred to as “adjusted a-indices”). In addition, we extend
some of the proposed metrics to ranking universities and countries with respect
to their “collective” advising impacts, as well as track the evolution of these
metrics over the past several decades. To illustrate the proposed metrics, we
consider the social network of over 200,000 mathematicians (as of July 2018)
constructed using the Mathematics Genealogy Project data. This journal paper
is an extension of the conference paper 2.3

Exploration and Clustering Analysis of Semantic Spaces (1.2) The goal
of this study is to demonstrate how network science and graph theory tools and
concepts can be effectively used for exploring and comparing semantic spaces of
word embeddings and lexical databases. Specifically, we construct semantic net-
works based on word2vec representation of words, which is “learnt” from large
text corpora (Google news, Amazon reviews), and “human built” word networks
derived from the well-known lexical databases: WordNet and Moby Thesaurus.
We compare “global” (e.g., degrees, distances, clustering coefficients) and “lo-
cal” (e.g., most central nodes and community-type dense clusters) characteristics
of considered networks. Our observations suggest that human built networks
possess more intuitive global connectivity patterns, whereas local characteristics
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(in particular, dense clusters) of the machine built networks provide much richer
information on the contextual usage and perceived meanings of words, which
reveals interesting structural differences between human built and machine built
semantic networks.

Exploring social media network landscape of post-Soviet space (1.3)
The “post-Soviet space” consists of countries with a substantial fraction of the
world’s population; however, unlike many other regions, its social media network
landscape is still somewhat underexplored. This study aims at filling this gap.
To this purpose, we use anonymized data on user friendships at VK.com, which
is the largest and most popular social media portal in the post-Soviet space with
hundreds of millions of user accounts. Using the VK network snapshots from
October 2015 and December 2016, we conduct a “multiscale” empirical study
of this network by considering connections between individual users, cities, and
countries. Our findings indicate that VK users form a small-world network with
basic characteristics consistent with Facebook and other social media networks.
In addition, the analysis of modularity-based communities within the user scale
network reveals a pattern of geographical separation of the identified communi-
ties mostly along the borders between countries.

Establishing Engagement as a Driver of Growth of Online Health
Communities (1.5) The emerging research on nurturing the growth of online
communities posits that it is in part attributed to network effects, wherein ev-
ery increase in the volume of user-generated content increases the value of the
community in the eyes of its potential new members. This study supports the
claim that network effects play an important role in accelerating OHF growth,
opening the door to exploiting these effects in calculated ways. In such efforts,
engagement metrics can be used to monitor the “health” of an OHF and to
identify the users most important to its success.

The Network of Causal Relationships in the U.S. Stock Market (2.4)
We propose a network-based framework to study causal relationships in financial
markets and demonstrate the proposed approach by applying it to the entire
U.S. stock market. Directed networks (referred to as causal market graphs)
are constructed based on stock return time series data during 2001-2019 us-
ing Granger causality as a measure of pairwise causal relationships between all
stocks. We consider the dynamics of structural properties of the constructed
network snapshots, group stocks into network-based clusters, as well as iden-
tify the most ”influential” stocks via a PageRank algorithm. The proposed
approaches offer a new angle for analyzing global characteristics and trends of
the stock market using network-based techniques.
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Summary of the results, Optimization and Machine Learn-
ing

This section contains summaries of the articles that investigate machine learning
and optimization algorithms, that are relevant for social media analysis tasks.
A DC programming approach for solving multicast network design
problems via the Nesterov smoothing technique (1.4) This paper de-
scribes application of continuous optimization techniques to study optimal mul-
ticast communication networks modeled as bilevel hierarchical clustering prob-
lems. Given a finite number of nodes, we consider two different models of
multicast networks by identifying a certain number of nodes as cluster centers,
and at the same time, locating a particular node that serves as a total center
so as to minimize the total transportation cost throughout the network. The
fact that the cluster centers and the total center have to be among the given
nodes makes these problems discrete optimization problems. Our approach is
to reformulate the discrete problems as continuous ones and to apply Nesterov’s
smoothing approximation techniques on the Minkowski gauges that are used
as distance measures. This approach enables us to propose two implementable
DCA-based algorithms for solving the problems.

Neural Networks with Multidimensional Cross-Entropy Loss Func-
tions (2.1) Deep neural networks have emerged as an effective machine learn-
ing tool successfully applied for many tasks, such as misinformation detection,
natural language processing, image recognition, machine translation, etc. Neu-
ral networks are often applied to binary or multi-class classification problems.
In these settings, cross-entropy is used as a loss function for neural network
training. In this short note, we propose an extension of the concept of cross-
entropy, referred to as multidimensional cross-entropy, and its application as a
loss function for classification using neural networks.

Sampled Fictitious Play on Networks (2.2) We formulate and solve the
problem of optimizing the structure of an information propagation network be-
tween multiple agents. In a given space of interests (e.g., information on certain
targets), each agent is defined by a vector of their desirable information, and a
vector of available information. The agents seek to build a directed network that
maximizes the value of the desirable source-information that reaches each agent
having been filtered en route, less the expense that each agent incurs in filtering
any information of no interest to them. We frame this optimization problem
as a game of common interest, where the Nash equilibria can be attained as
limit points of Sampled Fictitious Play (SFP), offering a method that turns out
computationally effective in traversing the huge space of feasible networks on a
given node set.

Recommending Serendipitous Items using Transfer Learning (2.5)
Most recommender algorithms are designed to suggest relevant items, but sug-
gesting these items does not always result in user satisfaction. Therefore, the
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efforts in recommender systems recently shifted towards serendipity, but gener-
ating serendipitous recommendations is difficult due to the lack of training data.
We introduce transfer learning method to recommend serendipitou sitems. It
uses transfer learning to firstly train a deep neural network for relevance scores
using a large dataset and then tunes it for serendipity scores using a smaller
dataset.

Multidimensional Assignment Problem for multipartite entity res-
olution (3.1) Multipartite entity resolution aims at integrating records from
multiple datasets into one entity. We derive a mathematical formulation for a
general class of record linkage problems in multipartite entity resolution across
many datasets as a combinatorial optimization problem known as the multidi-
mensional assignment problem. As a motivation for our approach, we illustrate
the advantage of multipartite entity resolution over sequential bipartite match-
ing. Because the optimization problem is NP-hard, we apply two heuristic
procedures, a Greedy algorithm and very large scale neighborhood search, to
solve the assignment problem and find the most likely matching of records from
multiple datasets into a single entity. We evaluate and compare the performance
of these algorithms and their modifications on synthetically generated data.

Multitask learning for native language identification (3.2) Identification
of a native language of the person by her text written in English (L1 identifi-
cation) plays an important role in such tasks as authorship profiling and iden-
tification. With the current proliferation of misinformation in the social media,
these methods are especially topical. Most studies in this field have focused on
development of supervised classification algorithms, that are trained on a single
L1 dataset. Although, multiple labeled datasets are available for L1 identifica-
tion, they contain texts authored by speakers of different languages, and do not
fully overlap. Current approaches achieve high accuracy on available datasets,
but it is attained by training individual classifier for each dataset. Studies show
that joint training of multiple classifiers on different datasets can result in shar-
ing information between the classifiers, leading to increase in accuracy of both
tasks. In this study we develop a novel deep neural network (DNN) architecture
for L1 classification; it is based on adversarial multitask learning method, that
integrates shared knowledge from multiple L1 datasets. We propose several vari-
ants of the architectures, and perform rigorous evaluations of their performance
on multiple datasets. Our results indicate that proposed multitask architecture
is more efficient in terms of classification accuracy, than previously proposed
methods.

Information Diffusion Prediction via Deep Learning Considering Neigh-
borhood Influence in Social Media Networks (3.3) Predicting informa-
tion diffusion within social media networks plays an important role in human
activities analysis and influence maximization decision making. Traditional
methods for information diffusion prediction can be categorized into stochas-
tic diffusion models based and user profile or content features based machine
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learning models. In this paper, we propose a new framework combining user
profile, content similarity and the neighborhood information around each target
link as input features to make the prediction. Here neighborhood information
can be interpreted as the propagation of neighbors’ user profile. Two different
kinds of graph based propagation models are introduced in the article. After
collecting the input features, we implement deep neural network to predict the
information diffusion probability. We evaluate our model on two real datasets:
Weibo and VK to compare the performance with state-of-the-art methods.

Discussion and Future Research

Networks appear in many different problem domains, and analysis of social net-
works may produce valuable insights into health care, or public policy. During
this project it was identified, that social media site VK.com has similar prop-
erties to other large social media sites such as Facebook, and thus, results of
information diffusion analysis that may be obtained using VK.com data may
be generalized to other social media sites. PI is interested in studying diffusion
of information further. One potential direction is to continue studies of em-
beddings of users of social media sites based on the information that they post
and repost (initial results were presented at the conference presentation 4.12).
Further, it would be important to formulate and solve engaging team formation
problem, based on the results of the paper 1.5. Initial results of this study
were presented at the conference 4.2. It is important to note, that processes
similar to cascading information transfer in the social media may occur also in
networks of economic agents (input-output networks), but these networks may
transfer cascading economic shocks, and it is important to prevent them. Initial
results on this topic were presented at the conference talk 4.1. Further, studies
of multitask and transfer learning for natural language processing, and their
applications to social media data for identification of misinformation may lead
to fruitful research results. PI is interested in continuation of these studies.
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