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Editorial

Mirjana Ivanović1 and Miloš Radovanović1

University of Novi Sad, Faculty of Sciences
Novi Sad, Serbia

{mira,radacha}@dmi.uns.ac.rs

In this second issue of Computer Science and Information Systems for 2020, we are
happy to announce the impact factors of our journal, updated for 2019: the two-year IF
has risen to 0.927, and the five-year IF to 0.775. We would like to thank all our productive
authors, whose articles in challenging and exciting areas helped attract additional citations
which led to the increased impact of our journal. We hope to continue in the same direction
and that the current issue will offer our readers more interesting articles in contemporary
and emerging research areas.

This issue consists of 16 regular articles. We are grateful for the hard work and en-
thusiasm of our authors and reviewers, without which the current issue, as well as the
publication of the journal itself, would not have been possible.

In the first article, “What makes a board director better connected? Evidence from
graph theory,” Laleh Samarbakhsh and Boža Tasić study the relationships between net-
work centrality measures of board directors (degree, betweenness and closeness) and ex-
ternal variables depicting their age, gender, and other attributes. The study revealed strong
correlations between age and connectedness, in addition to offering other interesting in-
sights into the factors influencing centrality and their mutual relationships.

Dunja Vrbaški et al. in their article “Missing Data Imputation in Cardiometabolic Risk
Assessment: A Solution Based on Artificial Neural Networks,” explore neural networks
as a tool for imputing univariate missing laboratory data during cardiometabolic risk as-
sessment. The proposed neural network approach is compared with other simple baseline
methods. Experimental evaluation showed that neural networks outperform other algo-
rithms for a diverse fraction of missing data and mechanisms causing their absence.

“Real-Time Tracking and Mining of Users’ Actions over Social Media,” by Ejub Ka-
jan et al. presents a system called Social Miner that allows companies to make decisions
about what, when, and how to respond to users’ actions over social media. The system
allows real-time tracking of users’ actions such as raising concerns, commenting, and
sharing recommendations and answering various questions, including what actions were
frequently executed and why certain actions were executed more than others.

In “Land-Use Classification via Ensemble Dropout Information Discriminative Ex-
treme Learning Machine Based on Deep Convolution Feature,” Tianle Zhang et al. con-
sider combining convolutional neural networks (CNN) and information discriminating
extreme learning machines (IELM) in order to produce a dropout-based ensemble learn-
ing method to be applied to remote sensor image classification in the land-use domain.
The CNN is used to learn effective and robust features, which are then forwarded to the
IELM classifier, with satisfactory results.

“Study of Cardiac Arrhythmia Classification Based on Convolutional Neural Net-
work,” authored by Yonghui Dai et al. presents another application of CNNs, in this case
studying feature classification of three kinds of electrocardiogram (ECG) signals, includ-
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ing sinus rhythm (SR), ventricular tachycardia (VT) and ventricular fibrillation (VF). The
article offers two main contributions: insight into the effects of setting different convolu-
tion layers of the CNN on arrhythmia data classification, and optimization of classification
performance through use of different time periods according to the characteristics of the
three kinds of ECG signals.

In “Option Predictive Clustering Trees for Multi-Target Regression,” Tomaž Stepišnik
et al. propose to learn option trees (decision trees that allow alternative splits) for multi-
target regression (MTR) based on the predictive clustering framework – option predictive
clustering trees (OPCTs) – representing a kind of “internal” decision tree ensemble. Ex-
perimental evaluation show that OPCTs achieve statistically significantly better predictive
performance than a single predictive clustering tree (PCT) and are competitive with bag-
ging and random forests of PCTs.

“A Robust Reputation System using Online Reviews” by Hyun-Kyo Oh et al. ad-
dresses the issue of bias in buyer reviews caused by intentional attacks from malicious
users and conflation between a buyer’s perception of seller performance and item satis-
faction. The proposed approach decouple the measures of seller performance and item
quality, while reducing the impact of malignant reviews.

Arafat Senturk et al., in “Fuzzy Logic and Image Compression Based Energy Efficient
Application Layer Algorithm for Wireless Multimedia Sensor Networks,” propose an al-
gorithm to minimize energy consumption during image data transmission between sensor
nodes in a wireless multimedia sensor network (WMSN) by ensuring the nodes use their
most important source. The approach, termed energy-aware application layer algorithm
based on image compression (EALAIC), makes use of the top three image compression
algorithms for WMSN and decides which one is the most efficient based on three parame-
ters: the distance between the nodes, total node number, and data transmission frequency.

“Variational Neural Decoder for Abstractive Text Summarization,” authored by Huan
Zhao et al. proposes a variational neural decoder text summarization model (VND) which
steps away from a determined internal transformation structure of recurrent neural net-
works (RNNs). The model introduces a series of implicit variables by combining varia-
tional RNN and variational autoencoder, which is used to capture complex semantic rep-
resentation at each step of decoding. Experimental results show that the proposed model
offers significant improvement over the baseline.

In the article entitled “Adaptive E-Business Continuity Management: Evidence from
the Financial Sector,” Milica Labus et al. focus on business continuity management in
organizations that use modern e-business technologies: the Internet, mobile computing, e-
services, and virtual infrastructure. The authors define a comprehensive framework for the
implementation of an adaptive e-BCM adjustable to changes in the business environment,
and evaluate it within three financial organizations.

“Human Activities Recognition with a Single Writs IMU via a Variational Autoen-
coder and Android Deep Recurrent Neural Nets” by Edwin Valarezo Añazco et al. pro-
poses a human activity recognition (HAR) system that is based on an autoencoder for
denoising and recurrent neural network (RNN) for classification with a single inertial
measurement unit (IMU) located on a dominant wrist. Experimental results demonstrate
significant improvement of accuracy, achieving reliable HAR while relying only on one
smart device.



Editorial iii

The article “Production of Linked Government Datasets Using Enhanced LIRE Ar-
chitecture,” by Nataša Veljković et al. describes the enhanced LInked RElations (LIRE)
architecture for creating relations between datasets available on open government portals.
The architecture is improved to be applicable on different open government data plat-
forms using minimal configuration at the data processing layer. Besides evaluating and
describing the advantages and disadvantages of the enhanced LIRE system, the article
also introduces a LINDAT indicator that reflects the percentage of linked data in the total
possible number of linked data on open government data portals.

Chao Wang et al. in their article “Damaged Buildings Recognition of Post-Earthquake
High-Resolution Remote Sensing images based on Feature Space and Decision Tree Op-
timization,” propose a method for solving the task described in the title by a combination
of potential building object set extraction (only) from post-earthquake data, adaptive de-
cision tree number extraction, selection of spectrum, texture and geometric morphology
features, and classification based on the optimized random forest (RF) model.

In “Multi-Agent Cooperation Q-Learning Algorithm Based on Constrained Markov
Game,” Yangyang Ge et al. tackle the problem of applying reinforcement learning to
agents in a multi-agent environment, where agents may fall into unsafe states where it
can experience difficulty in bypassing obstacles, receiving information from other agents,
etc. This is achieved by adding safety constraints are added to the set of actions, and
each agent, when interacting with the environment to search for optimal values, should be
restricted by the safety rules, so as to obtain an optimal policy that satisfies the security re-
quirements. A new solution is introduced for calculating the global optimum state-action
function that satisfies the safety constraints.

The article “A K-means Algorithm Based on Characteristics of Density Applied to
Network Intrusion Detection,” by Jing Xu et al. addresses the sensitivity of the K-means
clustering algorithm to the initial cluster selection by using density to choose the initial
cluster seed. This is achieved through the use of the Kd-tree index structure, coupled with
improved Kd-tree nearest neighbor search to prune the search space and optimize the
operation for speed.

Finally, “Cognitive Computation on Consumer’s Decision Making of Internet Finan-
cial Products Based on Neural Activity Data,” by Hongzhi Hu et al. addresses the inher-
ently uncertain nature of Internet financial products (possibility of capital loss and liquid-
ity restrictions, and profit as well), by considering consumer’s cognition in the decision
making of Internet financial products, conducting an EEG-fNIRS experiment, and propos-
ing an effective cognitive computation method based on neural activity data through the
BP-GA algorithm.
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What makes a board director better connected?
Evidence from graph theory

Laleh Samarbakhsh1 and Boža Tasić2

1 Ted Rogers School of Business Management
Ryerson University
350 Victoria Street

Toronto, ON
Canada M5B 2K3

lsamarbakhsh@ryerson.ca
2 Ted Rogers School of Business Management

Ryerson University
350 Victoria Street

Toronto, ON
Canada M5B 2K3
btasic@ryerson.ca

Abstract. We are interested in quantifying and uncovering the relationships that
form between the board directors of companies. Using these relationships we com-
pute three network centrality measures for each director in the network and employ
them in the analysis of connectedness of directors. Our focus in this study is on the
attributes that make a board member better connected. The biological, educational
and experiential attributes are used as independent variables to develop a regression
model measuring the impact on the three connectivity measures (degree, between-
ness and closeness). Our results show that “Age” has a direct significant impact on
all connectedness measures of a board member. We also find that female directors
have a higher measure of degree centrality and betweenness centrality, but lower
closeness. The number of foreign degrees increases the degree centrality and be-
tweenness centrality but not closeness. The three identified characteristics of “Age”,
“Gender”, and “Education” are supporting the idea that a high level of social con-
nection can in part be expected by the characteristics of individual board members
and can explain up to 25% of the board member’s connectivity.

Keywords: Board of director networks, Centrality Measures

1. Introduction

Abstractly speaking, a network is a set whose elements are linked in some way. Depending
on the nature of elements and links we can often model social, economic, and political
activities and phenomena using networks. Various networks have been objects of study of
many researchers in the last half a century. From early studies in sociology to the latest
economic analysis, it is evident that networks play an important role in our understanding
of behaviour, influence, performance and information exchange of subjects or entities.
The interest in networks is even more pronounced these days because of the tremendous
amounts of data that are becoming available to researchers, and powerful computers that
are being employed in the analysis of the data.
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In business and finance research, especially in regards to corporate finance and cor-
porate governance, we have seen a growing interest in the analysis of networks between
company directors or between companies (Cohen et al., [6], El-Khatib et al. [8], Fogel et
al. [13], Larcker and Wang [18], Larcker and Tayan [17], Renneboog and Zhao [21]. Net-
works of directors or companies can be equipped with numerous links. The most common
linkage for directors is derived from their relationship through the same company (Fogel
et al. [13], Larcker and Wang [18], Larcker and Tayan [17], Renneboog and Zhao [21].
Two directors will be connected in the network if and only if they sit on the board of
the same company. Using affiliation as a starting relationship between directors one can
see how interlocking directors 3 will immediately become links between companies. Be-
side the affiliation ties one may consider several other links, for example, two directors
in a network are linked if and only if they have mutual alma mater, regional background
or belong to the same social circle. These links are then used to measure director’s or
company’s level of connectedness in the network.

To evaluate the level and specific notions of connectedness we use centrality measures.
Network theorists have defined several distinct centrality measures that are correlated
(Li et al. [19], Valente et al. [27].) An interlocking director will certainly be connected
to more directors in the network than a director sitting on only one board. The number
of connections of a director is measured by degree centrality. A director that is in the
proximity of other directors can instantly communicate and exchange information with
them. This type of connectedness is measured by closeness centrality. Lastly, a director
that lies on the shortest path between two other directors will have power to control the
flow of information or resources. This type of connectedness is measured by betweenness
centrality. From the corporate governance point of view, a Director’s Network plays an
important role in the identification of relationships among board members and the overall
effectiveness of the board.

Besides their regular responsibilities, directors on corporate boards are also expected
to counsel and guide CEOs on major corporate strategic decisions. Directors’ networks
including educational, social, and professional relationships can have a positive impact
on a director’s advisory role. This is particularly important as firms with well-connected
directors are known to outperform their peers and earn superior risk-adjusted stock returns
as observed by Larcker, So and Wang [18]. We believe that with the increased impact of
social media and accessibility of social networks, the flow of information can assist boards
of directors in performing more effectively when their directors are well connected.

The study of connectedness through directors network seems to have significant im-
plications for our understanding of the corporate governance as one of the most important
areas of finance. This is particularly important at the present time as firms see broad
demand and pressure from the public on understanding board members roles and respon-
sibilities and the need for directors to be well connected to ensure global information
exchange. In this regard, increasing the level of board’s connectedness through the direc-
tors network is considered to be of great importance, and we would like to shed further
light on this aspect through expected data-supported findings.

The paper is structured in the following manner. We start with the comprehensive
review of the related literature in Section 2. Our main research question, “What attributes
can be assigned to a director based on their centrality measures in the directors network”,

3 Directors that are members of more than one company board
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and hypotheses are introduced in Section 3. Data used in the study and sample selections
are described in Section 4. Details about modeling of networks using graph theory and
centrality measures’ statistics are discussed in Section 5. Finally, our empirical findings
and conclusions are presented in Sections 6 and 7.

2. Literature Background

Various networks have been studied in the last few decades using mathematical tools.
One of the most frequently used tools in network analysis is certainly graph theory (Proc-
tor and Loomis [20], Sabidussi [22], Freeman [11], Borgatti and Everett [5], Schoch and
Brandes [23]). It is now evident that a position of an individual or an entity in a network
matters. Simply, individuals or entities that are at the center of the network, as opposed to
the periphery, have more access to information and greater power to control the flow of in-
formation. Researchers have been predominantly using four network centrality measures
(degree, closeness, betweenness and eigenvector centrality) to capture the position of an
individual or an entity in a network. Although the four centrality measures are different
in nature they are all functions of “nodal statistics” (a vector whose coordinates describe
position of a node in a network) as noted recently by Bloch, Jackson and Tebaldi in [3].
They further show that all four centrality measures can be characterized by three axioms
(monotonicity, symmetry and additivity), and argue that the centrality measures differ ac-
cording to which nodal statistics they use, not the way in which the measure processes
that information.

Taking advantage of the accessible data from various aspects of day to day life, re-
searchers are trying to understand and explain behaviour of subjects in different social
networks.

Fracassi and Tate [10] study the impact that CEOs may have on appointments of
directors. They found that firms who have powerful CEOs are likely to appoint directors
who have ties to the CEO. Furthermore, they suggest that network ties with the CEO
lessens the efficacy of board governance and consumes corporate value.

Renneboog and Zhao investigated the relationship between director networks and
takeovers [21]. They found that companies that are better connected are more effective
bidders, and the presence of interlocking directorate between the bidder and target im-
pacts the negotiations. They have also found that probability of a successful takeover
transaction is higher and the negotiation time is shorter when two firms are directly con-
nected through their directors.

El-Khatib, Fogel and Jandik evaluated the impact of the CEOs network centrality
measures to merger and acquisition outcomes in [8]. Their analysis shows that the CEOs
with high network centrality easily access and control private information, influence other
parties in the network and use these advantages for more frequent acquisition decisions. In
spite of all these advantages, the merger and acquisition deals initiated by the CEOs with
high network centrality are more likely to incur higher value losses to both the acquirer
and the merged entity than the deals initiated by the low network centrality.

Cohen, Frazzini and Malloy investigated the connections between sell-side analysts
and management of publicly listed companies [6]. Their focus is on connections through
alumni networks. They argue that analysts with educational ties to the senior management
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of companies benefit from exclusive information available to them and exceed on their
stock recommendations.

Hwang and Kim add a social ties dimension to the conventional independence of
boards [14] and find that social ties do matter. Directors are considered independent if
they have no financial and familial ties to the CEO or to the company. They look into
alumni links, same regional background, military service, academic discipline and type
of industry as informal ties between the directors and CEOs. While 87% of boards from
the dataset analyzed are categorized as conventionally independent, only 62% remain
independent when a social component is added. They also argue that companies whose
boards are both conventionally and socially independent compensate their directors at a
lower rate and are more sensitive to performance-related pay.

Engelberg, Gao and Parsons consider CEOs personal connections (“rolodex 4”) with
eminent individuals (executives, directors, senior management) of other companies in [7].
They found that CEOs with a hefty rolodex earn more than those with a narrow circle of
personal connections. Moreover, they computed that on average an additional file on the
CEOs rolodex is worth at least $17000.

Kramarz and Thesmar study in [15] impact of social networks on board composition
and governance of French corporations listed on Paris stock exchange between 1992 and
2003. They found a powerful relationship between the CEO’s social network and the one
of directors sitting on the board. They also argued that the governance of these companies
is affected in a bad way by these social networks.

While most research related to social networks of directors focuses on the negative
side of the inter-board-connections, Larcker and Tayan in [17] stress that these connec-
tions can contribute to the value of a company and its shareholders. Larcker, So, and Wang
consider the network of boards of directors of U.S. corporations and define board’s cen-
trality as a measure of each board’s well-connectedness in [18]. A position of a firm in the
network is determined by using four standard centrality measures and the derived score
from these measures called “N-score”. By ranking the firms according to their board’s
centrality, they find that the firms whose boards are best-connected on average bring in
significantly higher future surplus and stock price returns than the least-connected compa-
nies. They also observed that their findings are most evident among newly formed compa-
nies with a high growth potential. Overall, their conclusion is that the networks of boards
of directors do have an “important and positive impact on the economic performance of a
firm.”

The relationship between specific attributes of directors on the boards of companies
and companies performance, board independence, decision making, social responsibility
etc., has been a theme of many research papers across various academic disciplines. Our
focus in this study are “Biological attributes” such as age and gender; “Educational back-
ground” such as total number of degrees, number of degrees obtain in North America and
number of foreign degrees; and “Corporate experience background” like number of years
on boards of either quoted and/or private companies.

Sharma has looked into gender, age, ethnic and cultural diversity of corporate boards
of U.S firms from 2000-2006 and its impact on innovation in [24]. While these diversity
attributes can lead to conflicts between decision makers in general, they also can con-
tribute to higher level of innovation.

4 A Rolodex is a rotating file used to store business cards
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Studying gender diversity in the corporate world has attracted attention of many re-
searchers lately. There have been research showing how corporate world is male domi-
nated and that female directors are not only under-represented but also often underpaid.
Fortin, Bell and Bohm look into these observations in [9]. Based on the data from Canada,
Sweden and United Kingdom, they found that women are in fact under-represented among
top earners in these countries, and that explains a considerable part of a difference in gen-
der pay. Lalanne and Seabright investigate the impact of the social network of directors
on their salaries [16]. They found that in case of male directors the size of their networks
(knowing influential individuals) is positively correlated to their earnings while that is not
true for female directors. Their findings also apply to non-salaried compensation.

An interesting real world example of intervention to fix gender gap in corporate gover-
nance is the case of Norway. In 2003 the government passed the law requiring Norwegian
firms to have a minimum of 40% women directors on their boards. At that time only 9%
of directors were women. This particular law that regulated diversification of the boards
of companies has been a topic of research in previous literature [28] and [1]. While Ah-
ern and Dittmar [1] focus mostly on the negative impact of government’s intervention on
firms performance, Wang and Kelan argue [28] that mandatory gender quota has had a
positive impact on the appointment of the female board chairs and CEOs.

3. Research Questions and Hypotheses

Our comprehensive review of the related literature shows that most studies that employ
centrality measures, focus on one of the following scenarios:

I) The impact of centrality measures on the CEO’s (or director’s) decision making and
governance skills. There is evidence for stronger centrality measures resulting in
higher power to appoint new directors from their own networks [10], influencing
merger and acquisitions decisions [8, 21], sharing information with analysts [6], re-
ceiving higher compensation [7, 14, 16],

II) The impact of centrality measures on individual company’s performance and its cor-
porate governance with no consensus: evidence for positive effects [17,18], evidence
for negative effects [15], the corporation’s position in the corporate networks [18],
impact on innovation [24],

III) The impact of various attributes (biological, educational, experiential) of BODs 5 on
company’s performance [1], board’s diversity [1, 9, 24], company’s innovation [24],
board’s decision making [24], company’s hiring practices [14, 15], salaries of CEO’s
and directors based on gender [16].

To the best of our knowledge no study has been done that looks into the relationship
between the centrality measures and attributes of directors. A simple question that we ask
is what attributes can be assigned to a director based on their centrality measures in the
directors network. Are directors’ centrality measures related to certain age, gender, educa-
tion, foreign descent, previous service on many boards? Do directors with high centrality
come from certain age, specific gender, level of education, foreign education, or have they
previously served on significant count of boards?

5 Board of Directors
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In our study, we look into three centrality measures individually (degree, closeness,
and betweenness)6 and have tested hypotheses that each centrality measure is related to,
on the following attributes: Age, Gender, Number of boards to date (quoted and private),
Average number of years on quoted boards, Number of domestic (North American) de-
grees, Number of foreign degrees. The definitions of these attributes can be found in
Table 3 on page 364.

Our goal is to determine what drives the connectedness of the board members. What
attributes make a board member better connected? For each director-year, we design three
measures of connectedness. We investigate directors’ network by estimating a panel re-
gression with firm and year fixed effects and account for several attributes of the board
members. In light of this observation, the findings of our study will shed light on these
questions.

Closeness CentralityDegree Centrality betweenness Centrality

Attributes

Hypothesis 1
Hypothesis 2

Hypothesis 3

Fig. 1. Hypotheses

Null Hypothesis 1: The directors with higher degree centrality

a) have identifiable characteristics, and
b) will be an asset for the firm because of their direct access to many sources of commu-

nication and information exchange.

Null Hypothesis 2: The directors with higher closeness centrality

a) have identifiable characteristics, and
b) will be an asset for the firm because of their proximity to other directors and op-

portunity to communicate and influence them without having to go through many
intermediaries.

6 The three centrality measures were selected as historically the oldest and most commonly used centrality
measures in the analysis of networks ( [4], [12]). They also have very established interpretation in the direc-
tors network context
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Null Hypothesis 3: The directors with higher betweenness centrality

a) have identifiable characteristics, and
b) will be an asset for the firm because they lie on numerous shortest paths between

other directors in the network and often are vital brokers of information and resources
exchange.

Our hypotheses are formulated in a compact way to include several attributes rather
than listing them individually. For example, by testing age and degree centrality we expect
to find that older directors will know more people in the network; female directors will
have greater degree centrality, and directors with more education degrees will have greater
degree centrality, as well as other measures.

4. Data Description and Sample Statistics

In order to conduct the empirical analysis, we used the data from the North American
(United States and Canada) market for the period between 2005 and 2015. Our sample has
been compiled using the BoardEx database 7 provided by Management Diagnostics Ltd.
This database collects biographical information on corporate directors and top executives
of publicly listed firms and large private firms in North America and around the world. It
includes more than 400,000 individuals and over 14,500 companies.

Using the BoardEX database for North America we construct the graphs that describe
the networks between directors on monthly basis and we compute metrics (centrality mea-
sures) on these graphs. The graphs are constructed and the measures are computed using
Mathematica. Using the “Director Networks” files, that have information on connections
between directors who were on the boards of the same company during a period of time,
we have included the entries from Table 1 using the filters described in Table 2.

We considered only the new connections between directors that started in January
2005 or later. The connections that started prior to January 2005 and were still existing
after January 2005 are not included in our analysis. We found that the total of 52352
directors were on the boards of 8270 companies during the decade 2005-2015. Out of
52352 directors approximately about 84% were NEDs and 16% were EDs.

Additionally, we have also included the information from the “Director Profile” files
related to biological, educational and experiential attributes given in Table 3. The common
characteristics such as age, gender, and nationality are defined in this table. In addition,
the two variables “Quoted” and “Private” count the number of public and private company
boards the director is sitting on respectively.8

Our data shows that boards of directors of public companies consist mostly of male
directors. Only 12% of all directors are female. The information on nationality of direc-
tors is unknown for approximately 46.5% of all directors considered in our study. Out
of remaining 53.5% of directors with known nationality, majority of them are Ameri-
can, almost 46.5%. Following are the directors with Canadian and British nationality who
together comprise about 5%. The remaining 1.89% of directors are of 89 different nation-
alities.

7 http://corp.boardex.com
8 It is noteworthy to mention that total sum of Quoted and Private can be a measure of “Busyness” of each

director.

http://corp.boardex.com
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Table 1. Director Profiles Characteristics

Characteristic Definition

DirectorID* A unique identifier assigned to each Director
Linked DirectorID* Director ID of the individual linked to the starting Director
Connected CompanyID* Company ID of the company through which the starting indi-

vidual and the linked individual are connected
Connected Company Type Type a of company through which the starting individual and

the linked individual are connected
Date of overlap Starting and ending dates through which the two individuals

overlap at the given company or organization
Overlapping Person’s Role Title Role or title of the individual connected to the starting individ-

ual at the time of the overlap
Individual’s Role Title Role or title of the starting individual at the time of the overlap
ED/NED/SM Executive Director, Non-Executive Director, or Senior Man-

agement Indicator

a Quoted - Publicly listed company, Private - Private company, University, Club etc.

Table 2. Filters applied to the Director Profiles Characteristics

Connected Company Type Quoted
Date of overlap January 2005 - December 2015
Overlapping Person’s Role Title ED, NED
Individual’s Role Title ED, NED

Table 3. Director Profiles Characteristics

Characteristic Definition

Age Director’s Age either calculated from DOB a or known from dis-
closure

Gender The Director’s gender
Nationality The Director’s nationality
Education Country The country in which director obtained education degree
Number of Degrees Total number of director’s education degrees
Number of Foreign Degrees Total number of degrees obtained in the countries outside of North

America
Number of Quoted Boards Number of boards of publicly listed companies the director has sat

on over his career
Number of Private Boards Number of boards of private companies the director has sat on over

his career

a Date of birth
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Fig. 2. Pie Charts of Director Attributes

5. Methodology

We consider the network of directors a graph. The individual directors are the vertices
of the graphs and the edges represent relationships of connectivity. We then apply graph
theory to detect, using a quantitative method, some of the characteristics of the board of
directors’ connectedness.

The directors attributes (age, gender, nationality, education, number of quoted boards
to date) will be exogenous variables to the model of centrality measures. In order to mea-
sure the strength of the relationship, we use the three centrality measures (degree, close-
ness and betweenness) as the observed dependent variables. In other words, we expect to
find that the following relationships hold

Degree Centrality = f1(Attributes)

Closeness Centrality = f2(Attributes)

betweenness Centrality = f3(Attributes)

5.1. Modeling Director Network Using Graphs

A graph is an ordered pairG = (V (G), E(G)), where V (G) is a nonempty set of vertices
and E(G) is the set of edges. Vertices are elements of a nonempty set. A set can be finite
or infinite. Edges are links between 2 vertices and can be oriented if needed.

Given a set of directors D1, D2, . . . , Dn from a network we define the set of vertices
to be V = {D1, D2, . . . , Dn}. Edges represent relationships that may exist between
directors. We studied the edges defined by the following relation

1. there is an edge between two directors if and only if they were on a board of a com-
pany at the same time,

but various other types of edges can be defined on the set of directors. For example,
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2. there is an edge between two directors if and only if they attended the same university,
3. there is an edge between two directors if and only if they share the same regional

background.

For each month between January 2005 and December 2015 we constructed a graph
whose vertices are directors (only NED and ED), and there is an edge between two direc-
tors if and only if they were on a board of a company during a particular month period.
We used three centrality metrics (degree, betweenness, and closeness) to explain how
director’s connections are related to their professional and personal characteristics.

5.2. Director and Edge Count

The chart in Figure 3 presents the average number of directors and edges per year from
2005-2015. As mentioned earlier, this only includes directors who started serving on
boards of companies from January 2005. We see that 22684 directors (identified by their
unique IDs) joined boards of various companies during the year 2005. This number grew
over a decade to 50392. The growth has plateaued after 2008 to approximately 49000 di-
rectors per year. In spite of this, the number of edges (ED and NED connections through
boards of companies) has continued to grow steadily. In 2005 there were 39213 edges,
but by the end of 2015 this number almost quintupled to 191911 edges. Considering that
the number of directors became more or less constant after 2008, this suggests a very
significant increase of interlocking directors.

Fig. 3. Average Director and Edge Count

The average number of directors per year indicates the approximate size of an average
monthly graph. These monthly graphs were not connected. A usual monthly scenario
would be a few big connected subgraphs and many small isolated connected subgraphs
that represent companies with no interlocking directorate. The centrality measures were
computed on the connected components.
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5.3. Centrality Measures

Centrality as a concept was first introduced in social network analysis as a tool to identify
influential individuals in the network and to explain how networks of individuals or orga-
nizations behave. The most commonly used centrality measures include degree, closeness,
betweenness, eigenvector, clustering coefficient, page rank centrality etc. As previously
mentioned, we considered only the first three measures. In this section we first define
these measures using graph theory language and afterwards we interpret their meaning in
relation to the networks of directors constructed using BoardEx database.

Degree Centrality An important vertex in a graph is involved in large number of inter-
actions. The degree of a vertex in a graph measures the amount of direct links between
that vertex and other vertices.

Let G = (V (G), E(G)) be a graph with n vertices and let x ∈ V (G) be a vertex.
Degree centrality of a vertex x, denoted by dG(x), is defined by

dG(x) = the number of edges connecting x with other vertices.

In order to compare networks of different sizes we normalize the degree centrality of a
vertex. The normalised degree centrality of a vertex x, denoted by NdG(x), is defined by

NdG(x) =
dG(x)

n− 1

(n − 1 is the maximum possible degree of a vertex in an undirected graph). It can be
expressed either as a proportion or percentage.

In relation to the graphs constructed using BoardEx database, where vertices are direc-
tors, the higher degree of a vertex (director) implies better connectedness of that director
in the network (graph). A director with high degree will have immediate access to more
information, resources, and communication channels through his direct connections. As
we can see from the summary Table 4 of degree centrality statistics, the minimal degree
was 1. This may look like an anomaly on the first sight, implying that we have a company
whose board has only 2 directors. The reason for this is the fact that some North American
directors also serve on the boards of international companies and not all details of those
boards were accessible to us. For example, if North American directors A, B in a given
month were only sitting on a board of a British company, their connection will be listed in
BoardEx data but there will be no additional information of the other board members of
the British company unless they were also North American. This allows for a minimum
degree to be 1. We were not aware of this fact until recently.

Maximum degrees range between 44 and 110 approximately. High degree like these
implies that a director was sitting on several large boards of companies. Mean degree is
more realistic number of direct connections of a typical director. The column Mean DC of
Table 4 shows a 125% increase of the number of direct connections of a typical director
over the period 2005-2015. The polygon line given in Figure 4 indicates that although
the mean degree grew continuously it did not go above 8. This suggests that an average
director was likely sitting on the board of only one company over the decade 2005-2015.
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Table 4. Degree Centrality Statistics

Degree Centrality: DC Min DC Max DC Mean DC
2005 1.00 43.75 3.33
2006 1.00 87.25 4.51
2007 1.00 104.00 5.45
2008 1.00 110.00 6.07
2009 1.00 106.64 6.37
2010 1.00 109.27 6.66
2011 1.00 104.36 6.88
2012 1.00 98.27 7.06
2013 1.00 90.91 7.26
2014 1.00 89.82 7.44
2015 1.00 85.73 7.62

Fig. 4. Polygon line of Mean Degree Centrality

Closeness Centrality Closeness measures proximity of a vertex in a graph to other ver-
tices. LetG = (V (G), E(G)) be a connected graph with n vertices V = {x1, x2, . . . , xn}
and let xi ∈ V (G) be a vertex. Geodesic distance (also known as the shortest path) be-
tween vertices xi and xj is denoted by d(xi, xj). Closeness centrality of a vertex xi,
denoted by CG(xi), is defined by

CG(xi) =
n− 1

Σn
j=1d(xi, xj)

CG(xi) is the inverse of the average of all shortest paths between the vertex xi and any
other vertex xj .

Closeness of a vertex is always between 0 and 1. A vertex will have closeness cen-
trality 1 if it has direct access (the path of length 1) to all other vertices. The smaller the
average of all shortest paths between the vertex xi and any other vertex xj , the larger the
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closeness centrality of the vertex xi. In relation to the graphs constructed using BoardEx
database, where vertices are directors, the larger closeness centrality means that a director
can quickly reach other directors in a network without having to go through several inter-
mediaries. Closeness is often referred to as a measure of influence rather than information
flow.

Table 5. Closeness Centrality Statistics

Closeness Centrality: CC Min CC Max CC Mean CC
2005 0.04 1.00 0.31
2006 0.06 1.00 0.26
2007 0.07 1.00 0.25
2008 0.07 1.00 0.26
2009 0.06 1.00 0.26
2010 0.06 1.00 0.26
2011 0.06 1.00 0.26
2012 0.08 1.00 0.26
2013 0.07 1.00 0.26
2014 0.07 1.00 0.26
2015 0.06 1.00 0.26

Fig. 5. Polygon line of Mean Closeness Centrality

Table 5 shows the closeness centrality statistics. We see that the closeness central-
ity ranges between 0.04 and 1.The maximum closeness of 1 is attributed to the above-
mentioned directors with degree of 1, or to directors of an isolated company with no
interlocking directorate. We can ignore these because no director who is a part of a bigger
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subnetwork (connected subgraph) will have centrality score of 1. The minimum closeness
is between 0.04 and 0.08 approximately. These would be the scores of the most remote
directors in a bigger subnetwork. The polygon line of the mean closeness, given in Fig-
ure 5, was constantly around 0.26 except for the year 2005. This implies that during the
decade 2005-2015, the average of all shortest paths between a typical director and any
other director in the connected subnetwork was around 4.

Betweenness Centrality A vertex that is often in the shortest path (geodesic) between
two other vertices has a central role in the network. Such a vertex is essential in the
information transfer between other vertices. LetG = (V (G), E(G)) be a connected graph
with n vertices V = {x1, x2, . . . , xn} and let xi ∈ V (G) be a vertex. σ(xi, xj) denotes
the total number of shortest paths from the vertex xi to the vertex xj and σk(xi, xj) is the
number of those paths that pass through the vertex xk. Betweenness centrality of a vertex
xk, denoted by BG(xk), is defined by

BG(xk) = Σi 6=j 6=k
σk(xi, xj)

σ(xi, xj)
.

BG(xk) is the sum of the shortest paths between all vertices xi and xj that pass through
the vertex xk, scaled by the total number of shortest paths between the vertices xi and
xj . Normalizing the betweenness centrality is done by rescaling BG(xk) by (n−1)(n−2)

2 ,
which is the largest possible betweenness metric in a connected graph with n vertices. Our
betweenness centrality measure is not normalized.

Table 6. betweenness Centrality Statistics

betweenness Centrality: BC Min BC Max BC Mean BC
2005 0.00 4388166.40 46558.70
2006 0.00 9466666.67 90428.00
2007 0.00 8503636.36 103280.84
2008 0.00 9489090.91 103055.71
2009 0.00 8703636.36 99524.35
2010 0.00 9955454.55 100807.40
2011 0.00 9423636.36 100757.29
2012 0.00 9482727.27 101169.78
2013 0.00 7861818.18 100558.75
2014 0.00 8582727.27 101971.89
2015 0.00 8409090.91 103332.10

Table 6 shows the betweenness centrality statistics. Peripheral directors in a network,
and directors of boards of isolated companies with no interlocking directorate will have
betweenness 0. As the size and the number of edges of the monthly graphs grew, some
directors took up a between position on many more geodesics connecting other directors
in a network. The maximal values come from directors who were part of subnetworks
that had between 4000 and 4500 connected directors. Directors with high betweenness
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Fig. 6. Polygon line of Mean Betweenness Centrality

are exposed to a lot of information being exchanged among other directors and as such
have power to influence other directors and collect information faster. As indicated on
the polygon line given in Figure 6, the mean betweenness has plateaued after 2007. This
suggests that the number of shortest communication channels between directors, that a
typical director was a part of, stayed relatively constant for the most part of the decade
2005-2015.

6. Empirical Results

The calculated measures of connectivity provide an important input into the empirical
analysis of our research. In this section we explain the results from the statistical and
econometrics findings.

By employing 2,407,752 firm-year-board observations of 52,352 unique board mem-
bers from 8270 companies in North America from 2005 to 2015, we create a pooled panel
dataset that includes the three connectivity measures as the key dependent variables of the
study. The sample shows some interesting findings which supports our hypotheses.

We conduct a series of multiple regression analyses that reveal a significantly positive
relationship between board connectivity and key characteristics of the board members.
The empirical results confirm that such individual characteristics increase the network
connectivity of each board member and hence facilitate corporate governance and conse-
quently promote a better connected board. Our results can also be interpreted that a good
institutional environment may benefit from the effect of board members’ social connect-
edness facilitated by diverse characteristics of the board members.

6.1. Correlation analysis

Table 7 shows the correlation between the variables under study. Based on the correlation
results, we find that Age, Number of degrees, Number of foreign degrees, and gender,
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are correlated with our connectivity measures. This supports conducting the regression
analysis later. We can then test our hypotheses by running a linear regression on these
characteristics against the key dependent variables.

Table 7. Correlation Analysis.
Table shows the correlation between the variables under study. Based on the correlation
results, we find that Age, Number of degrees, Number of foreign degrees, and gender,
are correlated with our connectivity measures. This supports conducting the regression
analysis later.

DC CC BC Age Qtd Pvt Fem AvgYr NumDeg NumFDeg
DC 1
CC -0.1389 1
BC 0.7522 -0.1328 1
Age 0.0659 -0.0047 0.071 1

Quoted 0.4651 -0.1798 0.4683 0.1581 1
Private 0.195 -0.1205 0.1865 0.0689 0.4629 1
Female 0.0634 -0.0278 0.0407 -0.0545 -0.0213 -0.0706 1

Average years on board -0.1467 0.0059 -0.0621 0.2955 -0.0088 0.0224 -0.0544 1
Number of degrees 0.053 -0.0567 0.0566 0.0789 0.0709 0.0696 0.0585 -0.0063 1

Number of Foreign Degrees 0.0901 -0.0457 0.0876 -0.0419 0.0823 0.088 -0.0248 -0.0586 0.2181 1

6.2. Regression analysis

In this section we run three key regressions to test our hypotheses. We test whether di-
rectors with higher number of connections have any identifiable characteristics. This as
a result will be an asset for the firm because of the facilitation and speed of information
exchange in the global market.

For each director-year, we have designed and calculated three measures of connected-
ness. These three measures act as dependent variables in each regression model. Tables 8,
9, and 10 display the results of the regression analysis. We also control the analytic tests
by estimating a panel regression with firm and year fixed effects. We account for several
characteristics of the board members.

The results show that “Age” has a direct significant impact on all connectedness mea-
sures of the board member. This is intuitive, given the longer the experience of the board
member, the more individuals they would know. Our next finding is on role of gender:
Female directors have a higher measure of degree centrality and betweenness centrality,
but lower closeness.

Expanding on this result, there are implications for directors as well as board composi-
tion: nominating committee will be more likely to support that additional female directors
will be added to the board. Having a higher degree of betweenness for female directors
can also motivate policy makers to encourage inclusion of female directors which will im-
pact board effectiveness as well as more diverse board decisions. See Bernilea, Bhagwal,
and Yonker [2] and Sila, Gonzales, and Hagendorff [26].

Finally, the number of degrees and foreign degrees both increase the connectedness
degree and betweenness centrality but not closeness. The results support the value of
global education and the resulting network of such experience for a board member.
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The three identified characteristics of “Age”, “Gender”, and “Education” are support-
ing the idea that a high level of social connection can in part be expected by the describing
characteristics of individual board members. These characteristics can explain up to 25%
of the board member’s connectivity (based on the average R-squared values). 9

Table 8. Degree Centrality Regression.
Regression results showing the relationship between independent variables (described in
Table 3) Age, Quoted, Private, Gender, Average Years on Board, Number of Degrees,
Number of Foreign Degrees and the dependent variable Degree Centrality

Dependent Variable: DC Coefficient Standard Error t
Age 0.0247 0.0004 69.2300

Quoted 1.1764 0.0017 712.2200
Private -0.0219 0.0009 -23.9000
Female 1.7203 0.0138 124.4300

Average Years on Board -0.1535 0.0006 -241.8400
Number of Degrees 0.0234 0.0046 5.0600

Number of Foreign Degrees 0.7132 0.0078 91.6100
Intercept 5.1521 0.0217 237.2500

R-squared 24.10%

Table 9. Closeness Centrality Regression. Regression results showing the relationship
between independent variables (described in Table 3) Age, Quoted, Private, Gender, Aver-
age Years on Board, Number of Degrees, Number of Foreign Degrees and the dependent
variable Closeness Centrality

Dependent Variable: CC Coefficient Standard Error t
Age 0.0006 0.0000 37.3200

Quoted -0.0162 0.0001 -232.3000
Private -0.0023 0.0000 -58.9500
Female -0.0201 0.0006 -34.4500

Average Years on Board -0.0006 0.0000 -23.2100
Number of Degrees -0.0122 0.0002 -62.4200

Number of Foreign Degrees -0.0106 0.0003 -32.3100
Intercept 0.3134 0.0009 341.4900

R-squared 4.04%

9 In panel data analysis, it is customary to rely more on individual significance and overall significance of the
model instead of R2 or adjusted R2. In our panel data due to large number of directors and heterogeneity of
cross sections, R2 is not too high.
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Table 10. Betweenness Centrality Regression. Regression results showing the relation-
ship between independent variables (described in Table 3) Age, Quoted, Private, Gender,
Average Years on Board, Number of Degrees, Number of Foreign Degrees and the depen-
dent variable Betweenness Centrality

Dependent Variable: BC Coefficient Standard Error t
Age 683.9481 23.33007 29.32

Quoted 78699.05 107.9423 729.08
Private -3118.249 59.85688 -52.1
Female 79559.59 903.524 88.05

Average Years on Board -4032.804 41.48484 -97.21
Number of Degrees 5636.232 302.2457 18.65

Number of Foreign Degrees 46183.41 508.7785 90.77
Intercept -71865.91 1419.166 -50.64

R-squared 22.64%

Table 11. Log of Betweenness Centrality Regression. Regression results showing the
relationship between independent variables (described in Table 3) Age, Quoted, Private,
Gender, Average Years on Board, Number of Degrees, Number of Foreign Degrees and
the Log of dependent variable Betweenness Centrality. Since the betweenness centrality
scores used are inherently large values, this table provides a robustness test for Table 10
results.

Dependent Variable: LogBC Coefficient Standard Error t
Age 0.0112 0.0004 29.0900

Quoted 0.6228 0.0015 425.6900
Private -0.0081 0.0008 -9.7400
Female 0.6008 0.0134 44.8700

Average Years on Board -0.0286 0.0007 -41.0200
Number of Degrees 0.2027 0.0046 44.0600

Number of foreign degrees 0.3150 0.0072 43.6500
Intercept 6.2436 0.0233 267.7600

R-squared 17.22%

7. Conclusion

In the context of the directors network and the impact of the directors attributes (age,
gender, education) to the centrality measures we found that “Age” has a direct significant
impact on all connectedness measures of a board member. This suggests that older di-
rectors are likely to get to know or meet many directors in their long tenure and career
lifetime, and use these connections to channel swiftly the information exchange either
directly or through liaisons.

Another important finding is the multi-dimensional role of gender: Female directors
have a higher measure of degree and betweenness centrality, but lower closeness. This
indicates that female directors despite having more direct connections and being on the
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shortest paths between many directors in the network, are less influential than male direc-
tors. Our study is unique in quantifying such important aspect.

In addition, the number of degrees and foreign degrees increase the degree and be-
tweenness centrality measures but not closeness. The directors who obtained one or more
education degrees in North America (or internationally), have potentially met some di-
rectors outside of business world. So, they are likely to have more connections in general
and to be intermediaries for the information exchange, but they are not necessarily more
influential individuals in their current business network.

While this research explores multiple attributes of board members and makes key
contributions on the role of connectivity, our future research is directed towards measuring
the numerical impact of these attributes on firms’ performance. Analyzing firm’s return
and boards turnover is another interesting expansion that will be further studied.
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Abstract. A common problem when working with medical records is that some
measurements are missing. The simplest and the most common solution, especially
in machine learning domain, is to exclude records with incomplete data. This ap-
proach produces datasets with reduced statistical power and can even lead to biased
or erroneous final results. There are, however, many proposed imputing methods
for missing data. Although some of them, such as multiple imputation, are mature
and well researched, they can be prone to misuse and are not always suitable for
building complex frameworks. This paper explores neural networks as a potential
tool for imputing univariate missing laboratory data during cardiometabolic risk as-
sessment, comparing it to other simple methods that could be easily set up and used
further in building predictive models. We have found that neural networks outper-
form other algorithms for diverse fraction of missing data and different mechanisms
causing their missingness.

Keywords: missing data, cardiometabolic risk, artficial neural networks

1. Introduction

Missing data is a well known and commonly present problem in both research and indus-
try. Many datasets contain information that is incomplete, due to a variety of reasons: data
could have been unavailable, recorded incorrectly or not collected at all, damaged or lost.
Health data is not an exception. Actually, those datasets are very prone to having different
types of missing data according to its structure, volume and relation with observed data .
Not dealing with missing data properly could represent a significant problem for further
analysis or building predictive models [23] [33] [28] [12] [1] [41].

The subject of this study is to explore whether a machine learning method, such as
an artificial neural network (ANN), could serve as an imputation tool for missing data in
cardiometabolic risk assessment (CMR), comparing it to several other single imputation
statistics methods. More specifically, we are interested in imputation of missing values

? Corresponding Author: Aleksandar Kupusinac (sasak@uns.ac.rs)
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that constitute outcome CMR values and which would not be further used in building
final predictive models, rather than missing values for predictors or outcomes on their
own.

1.1. Cardio-Metabolic Risk Assessment

There is a number of factors that participate in development of cardiovascular diseases
and which are related to CMR [37] [32] [16]. In a clinical routine for obese patients, an
evaluation of CMR starts with an anamnesis, an estimation of nutritional status and an
adipose tissue distribution. These steps are usually performed by simple anthropometric
measurements. The following steps include laboratory analyses of lipids and lipoproteins
levels, glycemia, insulinemia and other indicators of obesity comorbidities. Since those
procedures have a higher level of invasiveness and they induce additional costs, there is
an interest in building predictive models for risk scores that rely only upon inexpensive,
commonly available and non-laboratory data.

But, in order to build that cost-effective, prognostic machine learning model, such
as the one based on simple parameters and neural network algorithm [19], we need this
laboratory data, since it is used for computing the outcome (CMR) values in the data pre-
processing phase. If all such subjects, for which only some laboratory data is missing,
are omitted, then the number of outcomes, and accordingly, the dataset used for training,
could be significantly reduced, making learning more challenging and the results poten-
tially erroneous.

1.2. Missing Data and Machine Learning

In statistics, analysis of the missing data itself is an important task. Data can be missing as
an univariate or a multivariate, missingness can follow some pattern and an origin of the
missingness could be explained by the observed or the missing data itself. We are using
standard notion when differentiating origin of missingness, in literature usually called the
missingness mechanism [34] [24]:

– When missing data does not depend neither on observed nor on unobserved values
(missing completely at random; MCAR).

– When missing data does not depend on the unobserved, but may depend on the ob-
served values (missing at random; MAR).

– When missing data depends on the unobserved values themselves (missing not at
random; MNAR).

Based on the analysis of missing data itself, an appropriate statistic method could be
performed for dealing with missing data. Removing the data that contains the missing
information is the easiest and, very often, a method of choice in machine learning appli-
cation domain. But, this approach, where only the complete cases are used, could lead
to flawed or unreliable results. Even in the case of MCAR data, where deletion produces
unbiased results, we could end up reducing analysis power and weakening some of our
tests [10]. In the case of MAR or MNAR data, when there is an underlying reason for
missingness, and especially when proportion of missing data is larger, we must exercise
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caution. In contrast to ignoring data with missing values, one could choose some im-
putation method if assumptions for the selected method are met [26]. There are many
proposed imputation methods. Properly chosen and used method can significantly reduce
the impact which missing data has on the research result. That means that an approach to
a missing data problem should be careful, in order to make an educated decision whether
the data could safely be deleted, or how and why some imputation method is chosen.

On the other hand, in an engineering and machine learning domain, such analysis is
usually not performed, mostly because engineers are not very interested in explaining
the data, but more in building and validating their models using that data [4] [40]. If an
imputation method that is not sensitive to the nature or volume of missing data and that
does not require previous analysis could be developed, that would enable automation of
the data preprocessing and feature engineering task, which many recognize as one of the
holy grails of machine learning [5].

Machine learning methods themselves are good candidates for such a task, since in
their essence is to learn complex relations and learn them from the data without addi-
tional instructions. Therefore, we choose to explore how one machine learning algorithm
handles imputation in different scenarios with missing data in CMR assessment. We have
chosen ANN, amongst other possible algorithms, since it is already shown that it can suc-
cessfully predict CRM from non-laboratory values, and we presume that there will also
exist a dependency function between CMR and laboratory data which some ANNs can
approximate. Accordingly, in this paper, we have considered different amount with dif-
ferent missingness mechanism of univariate missing laboratory data, hypothesizing that
there are ANNs which could successfully deal with it, regardless of the nature and volume
of the data that is missing.

There are some previous results that explore comparison between methods for impu-
tation [25] [11] [14] and even study ANNs within missing data problem [3] [22] [21] [29]
[36]. However, all of the research which has been pointed out is somewhat different than
our goal. These papers either: explore imputation for predictor values; handle missing data
to explore and describe the data, observe the estimates such as regression coefficients and
standard errors; use multiple imputation; use a large number of predictors and big data to
train machine learning models. On the other side, our subject is imputation through ANN
that explores imputing values that are used to calculate outcome values, further leading to
building predictive, machine learning, models and one that uses small, simple structured
data and explore all three missingness mechanisms. Moreover, although ANNs are used
to predict CMR, they are not researched as imputation tool in this domain and in this
manner.

2. Methodology

Through simulation and analysis, we have compared neural networks with other single
imputation methods in univariate missing data for laboratory values through different
settings that reflect different missingness scenarios.

Firstly, we have established structures of ANNs that will be used in comparison. Then
we have simulated different scenarios of missing data occurrence and compared perfor-
mance of ANNs with other methods using several measurements.
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2.1. Data

Dataset was produced as a result of the study at the Department of Endocrinology, Dia-
betes and Metabolic Disorders of the Clinical Center of Vojvodina in Novi Sad, Serbia.
The inquired group consisted of 2985 individual respondents, 1980 women and 1005
men, aged 18 to 69 years. The study was conducted in accordance with the Declaration
of Helsinki and approved by Ethical Committee of the Clinical Center of Vojvodina (No.
0020/649).

Dataset contains the following CMR risk factors:

– non-laboratory: gender (GEN), age (AGE), body mass index (BMI), waist-to-height
ratio (WHtR)

– laboratory: triglycerides (TG), total cholesterol (TCH), low-density lipoprotein (LDL),
high-density lipoprotein (HDL) and glycemia (GLY).

Descriptive statistics for the data is shown in the Table 1.

Table 1. Descriptive statistics for risk factors in the CMR dataset

Mean St.Dev. Min Max

AGE 43.413 10.615 18 69
BMI 29.732 6.472 16.600 50.440
WHtR 0.565 0.091 0.338 0.899
LDL 3.762 0.950 2.030 10.140
HDL 1.124 0.262 0.460 2.090
TCH 5.952 1.376 2.770 13.240
TG 2.057 1.819 0.350 27.320
GLY 5.145 1.321 2.800 13.800

Since adipose tissue for men shows a tendency towards central or abdominal accumu-
lation, male gender bears higher potential risk of cardiovascular diseases. With women,
the risk increases with aging, due to the adipose tissue centralization. It is known that
acceleration of atherosclerosis increases with age and that the cardiometabolic risk in-
creases with age. Beside the gender and genetic predisposition, this is an additional risk
factor that cannot be controlled.

BMI is an indication of nutritional state and is used to quantify the level of obesity.
Despite of a lot of controversy about its reliability in fat mass prediction, it shows high
efficiency in cardiovascular risk prediction. Values of BMI over 25 kg/m2 correspond
to being overweight, and values over 30 kg/m2 correspond to obesity [27]. BMI is cal-
culated as a ratio of body mass and body height squared. Body weight is measured with
a balance beam scale. Body height is measured with Harpenden anthropometer (Holtain
Ltd, Croswell, UK) with precision of 0.1 cm.

Waist circumference is correlated with the amount of visceral abdominal adipose tis-
sue, but also with the level of lipids, lipoproteins and insulin and it is a significant predictor
of the obesity comorbidity. An index calculated as a ratio of waist circumference and body
height (WHtR) has been shown to be a better risk indicator and the values WHtR≥ 0.5
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are considered to indicate increased risk [2] [18]. Waist circumference is measured with
a measurement tape with precision of 0.1 cm. It is measured at half the distance between
the lowest point of the costal arch and the highest point of the lilac crest.

Disturbances of lipid and lipoprotein metabolism are present in 30% of obese per-
sons. They are manifested as one or more of the following disruptions: hypercholes-
terolemia, hypertriglyceridemia, protective HDL-cholesterol level drop off, raised level
of LDL-cholesterol and increased fraction of small, dense, aterogenous LDL-particles.
In our study, cholesterol and triglycerides levels are determined by the standard enzyme
procedure. The values of HDL-cholesterol were determined by precipitation procedure
with sodium-phosphor-wolframate. The values of LDL-cholesterol were calculated using
Friedewald’s formula [8].

Hyperglycemia is also a risk factor for cardiovascular diseases. Increased level of
glucose accelerates the process of atherosclerosis by increasing the oxidative stress and
protein glycolization [20]. In this research, the glycemia values were determined using
Dialab glucose GOD-PAP method. All inquiries were taken during the morning hours
(after fasting overnight).

In this research, we have observed missing data imputation for: high-density choles-
terol (HDL), low-density cholesterol (LDL), total cholesterol (TCH), triglycerides (TG)
and glycemia (GLY) using following cut off values as indication of cardiometabolic risk
[7] [13]:

– HDL < 1.29 (woman) and < 1.03 (man)
– LDL ≥ 3.3
– TCH ≥ 5.2
– TG ≥ 1.71
– GLY ≥ 6.1

Distribution of HDL, LDL, TCH, TG and GLY is shown in Figure 1 with highlighted
CMR threshold values. For HDL, since different values are used for man and woman, plot
has two lines annotated with M (male) and F (female) respectively.

2.2. Structure of the Neural Networks

For each variable of interest, we have tested several networks in order to find their optimal
structure. Input vectors for ANNs are all variables from dataset except variable of interest
which represent output value. Since the data is simple, and not massive, we have opted
for single layered feedforward artificial network. For each variable, ANNs with 2 to 10
neurons in the hidden layer are tested. Data split for training and testing is performed
through bootstrap resampling [6]. For each number of hidden neurons, 100 simulations of
ANN testing are performed.

Experiments were performed using R software v3.5.0 [30] with packages neuralnet
v1.33 [9] and caret v6.0 [17] with following settings for ANN:

– training algorithm: resilient backpropagation
– starting weights: random initialization
– activation function: tanh (tangent hyperbolicus transfer function)
– output neuron: linear function
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Fig. 1. Boxplots representing distribution of laboratory CMR risk values in the dataset. Cutoff val-
ues, used as indication of CMR, are highlighted with dashed lines. For HDL, two distinctive cutoff
lines are shown corresponding to different genders

– stopping criteria: threshold for the partial derivatives of the error function or maxi-
mum number of steps, whichever is reached before.

Instead of the regular back propagation algorithm, resilient backpropagation (rprop+)
is used [15] [31], as a faster method that does not require learning rate as a parameter
for its training. Since the study covers a number of simulations, improving speed and
reducing grid search for hyperparameter tuning in this phase of work was beneficial.

An optimal number of neurons for each variable was selected according to the number
of neurons which, on average, produced the smallest root mean squared error (RMSE).
According to this criteria, networks trained in the second part of the research for HDL,
LDL, TCH, TG and GLY were networks with single hidden layer and number of neurons:
6, 9, 5, 2 and 2, respectively. Results are shown in Table 2.

2.3. Comparison of Imputation Methods

In the second part of the study, missing data is artificially introduced in the dataset. Accu-
racy of imputation for neural networks and several other methods is addressed. For each
variable, the missing data is introduced by varying percentage (10%, 20%, 30% and 50%)
and according to different missingness mechanism (MCAR, MAR and MNAR). For each
combination of settings (60 in total), comparison of 5 imputation methods was performed
through 100 simulations.

Depending on the selected mechanism, percentage of the original data is removed
from the dataset. Data that is missing under MCAR assumption is randomly selected
based solely on the percentage of missing data. For both MAR and MNAR mechanism,
logistic function for probability that data is missing was used. To simulate MAR mech-
anism, values for AGE and BMI were used to introduce missingness. Observations with



Missing CMR Data Imputation with ANNs 385

Table 2. Average RMSE errors produced through 100 simulations during testing of neural net-
works with different number of hidden neurons. Smallest values are highlighted. For each variable
minimum and maximum values are displayed

Variable LDL HDL TCH TG GLY
(min - max) (2.03-10.14) (0.46 - 2.09) (2.77 - 13.24) (0.35 - 27.32) (2.80 - 13.80)

Hidden neurons
2 0.74019 0.24994 0.93934 1.78078 1.25208
3 0.72843 0.24584 0.92250 1.84684 1.26054
4 0.71176 0.24282 0.91913 1.86890 1.27322
5 0.70994 0.24334 0.91842 1.93557 1.28708
6 0.70764 0.24189 0.92108 1.94169 1.28131
7 0.70391 0.24341 0.92424 1.82648 1.28666
8 0.70358 0.24198 0.92970 1.84911 1.27962
9 0.70343 0.24529 0.92365 1.83521 1.27707
10 0.70500 0.24631 0.92339 1.84555 1.28290

lower AGE and BMI are considered to have bigger probability of missing laboratory data.
For MNAR mechanism, the same variable which was investigated was used as a cause
for missingness. Observations with lower values, except for HDL, are considered to have
greater probability of missing data. For HDL, lower values had lower probability of miss-
ing data. Function ampute from R library mice v3.3.0 was used to carry out those deletions
(amputations) [38] [39] [35].

For all data sets produced in the described manner, 5 different imputation methods are
performed: neural network (NN), predictive mean matching (PMM), stochastic linear re-
gression (SLR), random forest (RF) and mean imputation (MEAN). Neural network train-
ing and imputation is performed using the settings and architectures obtained in first set
of experiments. Other methods are implemented using R package mice. SLR and MEAN
methods did not require special parameters. For RF, training number of trees was set to
10. For PMM, all variables except the one of interest, are used for finding five possible
donors and distance between predicted and drawn values was used as a matching distance.

Comparison between methods was based on imputation performance which is evalu-
ated by: root mean squared error (RMSE), mean absolute percentage error (MAPE) and
classification accuracy (CA) between imputed and original values. RMSE measures de-
viation of this difference and is used as common metric for model comparison. MAPE
explain accuracy as percentage error and is given due to its intuitive interpretation. CA
measures what portion of imputed values will be correctly classified as risk factor for
CRM according to their threshold values. Lower values for RMSE and MAPE denote
better performance, and higher CA values indicate better results.

3. Results

Comparison results for imputation of HDL, LDL, TCH, GLY and TG are respectively
shown in tables 3, 4, 5, 6 and 7. For each variable, missingness mechanism and percent
of missing data average results for RMSE, MAPE and CA are shown where best per-
formance values are highlighted. Also, due to space constraints, graphical illustration of
obtained results is given in Appendix (figures: 2, 3, 4, 5, 6).
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Table 3. Algorithm comparison for variable HDL considering three types of missing data mecha-
nisms (MAR, MCAR, MNAR) and different levels of missingness (10, 20, 30 and 50%) based on
imputation accuracy (root mean squared error, mean absolute percentage error and classification
accuracy)

HDL RMSE MAPE CA RMSE MAPE CA

MCAR
10% 20%

NN 0.2802 20.6955 0.7316 0.2785 20.5654 0.7202
PMM 0.3608 26.1986 0.6050 0.3617 26.3017 0.5969
SLR 0.3667 27.1279 0.5854 0.3660 27.1464 0.5831
RF 0.2946 18.8455 0.7010 0.2953 19.2711 0.6936
MEAN 0.2610 19.2869 0.6953 0.2612 19.3118 0.6903

30% 50%
NN 0.2794 20.7115 0.6382 0.2797 20.6359 0.6398
PMM 0.3617 26.4378 0.5953 0.3628 26.4785 0.5941
SLR 0.3649 27.0686 0.5857 0.3659 27.1615 0.5856
RF 0.3035 20.0461 0.6826 0.3143 21.3192 0.6623
MEAN 0.2617 19.4449 0.6902 0.2615 19.3626 0.6924

MAR
10% 20%

NN 0.2389 16.9590 0.7391 0.2406 17.2297 0.7290
PMM 0.3598 26.2777 0.6071 0.3587 26.2944 0.6063
SLR 0.3694 27.7332 0.5881 0.3646 27.4427 0.5913
RF 0.2933 19.3031 0.7019 0.2982 20.0395 0.6914
MEAN 0.2601 19.7928 0.6932 0.2592 19.8083 0.6914

30% 50%
NN 0.2437 17.4571 0.7261 0.2453 17.5117 0.7200
PMM 0.3597 26.2950 0.6077 0.3616 26.3412 0.5996
SLR 0.3651 27.3646 0.5928 0.3663 27.2623 0.5881
RF 0.3083 21.0124 0.6747 0.3168 21.7676 0.6611
MEAN 0.2597 19.8737 0.6903 0.2609 19.6912 0.6901

MNAR
10% 20%

NN 0.2394 23.3216 0.6742 0.2581 25.5564 0.6472
PMM 0.3582 32.0925 0.5974 0.3724 33.7851 0.5734
SLR 0.3635 33.6794 0.5693 0.3772 35.2030 0.5442
RF 0.2856 23.5159 0.6986 0.3080 26.2282 0.6604
MEAN 0.2575 26.5496 0.6231 0.2773 28.7606 0.6227

30% 50%
NN 0.2818 28.3264 0.6240 0.2675 23.1169 0.6560
PMM 0.3889 35.7334 0.5439 0.3762 30.7928 0.5674
SLR 0.3928 37.0190 0.5188 0.3783 31.4889 0.5472
RF 0.3305 29.1086 0.6188 0.3238 25.3834 0.6331
MEAN 0.3025 31.5800 0.6235 0.2835 25.5359 0.6444
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Table 4. Algorithm comparison for variable LDL considering three types of missing data mecha-
nisms (MAR, MCAR, MNAR) and different levels of missingness (10, 20, 30 and 50%) based on
imputation accuracy (root mean squared error, mean absolute percentage error and classification
accuracy)

LDL RMSE MAPE CA RMSE MAPE CA

MCAR
10% 20%

NN 0.6517 13.5230 0.7495 0.6649 13.6613 0.7549
PMM 0.9998 19.5170 0.6591 1.0105 19.5738 0.6638
SLR 1.0302 22.1732 0.6555 1.0307 22.1106 0.6581
RF 0.8660 14.4301 0.7272 0.8870 15.0236 0.7171
MEAN 0.9451 19.1504 0.6505 0.9451 19.1504 0.6552

30% 50%
NN 0.6788 13.8307 0.7500 0.7112 14.3998 0.7425
PMM 1.0119 19.6088 0.6607 1.0171 19.6594 0.6610
SLR 1.0301 22.0974 0.6589 1.0318 22.1538 0.6560
RF 0.9087 15.5668 0.7101 0.9508 16.8752 0.6884
MEAN 0.9495 19.2054 0.6522 0.9521 19.2136 0.6507

MAR
10% 20%

NN 0.6387 13.5412 0.7508 0.6704 14.0882 0.7409
PMM 0.9611 19.2735 0.6520 0.9655 19.2723 0.6549
SLR 1.0151 22.4694 0.6440 1.0253 22.7197 0.6429
RF 0.8646 15.0221 0.7086 0.8904 15.7338 0.6998
MEAN 0.9612 20.7286 0.6022 0.9659 20.9315 0.6040

30% 50%
NN 0.6903 14.3724 0.7374 0.7274 14.7458 0.7349
PMM 0.9738 19.4508 0.6519 1.0069 19.6371 0.6562
SLR 1.0262 22.6180 0.6442 1.0343 22.3459 0.6507
RF 0.9206 16.6055 0.6841 0.9551 17.1912 0.6780
MEAN 0.9696 21.1739 0.6037 0.9659 20.1857 0.6341

MNAR
10% 20%

NN 0.6149 15.7534 0.6277 0.6518 16.7199 0.6057
PMM 0.8784 20.9437 0.5788 0.9152 22.0134 0.5657
SLR 0.9903 25.8651 0.5446 1.0144 26.4461 0.5435
RF 0.7268 15.8575 0.6670 0.7731 17.3816 0.6369
MEAN 0.8324 25.4867 0.3621 0.9006 27.7790 0.3618

30% 50%
NN 0.6947 18.0946 0.5807 0.7176 16.3713 0.6638
PMM 0.9458 22.9883 0.5546 0.9969 21.4488 0.6240
SLR 1.0457 27.2633 0.5358 1.0464 24.5275 0.6051
RF 0.8347 19.4666 0.6006 0.9259 18.9541 0.6466
MEAN 0.9902 30.8539 0.3622 0.9869 25.4807 0.5285
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Table 5. Algorithm comparison for variable TCH considering three types of missing data mecha-
nisms (MAR, MCAR, MNAR) and different levels of missingness (10, 20, 30 and 50%) based on
imputation accuracy (root mean squared error, mean absolute percentage error and classification
accuracy)

TCH RMSE MAPE CA RMSE MAPE CA

MCAR
10% 20%

NN 0.9044 11.2777 0.8465 0.9096 11.3255 0.8447
PMM 1.3849 17.9032 0.7646 1.3858 17.8030 0.7667
SLR 1.4125 19.3143 0.7096 1.4071 19.3211 0.7167
RF 1.1452 13.2419 0.8244 1.1760 13.6968 0.8172
MEAN 1.3765 19.6452 0.7120 1.3768 19.5699 0.7130

30% 50%
NN 0.9159 11.3713 0.8477 0.9254 11.5042 0.8448
PMM 1.3831 17.7930 0.7669 1.3798 17.7741 0.7672
SLR 1.4101 19.3680 0.7142 1.4124 19.3726 0.7138
RF 1.2203 14.5303 0.8060 1.2504 15.1500 0.7976
MEAN 1.3772 19.6186 0.7127 1.3788 19.5867 0.7135

MAR
10% 20%

NN 0.8916 11.6872 0.8259 0.9012 11.8159 0.8257
PMM 1.3595 18.3046 0.7359 1.3640 18.2839 0.7381
SLR 1.4035 20.3694 0.6782 1.4078 20.4852 0.6761
RF 1.1616 14.3625 0.7973 1.2017 15.1341 0.7838
MEAN 1.4254 22.5705 0.6222 1.4333 22.8869 0.6230

30% 50%
NN 0.9152 11.9812 0.8235 0.9405 11.8581 0.8342
PMM 1.3671 18.3581 0.7371 1.3727 17.9005 0.7556
SLR 1.4080 20.4700 0.6749 1.4083 19.7614 0.6981
RF 1.2422 16.0273 0.7751 1.2683 15.9046 0.7849
MEAN 1.4480 23.3124 0.6225 1.4142 21.3220 0.6764

MNAR
10% 20%

NN 0.8253 13.4357 0.7565 0.8647 14.2280 0.7442
PMM 1.3150 20.6076 0.6800 1.3530 21.4554 0.6689
SLR 1.3586 23.1945 0.6075 1.3939 23.7496 0.6021
RF 1.1121 16.0774 0.7388 1.1956 17.8133 0.7139
MEAN 1.3765 26.6161 0.4466 1.4726 28.6865 0.4482

30% 50%
NN 0.9302 15.5389 0.7213 0.9445 13.6014 0.7896
PMM 1.4125 22.4742 0.6621 1.4210 20.3798 0.7268
SLR 1.4522 25.0296 0.5859 1.4406 21.9095 0.6678
RF 1.2946 19.8007 0.6870 1.3073 18.0855 0.7481
MEAN 1.6098 31.7311 0.4478 1.4896 25.4515 0.6143
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Table 6. Algorithm comparison for variable TG considering three types of missing data mecha-
nisms (MAR, MCAR, MNAR) and different levels of missingness (10, 20, 30 and 50%) based on
imputation accuracy (root mean squared error, mean absolute percentage error and classification
accuracy)

TG RMSE MAPE CA RMSE MAPE CA

MCAR
10% 20%

NN 1.6781 45.8713 0.6947 1.7419 47.0029 0.6794
PMM 2.4287 63.7588 0.6149 2.4450 63.1532 0.6062
SLR 2.4359 103.3195 0.5578 2.4596 102.7914 0.5577
RF 2.0806 44.0431 0.7074 2.0547 44.7400 0.7023
MEAN 1.7646 57.4358 0.5290 1.8152 57.5840 0.5279

30% 50%
NN 1.7228 47.7940 0.6762 1.7834 48.2514 0.6755
PMM 2.3925 63.0147 0.6056 2.4565 64.0044 0.6048
SLR 2.4405 104.0732 0.5564 2.4431 103.1582 0.5599
RF 2.1222 47.7587 0.6877 2.1983 51.0667 0.6650
MEAN 1.7804 57.7058 0.5268 1.8126 57.6760 0.5264

MAR
10% 20%

NN 1.7303 49.2283 0.6911 1.8401 49.4026 0.6982
PMM 2.3680 65.6342 0.6064 2.4370 65.0048 0.6053
SLR 2.4674 109.4875 0.5521 2.5070 109.1327 0.5512
RF 2.0619 46.5159 0.7054 2.2181 49.7677 0.6896
MEAN 1.8133 65.2662 0.4868 1.8857 65.7658 0.4868

30% 50%
NN 1.8198 51.1575 0.6783 1.8659 50.0006 0.6637
PMM 2.4042 65.0420 0.6074 2.4305 63.5184 0.6034
SLR 2.4843 108.4079 0.5566 2.4544 102.3056 0.5595
RF 2.2407 53.1501 0.6720 2.2509 52.7012 0.6629
MEAN 1.8649 66.6036 0.4857 1.8821 61.2814 0.5108

MNAR
10% 20%

NN 0.8652 68.9414 0.5467 1.0042 80.4539 0.4532
PMM 1.7352 82.8811 0.5752 1.7816 88.5791 0.5513
SLR 1.9790 145.7663 0.4997 2.0904 153.9056 0.4926
RF 1.3241 59.3654 0.6693 1.5014 67.5492 0.6345
MEAN 0.9872 95.4777 0.1981 1.0842 104.9737 0.1980

30% 50%
NN 1.1993 96.6311 0.3699 1.7054 74.3427 0.4908
PMM 1.9182 98.8680 0.5078 2.3500 81.8861 0.5489
SLR 2.2228 164.3346 0.4758 2.4714 131.9337 0.5173
RF 1.6640 79.4840 0.5810 2.1402 68.1128 0.6036
MEAN 1.2115 117.6751 0.1988 1.6757 87.7802 0.3676
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Table 7. Algorithm comparison for variable GLY considering three types of missing data mecha-
nisms (MAR, MCAR, MNAR) and different levels of missingness (10, 20, 30 and 50%) based on
imputation accuracy (root mean squared error, mean absolute percentage error and classification
accuracy)

GLY RMSE MAPE CA RMSE MAPE CA

MCAR
10% 20%

NN 1.2561 16.1328 0.8387 1.2590 16.2744 0.8405
PMM 1.7727 23.3703 0.7566 1.7698 23.4156 0.7550
SLR 1.7831 26.4223 0.6979 1.7701 26.3160 0.7001
RF 1.4650 16.5648 0.8279 1.4737 17.1581 0.8244
MEAN 1.3308 17.3669 0.8480 1.3223 17.3917 0.8499

30% 50%
NN 1.2636 16.2883 0.8384 1.2759 16.4178 0.8375
PMM 1.7739 23.4765 0.7552 1.7703 23.4657 0.7549
SLR 1.7712 26.3031 0.7000 1.7812 26.4517 0.6970
RF 1.4894 17.5696 0.8186 1.5417 18.7614 0.8089
MEAN 1.3230 17.3702 0.8474 1.3253 17.4029 0.8484

MAR
10% 20%

NN 1.1772 16.4996 0.8693 1.1963 16.7634 0.8712
PMM 1.6304 23.0727 0.8011 1.6436 23.0982 0.8001
SLR 1.7147 26.8912 0.7427 1.7331 27.2023 0.7401
RF 1.3543 17.0068 0.8581 1.3818 17.7424 0.8502
MEAN 1.2193 18.5149 0.8802 1.2283 18.8077 0.8822

30% 50%
NN 1.2200 17.2983 0.8735 1.2587 17.0065 0.8539
PMM 1.6478 23.1569 0.8019 1.7262 23.3995 0.7719
SLR 1.7483 27.4624 0.7383 1.7811 27.0636 0.7138
RF 1.4170 18.6302 0.8426 1.5060 19.1082 0.8203
MEAN 1.2356 19.1823 0.8826 1.2910 18.3311 0.8644

MNAR
10% 20%

NN 1.0146 20.9776 0.9733 1.0910 22.8274 0.9642
PMM 1.5630 26.4797 0.8574 1.6378 27.9884 0.8395
SLR 1.6236 31.2847 0.7685 1.6987 32.8102 0.7441
RF 1.1721 18.8606 0.9312 1.2621 20.9540 0.9162
MEAN 1.0738 23.5457 1.0000 1.1629 25.7221 1.0000

30% 50%
NN 1.2012 25.6262 0.9562 1.2858 21.3637 0.8708
PMM 1.7052 29.6050 0.8210 1.7721 26.6352 0.7625
SLR 1.7859 34.6600 0.7103 1.8149 30.4577 0.6779
RF 1.3510 23.2115 0.8989 1.4924 21.4904 0.8303
MEAN 1.2823 28.7493 1.0000 1.3336 23.2268 0.8966
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Performances from tables 3, 4, 5, 6 and 7 are summarized in Table 8. The table shows
the number of cases where the selected method has the best performance values. Only NN,
MEAN and RF methods are shown as competing algorithms with best results overall. One
case represents combination of: performance measure, variable, missingness mechanism
and volume of missing data. Since there are: 3 metrics, 5 variables, 3 mechanisms and 4
percentages, there are 180 cases in total. For MEAN and RF there are also, in parentheses,
values which indicate how many cases have NN as next best performance. In addition to
the total winning scores, also given in the table are scores grouped by different context:
by variables that are missing, by missingness mechanism and by percentage of missing
data.

Table 8. Overview of the number of different tested cases where selected algorithm shows best
performance, in total and grouped by: variable, mechanism and volume of missing data. Number of
cases where NN has next best performance is shown in parentheses

Method Total number of winning cases
NN 133
MEAN 21 (18)

RF 26 (20)

by variable HDL LDL TCH TG GLY
NN 24 33 36 19 21
MEAN 8 (5) 0 0 1 (1) 12 (12)

RF 4 (1) 3 (3) 0 16 (13) 3 (3)

by mechanism MCAR MAR MNAR
NN 40 54 39
MEAN 12 (9) 4 (4) 5 (5)

RF 8 (6) 2 (2) 16 (12)

by volume 10% 20% 30% 50%
NN 31 33 33 36
MEAN 4 (4) 4 (4) 6 (4) 7 (6)

RF 10 (9) 8 (5) 6 (5) 2 (1)

3.1. Discussion

Observing all obtained performance values, ANNs prevail as the best method for imputa-
tion, considering different missing mechanisms and proportion of missing data.

For HDL, MEAN imputation shows the best results for all missing frequencies but
only for MCAR data. Also, all those MEAN results are closely followed with ANN and
RF algorithm. As missing mechanism changes to mechanisms that enclose dependency in
missing data, ANNs emerge as a method with the best performance.

For LDL, there are only three cases for CA metric where RF shows better results than
ANN and only in case where data is missing according to MNAR. Even in those cases,
ANNs are closely behind.
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For TCH, ANNs display the best performance results, considering all three measures
across all missing pattern cases.

For TG, mixed results can be observed. MAPE errors are very large for each algo-
rithm in all scenarios, which gives fairly inaccurate imputation overall. In MCAR and
MAR case, ANN and RF are competing with similar imputation accuracy (both MAPE
and CA) while the other methods perform notably worse. In an MNAR setting, the dis-
parity between performance of ANN and RF results is bigger. Still, ANNs demonstrate
the smallest RMSE errors through all settings.

For GLY, it can be observed that MEAN shows best results according to classifica-
tion, especially in the MNAR case where it shows 100% accuracy. From data distribution
(Figure 1), it can be observed that GLY has CMR cutoff value higher than the upper quar-
tile with lots of outliers. MNAR mechanism is simulated by removing lower GLY values
with higher probability. When the volume of missing data is smaller (10, 20, 30%) mean
of sample set with complete cases stays lower than the cutoff value, therefore imputation
gives values that are, as original data, lower than the cutoff, which explains very high clas-
sification accuracy. Similarly as for previous variables, ANNs have the smallest RMSE
error through all simulation settings.

Regarding the overview of performance given in the table 8, it is noticeable that ANNs
are winning in most scenarios. Even for cases where other method is the winner, for a large
number of them, ANN is the next best imputation method.

Here should be noted that the obtained performance results (RMSE, MAPE, CA), con-
sidering the distribution of values for each variable (Table 1, Figure 1), except maybe for
TCH, indicate that neither explored imputation method should be used as a final predic-
tion model for variables separately. Nevertheless, in this research, we are not interested in
prediction models for those values as separate models, but rather in imputation in prepro-
cessing phase of building CMR models. That is why we are solely interested in relative,
comparison values. If a goal of some future research would be to build prediction models
for HDL, LDL,TCH, TG and GLY by and of itself, one can use this research as a support-
ing ground and explore other sets of predictors, as well as other models for each variable
independently.

Limitations and Further Research What should be examined is how ANN and RF with
different architectures compare solely, especially for TG, since RFs exhibit good perfor-
mance for some scenarios. In that case, fine tuning of RFs hyperparameters should be
performed since RFs with fixed number of trees is used in this research. Also, although
this work provides promising results, it should be explored how distribution around CMR
cutoff values is correlated with imputation accuracy, especially for GLY, and should be
determined if performance is a result of this specific clinical dataset. Additionally, the
used MAR and MNAR settings demonstrate just some examples of these mechanisms.
Simulations with different, more sophisticated MAR and MNAR mechanisms could be
performed and ascertain if the results are agreeable. Lastly, it could be tested whether
introducing additional hidden layers or tuning process and parameters of ANNs could
further improve accuracy and performance of neural networks as an imputation method.
At the end, final networks could be ensembled in order to broaden the proposed method-
ology for multivariate imputation, along with exploring how those imputations affect final
results in development of new and enhanced CMR prediction models.
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4. Conclusions

Prognostic CMR models require simple anthropometric measures as well as some labora-
tory values. In order to build machine learning models that solely use small, low-cost set of
predictors - laboratory values are necessary, but only in the preprocessing phase when out-
come CMR values are produced. If some of those laboratory values are missing, a dataset
used for learning could be fairly reduced and even produce flawed end results, which can
then make process of building final CMR model more difficult. In statistics, missingness
is often analyzed separately. In engineering, during machine learning research, this step is
sometimes skipped or overlooked. Therefore, we have explored how one machine learn-
ing model (ANN) behaves as an imputation method in CMR risk assessment to enable
fully independent algorithmic building process for CMR model, diminishing the need for
separate analysis of missingness mechanisms.

To explore how neural networks perform as an imputation method for laboratory data
used for calculating outcome CMR values which could further be used in building predic-
tive model for CMR, we have explored a number of ANN structures and compared their
imputation performance with other simple single imputation methods. First, we have built
and tested single layered neural networks with different numbers of hidden neurons to pro-
pose optimal settings for univariate imputation of missing values for each variable. Those
settings have afterwards been used for comparison of ANNs with other imputation meth-
ods. We have simulated three missingness mechanisms (MCAR, MAR and MNAR) and
performed simulations for different volume of missing data (10, 20, 30 and 50%). Through
all scenarios, ANNs showed strong performance according to different measures of im-
putation accuracy. They outperformed or were closely behind other methods in almost all
the cases, considering both proportion of missing data and missingness mechanism.

Considering the results, we propose that an ANN should be considered and used in
imputation of laboratory values, in preprocessing phase, as a step in pipeline framework
which could lead to development of more robust and precise CMR prediction models.

Although this work calls for next steps in the future research such as: ensembling ob-
tained networks or development of new types of ANNs which will deal with multivariate
missing data and analysis of impact of those imputations in the final model development,
this step was necessary in order to explore versatile settings of missing data, systemize
results and conclusions and prepare the basis for final CMR assessment.

It is worth noting that this research does not exclude other ML algorithms as poten-
tial imputation tools. On the contrary, we also propose that ML algorithms, in general,
should be considered, researched and used as imputation methods for both predictors and
outcomes values, since they could enable automatic integration of imputation in model
development process without a need for separate analysis of data distribution and missing-
ness mechanisms, leaving datasets used for learning complete and final results less prone
to error due to missingness mechanisms and volume. It is self-evident that any method for
dealing with missing data cannot substitute real data, but machine learning could provide
us tools for imputation that can be automatic, self-sufficient and domain independent. In
that context, the proposed comparison methodology for this specific problem justifies the
effort and could be used as a guideline for further research.
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Edita Stokić holds a PhD in Internal Medicine and is a full professor at University of
Novi Sad, Faculty of Medicine. She is also employed in the Clinic of Endocrinology,
Diabetes and Metabolic Disorders of the Clinical Centre of Vojvodina.
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5. Appendix

Graphical representations of algorithm comparisons for different percent and mechanism
of missingness are given on the following figures.
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Fig. 2. Results of algorithms comparison for variable HDL. Results are grouped by accuracy per-
formance (RMSE, MAPE, CA) shown on the right and missing data mechanisms (MAR, MCAR,
MNAR) shown on the left. Every volume of missingness (10, 20, 30 and 50%) is displayed by
separate color
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Fig. 3. Results of algorithms comparison for variable LDL. Results are grouped by accuracy per-
formance (RMSE, MAPE, CA) shown on the right and missing data mechanisms (MAR, MCAR,
MNAR) shown on the left. Every volume of missingness (10, 20, 30 and 50%) is displayed by
separate color
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Fig. 4. Results of algorithms comparison for variable TCH. Results are grouped by accuracy per-
formance (RMSE, MAPE, CA) shown on the right and missing data mechanisms (MAR, MCAR,
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Fig. 5. Results of algorithms comparison for variable TG. Results are grouped by accuracy per-
formance (RMSE, MAPE, CA) shown on the right and missing data mechanisms (MAR, MCAR,
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Aleksandra Medvedeva 14, 18106 Niš, Serbia
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Abstract. With the advent of Web 2.0 technologies and social media, companies
are actively looking for ways to know and understand what users think and say about
their products and services. Indeed, it has become the practice that users go online
using social media like Facebook to raise concerns, make comments, and share rec-
ommendations. All these actions can be tracked in real-time and then mined using
advanced techniques like data analytics and sentiment analysis. This paper discusses
such tracking and mining through a system called Social Miner that allows com-
panies to make decisions about what, when, and how to respond to users’
actions over social media. Questions that Social Miner allows to answer in-
clude what actions were frequently executed and why certain actions were
executed more than others.
Keywords: Data analytics, Facebook, Sentiment analysis, Social media.

1. Introduction

Business Processes (BP) are a cornerstone to the success of any company that wishes to
sustain its growth and remain competitive. According to [25], ”a process is nothing more
than the coding of a lesson learned in the past, transformed into a standard by a group
of experts and established as a mandatory flow for those who must effectively carry out
the work”. More precisely, a BP consists of tasks (t) connected to each other according to

? This is an extended version of a 2-page WETICE2016 demo paper [36].
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a process model defining, at design-time, who does what, when, and where. At run-time,
tasks are assigned to persons (p) and/or machines (m) so for execution.

Since the advent of social media, the traditional view of how companies operate has
completely changed. Contrary to top-down commands and bottom-up feedback that limit
innovation and creativity in companies, interactions that social media allows to happen in
companies are crossing all levels and occurring in all directions. This organizational shift
reduces cost, improves efficiency, facilitates innovation, among other benefits [7],[35].
Social media is also impacting the design of BPs. Earlier, we looked into this design to
shed light on social interactions between tasks (t2t), between persons (p2p), and between
machines (m2m) in BPs [14],[21]. These interactions reveal for instance, which task is
“easy” to replace with other tasks, which person is mostly solicited for partnership with
other persons, and which machine works well with other machines.

As a follow-up to our work on BP social-design we also looked into bridging the
gap between the business world (hosting BPs) and social world (hosting Facebook as
an illustrative application of social media) [20]. While the business world continuously
attracts the R&D community’s attention [13],[23], the social world’s surface is barely
“scratched” and hence, several opportunities are untapped. To reverse this trend we raise
many questions that need responses such as who are the social world’s stakeholders, what
actions can the stakeholders perform, and how to track the interactions in the social world.
While we detail in [10] the actions that stakeholders perform in the context of social
media, we focus in this paper on the interactions that arise in the social world in response
to both events triggered and actions taken in the business world and then, to what extent
these interactions would impact BPs. For instance, increasing the delivery fees of goods
in a process could raise concerns over social media that decision makers in the business
world would like to be aware of, should corrective actions need to be taken to address
these concerns. For this purpose, we associate the business world with control flow and
the social world with social flow, define the constituents of each flow, and manage the
cross-flow interactions. We present the design and development of Social Miner, a real-
time tracking and mining tool on top of Facebook.

The rest of this paper is organized as follows. Section 2 gives a short overview of
social media mining in favor of business. Section 3 presents a motivating scenario to
stress out the gap in examining the interactions between the business and social worlds.
Section 4 briefly discusses data mining (with focus on sentiment analysis) and business
process modeling. Section 5 details the real-time tracking and mining of users’ actions
over social media where Facebook is used for illustration purposes. Section 6 implements
this tracking and mining through a real marketing campaign on Facebook. Finally, Sec-
tion 7 discusses the importance of connecting the business and social worlds together.
Finally, Section 8 concludes the paper and identifies some future work.

2. Related work

Mining social networks in favor of business application is not new. Bonchi et al. present
an overview of key problems in this domain and the techniques in social network analysis
in an infant stage and emphasize, among others, potential business benefits and technical
challenges [5]. These challenges include data preparation, network dynamics, propaga-
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tion, evaluation, etc, whilst value-added benefits may be summarized in a short sentence:
”Social networking may allow increased revenue”.

In essence, 2 types of social network mining strategies are in use. The first strategy
mimics social networks by tracking activities of employees and their relationships inside
an organization during business process execution in order to make them more flexible and
productive. Examples include, but not limited to, MiSoN (Mining Social Networks) and
SUPER (Social-based bUsiness Process managEment fRamework). In MisoN, Aalst et al.
use events logs for social networks mining [1]. These event logs are made by employees
of an enterprise when they use some of enterprise information systems (e.g., ERP and
CRM) and transform into sociograms by MisoN, which are later use for workflow analysis.
SUPER is based on social relations between employees who are in charge to execute
particular BPs. These relations are delegation, substitution and peering and results of their
use are reported in [14,21]

The second strategy goes beyond an enterprise and use public social networks
(e.g., Facebook and Tweeter) to mine customers’ opinions about companies’ products
and services to facilitate CRM via customer needs anticipation and reputation monitoring,
identify their churn and reasons for it, find experts, etc. [5]. These findings are obtained
using sentiment analysis, opinion mining, and at large scale social influence mining. For
the later, Tang et al. present how this mining may help expert finding [33]. A general
approach that allows to identify the node that influences others is presented in [4].

3. Motivating scenario

GreenUtility is a utility company that is going to launch an awareness campaign about
renewable energies on Facebook. To achieve the campaign’s targets like increasing the
number of green advocates, the marketing team must look after this campaign’s business
aspects (e.g., develop the campaign’s content and layout, secure the necessary approvals,
and assess the results of the campaign) and social aspects (e.g., announce the campaign
on Facebook page, engage in discussions with this Facebook page’s subscribers, post,
and refresh the marketing content if necessary). Both business and social aspects be-
come intertwined when the campaign is in a full swing. For instance, posting content on
Facebook needs the marketing director’s approval. And, collecting subscribers’ comments
from Facebook permits to decide on extending the campaign.

After securing the necessary approvals to launch the campaign, GreenUtility’s Face-
book page is updated with details like tips for saving energy and actions for contributing
to a green world. Afterwards, the subscribers to this Facebook page could (in fact, the sub-
scribers are not obliged) react to the campaign by posting responses, initiating new com-
munication threads, and expressing feelings over some ecological incidents (e.g., Gulf of
Mexico oil spill).

Putting all the social actions (e.g., post comments and invite others) that subscribers
perform on Facebook page together should permit to develop social flows that would give
GreenUtility better insights into what is being discussed over its Facebook page instead
of relying on some quantitative performance indicators (e.g., number of visitors), only.
Mining the social flows would help GreenUtility answer many questions like when is it
appropriate to post a campaign so that a good response rate is achieved, who are the main
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supporters/opponents of/to a campaign so that their feedback/concerns are shared/dealt
with, and who should respond to supporters/opponents so that fruitful discussions occur.

4. Some preliminaries

This section is an overview of data mining and business process modeling.

Data mining. The phenomenal growth of online social media (e.g., discussion fora and
blogs) is backed by the abundance and richness of user content such as comments,
reviews, and feeds that could correspond to opinions on events like visited places,
tried restaurants, and consulted books. Opinions can also be associated with senti-
ments reflecting users’ attitudes and feelings towards events like anger and happi-
ness. For a better understanding of opinions, many Sentiment Analysis (SA) tech-
niques and tools are reported in the literature (e.g., Batrinca and Treleaven [3] and
Tang et al. [32]). Generally speaking, Pang and Lee suggest 3 stages that SA goes
through: opinion retrieval, sentiment classification, and opinion summarization [26].
The first determines which textual sources (e.g., documents, posts, blogs, and news)
should be considered when looking for opinionated material with respect to a certain
granularity level (e.g., entire documents, phrases, and separate words). The second
identifies the overall sentiment that each textual source conveys. Finally, the third pro-
vides an integrated view of sentiments expressed by multiple textual sources. Fig. 1
depicts a comprehensive view of SA’s outcomes according to the type of source to
analyze (single versus multiple).

Sentiment Analysis

single source multiple sources

non-
opinionated

opinionated

subjectiveobjective

consenusal divided

non-
opininated

opinionated

score degree

positive negative

scoredegree

positive negative

non-featured featured

Fig. 1. Sentiment analysis decomposition

The aforementioned 3 stages can require different techniques and tools that are at
the crossroad of Natural Language Processing (NLP), Information Retrieval (IR),
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and Machine Learning (ML) [26]. Since textual sources could be opinion-free, the
opinion retrieval stage relies on IR techniques to rank content in terms of relevancy
(i.e., whether the content is topic-related) and opinionatedness (i.e., whether the con-
tent contains opinions) (e.g., Luo et al. [18] and Soboroff et al. [30]). The sentiment
classification stage adopts NLP-based ML techniques to agree on content’s subjec-
tivity/objectivity and polarity (e.g., Liu [16] and Ting et al. [34]). Polarity that can
be either qualitative or quantitative, permits to tag opinions with positive/negative
sentiment scores (e.g., good/bad and like/dislike) or degrees (e.g., good/excellent and
bad/worst). Last but not least, the opinion summarization stage uses IR techniques re-
lated to a content’s featurability and NLP-based ML techniques related to consensus
and division (e.g., Archak et al. [2,17]). The former identifies important features that
would characterize some events. And, the latter decides whether multiple sources
contain similar and/or contradictory opinions related to features so that opinions are
differentiated.

Despite the benefits of existing SA techniques, many shortcomings can be reported.
Indeed, they consider textual sources as one block and, thus, overlook nested ex-
changes in blocks. Plus, they do not capture users’ attitudes towards received con-
tent (should the user respond, delay to respond, or ignore). In this work, we move one
step-forward by analyzing a content’s structure and growth along with users’ senti-
ments so that we understand what happened, might happen as well as when opinion
changes happened.

Business process modeling in brief. BP modeling is about documenting and displaying
BPs graphically to help stakeholders analyze process models and find possible ways
of improvement. A modeling language consists of 3 parts: (i) syntax that provides
constructs and rules to combine constructs, (ii) semantics that gives meaning to
constructs, and (iii) notation that includes graphical symbols to visualize constructs.
In [27], Pourshahid et al. state that all 3 parts together should allow to model various
aspects of a BP such as tasks, events, resources, roles, constituents, functions, organi-
zation, and hierarchy. Over the years, Business Process Model and Notation (BPMN)
has rapidly become a standard for BP modeling as per the Object Management
Group (OMG) [24]. BPMN provides graphical elements to develop multiple flows
like control flow to show the partial order (i.e., conditional and concurrent) between
tasks in a BP and communication flow to show the exchange of messages between
a BP’s stakeholders. In addition to BPMN flows, other types of flows are reported
in the literature. Sadiq et al. use data flow for process specification following a
data/artifact-centric perspective and process verification according to 3 properties:
correctness, soundness, and variability [29]. Reichert and Dadam use control flow
and data flow to specify BPs following a process-centric and data-driven perspective,
and verify a BP’s correctness properties like reachability and termination [28].
Finally, Maamar et al. develop and synchronize control, communication, and
navigation flows to monitor BP execution [22].

Completely different from flows for BP modeling that are structured and known in ad-
vance, social flows are built on-the-fly and capture social actions over social media.
We expect tapping into social flows to understand why users execute certain social
actions, what business tasks triggered certain social actions, which social actions are
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triggered because of some social actions, what is the execution chronology of so-
cial actions, and what content like feelings and opinions does social actions convey.

5. Tracking and mining approach

This section details the approach for real-time tracking and mining users’ actions over
social media. It starts with some definitions and examples and then, discusses how putting
social actions together lead into the development of social flows.

5.1. Foundations

To formalize our approach, we first, refer readers to [19] where a definition for social ac-
tion (e.g., send, co-author, and tweet) is proposed. It is an operation that a Web 2.0 appli-
cation allows users to execute whether online or offline. Also, as per the same reference, a
social action falls into one of the following categories (Table 1): communication (e.g., chat
and poke), sharing (e.g., publish and upload), and enrichment (e.g., comment and tag). In
this paper A is the set of all social actions available for execution over all Web 2.0 appli-
cations (A = {poke, chat, send, co-author, tweet, post, comment, reply, tag, upload, · · · })
and Aapp2.0

(Aapp2.0
⊆ A) is the set of all social actions available for execution

over a particular Web 2.0 application (app2.0), Facebook in our case (AFacebook =

{poke, chat, send, post, upload, comment, tag, · · · }).

Table 1. Representative categories of social actions ([19])

Category Description Examples of social actions

Communication Includes actions that establish back-and-forth inter-
actions between users, which should engage them
in joint operations

Chat with a user or group of users, Poke someone,
Send direct messages to a user’s inbox

Sharing Includes actions that establish one-way interactions
and allow to create and edit shared content and to
facilitate this content’s consumption

Co-author a text/media on a Wiki, Publish a post
on a Blog Web site, Upload a photo/video on a
public repository, or any other data (e.g., sensor
reading)

Enrichment Includes actions that provide additional [meta] data
on shared content by providing opinions and/or
ranking

Comment a post, Tag users’ photos, videos, activ-
ities, etc.

Fig. 2 depicts how the control and social flows are anchored to the business and so-
cial worlds, respectively, with focus on the interactions from the business to social worlds
that trigger forming social flows. Interactions from the social to business worlds are the
result of mining social flows. For clarity purposes, these interactions are not represented
in Fig. 2 but are handled through metrics defined in Section 6.2. It happens that the suc-
cessful execution of some business tasks in the control flow makes users execute some
social actions. over Web 2.0 applications (e.g., after approving the marketing content,
GreenUtility posts the content on Facebook). The outcomes of executing these social ac-
tions could motivate (same and/or other) users to execute additional social actions and so
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on. This execution chain of social actions expands until some termination conditions are
met (e.g., deadline has passed and response-rate has become low). By putting all the so-
cial actions together with respect to when they occurred, social flows are obtained. Fig. 2
shows 1 control flow (F c

1 ) and 3 social flows (F s
1 , F s

2 , and F s
3 ). Later it will be shown that

social flow could branch into sub social-flows (aka nested flows).

Fig. 2. Business and social worlds from a flow perspective

5.2. Definitions and examples

In the following all examples are drawn from the motivating scenario and Fig. 2. The
definitions given in this section are integrated into the automatic building of social flows
as demonstrated in Section 6.

Definition 1. Control Flow (F c). It represents the process model of a BP and consists
of business tasks (bt) and dependencies between business tasks. Formally, F c is a 4-tuple
< T c, Dc, IT c, FT c > where: T c contains all business tasks in a BP; Dc ⊆ T c × T c

is the set of all dependencies between business tasks; IT c ⊆ T c is the set of all initial
business tasks; and, FT c ⊆ T c is a set of all final business tasks.

Example: F c =< {bt1, bt2, . . . , bti}, {(bt1, bt2), . . . , (bti−1, bti)}, {bt1}, {bti} >
where bt1 = secure-necessary-approvals and bt2 = develop-campaign-design.
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Definition 2. Business-to-Social Link (L(b2s)). It captures the statement that “upon the
successful execution of a business task, a user may execute social actions in response to
this execution”. We aim at conditionally mapping each business task in a control flow onto
a set of initial social actions that will form the roots of the future social flows. Formally,
L(b2s) : T c × C → 2A

s0 is a function where: T c contains all business tasks in a BP, C
is a set of conditions; and, As0 is a set of all initial social actions in the social flows.

Example:

– L(b2s) : (bt1, [condbt1 ]) → {sa1, sa2} where bt1 = secure-necessary-
approvals, condbt1 = is-campaign-approved?, sa1 = post-benefits-of-the-campaign-
on-Facebook, sa2 = post-benefits-of-the-campaign-on-Twitter; sa1 and sa2 are exe-
cuted if the campaign is approved.

– L(b2s) : (bt2, φ) → φ where bt2 = develop-campaign-design; no social action is
associated with bt2.

– L(b2s) : (bt3, [condbt3 ]) → {sa3} where bt3 = analyze-customer-application,
condbt3 = is customer application rejected?, and sa3 = post-a-note-on-customer-
wall; sa3 is executed if the customer application is rejected.

Definition 3. Social Flow (F s). It is a set of social actions put together on-the-fly. One
of these social actions is initial (i.e., linked to a business task as per Definition 2) and
the rest are either intermediaries or finals. First, the connection between social actions is
dependent on (i) the authorized relations that Web 2.0 applications allow to have between
their social actions (Section 5.3) and (ii) the nested levels of exchange that a Web 2.0
application allows to happen6. Second, the selection of the next social actions to execute
is based on contextual elements that do not fall into this paper’s scope. Formally, F s

is a 4-tuple < As
app2.0

, STRs
app2.0

, sas0, FA
s > where As

app2.0
⊆ Aapp2.0

contains those
social actions in a Web 2.0 application that end-users have voluntarily decided to execute;
STRs

app2.0
: As

app2.0
× Lapp2.0 → As

app2.0
is a function that corresponds to a time-

stamped authorized relation connecting a social action, that occurred at a certain level
of exchange (l ∈ Lapp2.0

), to another social action; sas0 ∈ As0
app2.0

is the initial social
action; and, FAs ⊆ As

app2.0
is a set of final social actions.

Example:

– F s
1 =< As

app2.01
, STRs

app2.01
, sas01 , FA

s
1 > where As

app2.01
= {sa1}, STRs

app2.01

not applicable, sas01 = sa1, and FAs
1 = {sa1}.

– F s
2 =< As

app2.02
, STRs

As
app2.02

, sas02 , FA
s
2 > where As

app2.02
=

{sa2, sa21, sa221, . . .},
STRs

As
app2.02

= [(sa2, sa21), (sa21, sa22)], [[(sa21, sa211)]], [[(sa22, sa221), (sa221, sa222)]],

sas02 = sa2, and FAs
2 = {sa21, . . .}. In this flow, 2 levels of exchange represented

by [ ] and [[ ]], respectively, exist. Note that F s
2 contains 1 primary sub-flow referring

to social actions between [ ] and 2 secondary sub-flows referring to social actions
between [[ ]].

6 E.g., 1 nested-level of exchange would support 2 types of social flows: primary and secondary. In Facebook
comment and reply can trigger post. Thus, comment and reply are part of the primary social-flow and post is
part of the secondary social-flow.
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– F s
3 =< As

app2.03
, STRs

app2.03
, sas03 , FA

s
3 > where As

app2.03
= {sa3, sa31},

STRs
app2.03

= {(sa3, sa31)}, sas03 = sa3, and FAs
3 = {sa31}

– As0
app2.0

= {sa1, sa2, sa3} for F s
1,2,3.

In addition to control flow, business-to-social link, and social flow definitions, extra
concepts and definitions are deemed necessary to allow the mining of social flows. Among
these concepts we cite scores of social actions (nodes for short) that are calculated while
the different social flows are under-development. As per Fig 1, each content to analyze is
related to a single user, and is both opinionated and subjective. So, a score is either local
that is about user’s feedback, global that aggregates local scores using direct neighbors’
scores, or cumulative that aggregates global scores using direct neighbors’ scores, as well.

Definition 4. Local Score Function (LS). It quantifies a user’s feedback on a so-
cial action using for instance, sentiment analysis techniques such as CoreNLP ([31]).
CoreNLP’s scores are -2 for very negative, -1 for negative, 0 for neutral, 1 for positive,
and 2 for very positive. With respect to social actions that do not have content such as
“like” and “wow”, their sentiment values are assigned using “common sense”, for ex-
ample. Formally, LS : As

app2.0
→ Z is defined as per Equation 1:

LS(sa) =

 sentimentAnalysis(sa(feedback)), sa has content

selfAssignment(sa()), sa has no content
(1)

where selfAssignment assigns a sentiment value to sa based on “common sense”.

Definition 5. Global Score Function (GS). It represents the cumulative feedback of a
social action’s free-of-content and secondary neighbors at time t. The number of sec-
ondary neighbors depends on the Web 2.0 application’s nested levels (1 for illustration
purposes). Formally, GS : As

app2.0
× T → Z is defined as per Equation 2:

GS(sa, t) =



sign(saparent)× LS(sa)

sign(saparent)× LS(sa) +

k∑
i=1

GS(sai, t), sa is secondary

LS(sa) +
k∑

i=1

GS(sai, t) +
m∑

j=1

GS(saj , t), sa is primary and 6= sas0(Definition 3)

(2)

where saparent is a social action’s parent; sign is a function that returns +1 if
LS(saparent) is positive or neutral, otherwise -1; sai is a free-of-content neighbor of

sa; and, saj refers to all secondary neighbors of sa. Note that GS(sas0, t) =

m∑
j=1

GS(saj , t)

where saj refers to all primary neighbors of sas0.

From an implementation perspective, Algorithm 1 illustrates how Equations 1 and 2
for local and global score calculations, were programmed. At the end of each execution
round, each social action gets its respective local and global score, that is used later for
analysis and presentation. After a certain time of launching a campaign, collecting neces-
sary details about social actions begins allowing to proceed as follows:
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- Lines 4-8 list all reactions on the initial post. The self assignment value for each
reaction is multiplied by the sign of the post to get the global score of the reaction,
and added to the global score of the post.

- Lines 9-28 list all the comments on the initial post including reactions, replies, and
reactions on replies, as well. All of these affect the global score of posts and com-
ments via the nested loops. A comment’s sentiment value is checked using CoreNLP
tool, multiplied by the post’s sign to get its global score and then added to the post’s
global score.

- Lines 12-26 proceed with the same analysis targeting this time reactions on com-
ments, replies to comments, and reactions to replies, respectively.

Algorithm 1 Local/Global score calculation
1: for all posts as p do
2: p.LS = 0
3: p.GS = 0
4: for all reactionsOnPost as rp do
5: rp.LS = selfAssignment(rp)
6: rp.GS = sign(p) ∗ rp.LS
7: p.GS = p.GS + rp.GS
8: end for
9: for all commentsOnPost as cp do

10: cp.LS = sentimentAnalysis(cp.feedback)
11: cp.GS = sign(p) ∗ cp.LS
12: for all reactionsOnComment as rc do
13: rc.LS = selfAssignment(rc)
14: rc.GS = sign(cp) ∗ rc.LS
15: cp.GS = cp.GS + rc.GS
16: end for
17: for all replyOnComment as rpc do
18: rpc.LS = sentimentAnalysis(rpc.feedback)
19: rpc.GS = sign(cp) ∗ rpc.LS
20: for all reactionsOnReply as rr do
21: rr.LS = selfAssignment(rr)
22: rr.GS = sign(rpc) ∗ rr.LS
23: rpc.GS = rpc.GS + rr.GS
24: end for
25: cp.GS = cp.GS + rpc.GS
26: end for
27: p.GS = p.GS + cp.GS
28: end for
29: end for

Definition 6. Cumulative Score function (CS). It represents the cumulative score of a
social action’s direct neighbors at time t. The number of direct neighbors depends on the
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Web 2.0 application’s nested levels (1 for illustration purposes). Formally, CS is defined
as per Equation 3:

CS(sa) =

GS(sa) + CS(sai, t), sa is secondary

GS(sa) + CS(sai, t) + CS(saj , t), sa is primary
(3)

where sai is both a secondary node and a certain direct neighbor of sa; and, saj is
both a primary node and a certain direct neighbor of sa. Note that Equation 3 provides
different cumulative scores whether the social action is primary or secondary, and, there-
fore, considers the social flow’s structure. Regarding the initial social actions, their CS
is computed recursively using all nodes’ cumulative scores. When a change happens in a
social flow (e.g., new like, new comment, and new share), CS automatically changes.

When the development of a social flow is in progress, some scores automatically
change (e.g., if like is connected to comment at time t+1, like’s score at t+1 will be differ-
ent from time t). This change would impact other nodes in the social flow through score
propagation. We rely on asynchronous self-stabilization principle to propagate impacted
global scores after each update (i.e., a newly-added social action to the social flow) [9].
This principle consists of re-computing the scores of initial social actions’ neighbors.
Each node checks its direct neighbors and detects any change of scores among their neigh-
bors. If there is a change, the node computes its score again and again. Thanks to this
domino effect, all nodes update their scores until reaching all initial social actions.

5.3. Authorized relations between social actions

The ongoing expansion of social flows is dependent on the authorized relations that a
Web 2.0 application supports in order to connect social actions together (STRs

app2.0
in

Definition 3). Each Web 2.0 application allows a limited number of (next) social actions
from which users can select for execution. Although these relations are not explicitly
shown in Web 2.0 applications, we expose them for 2 reasons: enumerate the next possible
social actions and recommend some next possible social actions to users with respect to
what has been executed earlier. Enumerating the next possible social actions is relevant
when building social flows; it permits to track exchanges online and to connect social
actions on the fly.

Table 2 suggests examples of next possible social actions in some representative Web
2.0 applications. In this table, [0/1.. ∗ (resp.1)]sa means zero/one to many (resp. only
one) social action(s) will be executed, and (||) and (⊕) are or and xor logical operators,
respectively. To define some authorized relations in Web 2.0 applications, we analyzed
Decker and Lesser’s coordination relations between tasks namely facilitates, cancels ,
inhibits, constrains, enables, and causes [8]. Due to the inappropriateness of the first 3
relations for our work, we discuss the remaining ones:

1. enables(sai, {saj}): upon the successful execution of a social action sai,
the Web 2.0 application activates other social actions {saj} from which
users can execute some (i.e., zero to many) and many times. Examples are
enables(share, {like}) and enables(post, {share, like, comment}) in Facebook
and enables(tweet, {reply, retweet, post− to− Facebook}) in Twitter.
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2. constrains(sai, {saj}): upon the successful execution of a social action sai, the
Web 2.0 application activates other social actions {saj} from which users can execute
one social action saj , only. Examples are constrains(request, {confirm, delete})
in Facebook and constrains(follow, {accept, deny} in Instagram.

3. causes(sai, {saj}): upon the successful execution of a social action sai, another
social action saj is automatically executed. Example is causes(add, {follow}) in
Facebook.

Table 2. Illustration of some authorized relations between social actions
Web 2.0 application Social action Next possible social actions

Facebook post [0..*]like || [0..*]comment || [0..*]share || [0..1]delete

share [0..*]like || [0..1]delete

like [0..1]unlike

follow [0..1]unfollow

comment [0..*]reply || [0..1]edit || [0..1]delete

friend request [0..1]confirm
⊕

[0..1]delete

Twitter tweet [0..*]reply || [0..*]re-tweet || [0..1]like || [0..1]delete

reply [0..*]reply || [0..*]like || [0..*]re-tweet || [0..1]delete

quote tweet [0..*]reply || [0..*]re-tweet || [0..1]delete

like [0..1]unlike

Instagram post [0..*]send to || [0..*]comment || [0..*]like ||[0..*]share-to

comment [0..*]reply || [0..*]like || [0..1]delete

follow [0..1]accept
⊕

[0..1]deny

send to [0..1]like
⊕

[0..*]comment

Let us consider GreenUtility and Facebook’s social actions defined in Table 2.
When no social action is executed, GreenUtility administrator executes post so that
texts, images, or videos are displayed on the company’s Facebook page. This post en-
ables the administrator and other (un)known Facebook members to like that post (like),
comment that post (comment), and/or share it (share). This happens because of
enables(post, {like, comment, share}) authorized relation. In the same way, exe-
cuting one of the recently enabled social actions will allow executing other social
actions in a chain reaction. For instance, executing comment after post enables to
like that comment (like) and/or to reply to that comment (reply) in compliance with
enables(comment, {like, reply}) authorized relation.

5.4. Illustration

Let us apply the different definitions to GreenUtility. On the one hand, the campaign’s
business aspect refers to a control flow that includes many business tasks (e.g., prepare-
campaign-material and approve-campaign-material) and dependencies between these
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tasks (e.g., approve-campaign-material requires finalize-material before). On the other
hand, the campaign’s social aspect refers to multiple social flows initiated depending on
the outcomes of executing certain business tasks. Let us assume that approve-campaign-
material is successfully executed. Next is to share this material with the community on
Facebook. The administrator logs into GreenUtility’s Facebook page and executes post as
a social action. Now that the campaign’s material is online, subscribers of GreenUtility’s
Facebook page can share the material with others, comment the material, or like the ma-
terial as per the authorized relations associated with post (Table 2). If a person makes a
comment, then comment as a social action is executed and will be connected to the first
social action that is post. At this stage, the under-development social flow consists of two
social actions: post then comment.

In Fig. 3a, we show GreenUtility’s post on Facebook at time t. This post has re-
sulted into executing additional actions by people like Alison, Bob, and the adminis-
trator of GreenUtility’s Facebook page. In Fig. 3a, we map this execution onto an under-
development social flow that will grow over time. Since Facebook supports 1 nested level
of exchange, the social flow is represented as 1 primary (level 0) caterpillar (i.e., a tree
such that its internal vertices constitute a path and the other vertices are the ”hairs” of the
tree and 2 secondary (level 1) caterpillars [13]. The primary caterpillar has GreenUtility’s
post as a root with 2 like and 2 subsequent comment while the first secondary caterpillar
has Bob’s reply as a hairless root. The nodes are labeled with 3 values (sentiment score,
global score, and cumulative score). All under-development social flows are acyclic and
temporal.

6. System development

This section consists of 2 parts. The first part describes the architecture supporting real-
time monitoring and mining of users’ social actions over Facebook. The second part de-
scribes the experiments that were carried out along with the results of these experiments.

6.1. Architecture

We developed a tool, named Social Miner (SM), for tracking and mining users’ actions
over social media with Facebook as a targeted Web 2.0 application. SM’s architecture is
given in Fig. 4 (a demo video is available at https://youtu.be/crBsEk2pSzo)
and consists of 4 modules: dashboard, social-action manager, social-action tracker, and
social-flow analyzer.

The dashboard is the interface provided to employees and BP engineers to manage
campaigns on GreenUtility’s Facebook page like launching a new campaign with the assis-
tance of the social-action manager (1.1) and to perform the necessary analysis (1.2). The
social action tracker “keeps-an-eye” on any change over this Facebook page while the
social-flow analyzer obtains insights into the activities over the Facebook page such as,
which subscribers are (un)supportive of a campaign and which campaign is most attractive
according to our mining analysis. To this end, the social action tracker uses Webhooks7 to
subscribe to changes in the Facebook page. These changes are stored in the social actions

7 developers.facebook.com/docs/graph-api/webhooks..

https://youtu.be/crBsEk2pSzo
developers.facebook.com/docs/graph-api/webhooks.
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a) GreenUtility's Facebook post b) Under-development social flow

Fig. 3. GreenUtility’s Facebook page and its associated social flows

repository and then made available to the social-flow analyzer for building the necessary
social flows so they are mined at a later stage.

1. The social-action manager uses Facebook SDK library for PHP so that requests
(e.g., publish campaign and reply to some comment message) are submitted to Face-
book Graph API8 and published on a Facebook page.

2. The social-actions repository is a MySQL database that stores details like time about
the social actions executed over GreenUtility’s Facebook page.

3. The subscribers repository is another MySQL database that stores details about the
subscribers (e.g., user id, user name, and weight) who take part in the discussions
over GreenUtility’s Facebook page.

4. The social action tracker includes 2 modules: CoreNLP and Score calculator. On
top of time-stamped details about the executed social actions (e.g., user id, page id,
post id, and parent id) collected via Facebook Webhooks’ notifications, CoreNLP as
a sentiment-analysis tool annotates these actions with sentiment scores. The result
of CoreNLP analysis is formatted as JavaScript Object Notation (JSON) and then,
translated into a relational format (through an in-house script) prior to storing it in
the social-actions repository. The relational format has eased the storage of different
details in multiple tables and running queries over these tables when building and
analyzing the social flows. Any notification from Webhooks (e.g., newly added/up-
dated social actions) triggers the score calculator that computes new scores (Equa-

8 developers.facebook.com/docs/graph-api.

developers.facebook.com/docs/graph-api.
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tions 4 and 5) and/or revises some existing scores as per the score propagation al-
gorithm (Definition 6). For local scores, the score calculator considers subscribers’
weights (e.g., reputation) using the subscribers repository (Definition 4).

5. The social flow analyzer includes 3 sub-modules: builder, miner, and displayer. The
builder parses the content of the social actions repository (1.2.1) to generate the nec-
essary social flows enriched with scores and transmit the enriched social flows to the
miner for further analysis (1.2.2). The miner performs 3 types of metrics and one anal-
ysis discussed in Section 6.2. The displayer visualizes real-time social flows along
with the obtained analysis transmitted by the miner (1.2.3) on a browser showing
how GreenUtility promotes its services to customers and seeks their feedback through
Facebook (Fig. 2). The displayer uses Cytoscape graph-theory library for analysis
and visualization [11]. It also highlights with assistance of the miner the relevant so-
cial actions that form the social flows. Different shapes are used to differentiate the
social actions: star for post, rectangle for comment, hexagon for reply and triangle for
reaction. The displayer also uses colors to emphasize whether a social action is pos-
itive, negative, or neutral so that a manager can easily identify the points of interest.
GreenUtility uses the different flows to identify what social actions that (un)known
subscribers have executed over its Facebook page. This could lead into reviewing
BPs if their feedback were deemed relevant. Finally, the displayer is developed in
HTML 5 and JavaScript while the builder and miner are developed as PHP programs
and deployed on an Apache Web server.

Besides installing Facebook Graph API, companies interested in using Social Miner do not
require any additional installation or configuration to track their campaigns on Facebook.

Fig. 5. Example of social flow
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6.2. Experiments

To evaluate the benefits of using SM to decision makers, we carried out many experi-
ments associated with a real campaign known as “we are announcing Universe 11 plus,
the greatest phone ever” that was active from March 11, 2018 to March 16, 2018 on
Facebook. The metrics that result out of these experiments are discussed below and as-
sessed over one-day long time intervals. These metrics are implemented in the miner
sub-module, part of the social flow analyzer (Fig. 4).

1. Campaign attractiveness metric (M1, Fig. 6) defines how appealing a campaign was
to respondents by tracking their positive, neutral, and negative responses over differ-
ent time intervals. Formally, M1 is defined by Equation 4. By considering attractive-
ness, managers could extend campaigns, for example.

M1(ti) =
new(ti)

returning(ti) + new(ti)
(4)

Where ti is a certain time interval [from, to] that could be days, weeks, months, etc.,
new(ti) is the number of new respondents who executed some social actions dur-
ing ti, and returning(ti) is the number of returning respondents who first, exe-
cuted some social actions during ti and second, were included in the previous time
interval (ti−1) that was used for defining the attractiveness metric. At t0, all re-
spondents are treated as new. We rely on the time-stamped authorization relation
STRs

Facebook (Definition 3) to compute new(ti) and returning(ti).

Fig. 6. Chart associated with campaign attractiveness

Since M1 enables a campaign’s manager to discuss attractiveness from a global per-
spective, the focus is on the number of (new and returning) respondents. It would be
useful for the manager to study attractiveness from a local perspective by identifying
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the social actions that led for instance, to a major increase/decrease in the number of
new/returning respondents both compared to previous interval times. To this end, we
define local-attractiveness metric (M

′

1) with focus on returning respondents’ respon-
siveness levels (Equation 5):

M
′
1(sa, ti, ti+1) =

returning(sa, ti, ti+1)

returning(sa, ti−1, ti)
(5)

Where sa is a certain social action that is subject to analysis, ti−1, ti, ti+1

are 3 homogeneous time intervals such that ti happened earlier than ti+1,
returning(sa, ti, ti+1) is the number of returning respondents who were “new”
at ti and executed any action that came after sa during ti+1, and finally,
returning(sa, ti−1, ti) is the number of returning respondents who were ”new” at
ti−1 and executed any action that came after sa during ti. Similar to new(ti) and
returning(ti), returning(sa, ti, ti+1) and returning(sa, ti−1, ti) are computed
based on STRs

Facebook. Since a social action may appear many times in the time
interval ti+1, the manager points the desired social action that he wishes to analyze
using first occurrence, for example.

2. Campaign responsiveness metric (M2, Fig. 7) indicates how a campaign is perceived
by the community of respondents based on their feedback, whether positive (support-
ive), negative (opponent), or neutral. We rely on the local score functions (Defini-
tion 4) to formally define M2 with focus on positive feedback in Equation 6:

M2(ti) =
| sa |positive

| sa |positive + | sa |neutral + | sa |negative
(6)

Where ti is a certain time interval [from, to], |sa|positive is the number of social ac-
tions executed during ti such that sign(GS(sa, t)) is positive (t ∈ ti), |sa|negative is
the number of social actions executed during ti such that sign(GS(sa, t)) is negative,
and |sa|neutral is the number of social actions executed during ti such that LS(sa)
is zero.

3. Campaign longevity metric (M3, Fig. 8) indicates how long a campaign remained
“alive/active”, i.e., respondents have continuously (without “big” gaps) provided
feedback on the campaign so that a certain activity level over Facebook for exam-
ple, is maintained. The longevity metric refers to the longitudinal dispersion of the
provided feedback over a certain time interval tk([from, to]) that shall fall into a
certain accepted activity level set by the campaign’s manager (e.g., minimum number
of actions in a day). We define this activity level with respect to a standard devia-
tion (σ) upon which the decision of putting the campaign either on hold (suspend)
or offline (stop). We rely on the time-stamped authorization relation STRs

Facebook to
formally define this standard deviation as per Equation 7:

σ =M3(tk) =

√√√√√ n∑
i=1

(xi − x)2

n
(7)

where tk is a time interval [from, to] sliced into n equal time intervals (ti) (e.g., in
days and in weeks), xi is the number of social actions executed during the slice
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Fig. 7. Chart associated with campaign responsiveness

ti ⊂ tk where i ∈ [1, n], and x is the average number of all social actions ex-

ecuted during the time interval tk(
n∑

i=1

xi/n). The number of social actions over a

certain time interval remains “acceptable” if this number falls into [x − σ,x + σ].
“Acceptable” could be defined over time and by benchmarking different time inter-
vals together. We, thus, analyze the longevity metric according to x and σ so that
this metric’s time space corresponds to the set of time intervals where the number of
social actions is declared “acceptable”.

In addition to the different metrics that SM produces, a reversal trend analysis of a
campaign is implemented to help a manager identify the reasons behind a change in a
campaign’s perception, for example. This perception could be based on a series of pos-
itive/negative and then negative/positive feedback. SM relies on the social flows’ sec-
ondary caterpillars to look for potential patterns such as 2 consecutive positive feedback
followed by 3 consecutive negative feedback, and so on. To achieve the reversal analysis,
we adopted gSpan algorithm for mining labeled graphs [37]. This algorithm uses a set
of graphs D and the minimum frequency (i.e., number of subgraphs before claiming that
these subgraphs are repetitive) as inputs. In our case, D could be a set or portions of sec-
ondary caterpillars. Because many social actions can be executed over time, we “cleaned”
the secondary caterpillars from irrelevant time intervals (e.g., those where the campaign
is inactive) for quality purposes. In Fig. 9, the minimum support threshold is 3 as an ex-
ample, and all the social actions until August 28, 2018 are considered when extracting the
patterns.

7. Discussions

From a business point of view, according to Zion Market Research, “Global enterprise
2.0 technologies market expected to reach around USD 14,955 million by 2024, at a
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Fig. 8. Chart associated with campaign longevity

CAGR approximately 46.87 for the forecast period from 2018 to 2024”9. Despite this
heavy investment and the social fever that has caught every single activity of people’s
daily lives, many are still reluctant to embracing social media whether for personal use
or for business use. Different concerns are continuously raised, including whether social
media is bringing any value-added to companies. Gartner clearly states that “... many
large companies are embracing internal social networks, but for the most part, they are
not getting much from them” [15]. And, social media is also seen as the source of new
forms of security threats, privacy breaches, and distraction to employees [10]. Contrar-
ily to these “skeptical” views, a London-based think tank, Demos, encourages companies
to allow their employees to embrace social network applications in order to establish
and foster contacts with stakeholders such as colleagues, customers, and suppliers [12].
Striking the right balance between social media’s pros and cons requires strict guidelines
that social media users should comply with. Burégio et al. present such guidelines from
3 perspectives known as technology, organization, and management [6]. The technology
perspective identifies the appropriate type of social media that should sustain a company
growth and fall into its mission. The organization perspective puts in place the necessary
procedures that should ensure an efficient use of social media to avoid misuses, for ex-
ample. Finally, the management perspective identifies the metrics (or key performance

9 www.zionmarketresearch.com/report/enterprise-technologies-market., last vis-
ited November, 14, 2019

www.zionmarketresearch.com/report/enterprise-technologies-market.
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Fig. 9. Pattern extraction during a campaign

indicators) that should permit to evaluate the efficient use of social media based on some
tangible benefits.

8. Conclusion

We presented an approach for developing flows in the context of companies that wish to
tap into social media’s opportunities. The flows are specialized into control and social.
The former consists of tasks that form business processes. The latter consists of social
actions that are executed over social media in response to specific events. Social flows
are enriched with scores based on sentiment analysis so that companies would secure a
better understanding of what-happened and what-might-happen in their ecosystems. For
validation purposes, we developed a tool, Social Miner, on Facebook allowing to track
and mine users’ posts, comments, responses, etc. The system permits to answer questions
like what actions were frequently executed, why certain actions were executed more than
others, and when such actions were executed. In term of future work we would like to
examine the impact of contextual factors on the next social actions to execute and the
deployment of Social Miner on another social media such as Twitter.
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11. Franz, M., Lopes, C., Huck, G., Dong, Y., Sümer, S., Bader, G.: Cytoscape.js: A Graph Theory

Library for Visualisation and Analysis. Bioinformatics 32(2) (2016)
12. Howe, J.: Crowdsourcing: Why the Power of the Crowd is Driving the Future of Business.

Crown Business (2009)
13. Jalali, A.: Aspect Mining in Business Process Management. In: Proceedings of the 13th In-

ternational Conference on Perspectives in Business Informatics Research (BIR’2014). Lund,
Sweden (2014)

14. Kajan, E., Faci, N., Maamar, Z., Loo, A., Pljaskovic, A., Sheng, Q.Z.: The Network-based
Business Process. IEEE Internet Computing 18(2) (2014)

15. Kanaracus, C.: Gartner: Social Business Software Efforts Largely Unsuccessful, For Now
(2013), https://tinyurl.com/y5lc9eg4

16. Liu, B.: Sentiment Analysis and Subjectivity. Taylor and Francis Group, Boca (2010)
17. Lu, Y., Zhai, C.: Opinion Integration Through Semi-supervised Topic Modeling. In: Proceed-

ings of the 17th International Conference on World Wide Web (WWW’2008). Beijing, China
(2008)

18. Luo, Z., Osborne, M., Wang, T.: Opinion Retrieval in Twitter. In: Proceedings of the 6th In-
ternational AAAI Conference on Weblogs and Social Media (ICWSM’2012). Dublin, Ireland
(2012)

19. Maamar, Z., Burégio, V.A., Faci, N., Benslimane, D., Sheng, Q.Z.: “Controlling” Web 2.0
Applications in the Workplace. In: Proceedings of the 19th IEEE International Conference on
Enterprise Distributed Object Computing (EDOC’2015). Adelaide, Australia (2015)

20. Maamar, Z., Burégio, V., Sellami, M., Rosa, N.S., Peng, Z., Subin, Z., Prakash, N., Benslimane,
D., Silva, R.: Bridging the Gap Between the Business and Social Worlds: A Data Artifact-
Driven Approach. T. Large-Scale Data- and Knowledge-Centered Systems 35 (2017)

21. Maamar, Z., Faci, N., Kajan, E., Sakr, S., Boukhebouze, M., Barnawi, A.: How to Make Busi-
ness Processes ”Socialize”? EAI Endorsed Trans. Indust. Netw. & Intellig. Syst. 2(5) (2015)

22. Maamar, Z., Faci, N., Sellami, M., Boukadi, K., Yahya, F., Barnawi, A., Sakr, S.: On Business
Process Monitoring using Cross-Flow Coordination. Service Oriented Computing and Appli-
cations 11(2) (2017)



Real-time tracking and mining of social media 425

23. Martinho, D., Rito Silva, A.: Non-intrusive Capture of Business Processes Using Social Soft-
ware. In: Daniel, F., Barkaoui, K., Dustdar, S. (eds.) Business Process Management Workshops
help in conjunction with BPM’2012. Tallinn, Estonia (2012)

24. OMG: Business Process Model and Notation (BPMN) version 2.0. Tech. rep., Object Manage-
ment Group (2011)

25. OpenKnowledge: Social Business Process Reengineering. Tech. rep.,
OpenKnowledge (2012), http://socialbusinessmanifesto.com/
social-business-process-reengineering

26. Pang, B., Lee, L.: Opinion Mining and Sentiment Analysis. Foundations and Trends in Infor-
mation Retrieval 2(1-2) (2008)

27. Pourshahid, A., Amyot, D., Peyton, L., Ghanavati, S., Chen, P., Weiss, M., Forster, A.J.: Busi-
ness Process Management with the User Requirements Notation. Electronic Commerce Re-
search 9(4) (2009)

28. Reichert, M., Dadam, P.: ADEPTflex-Supporting Dynamic Changes of Workflows without
Losing Control. J. Intell. Inf. Syst. 10(2) (1998)

29. Sadiq, S.W., Orlowska, M.E., Sadiq, W., Foulger, C.: Data Flow and Validation in Workflow
Modelling. In: Proceedings of the Fifteenth Australasian Database Conference (ADC’2004).
Dunedin, New Zealand (2004)

30. Soboroff, I., Ounis, I., Macdonald, C.: Overview of the TREC-2008 Blog Track (Jan 2010)
31. Socher, R., Perelygin, A., Wu, J., Chuang, J., Manning, C.D., Ng, A.Y., Potts, C.: Recursive

Deep Models for Semantic Compositionality Over a Sentiment Treebank. In: Proceedings of
the 2013 Conference on Empirical Methods in Natural Language Processing (EMNLP’2013).
Seattle, Washington, USA (2013)

32. Tang, J., Chang, Y., Liu, H.: Mining social media with social theories: A survey. SIGKDD
Explor. Newsl. 15(2) (2014)

33. Tang, J., Sun, J., Wang, C., Yang, Z.: Social influence analysis in large-scale networks. In:
Proceedings of the 15th ACM SIGKDD International Conference on Knowledge Discovery
and Data Mining (KDD’2009). Paris, France (2009)

34. Ting, S., Ip, W., Tsang, A.: Is Naive Bayes a Good Classifier for Document Classification?
International Journal of Software Engineering and Its Applications 5(3) (2011)

35. Turban, E., Bolloju, N., Liang, T.: Enterprise Social Networking: Opportunities, Adoption, and
Risk Mitigation. J. Org. Computing and E. Commerce 21(3) (2011)

36. Ugljanin, E., Faci, N., Sellami, M., Maamar, Z.: Tracking Users’ Actions over Social Me-
dia: Application to Facebook. In: Proceedings of the 25th IEEE International Conference on
Enabling Technologies: Infrastructure for Collaborative Enterprises (WETICE’2016). Paris,
France (2016)

37. Yan, X., Han, J.: gSpan: Graph-Based Substructure Pattern Mining. In: Proceedings of the 2002
IEEE International Conference on Data Mining!(ICDM’2002). Maebashi City, Japan (2002)

Ejub Kajan is an Associate Professor of Computer Science at State University of Novi
Pazar, Serbia. His research interests include social computing, interoperability, service
computing, business process management and IoT. He has a PhD in computer science
from University of Nis, Serbia. He has published with almost all major publishers like
ACM, Elsevier, IEEE, Springer, Willey, etc. He is a Senior Member of ACM.

Noura Faci is an Associate Professor at the University Lyon 1, France since October
2008. Her current research interests are service computing, social computing, business
process management, and IoT. She has published several papers in high-quality journals

http://socialbusinessmanifesto.com/social-business-process-reengineering
http://socialbusinessmanifesto.com/social-business-process-reengineering


426 Kajan et al.

and conferences and actively contributes to the IEEE TSC, IEEE IC, and Computer
journal’s review process, as well.

Zakaria Maamar is a Professor in the College of Information Technology at Zayed
University, Dubai, United Arab Emirates. His research interests include Web services,
social networks, and context-aware computing. He has a PhD in computer science from
Laval University, Quebec City, Canada.

Mohamed Sellami (http://www-public.imtbs-tsp.eu/ sellam m/) is an Associate Pro-
fessor of Computer Science at Telecom SudParis member of Institut Polytechnique de
Paris and the SAMOVAR Laboratory (Evry, France). He received his PhD in computer
science from Telecom SudParis in 2011. His main research interests are related to service
computing and cloud computing. His publication list includes international journals
and conferences and he serves on the program and organizing committees of numerous
international conferences and workshops.

Emir Ugljanin is a PhD student at the University of Nis. He has MA degree from
Technical faculty at the University of Novi Sad and engineer’s degree from the State
University of Novi Pazar. His current research interests are Internet of Things, social web
and business process management.

Hamamache Kheddouci is full Professor in Computer Science at Lyon 1 University
since 2004. He received his PhD degree in Computer Science from Paris XI University
in 1999. In 2003, he obtained his research supervision habilitation in Computer Science
from the Burgundy University, Dijon. His research interest includes combinatorial and
algorithmic aspects of graphs and their applications, in particular, in big data and social
networks. For more details, see: http://perso.univ-lyon1.fr/hamamache.kheddouci/
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Abstract. Classifying land-use scenes with high quality and accuracy is an im-
portant research direction in current hyperspectral remote sensing images, which is
conducive to scientific management and utilization of land. An effective classifier
and feature extractor can improve classification stability and accuracy. Therefore,
based on deep learning technique, a dropout-based ensemble learning method is
proposed in this paper, which combines convolutional neural network (CNN) and
information discriminating extreme learning machine (IELM). Pre-trained CNN is
used to learn effective and robust features, and deep convolution features are fed to
the IELM classifier. Then the adoption of dropout technique and ensemble method
can improve generalization capabilities and stability. The effectiveness of the pro-
posed algorithm is tested by hyperspectral remote sensing image classification ex-
periments. The experimental results show that the proposed E-CNN-dropIELM has
achieved satisfactory results compared to state-of-the-art methods in terms of clas-
sification accuracy and stability.

Keywords: Extreme learning machine (ELM), Convolutional neural network (CNN),
Dropout, Ensemble, Land-use classification.

1. Introduction

Nowadays remote sensing imaging technology and deep learning have developed rapidly,
and now high-resolution remote sensing (HRRS) images have become a hot research field.
Its most important research goal is to classify high-resolution remote sensing images,
for instance, agricultural, airplane, beach, etc. It is of great importance in many remote
sensing applications, such as land resource management, urban development and nature
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conservation. However, there are lots of challenges in the land-use scenes classification
such as insufficient training sample data, extracting effective classification features, and
improving classifier accuracy.

In recent decades, in order to overcome these problems, a large number of previous
work use machine learning methods to improve the accuracy of land use classification,
such as support vector machine (SVM) [28], manifold learning (ML) [2], random forests
(RF) [24], artificial neural network (ANN) [11], unsupervised learning (UL), etc. Re-
cently, many methods have made very good progress in the field of remote sensing image
classification. Most of the previous works mainly focused on classifying by low-level fea-
tures. Lowe extracted distinctive invariant features from images [16]. Oliva, et. used the
gist descriptor to achieve probable semantic category of scenes [18]. Ren, et. proposed a
novel scheme for local binary patterns (LBP) to tackle pixel correlation [23]. Although
these low-level features have proven their validity for scene classification, these features
are not ideal due to the inability to reflect semantic information [18,23,37]. Many re-
searchers have developed statistical methods to process shallow features for mid-level
features. Bag-of-visual-words (BOVWs) model is the most famous approach, which has
been great successful in scene classification [33,38]. Of course, there are some other ways
to get the semantic information of the images, such as locality-constrained linear cod-
ing (LLC) [15], vector of locally aggregated descriptors (VLAD) [10], improved fisher
kernel (IFK) [22], et. However, the semantic information of hand-crafted features is in-
sufficient. In the field of image recognition, convolutional neural network (CNN) as one
of deep learning models has achieved successful achievements and rapid development
[26,35,12,13].

Recently, CNN which can extract discriminative and robust features, has been ap-
plied to land-use image classification [8,19]. Features extracted from the pretrained CNN
show outstanding performance in scene classification[21,1]. So instead of using these
CNN architectures directly as the final classifiers, many researchers use pre-trained CNNs
as feature extractors and combined it with effective and simple classifiers. The Extreme
Learning Machine (ELM) is a powerful learning algorithm based on single hidden layer
feedforward neural networks (SLFNs). It obtains the output weight by solving the least
squares solution of the SLFNs while the input weight of the hidden node is randomly gen-
erated. At the same time the ELM can avoid the possibility of slow convergence and local
optimal solution of back propagation algorithm (BP). Because of its very efficient and
impressive approximation and generalization capabilities, ELM has been applied to many
areas [6,34,36,17,27].ELM is applied to land cover classification as a classifier [20,14,29].
ELM achieves better classification results compared with BP and SVM, and its compu-
tational time is much smaller than BP and SVM. Yan, et. proposed information discrim-
inative extreme learning machine (IELM) to overcome the shortcoming that ELM is in
insufficient with limited hyperspectral remote sensing images [31]. Qian, et. proposed
a model for land-use scene classification by integrating CNN and constrained extreme
learning machine (CELM) [30]. Zhu, et. integrated CNN and KELM, and KELM is used
to enhance the discriminative ability of classifier by kernel function [39]. While the ef-
fectiveness of such features and classifiers have been verified, some papers consider en-
semble methods. Actually, it is able to provide a more effective way to solve the land-use
classification problem. Although, the ensemble algorithm is very effective in the general
pattern recognition tasks[5,3,4], it is still a challenging task to land use classification in
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practical applications. In order to make full use of effective deep convolution features and
overcome the limitations of traditional classifiers and fully connected layer (FCL), a new
framework for land-use scene classification is proposed in this paper. First, CNN is trained
with a large land-use scene image dataset. The pre-trained CNN removing FCL is used as
a feature extractor to learn deep and discriminative features. Then, the IELM-based basic
classifiers with dropout technology are built, and excellent classification result is obtained
via majority voting. To sum up, the following contributions have been made in this paper:

i A new framework for land-use scene classification is present combining deep convo-
lutional features by CNN with ensemble classifier via majority voting.

ii By introducing the dropout method, IELM-based basic classifiers with different sub-
sets of discriminative features are constructed. Such a classification framework has
better generalization ability and can be effectively for extensive applications.

iii The experimental results on the remote scene image land-use classification show that
E-CNN-dropIELM can improve the classification performance compared to the sev-
eral the-state-of-art techniques.

The rest of this paper is organized as follows. Section 2-5 introduces the related back-
ground knowledge of IELM and CNN, et. Section 6 describes in detail the proposed E-
CNN-dropIELM approach. Experiments and the results are presented in Section 7, while
some concluding remarks are drawn in Section 8.

2. The pretrained CNN

CNN is considered to be one of the most successful structures for deep learning due to its
good performance. A typical CNN consists of two parts. One is the feature extraction part,
which is usually alternately connected to the pooling layers by alternating convolution lay-
ers. The output of the upper layer is the input of the next layer. The shallow layer extracts
relatively specific features, and the deep layer often extracts relatively abstract features by
features learned in previous layers. The other part is the classifier, fully-connected layer.
And a typical feed-forward neural network uses a Softmax layer as a classifier to calculate
the likelihood of each class. Parameters of CNN are usually optimized through a classi-
cal stochastic gradient descent algorithm based on the backpropagation. A typical CNN
architecture for land-use scene classification in Fig. 1.

The deep convolution features learned by the pre-training CNN are effective for the
classification of land use scenarios, referring to the previous papers [7]. Therefore, the
pre-training architecture of CNN provided by MatConvNet toolbox is used, which is pre-
trained on Imagenet [25] and has similar structure with AlexNet. The architecture used
in this paper is shown in Fig. 2, and it consists of five convolution layers and three fully-
connected layer. One pooling layer is connected behind each convolution layer. We re-
move full-connection layers and use the remaining CNNs as a feature extractor.

In order to achieve better performance in a small sample dataset, this paper uses a
series of random transforms to augment images for obtaining better features to increasing
accuracy. The formulas are as follows,

I′ = s(λ)R(θ)I+T(δ) (1)

where I is the input image matrix. s(λ) is the scaling factor. R(θ) is the rotation matrix.
T(δ) is the shift matrix. Then bilinear interpolation is used to resize the image.
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