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Abstract

Human behavior and their social interactions can be quantified and modeled with the use of smart
phones and any wearable badges which senses and captures real-life interactions. In traditional
social sciences, such information was gathered by conducting surveys. However in digital era,
smart phones are regarded as a popular tool which automatically senses much human information
to quantify our lives. Reality mining gives a clear picture of a human being and its social relations.
Social Network Analysis (SNA) is a powerful research tool which provides a comprehensive analy-
sis on ego-alters communications with their individual productivity within a community. In this
paper, various popular measures of social network analysis have used to study a closed commu-
nity through their mobile call logs for a period of time. We experimented various social network
measures both on daily basis and also over a period of time. The pattern shows that the relation-
ships and interaction between ego-alter ties have more productive benefits. Using Pearson-
correlation analysis, we observed that significant (positive) correlation exists between various
network properties and their productivity. Results showed that degree (size) has the strongest
positive correlation with average productivity, followed by effective size, efficiency, constraint,
hierarchy, and k-core of an individual. Density and betweenness centrality have a weak, negative
correlation with productivity. Hence social capital has a significant influence on human productivity.

Keywords
Reality Mining, Social Network Analysis (SNA), Social Capital

1. Introduction
Humans are social by nature and they start their daily activities by interacting with others. Social interactions
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come in many forms such as having lunch with colleagues, playing sports with friends and travelling with fami-
ly. Online communications, Bluetooth proximity and citations networks are some of the examples of social net-
works, which are being analyzed to identify important social connections [1] [2]. But these data do not corres-
pond to daily life interactions. Bluetooth has been used as a platform for social interaction and communication
among groups of people [3]. By analyzing the Bluetooth proximity network like GroupUs, one can discover
multiple group activities from time-stamped social interaction links [4]. Several works has been conducted on
data collected from a real organization over several weeks with Bluetooth (BT), infrared sensors (IR), RFID de-
vices [5] where interaction links were localized by their proximity to fixed stations. Another strategy for beha-
vioral data collection is to resort to image and video processing based on cameras placed in the environment [6].
This approach provides rich datasets, but in turn, is computationally complex.

Eagle and Pentland [7] coined the term Reality Mining and used smart phone Bluetooth transceivers, phone
logs, and cell tower ids to find the social network structure, identify social patterns in daily user activity and in-
fer relationships.

Today, there are more than a billion smart phones in use and millions of users are using sensors for capturing
their individual activity [8]. In this paper, we use the communication data collected by smart phones to monitor
individual’s social behavior and how it is related to their productivity. In other words, we focus on finding rela-
tionship between daily productivity of individuals with their mobile call log data.

In social network analysis, actors and the events are viewed as independent units and the ties between actors
are used as channels for flow of resources. In social network analysis the focus is not on an individual, but
mostly on an entity comprising of a collection of individuals and the linkages among them. Many network me-
thods focus on dyads, triads, subgroups or entire networks. The set of actors on which measurements are taken is
called an actor set and the set of ties among the actors is called a relation. Usually a social network consists of a
set of actors and the relationships among them [9].

Social capital theory states that social networks play an important role in everyone’s life. They are almost in-
dispensible. Moreover, the productivity of individuals and groups is affected by social contacts due to the social
connections that are developed and the trustworthiness that arises. Overall, the core idea of social capital theory
is that social networks have value [10].

Social networks have value and social capital refers to the resources available in the social networks [5].
These resources include job opportunities, trust and emotional support, information finding, any new ideas on
chosen subject. These resources reside in networks of relationships [11]. Social capital focuses on the individu-
al’s accessibility and use of embedded resources in social networks to gain benefits or profit to the individual.
Individuals engage in interactions within a network, which facilitates the flow of information in order to produce
benefits [12].

In this paper, individual’s productivity is measured from the reality mining dataset. The dataset contains us-
er’s daily communication logs from their smart phones, within a residential community, for a period of 3 months.
From the daily call logs, an individual’s social relations are understood by analyzing their day-to-day interac-
tions or communication with others. Social capital contributes to productivity through interactions between
people [13]. According to Robert D. Putnam, there is an association between social contacts and productivity.
Social capital shows contribution from people through interaction with others within their community and at
their work place.

2. Related Work

Ghoshal et al. defined social capital by measuring the sum of potential resources which are embedded, available
and derived from the social network relationships by a person or a social network. The structural dimension of
social capital is bothered about the patterns that exist among a bunch of individuals [14].

Burt 2001, Social ties provides useful information about opportunities and choices to every individual. Strong
and weak ties are two major types of social structures. Some social ties due to their strategic locations and posi-
tions make an individual productive and help to carry more valued resources and power [15].

Putnam 1995, established that social capital has an inclination towards mutually beneficial collective action
and it is derived from the degree of associations among people within a particular group or community. It im-
proves an individual’s social credentials because of individual’s accessibility to resources through social net-

works [16].
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Lin 2001, experimented that the notion behind social capital is very simple and straight forward: investment
in social relations gives expected returns in the marketplace. In this way, social capital works as a basis of prod-
uctivity in any business organization also [15].

Pennings et al. 1998, done various studies to measure human capital at various levels and these studies dem-
onstrate the impact on performance of the human resource behavior [17].

Coleman 1988, Social capital may build human capital by increasing interaction between individuals, so as
they learn from each other. Social capital is a property of social relationships and a resource actor’s possess and
share. Therefore every individual has different levels of social capital as well as different ability to take advan-
tage of it [18].

Krackhardt 1992, there are two important aspects to productivity which contributes to social capital. First one
is that the social relations are used to mobilize people to give their contribution to a project. The second one is
using team members’ social capital to supplement and balance the knowledge of the team [19].

Burt 19924, the value of social capital does not depend on the number of contacts an individual has, but on the
structure of relationship within the network and the type of contacts they maintain with the network. Social cap-
ital is associated with productivity because getting a job is one of the best-known uses of networks. Many people
find jobs through personal contacts than by any other means. People with rich social capital are paid better,
promoted faster at young ages when they create value. This advantage of social capital arises when a network
contains many “structural holes” or gaps [20].

Granovetter 1983, a closely-unified network of friends who all communicate with each other may not be very
productive because of redundancy. Therefore, both indirect ties as well as direct ties are considered when we
evaluate social capital. Few people may have direct ties, but they may be connected to several others, and may
contribute more than a large group of people who are all tied to each other. Thus, the productive value of social
capital depends not only on direct contacts, but also on indirect contacts and this is clearly reflected in the struc-
ture of the network [21].

Mark Granovetter 1973, introduced the most influential concept of tie strength. It refers to a sense of close-
ness with another person [12]. A tie can be either strong, weak or absent. Loose acquaintances are known as
weak ties (Burt 2004), and trusted friends or family are called strong ties (Scharfer et al. 1981). A model of tie
strength allows us to understand important questions in social networks like: 1) Who are you close to? 2) Who
are your acquaintances? 3) How many times have you talked to them in the last month?

Kalimeri et al. discovered various social activities from human-human interaction logs captured by mobile
sensing networks and then grouped them by the set of involved people, time and location of the occurring event
[22].

The stronger is the tie strength, the more is the communication in a relationship and vice versa [12] [23].
Strong ties hold communities together, where as weak ties provide the bridges that make communities viable
over the long term. Frequency and duration of communication has been cited as a major aspect of tie strength.

Numerous studies have examined the maximum number of close ties a person may have. A survey of 3000
Americans showed that people have an average of four strong ties, with most having between two and six. Some
studies have also used proximity as a substitute for quantity of social interaction between pairs [24], signifying
that communication frequency falls exponentially as members of a pair move farther apart [25]. Granovetter
identified four dimensions of tie strength: duration, intimacy, intensity, and reciprocity [2].

Only a handful of studies relate social capital to individual level productivity. In this paper, we have used the
mobile call logs details of 131 individuals staying in a community. We observed the communication patterns of
mobile phone users and found a coupling between their interaction strength and individual productivity. We
have defined strong ties as contacts with whom the participant has frequent communication and it is used as an
effective proxy for the strength of a relationship.

We base our research on smart phone based call logs as they allow the users to virtually maintain a personal
network diary on their phones for significantly long duration with very little or almost no effort. This passive
collection of data—with one time permission—allows us to capture rich detailed information about user net-
works with no cognitive load or interruption to user’s daily activity. It also allows the data to be objective rather
than suffering from recall/cognitive/social biases in eliciting network information from comparable methods.

Table 1 shows the uniqueness of this research lies in the measure used to reach the conclusion. It also ex-
plains the related work done by researchers in terms of both social and temporal granularity. Earlier most of the
work was done by collecting data from mostly surveys and very few using Bluetooth and Socio metric badges.
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Table 1. Summary of related work.

. . . L Measure Social Type of
Work Temporal Granularity Social Granularity Measure Productivity Capital Network Data
Communities .
Putnam Yearly (Group/ Individual) Survey Surveys, city census None
Large Scale National
. Individual, Organization Surveys in Organizations .
Lin Yearly and Community and Communities and Surveys Community
Observations
- . . -, Sociometric
Kalimeri Over a period of time Communities Surveys Surveys Badges Bluetooth
Burt Over a period of time Communities (Both on Survevs Survevs Interview
(Yearly) Individual and Groups) Y Y
Both on daily and overa  Both Individuals and .
Granovetter . - - Surveys Surveys Interview
period of time Social Groups
This work Daily Individual Surveys Social Network Call Logs

Analysis

But in this paper, we have used phone call logs of smart phones of individuals to study human productivity both
on daily basis and over a period of time. Such method of finding productivity has never been explored before.

3. Measuring Social Capital Using Call Log Data
3.1. Major aspects of Social Capital

There are two major aspects of social capital.

1) Long term component: It is the social capital which is acquired over a period of time and gives productive
benefits. Here it uses the social structure as capital in its own right.

2) Short term component: It is the social capital which is acquired over a short period of time (like daily ba-
sis) and gives productive benefits. Here it describes a network as your access to people with specific resources,
which creates a correlation between theirs and yours. Here the embedded resources are accessed and/or mobi-
lized in purposive actions.

When an individual comes in contact with his community members, there will be an accumulation of social
capital, which may immediately satisfy his social needs and it may be sufficient for the substantial improvement
of life in the whole community (Hanifan, 1920).

Social capital is not just a single entity, but a collection of different entities having two common characteris-
tics: they all consist of some aspect of social structures, and they facilitate certain actions of individuals who are
within that structure. Social capital is productive, making possible the achievement of certain things that would
not be attainable in its absence. Social capital inherits the structure of relations between persons and among per-
sons [3].

3.2. Measuring Social Capital via Social Network Analysis

1) Size/Degree: Size/Degree is nothing but the number of alters that an ego is directly connected to possibly
weighted by tie strength. From the mobile call log data it can be easily computed as the number of social con-
tacts each ego (individual) has.

2) Effective Size: It is defined as the number of people an individual or ego is connected to, minus the redun-
dancy in the network, that is, it reduces to the unique connections of the network.

Effective size = Size — Redundancy

It gives the count of number of non redundant ties (unique contacts) that the ego has.

3) Heterogeneity: It is the variety of actors they are connected to alter with respect to relevant dimensions.
Social capital is more from stronger homogeneous groups because of bonding social capital, where as building
connections between heterogeneous groups are likely to be more fragile. We have not considered this feature as
our mobile call log data is from a community which is a homogeneous group. We have not considered this fea-
ture as our mobile call log data contains bonding social capital rather than bridging social capital.
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4) Betweenness Centrality: The number of times that ego occupies a between position on the geodesics con-
necting many pairs of other actors in the network. Normally in the shortest path connecting two other nodes, a
between actor might control the flow of information or the exchange of resources.

5) Eigenvector centrality: This approach is an effort to find the most central actors in terms of the global or
overall structure of the network, and pay not as much of attention to patterns that are more local. Here factor
analysis is used to identify dimensions of the distances among actors, and the location of each actor with respect
to each dimension is stored in an eigenvector. We have not considered this feature as eigenvector centrality is a
simple reputation based centrality metric which is unsuitable with respect to our mobile call log data.

6) Density: It is defined as the sum of the values of all ties divided by the number of possible ties. That is,
with valued data, density is typically defined as the average strength of ties across all possible (not all actual)
ties. We have used this popular feature in our analysis because dense networks are supposed to have more social
capital and it is highly suitable for our dataset.

7) Closeness Centrality: This approach emphasizes the distance of an actor to all others in the network by
focusing on the distance from each actor to all others. It can be measured using path distances, reach or eigen-
vector centrality. We have not considered this feature as we observed betweenness centrality is more appropriate
with respect to our dataset.

8) Closeness: It is the total graph theoretic distance from ego to all others in network. We have not considered
this feature because the more the distance to other nodes, the less the chance of receiving information in a timely
way.

9) Reciprocity: It is a measure to specifically characterize directed networks. Link reciprocity measures the
tendency of vertex pairs to form mutual connections between each other. We have not considered this feature
because in mobile call networks a person may not always have mutual links, so reciprocity studies may intro-
duce errors.

10) Homophily: It is the tendency of individuals to associate and bond with similar others. In homophilic rela-
tions, individuals share common characteristics which make communication and relationship formation easier [26].

11) Tie Strength: The willingness of alters to provide resources to ago is usually equated to the intensity of
social relationships or tie strength. It is used to indicate how accessible social resources are through a certain re-
lationship.

12) Weak Ties: Mark Granovetter uncovered the strength of weak ties as more novel information flows to in-
dividuals through weak rather than strong ties. We have used this feature because of its popularity and impor-
tance with regard to our dataset.

13) Structural holes: Structural hole is defined as lack of connection between two nodes that is bridged by a
broker (Burt, 1992). Structural holes measures can be computed on both valued and binary data. We have used
binary data i.e. a relation is present or not.

a) Effective size of the network (EffSize): It is the number of alters that ego has, minus the average number
of ties that each alter has to other alters.

b) Efficiency: It normalizes the effective size of ego’s network by its actual size.

¢) Constraint: It is a summary measure that taps the extent to which ego’s connections are to others who are
connected to one another.

d) Hierarchy: It describes the nature of the constraint on ego. If the total constraint on ego is concentrated on
a single actor, then the hierarchy measure will have a higher value.

14) K-Core: In social network, it is defined as the (unique) maximal induced sub-graph with minimum degree
at least K. Alternatively, the K-Core is the result of iteratively deleting nodes that have degree less than K, in
any order.

3.3. Features Identified and Explanation

In this paper, Table 2 shows the social network measures taken based on its popularity and suitability with re-
spect to our dataset. Most of the features are computed using UCINET 6.0 software.

Table 3 shows two types of users. All the numbers which start with SP or FA are community users whose call
logs taken and also participated in the survey and the other numbers are external or infrequent users. We have
concentrated only on community users and preprocessed data of non-community users.

Social capital is defined as resources embedded in individual’s social networks, resources that can be ac-
cessed or mobilized through ties in the networks (Lin 2001a: Chapter 2). Social capital should be assessed in
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Table 2. List of social network features.

Social Network Features Reason

In mobile call log data, if an individual (ego) is having more social contacts then there is high chance that
Size/Degree the individual (ego) will get the desired resources. Hence there is likely chance that an ego with higher
degree may be productive.

We have used this feature as it is highly suitable with respect to our dataset, because a person with more

Effective Size effective size is considered to be having more unique social contacts and hence may be productive.

This is a popular feature in social network analysis and we have computed this feature from our mobile call

Betweenness Centrality log data. An actor with high betweenness centrality plays a powerful role in the network.

We have used this popular feature in our analysis because dense networks are supposed to have more

Density social capital and it is highly suitable for our dataset.
. We have used this feature because of its popularity and suitability with respect to our dataset where contact
Tie Strength h S -
frequency and contact duration are indicators of tie strength.
Weak Ties We have used this feature because of its popularity and importance with regard to our dataset.

We have used this feature because of its importance in ego networks. Ronald Burt has developed a number

Structural holes of measures to examine the position of each actor in their neighborhood.

We have used this feature because it shows active participation of an individual in a social network if
K-Core his/her at least K friends are also actively participating. This feature is intuitively appealing in our
application.

Table 3. Sample dataset.

SOURCE DESTINATION DATE AND TIME OF CALL TYPE OF CALL
FA10-01-12 FA10-01-11 11/11/2010 0:19 INCOMING
FA10-01-11 FA10-01-12 11/11/2010 0:19 OUTGOING
FA10-01-11 FA10-01-12 11/11/2010 0:20 OUTGOING
FA10-01-12 FA10-01-11 11/11/2010 0:20 INCOMING
FA10-01-11 SP10-01-21 11/11/2010 0:20 OUTGOING
SP10-01-21 FA10-01-11 11/11/2010 0:20 INCOMING
FA10-01-07 2013346763 11/11/2010 0:47 OUTGOING
FA10-01-07 2013346763 11/11/2010 0:48 OUTGOING
FA10-01-07 2013346763 11/11/2010 0:48 OUTGOING
FA10-01-07 2013346763 11/11/2010 0:49 OUTGOING
FA10-01-07 2013346763 11/11/2010 0:50 OUTGOING
FA10-01-07 2013346763 11/11/2010 0:51 OUTGOING
FA10-01-07 2013346763 11/11/2010 0:52 OUTGOING
FA10-01-07 2013346763 11/11/2010 0:53 OUTGOING
SP10-01-25 6173195257 11/11/2010 2:50 OUTGOING
SP10-01-52 8883002305 11/11/2010 4:42 OUTGOING
SP10-01-52 8883002305 11/11/2010 4:43 OUTGOING
SP10-01-52 8883002305 11/11/2010 4:43 OUTGOING
SP10-01-52 8883002305 11/11/2010 4:44 OUTGOING
SP10-01-52 8883002305 11/11/2010 4:45 OUTGOING
SP10-01-53 2549996859 11/11/2010 5:45 INCOMING
SP10-01-33 8886613502 11/11/2010 7:10 OUTGOING
SP10-01-33 7236427232 11/11/2010 7:12 INCOMING
FA10-01-58 8056377243 11/11/2010 7:31 OUTGOING
SP10-01-11 FA10-01-18 11/11/2010 7:40 INCOMING
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terms of two parameters; one is embeddedness of resources and its accessibility (mobilization). The more the
degree of access to embedded resources, the better the return to the actor. Mobilized social capital helps an actor
in their career development and it imitates the usage of a particular tie (strong/weak tie) and its resources in
production. It reveals the actual process of linkage between capital and its attainment [23].

To measure the effectiveness of mobilization, we have explored an individual’s contact with others and their
frequency of communication. In this paper, the mobilized social capital has exposed consistent results—the fre-
quency of communication affects the individual’s productivity. Lai 1998 gave the joint effects of accessible and
mobilized social capital. According to Lie, neither mobilization nor accessible capital theories can operate total-
ly independently of one another.

To elucidate the difference between embeddedness and accessibility of resources, we have divided our expe-
rimentation work into two categories. We have conducted our experimentation both on daily basis and also over
a period of time. Some of the social network features like in-degree, out-degree, tie strength, strong and weak tie
percentage etc. we have computed daily basis and correlated with their average productivity scores of an indi-
vidual. And some other social network features like betweenness centrality, k-core, density, structural hole etc.
we have computed for the overall period and correlated with their average productivity.

4. Hypothesis Generation

We have analyzed our dataset both on daily basis and also over a period of time and we have formulated the
following hypothesis. H1 represents newly formulated hypothesis and HO represents null hypothesis.

H1: A person having more contacts in a social network will be more productive.

HO: Persons social contacts are not related to productivity.

People during interaction learn from each other. Social capital contributes to productivity through interactions
between people [13]. The association between people’s social contacts and their productivity is mentioned in
Robert D. Putnam’s national bestseller “Bowling Alone: The collapse & Revival of American Community”.
Hence, we hypothesize that people with more social contacts have higher productivity.

To test the hypothesis, we analyzed the correlation between overall degree (overall basis) of nodes/actors with
their average productivity scores. We calculated r-value = 0.2541148 and p-value from Pearson (r) score which
yielded a p-value = 0.006136 [confidence level = 0.95, significance level & = 0.05] and we found that p-value <
a, it indicates that the observed data is inconsistent with the assumption that the null hypothesis is true; hence
the null hypothesis must be rejected.

H2: People with more betweenness centrality will have higher productivity than people with less bet-
weenness centrality.

HO: Person’s betweenness centrality score doesn’t improve their productivity.

Betweenness centrality is an indicator of a node’s centrality in a network. A node with high betweenness cen-
trality has a large influence on the transfer of resources through the network, under the assumption that resource
transfer follows the shortest path. According to Linton Freeman, a person with higher betweenness centrality
score is more powerful in a communication network.

The Bavelas article, “A Mathematical Model for Group Structures” (1948) remains one of the high water
marks in the social network literature. He showed also that the structural location of an actor in a network makes
a difference, as the actors view themselves, and the group task, differently depending on whether they are at the
center or the periphery of the small group communication structure.

To test the hypothesis, we analyzed the correlation between Freeman’s Betweenness centrality scores of
nodes/actors with their average productivity scores. We calculated r-value = 0.07517343 and p-value from
Pearson (r) score which yielded a p-value = 0.4246 [confidence level = 0.95, significance level & = 0.05] and we
found that p-value > ¢, it indicates that the observed data is inconsistent with the assumed hypothesis; hence the
null hypothesis is true and must be accepted.

H3: Individuals in cohesive subgroups engage in reciprocity transactions, hence it improves the pro-
ductive benefits of individuals within the group.

HO: Cohesive subgroups contains more redundant information, hence it produces less productive indi-
viduals.

From the social-psychological perspective, individuals are most strongly influenced by members of their pri-
mary groups i.e. people with whom they engage in frequent interactions (Cooley 1909, Epstein 1961, Festinger,
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Schachter, and Back 1950, Kadushin 1966) and anthropologists have argued that primary groups are integral to
understanding people within the context of their communities (Barnes 1972, Bott 1971). Actors are more likely
to enforce each others’ trust and engage in reciprocity transactions, if they are members of the same subgroup.
In terms of social structure, subgroup boundary affects the types of actions in which actors engage.

To test the hypothesis, we analyzed the correlation between K-Core of nodes/actors with their average prod-
uctivity scores. We calculated r-value = 0.237107 and p-value from Pearson (r) score which yielded a p-value =
0.01073 [confidence level = 0.95, significance level a = 0.05] and we found that p-value < ¢, it indicates that the
observed data is inconsistent with the null hypothesis; hence the assumed hypothesis is true and must be ac-
cepted.

H4: Denser networks are more likely to promote the sharing of resources hence produces more produc-
tive individuals.

HO: Dense networks have redundant information hence produces less productive individuals.

Network closure or density is a distinctive advantage of social capital because it maintains and enhances trust,
norms, authority and sanctions. These may ensure that individuals can mobilize network resources. In dense
networks, resources can be preserved and reproduced (Bourdieu 1986), but on the other hand, if a person is
looking for a job or better job, then bridges in the network will be more useful (Lin 1999, Marsden and Hurlbert
1988, De Graaf and Flap 1988, Burt 1992).

To test the hypothesis, we analyzed the correlation between densities of nodes/actors with their average prod-
uctivity scores. We calculated r-value = —0.02364713 and p-value from Pearson (r) score which yielded a
p-value = 0.834 [confidence level = 0.95, significance level « = 0.05] and we found that p-value > a, it indicates
that the observed data is inconsistent with the assumed hypothesis; hence the null hypothesis is true and must be
accepted.

H5: Effective size of a person shows its strength of connection with others, hence improves productivity.

HO: Effective size of a person has no relation with their productivity.

Conceptually the effective size is the number of people ego is connected to, minus the redundancy in the net-
work, that is, it reduces to the non-redundant elements of the network. In other words, it gives the count of
number of non redundant ties (unique contacts) that each ego has. It is an important measure of ego-centric net-
work and a part of structural hole measurement proposed by Burt (1992). The effective size (non-redundant ties)
of the network of a subject i is calculated as

NR =3, (1- %, pgmj, )with g = i, j.

To test the hypothesis, we analyzed the correlation between effective sizes of each node with their average
productivity scores. We calculated r-value = 0.2572613 and p-value from Pearson (r) score which yielded a
p-value = 0.005511 [confidence level = 0.95, significance level a = 0.05] and we found that p-value < «, it indi-
cates that the observed data is inconsistent with the null hypothesis; hence the assumed hypothesis is true and
must be accepted.

H6: The greater the efficiency of an ego network, the greater the role of broker an individual plays,
hence individual productivity improves.

HO: Efficiency of an ego network plays no role in improving individual productivity.

The measure of the efficiency of an ego network is very closely linked to its effective size. It can be defined
as

ER = NR/N,

where ER; is the measure of efficiency for a subject i, NR; is the effective size of i’s network, N; is the no of ties.
This measure is positive indicator of the presence of structural holes within social networks.

To test the hypothesis, we analyzed the correlation between efficiency of each node with their average prod-
uctivity scores. We calculated r-value = —0.1919905 and p-value from Pearson (r) score which yielded a p-value
= 0.04072 [confidence level = 0.95, significance level ¢ = 0.05] and we found that p-value < q, it indicates that
the observed data is inconsistent with the null hypothesis; hence the assumed hypothesis is true and must be ac-
cepted.

H7: The constraint measure the level of closure (influence) of an individual within its support network,

hence exerts more productivity.
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HO: Constraint expresses less degree of involvement of an individual with others, hence reduces indi-
vidual productivity.

Constraint expresses each individual’s degree of involvement with other directly connected members in the
network. It offers the level of closure of ego within its support network. The constraint C; that influences a sub-
jectiis

Ci =>.C

Id]

where c;; expresses the amount of constraint exerted on i by j and is:
2 . ..
Gy = (P +2, PPy ) Withq =i, j.

To test the hypothesis, we analyzed the correlation between constraints of each node with their average prod-
uctivity scores. We calculated r-value = —0.2812441 and p-value from Pearson (r) score which yielded a p-value
= 0.002436 [confidence level = 0.95, significance level & = 0.05] and we found that p-value < ¢, it indicates that
the observed data is inconsistent with the null hypothesis; hence the assumed hypothesis is true and must be ac-
cepted.

H8: An individual’s hierarchical position enables him/her to obtain more opportunities and helps to
make best choices, hence it improves individual productivity.

HO: An individual’s hierarchical position in the network has nothing to do with productivity.

Lin’s theory of social capital says that the more you do investment in social relations, the more chances of
gaining benefits through the shared resources. The embedded resources in social networks help to improve the
productivity through flow of information within the community. And the strategic and hierarchical position of
an individual obtains more useful information about the opportunities and able to take effective decisions.

To test the hypothesis, we analyzed the correlation between hierarchies of each node with their average prod-
uctivity scores. We calculated r-value = —0.3120463 and p-value from Pearson (r) score which yielded a p-value
= 0.0007253 [confidence level = 0.95, significance level ¢ = 0.05] and we found that p-value < @, it indicates
that the observed data is inconsistent with the null hypothesis; hence the assumed hypothesis is true and must be
accepted.

H9: Structural hole plays a major role in individual’s career development and advancement, hence
makes an individual productive.

HO: Structural hole plays least role in making an individual productive.

An actor with a network rich in structural holes can add value to a community through new ideas and oppor-
tunities. This in turn, helps an individual’s career development and advancement. Structural hole is used for the
separation between non-redundant contacts. Non-redundant contacts are connected by a structural hole. A struc-
tural hole is a relationship of non-redundancy between two contacts. Actors who develop ties with disconnected
groups gain access to a broader array of ideas and opportunities than those who are restricted to a single one
(Granovetter 1973). Teams which draw members from diverse demographic categories benefit because such
teams generate links between people with different skills, information, and experience. Such ties within the team
bridge structural holes in the larger organization, and thereby enhance its capacity for creative action.

To test the hypothesis, we analyzed the correlation between average productivity scores and structural hole
[Effective Size, Efficiency, Constraint, Hierarchy]. We calculated r-value = 0.2572613 (Effective Size), r-value
= —0.1919905 (Efficiency), r-value = —0.2812441 (Constraint) and r-value = —0.3120463 (Hierarchy) and
p-value from Pearson (r) score which yielded p-value = 0.005511 (Effective Size), p-value = 0.04072 (Efficien-
cy), p-value = 0.002436 (Constraint) and p-value = 0.0007253 (Hierarchy) [confidence level = 0.95, signific-
ance level a = 0.05]. We found that all the p-value is lower than the significance level ¢, it indicates that the ob-
served data is inconsistent with the null hypothesis; hence the assumed hypothesis is true and must be accepted.

5. Testing with Data

Our study is based on mobile phone call logs dataset. The data consists of 111,444 voice calls between 131 adult
members of a young family living community for a period of 3 months i.e. between 11 November, 2010 to 21
March, 2011. The dataset contains continuous collection of their call logs including the date, time and duration
of call. Here the call type is incoming, outgoing or missed between two individuals. This data helped us to build
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a phone communication network of the community where each node is an individual person (actor) and links are
the type of calls made by them.

In addition to this, we have used the survey data which contains daily polling of happiness, stress, productivi-
ty, healthy eating, sleep and hangout related information which is manually entered data by the participants.

In this paper, we have performed Pearson correlation analysis to analyze the correlation between average
productivity score of an individual (collected from survey data) with their long term (overall period) and short
term (daily basis) social network features. From the results, we have formulated a set of hypothesis which is given
in the Table 4. Figure 1 shows correlation result between indegree, outdegree with their average productivity.

5.1. Combining Features into a Predictive Model

In this paper, multiple associations were found to be true, so we used Attribute-Selected Random Forest clas-
sifier with 66 - 34 split in Weka. This yielded 65.79% accuracy or a 0.735 ROC area. Given that the baseline
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Figure 1. Correlation result between indegree, outdegree vs average productivity.

Table 4. Summary of hypothesis results.

Hypothesis

Hypothesis:

Result:

No Granularity Hypothesis: Description Significant Direction
H1 Overall Period A person having more contacts in a social network will be more Yes Positive
productive.
H2 Overall Period People with more betweenr_1ess centrality will have hlgher productivity No Positive
than people with less betweenness centrality.
H3 Overall Period Indl\_/lc_iuals in cohesive subgroups engage in reciprocity transactions, Yes Positive
hence it improves the productive benefits of individuals within the group.
Ha Overall Period Denser networks are more likely to prom(_)te t_he _sh_arlng of resources No Negative
hence produces more productive individuals.
H5 Overall Period Effective size of a person shows its strength qf'connectlon with others, Yes Positive
hence improves productivity.
H6 Overall Period The greate_r the_effluency of an ego n_et_W0rk, the gre_at_er t_he role of Yes Negative
broker an individual plays, hence individual productivity improves.
H7 Overall Period o '_I'he con_str_alpt measure the level of closure (influence) of an Yes Positive
individual within its support network, hence exerts more productivity.
An individual’s hierarchical position enables him/her to obtain more
H8 Overall Period opportunities and helps to make best choices, hence it improves Yes Negative
individual productivity.
Ho9 Overall Period Structural hole plays a major role in mdn{ldgal_ s career dev_elopment and Yes Positive
advancement, hence makes an individual productive.
H1 Daily Basis The number of strong ties is positively related to productivity. Yes Negative
H2 Daily Basis An individual with high indegree and outdegree is considered to be Yes Positive

influential, hence productive.
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model for classification (Zero-R) was able to obtain 50.45% accuracy and 0.50 ROC area, this marks a relative
improvement of 30.38% in terms of accuracy and 47% in terms of ROC area.

=== Evaluation on test split ===

=== Summary ===

Correctly Classified Instances 25 65.7895%
Incorrectly Classified Instances 13 34.2105%
Kappa statistic 0.2882

Mean absolute error 0.3554

Root mean squared error 0.4635

Relative absolute error 70.7897%
Root relative squared error 92.2395%
Total Number of Instances 38

=== Detailed Accuracy By Class ===
TP Rate FP Rate Precision Recall F-Measure ROC Area Class

0.81 0.529 0.654 0.81 0.723 0.7350
0.471 0.19 0.667 0.471 0.552 0.7351
Weighted Avg. 0.658 0.378 0.66 0.658 0.647 0.735

We ran a similar Linear Regression Model for the numeric values. It shows that the holistic model is signifi-
cantly predictive and it can predict 26.5% of the variance in the productivity level of the individuals.

5.2. Correlation Results

>cor.test(d$Avgprod,d$Indegree, method = "pearson™)
Pearson’s product-moment correlation

data: d$Avgprod and d$Indegree

t = 3.5259, df = 123, p-value = 0.0005937

alternative hypothesis: true correlation is not equal to 0
95 percent con_dence interval:

0.1345290 0.4544093

sample estimates:

cor

0.3029788

>cor.test(d$Avgprod,d$Outdegree, method = "pearson™)
Pearson’s product-moment correlation

data: d$Avgprod and d$Outdegree

t = 3.5144, df = 123, p-value = 0.0006177

alternative hypothesis: true correlation is not equal to 0
95 percent con_dence interval:

0.1335543 0.4536214

sample estimates:

cor

0.3020771

>cor.test(d$Avgprod,d$strongtiescallper, method = "pearson™)
Pearson’s product-moment correlation

data: d$Avgprod and d$callper

t=-54.3112, df = 4764, p-value = 1.656e—05 (0.00001656)
alternative hypothesis: true correlation is not equal to 0

95 percent con_dence interval:

—0.09057168 —0.03400882

sample estimates:

O,
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cor
—0.06234031

6. Conclusion

Every social network has value and individual’s social contacts influence the productivity of individuals and
groups [10]. The uniqueness/newness of this paper lies in the selection of reality mining dataset (i.e. call log da-
taset), which is collected from the Smartphone’s of a group of community users, because of the popularity of
Smartphone’s as a SNA tool to maintain social contacts. We have identified and tested a number of important
features of social network measures, which have impact on productivity. The hypothesis testing results show
that social network measures like degree, structural hole (effective size, efficiency, constraint and hierarchy) and
K-core have influence on individual’s productivity over a period of time, whereas features like betweenness
centrality and density have negative influence on their productivity. In the similar manner, indegree, outdegree
and strong ties have weak significance (or negative correlation) on a daily basis, but surprisingly, it shows posi-
tive significance with their productivity over a period of time. This work can be extended to correlate social
network measures with other human behaviors.

7. Inferences

1) The long term associations/contacts with friends/colleagues help an individual to improve their productivity.

2) Every individual’s strength of relationship with others helps them to improve their productivity.

3) An individual who acts as a broker across structural holes adds more value than others, hence more pro-
ductive than others.
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