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Abstract. Perceived Ease of Use (PEoU) is one of the most central constructs
in IS research. However, it has been examined only from an individual perspec-
tive. This article conceptualizes PEoU as a network construct. Results indicate
three things. Firstly, the higher a person's PEoU, the more likely she or he is
sought for advice. Secondly, there is a greater likelihood that a person seeks out
another person for advice if the other person also seeks out the first person for
advice. Thirdly, a person's PEoU will become similar to that of other persons'
she or he seeks out for advice.

Keywords: SIENA, Social Network Analysis, Technology Acceptance Model,
TAM

1 Introduction

While there are only a few constructs as central in IS research as Perceived Ease of
Use (PEoU), research on PEoU has focused the individual perspective only. While an
actor’s embeddedness in a social network may exert a significant influence on the
actor’s attitudes, few works acknowledge that an actor’s attitudes and behavioral in-
tentions are influenced by that actor’s embeddedness in a social network (compare
[1]). For example, it is likely that an actor’s PEoU influences and is influenced by the
PEoU of her or his surrounding peers, which would mean, for example, that if an
actor perceives an information system to be easy to use, that perception should spread
to her or his neighbors in a social network (and vice versa). Nevertheless, this mutual
influence of PEoU has not yet been researched; the reason may be attributable to the
fact that, until recently, no adequate statistical methods to test such kind of hypothesis
had been developed. Now, however, some new statistical methods allow for the crea-
tion of such models.

Research of this kind is of great importance. For example, managers who have to
choose which employees should be given further vocational training may wish to
consider the employee’s embeddedness in a social network.
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Hence, the current work has three main objectives:

1. Conceptualize PEoU as a network construct. In doing so, PEoU should be concep-
tualized both as an antecedent to network structure and as an outcome of network
structure.

2. Propose a model that incorporates PEoU as a network construct.

3. Validate the model empirically.

This article is organized as follows. Section 2, Theory, reviews the related literature
and develops four hypotheses. Section 3, Method, describes the study’s context, par-
ticipants, measurement, and modeling approach. Section 4, Results, highlights our
findings. Section 5, Discussion, discusses the theoretical and managerial implications
of our findings. Section 6, Conclusions, summarizes the results, notes their limita-
tions, and provides some suggestions for further research.

2 Theory

The first part of the literature review highlights the conceptual underpinnings of Per-
ceived Ease of Use. The second part highlights models that examine the evolution of
social networks.

2.1  Technology Acceptance and Perceived Ease of Use

Perceived Ease of Use (PEoU) belongs to the most central construct in IS research. It
is a core construct of the technology acceptance model (TAM) [2], which is one of the
most firmly established models in IS research (compare [3-4]). Perceived Ease of Use
is defined as “the degree to which a person believes that using a particular system
would be free of effort” [2]. Related constructs can also be found in myriad other
theories such as the theory of planned behavior, innovation diffusion theory, and so-
cial cognitive theory [5]. In these theories, the related constructs are referred to as, for
example, “perceived behavioral control”, “self-efficacy”, and “complexity.” Per-
ceived behavioral control is defined as “the perceived ease or difficulty of performing
the behavior and is assumed to reflect experience as well as anticipated future imped-
iments and obstacles” [6]. Complexity is defined as the “opposite of ease of use” [7],
that is, “the degree to which an innovation is perceived as relatively difficult to under-
stand and use.” Finally, (Computer) Self-Efficacy is defined as “a judgement of one’s
capability to use a computer. It is not concerned with what one has done in the past,
but rather with judgements of what could be done in the future” [8].

Despite the high prominence of these constructs in IS research, the fact that PEoU
has been conceptualized only from an individual’s perspective (i.e., residing within
each individual and isolated from other individuals) leaves a notable gap in the re-
search. The individuals’ embeddedness in a social network has been neglected nearly
completely (for an exception, see, [1]). Rather, the influence of the other actors on a
focal individual is captured by constructs such as “subjective norm,” defined as “the
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person’s perception that most people who are important to him think he should or
should not perform the behavior in question” [9].

However, the models do not hypothesize how PEoU is influenced by network
structure, and how PEoU influences network structure, which leads to the second
focus of our literature review.

2.2 Social Network Perspective, Embeddedness and the Evolution of Social
Networks

In this paper, we assume that each focal individual (ego) is embedded in a social net-
work of alters (see Figure 1).

Fig. 1. Social Network

Figure 1 illustrates a networked perspective on PEoU. In the figure, each circle repre-
sents an individual. A pair of individuals is connected by an arrow if one actor seeks
advice from the other actor.

As we show in the hypotheses development, we assume that PEoU spreads through
this social network through a process of contagion. This process of contagion can be
modeled with other models that examine the co-evolution of social networks and
actor characteristics. Here we review these types of models. Early models examining
the evolution of social networks (for an introduction, see [10]) primarily explore how
structural characteristics of networks (such as transitivity, reciprocity, and degree-
centrality) influence the process of network evolution (see, e.g. [11]).

Recent developments in these types of models (see, e.g. [12]) now also allow for
the integration of several actor characteristics, which are permitted to co-evolve with
the social network over time (e.g. [13]) so that the social network (and the actor char-
acteristics) can be dependent and independent variables concurrently. Hence, these
models allow for statistical tests of causal relationships between network structure and
actor characteristics (such as Perceived Ease of Use) that were not previously possi-
ble.
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2.3 Hypotheses Development

We structure the development of our research hypotheses in two parts. In the first
part, we propose two hypotheses regarding the co-evolution of social network and
Perceived Ease of Use. The first of these addresses Perceived Ease of Use as an ante-
cedent to network evolution. The second explains Perceived Ease of Use as an out-
come of network structure. In the second part of our hypotheses development, we
propose two hypotheses that examine the effects of endogenous® network variables on
the process of network evolution. These two variables serve as control variables in
our study.

Perceived Ease of Use. We begin with a hypothesis that considers Perceived Ease of
Use as an antecedent to network structure. Generally, a person who perceives a com-
puter system to be easy to use has a high expertise in using the system (compare [14]).
Furthermore, the greater a person’s expertise, the more likely he or she is sought out
for advice by other people [15]. In summary,

Hypothesis 1 (PEoU alter): The higher a person’s Perceived Ease of Use, the more
likely she or he is sought out for advice.

The second hypothesis concerns Perceived Ease of Use as an outcome of network
structure, and is based on social influence theories, one of the most prominent being
social comparison theory (e.g. [16-17]). Social comparison theory assumes that indi-
viduals compare themselves with their surrounding peers. During these comparisons,
they adapt their individual attributes so that they become more like their peers. In a
similar vein, we assume in this paper that people compare their Perceived Ease of Use
to each other. We expect that people who observe others with a high PEoU of a sys-
tem will perceive the system easier to use for themselves. Conversely, we expect that
people who observe others that perceive a system difficult to use will perceive the
system difficult to use for themselves. Hence,

Hypothesis 2 (PEoU similarity): Over time, the likelihood that a person’s Perceived
Ease of Use will become similar to that of other persons’ she or he seeks out for ad-
vice is greater than a random change in Perceived Ease of Use.

Endogenous Network Effects. We next propose two hypotheses that examine the
effects of endogenous network variables on the process of network evolution. These
two variables serve as control variables. As our first endogenous network hypothesis,
we hypothesize that people do not seek advice for free. Rather, building and maintain-
ing relationships for seeking advice is associated with some cost (c.f. [18]). Conse-
quently, people who are embedded in an advice network with many partners are less
likely to seek out new people for advice than are people who have only a few con-

Y n this paper, we use the term “endogenous” in the sense of Contractor et al. (2006), that is,
endogenous variables do not incorporate factors other than the focal relationship itself. In
particular, they may not include attributes of the actors in the network.
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tacts. Numerous studies that examine the scale-free property of social networks (e.g.
[19]) and models of dynamic network evolution (e.g. [13]) support this finding.
Hence,

Hypothesis 3 (Density): The higher the number of a person’s partners for seeking
advice, the lower the likelihood that he or she will seek out new partners for advice.

As a second endogenous network hypothesis we hypothesize mutual/ reciprocated
ties, that is, if person i seeks out person j for advice, person j should also seek out
person i for advice. Several theories explain reciprocal ties, including social exchange
theory [20], resource dependency theory [21], and network exchange theory [22],
compare [23]. For example, social exchange theory assumes that relationships are
built through an individual cost-benefit analysis: the benefits for an individual are the
positive elements of a relationship such as advice, support, or friendship; the costs are
the effort required to maintain a relationship. In general, scholars agree that relation-
ships evolve over time into trusting, loyal, and mutual commitments as actors obey
certain rules of exchange. Reciprocity is probably the best-known exchange rule [24];
it means, in theory, giving advice to someone is considered to be a previous invest-
ment in a relationship that must be reciprocated. However, some researchers state that
relationships in advice networks tend to be nonreciprocating/ asymmetric, that is, a
less well-informed actor is more likely to seek advice from a more well-informed
actor than vice versa (e.g. [15], [25-26]). One possible explanation for non-reciprocal
dyads is actors striving for social status, compare [25]. Actors that have acquired a
certain social status by being sought out for advice will attempt to preserve this status
advantage by seeking advice from third parties rather than from the actors that have
sought them out for advice. Another possible explanation for non-reciprocated dyads
is that actors sought out for advice by a certain individual i will not seek advice from
this particular individual, as they doubt the individual’s capabilities.

Nevertheless, we assume that the last two explanations do not hold for this study.
First, asking someone for advice in the learning situation of the study was not associ-
ated with a loss of status. Furthermore, people who sought out others for advice were
not perceived to be unknowledgeable. Hence,

Hypothesis 4 (Reciprocity): There is a greater likelihood that a person seeks out an-
other person for advice if the other person also seeks out the first person for advice.
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3 Method

To test the proposed hypotheses, we used data collected during a June 2010 PhD
course on social network analysis taught in the IS department of a leading research
university.

3.1 Context

The aim of the five-day course was to familiarize students with a software system for
longitudinal social network analysis that had been co-developed by one of the authors.
Morning sessions of the course were devoted to training; in the afternoons, when
students applied the software, they were free to seek advice from other course partici-
pants. Most students were first-year PhD students. Rather than grades, a certificate
was awarded for attendance, and participation in the course was voluntary. Three
participants had extensive experience with the social network analysis software taught
in the course.

3.2 Participants

The unit of analysis in our study is the individual student. The course had 15 partici-
pants, one of whom dropped out during the course. Before our final analysis, the stu-
dent who dropped out was excluded due to an extensive amount of missing data. Par-
ticipation in the course formed an appropriate boundary for our study because the
class members interacted in the context of the system that bound them with interde-
pendent processes and a shared symbol system [1]. There was one woman among the
14 participants, which is typical for a course taught in an IS department. The average
age of the respondents was 32.46 years, with a standard deviation of 7.95 years. The
youngest participant was 24 years old; the oldest was 48. Although the sample size is
quite small (n = 14), it is sufficient for the proposed methodology since the model has
only 3 predictors.

3.3 Measurement

Like Sykes et al. [1], we collected data with a survey administered before students
used the new system immediately after the first training session. Furthermore, we
collected data on the third and on the fifth days at the conclusion of the afternoon
sessions.

We measured Perceived Ease of Use with 5 items (compare [2], [5], [27]): (1)
Learning to operate <the system> is easy for me; (2) | find it easy to get <the system>
to do what | want it to do; (3) It is easy for me to become skillful at using <the sys-
tem>; (4) | find <the system> easy to use; (5) My interaction with <the system>
would be clear and understandable. All items were measured using seven-point se-
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mantic differentials anchored with “strongly disagree” and “strongly agree” as well as
numbers from -3 to +3. Later, we aggregated the 5 items to a single value for PEoU.

Furthermore, we asked the following question: During the last <n> days of the
seminar, how often and for how long did you seek advice from the following persons?
We used a seven-point semantic differential anchored with <never> to <very long and
often> for this question. We later dichotomized the answers as described in Sykes et
al. [1]. In the following section, X(t) = X;(t) denotes an n x n adjacency matrix, where
Xij = 1(0) represents a tie (no tie) from actor i to actor j (i,j = 1,...,n) in period t, that
is, player i responded at least “0” on the semantic differential.

3.4  Model

To examine the dynamic co-evolution of network structure and Perceived Ease of
Use, we employed a stochastic actor-driven modeling approach proposed by Snijders,
e.g. [13], [28-29]. The first application of this methodology in IS research is a recent
article by Putzke et al. [30].

The advantage of Snijders’ methodology is that the same variable can be interpret-
ed concurrently as both an independent and a dependent variable, as we show in the
following paragraphs. This makes it possible to establish a causal relationship be-
tween structural network variables and PEoU.

Snijders models the co-evolution of network structure and actor characteristics as a
continuous-time Markov process Y(t) = (X(t), Zn1(t),..., Zn(t)) on the space of adjacen-
cy matrices X(t) as well as actors’ characteristics Zy; (h = 1,...,H) (in this case, PEoU).
To derive a transition matrix between two states y(t,,) and y(tm+1), Snijders decompos-
es each change between the states into so-called “micro steps.” Micro steps are ran-
domly determined moments in time whose queue time follows an exponential distri-
bution with rate parameters A{x and A% that we assume to be constant and independ-
ent between actors. At these randomly determined moments in time, one of the actors
has the opportunity either to: change a tie variable Xj (i.e. § = (x(i=}),z)); change his
or her own characteristics Zy; by ¢ (i.e. § = (x.z(i In 8))); or change nothing (i.e. § =y).
These changes occur with probabilities p = (x(i=))|,x(¢t),z(t)) and p = (z(i In 8)| x,2)
respectively. Whereas p = (x(i=j)|,x(t),z(t)) denotes the probability that actor i chang-
es its tie to actor j (conditioned on all other ties being constant, and given actor char-
acteristics), p = (z(i ITnh 8)| x,z) denotes the probability that actor i’s characteristic h
will decrease or increase by d. To obtain transition intensities, Snijders multiplies the
rate functions by the probabilities of an actual change taking place, which leads to the
transition matrix

27 (5) p(x(i= )| x.2) ify=(x(i= j).z).
A p (=1, 0) x.2) i =(%,2(5)).
4= oy
_Z {gg(};(x(i = J) ,z)) +5E{Z;1} Q(}’Q(’C»Z(ilh 5)))} ify=y.
0 otherwise
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To estimate the full model, the change probabilities p = (x(i=})|,x(t),z(t)) and p = (z(i
I 8)| x,z) have to be specified, which we do as discrete choice models in multinomial
logit form (cf. McFadden, 1974). That is

™ (pxini)(0)2(0)
e (Bx(i=)(0),2())

p = (x(i =Nl x(),z(1)) = 5 )
where u? denotes the deterministic part of a utility function that actor i attributes to
the network configuration. For example, a utility function that allows only a test of
H3 (density) and H4 (reciprocity) might be defined as

uEX](ﬂ[X]'y) — ﬂdensityzxij + ﬁ“reciprocityz xijxji (3)

J J
Analogously, the formulas for the behavioral evolution of PEoU can be derived (for a
more detailed discussion, see [13]).

The following effects were included in the utility functions:> The PEoU-alter effect
was measured as ¥; x;; PEoU; (cf. hypotheses 1), that is, actor i’s utility function uld
increases by actor j’s PEoU if actor i seeks advice from actor j (i.e. x; = 1). Hence, a
positive parameter 75V ¥’ indicates that students with a higher PEoU are more like-
ly to be sought out for advice than are students with a lower PEoU.

PEoU average similarity (c.f. hypothesis 2) was measured as

maxy;| PEoU;—PEoU,| max,|PEoU,—PEoU, |

Lzlx“(max[-}-\PEoU,—PEoUﬂ—\PEOU:—PEOU” max,j|PEoU,—PEoU}\—\PEoU,—PEaujl) (4)
jrij
iy

max,;|PEoU;—PEoU;|—|PEoU,—PEoU|
max,,|PEoU;,—PEoU|

mazx;j|PEoU;—PEoU|~|PEoU;—PEoU |

max;;|PEoU;—PEoU |

where is the mean of all similarity scores

The similarity score between actor i and actor j calculates the difference between the
PEoU of the two actors |PEoU; — PEoU)| (in absolute values) and standardizes this
difference by the range of all actors’ PEoU max;; |PEoU; — PEoU,|. Hence a positive
parameter AFEOV SMIaY jndicates that an actor’s PEoU tends to become similar to the
PEoU of those actors she or he seeks out for advice. However, the total influence of
the actor she or he seeks out for advice is the same regardless of their number.

A general drive toward high PEoU (linear shape effect) was measured as PEoU;.
This effect was added as an additional control variable, since course participants be-
came more familiar with the software during the course and hence would be expected
to perceive the software to be easier to use over time.

General tendency to seek advice from alters (density/outdegree effect) is measured
as

2 See Snijders et al. (2007) for more information about the measures.
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Z *ij ©)
p)
(cf. hypothesis 3), that is, actor i’s utility function u? increases by value 1 if actor i
seeks out actor j for advice, because the corresponding value in the adjacency matrix
Xjj equals 1 if actor i seeks advice from actor j (and is O otherwise). Consequently, a
negative parameter £°"'®9 indicates that actor i does not seek advice randomly, but
that each occasion of seeking advice is associated with some “cost” for actor i.
Number of mutual ties (reciprocity) is measured as

z XijXji (6)
i

(cf. hypothesis 4), that is, actor i’s utility function u™ increases by value 1 only if
actor i seeks advice from actor j (x;; = 1) and actor j seeks advice from actor i (x; = 1).
If one of these ties is missing (i.e. x;; = 0 or x;; = 0), the product will equal 0. Conse-
quently, a positive parameter """ indicates a greater likelihood that actor i seeks

advice from actor j if actor j also seeks advice from student i.

4 Results

We conducted a nested model comparison to test the proposed hypothesis, see [29].
All models were estimated using RSiena and RSienaTest 1.0.12.186. In a series of
Neyman-Rao tests, we compared a model that allows both PEoU effects to vary freely
against a baseline model that restricts one (or both) PEoU parameters to zero, but
includes all control variables. We report no measure of explained variation because
there are, as yet, no satisfactory measures for this stochastic actor-driven modeling
approach.

Table 1. Model Results

Beta s.d. t-value p-value

Network Dynamics

Rate Parameter (t=1) 2.310 .837 2.760 .003
Rate Parameter (t=2) 1.334 468 2.850 .002
Outdegree -1.697 381 -4.454 <.001
Reciprocity 3.279 .739 4.437 <.001
PEoU alter 0.120 .053 2.264 011
Behavior Dynamics

Rate Parameter (t=1) 5.772 2.3642 2,441 .007
Rate Parameter (t=2) 2.780 .984 2.825 .002
PEoU linear shape 2.498 5.999 0.416 339

PEoU average similarity 295.900 444 666.441  <.001
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The series of Neyman-Rao tests indicate that the inclusion of both PEoU effects in the
model (see Table 1) at the same time increases model fit, and that the increased model
fit can be attributed to both effects, that is, to PEoU alter (y?=6.642; d.f .= 1; p <.01)
as well as to PEoU similarity (y2=7.223; d.f. = 1; p <.01).

Furthermore, both effects are found to be statistically significant and in the ex-
pected direction. Hence, Hypothesis 1 and Hypothesis 2 are supported, and we can
conclude that 1) students are more likely to seek advice from a partner that perceives
the system as easy to use, and 2) that the students” PEoU over time tends to become
similar to those of their surrounding peers.

Concerning the control variables (Hypothesis 3 and Hypothesis 4), the results are
in line with our expectations. The negative outdegree effects indicate that seeking ties
is associated with some costs and the positive reciprocity effect indicates that students
are more likely to seek advice from students who sought advice from them. However,
the linear shape effect turns out to be positive but non-significant. Hence, there is
limited support for the proposition that course participants perceived the software to
be easier to use over time.

Further results can be found in the Appendix, where Table 2 provides the correlations
of estimates and Table 3 highlights the tie changes between subsequent observations.
Indeed, the Jaccard coefficients (see Table 3) fall within acceptable levels.

We further tested for time heterogeneity in parameters between both time periods,

compare [31]. In the original model, the objective function was defined as:

[ () = Xy Bretsie (). ()

where s/i°"(x) were the effects as defined above. This means that all parameters
were assumed to be stable over time. To test for time heterogeneity in the parameters,
the objective function was defined as:

EE“)(X) = Ye(Bie + 67RO s3pe(x(i ~ ) )

where h](f) is a vector of time dummies and 5? is the time dummy interacted effect

parameter for effect k in period a. The dummy variables 5,51) were assumed to be 0 for
all k, so that the first period is considered to be the base period. A joint score test for
parameter heterogeneity is then given as:

Hy: 8% = 0Vk,a (9)
H;: 6% % 0 for somek,a (10)

For the further estimation of the test, see [31].

The results of a joint test of dummy parameters for all effects (outdegree, reciproci-
ty, PEoU alter, PEoU linear shape, PEoU similarity ) revealed that it is not necessary
to introduce time dummies for a particular effect (p =.746).

Further, we assessed goodness of fit using the indegree distribution as auxiliary
statistic (see Figure 2) of a Monte Carlo Mahalanobis Distance Test (compare [32]).
Results indicate that goodness of fit is good (Mahalanobis Distance = 16.384; p =
173).
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Goodness of Fit of IndegreeDistribution

Statistic

1 2 3 4 5 6 7 8 9
p 0173

Fig. 2. Goodness of Fit of Indegree Distribution

5 Discussion

In this study, we theorized PEoU as a network construct. In particular, we hypothe-
sized that people are more likely to seek advice from a partner who perceives a sys-
tem as easy to use. Furthermore, we hypothesized that people’s PEoU over time tends
to become similar to that of their surrounding peers. The empirical study lent support
to both hypotheses.

5.1 Theoretical Contributions and Implications

The paper contributes to IS research in several ways. First, the model is a fundamental
shift in our understanding of PEoU. Whereas PEoU used to be examined from an
individual perspective in structural equation models, the results show that PEoU is an
antecedent as well as an outcome of network structure. Future research should, there-
fore, take a network perspective on PEoU.

Second, the paper introduced a new methodology from sociology into IS literature.
Apart from [30], it is the first paper in IS research that uses a methodology that can
examine the co-evolution of actor characteristics and social network. However, this
paper exceeds the paper [30] as it tests for time heterogeneity and reports goodness of
fit using the indegree distribution as auxiliary statistic of a Monte Carlo Mahalanobis
Distance Test.
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5.2  Practical Implications

In addition to the theoretical insights, this study also has some implications for practi-
tioners. Results showed that people’s PEoU tends over time to become similar to that
of their surrounding peers, which means that managers should not regard PEoU as a
construct only on the individual level. Rather, managers should examine each indi-
vidual’s embeddedness in a social network before selecting who will take part in a
system training course. With the careful selection of individuals, PEoU will spread
through the network and, as a consequence, less people will need formal training
courses. This will result in cost savings and enhanced organizational performance.
This study offered a practical insight that the selection of individuals for training
courses should be driven not only by their personal characteristics, but also to some
extent by their position in the social network.

Another managerial implication is that managers should pay special attention to the
structure of the social networks within and between organizational units when seeking
to improve performance outcomes through information systems. Only active man-
agement of such networks will optimize network flow and assure that PEoU will
spread through the network. Enhancing the level of PEoU in such a way may also
prove useful for reducing IT resistance in enterprise systems implementation projects.

Finally, this paper introduced a new methodology from sociology into the IS litera-
ture. The proposed methodology can be applied by IS practitioners in a variety of
different contexts. For example, practitioners can use the proposed methodology for
link prediction (e.g., on social networking platforms).

6 Conclusions

In this article, we conceptualized PEoU as a network construct. Our results indicate
that people are more likely to be sought out for advice the higher their PEoU. Fur-
thermore, there is a greater likelihood that a person seeks out another person for ad-
vice if the other person also seeks out the first person for advice. Finally, we found
that a person’s PEoU will become similar to that of other persons’ she or he seeks out
for advice.

Of course, as with any empirical study, ours is subject to some limitations that
could be seen as affecting the rigor and relevance.

First, we examined a single construct from TAM only. We neglected Perceived
Usefulness as well as the user’s Behavioral Intention to use a system. Future research
should examine these constructs in more detail. The proposed methodology offers an
interesting way to examine the co-evolution of social networks and these two con-
structs.

Second, we examined only one type of network (i.e., the advice network). Howev-
er, there may be other networks that influence an actor’s PEoU, such as a friendship
network or acquaintance network. Future research should examine related questions
with networks other than the advice networks.

There are several fruitful areas where the methodology can be employed in IS re-
search. For example, future research can examine the adoption of information tech-
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nologies taking a network perspective. Basically, the method is appropriate for vari-
ous types of analyses that examine the co-evolution of social network and actor char-
acteristics. Our hope is that our research will assist others in conducting these types of
studies and form the basis for substantial future research into the co-evolution of so-
cial networks, attitudes, and behavioral intentions.

7 Appendix

Table 2. Correlations of Estimates

Rate Parameter (t=1) 1
Rate Parameter (t=2)  -0.068 1

Outdegree -0.292 -0.138 1
Reciprocity 0.046 0.017 -0.597 1
PEoU alter 0.004 0.035 -0.467 0.417 1

Rate Parameter (t=1) -0.202 0.085 0.040 -0.0460.019 1

Rate Parameter (t=2)  -0.1550.101 -0.019 0.031 0.065 0.560 1

PEoU linear shape 0.193 -0.129 0.003 0.041 -0.073-0.826 -0.699 1

PEoU average similarity -0.195 -0.016 0.029 0.019 -0.115-0.2050.012 0.070 1

Table 3. Tie changes between subsequent observations

0=>0 0=>1 1=>0 1=>1 Jaccard Index

from period 1 to period 2 155 13 2 12 444
from period 2 to period 3 147 10 2 23 .657
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