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Abstract  Online social interactions can be quite helpful to information seekers in digital librar-
ies, but how to quantitatively analyze and model the influence of online social interactions on their
information seeking actions has not yet been handled adequately. Studies on this problem can also
enlighten us to further understand the social functions of digital libraries and thus improve the
technological supports in our ongoing digital library project. In this paper, we model the sequen-
tial states of each interaction participant and their corresponding information seeking actions with
a Hidden Markov Model (HMM), and then propose a common framework with the Influence
Model to analyze the dynamic inter-influencing relationships of all participants on selecting mate-
rial or seeking desired information from digital libraries. Furthermore, an incremental gradient-
based algorithm is presented in this paper for the training problem of the above model. The ex-
perimental results show that our model and its learning algorithm can effectively characterize the

influences people have on each other during online social interactions.

Keywords community-assisted digital library; online social interactions; the influence model;

coupled HMM; gradient-based approach
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1 Introduction

More and more social interactions take place
online. Generally speaking, online social interac-
tion refers to any type of interaction or discussion
activities that take place over a computer network.
Past research on computer-mediated social interac-
tions in the work place suggests that they have
some advantages over face-to-face interactions.
Online discussion groups tend to be more focused
on the tasks at hand and less distracted by personal
considerations'?, have more equal member partici-

pation’®, and generate more ideas because group
[3]

&

members can all “speak” at the same time

Meanwhile, Recent researches on community-as-

sisted digital libraries, e. g. UC Berkley’s NEEDS

[, UC Irvine’ s Café Construction-

digital library
Kit interactive communication tools® and Sweden
SICS’s Virtual Community Library'™, show that
inclusion of some form of online social interactions
within digital libraries can be quite helpful to their
information seekers.

However, to guide ones to more effective on-
line interactions for information seeking, an impor-
tant problem is how to quantitatively analyze and
model the influence of online social interactions on
their information seeking actions. Studies on this
problem can also enlighten us to further under-
stand the social functions of digital libraries and
thus improve the technological supports for the on-
going China-America Digital Academic Library.
Additionally, we wish to explore the application of
the digital library to online education programs.,
therefore studies of this kind can be further ex-
tended to evaluating how to conduct higher-quality
online learning by effective interactions™™.

Some researches have addressed this problem
in different settings. In CSCW community, the ap-
proach based on measuring the frequency and in-
tensity of the online communications during a given

approximate the
Alex Pentland et al
have also launched the Facilitator Room project in
MIT Media Lab to quantitatively estimate the in-
teractions between humans in real-life conversa-

period has been applied to

strength of social networks™®!,

tional settings™™. In [10], we have introduced our
idea and initial work about how to quantitatively
model the influences of online social interactions in
the settings of digital libraries. On the basis, this
paper will discuss further the detailed model and

its learning algorithms.

According to the perspective on the dynamics
of the interaction™™, the (mental or internal)
states of a system (person or agent) need to be
grounded in interaction histories on the one hand,
and have to be related to future interactions on the
other hand. Naturally, if a state of an information
seeker is characterized on the basis of a set of phys-
ical and/or mental (state) properties that do or do
not hold at a certain point in time, then an online
social interaction session can be viewed as a dy-
namic process in which the states of all participants
have influences on each other over time. In this pa-
per, we hence model the sequential states of each
participant and their corresponding information
seeking actions with a Hidden Markov Model
(HMM). Furthermore, we employ the Influence
Model, which was developed by C. Asavathiratham
as a Dynamic Bayes Net (DBN) of representing the
influences a number of Markov chains have on each
other™, to analyze the inter-influencing relation-
ships of all participants on selecting material or
seeking desired information from digital libraries.
Hence, one can think of the entire interaction
process as a DBN framework having two inter-in-
fluencing processes: the internal state-transition
process of each participant and the dynamical inter-
influencing process between participants.

To make the above model realizable, we need
firstly the learning algorithms to train the model
parameters. For the incremental learning need in
our application, a gradient-based algorithm derived
from Coupled HMM (CHMM) -] is presented in
this paper for the Influence Model. Simulation ex-
periments show that our algorithm can be more ap-
propriate for incremental learning and situations
where only limited training data are available than
the self-mapping transformation algorithm presen-
ted in [14,15]. Secondly, we need to extract ob-
served features from the data of online social inter-
actions in digital libraries. Based on some compari-
son and analysis, we select the interaction intensity
between participants, and the amount of access in-
formation that are referred by the participants, as

Our

experiments involve a number of participants see-

the estimation features of observation data.

king their needed materials by means of online dis-
cussions or interactions. Each experiment is sched-
uled by several phases, and in each phase the above
features will be extracted. At the end of each ex-
periment, the influence model learned by the above
training algorithms is compared to the hand-labeled
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interaction matrix generated by social network the-

oryt®,

The experimental results demonstrate that
our model and its learning algorithm can not only
effectively characterize the influences people have
on each other during online social interactions, but
can build a foundation for further analyzing the
subtler phenomena, such as how to conduct more
effective online interaction.

The organization of this paper is as follows.
Section 2 discusses the influence diagram for online
social interactions in digital libraries, and intro-
duces the influence model to quantitatively analyze
the dynamics of interaction. In section 3, we will
present the incremental gradient-based learning al-
gorithms for the influence model. Thereafter, ex-
periments on synthetic and real data will be de-
scribed. Finally, Section 5 concludes this paper.

2 The Influence Model of Online Social
Interactions

According to [ 5], social interactions can be
helpful to information seekers in four ways: the
need for help in selecting material, the desirability
of informal information, the ad-hoc and contextual
nature of most information seeking, the personal
enjoyability and community benefits from social in-
teraction. In this paper we mainly focus on the
first three functions of online social interactions.

The influence diagram displayed in Fig. 1 re-

presents the decision model for information access

Assistance
history

Personal
information
store

Online
| discussions
) with others

Automated
assistance

Fig. 1

Naturally, if a state of an information seeker
is characterized on the basis of a set of physical (e.
g. » his information access actions) and/or mental
(e. g. » his information access competence) proper-
ties that do or do not hold at a certain point in

time, then an online social interaction session can

Online social
interactions

Personal
info-access
competence

in the community-assisted digital library. The de-
cision model considers an information user’s goals
and needs. Goals are target tasks or subtasks at
the focus of his attention™®. Needs are informa-
tion or knowledge that will reduce the time or ef-
fort required to achieve goals. As indicated by the
dependencies in the influence diagram, a user’s in-
formation needs are influenced by his current goals
as well as his information access competency (Here
the notion of information access competency refers
to the capability that a user knows what to know
and knows how to seek and access them), and then
the needs plus goals directly influence or cause his
information access actions. In the figure we can al-
so see online interactions might influence directly a
user’ s information needs. One might be easier to
know what to know and how to seek by the help of
other people because interaction can refine ques-
tions and tailor answers, despite many technical
means (e. g. , better navigation method, search en-
gine) can also give him some help in selecting and
seeking materials. Hence from this perspective,
online social interactions can influence a user’s in-
formation access competence and corresponding ac-
tions. This conclusion is also supported by the dy-

U which suggests the

namics of the interaction
(mental or internal) states of a system (person or
agent) need to be grounded in interaction histories
on the one hand, and have to be related to future

interactions on the other hand.

User’s
information
needs

Information
access actions

The influence diagram of online social interactions for information access in the community-assisted digital library

be viewed as a dynamic process in which the states
of all participants have influences on each other o-
ver time. Hence in this paper we model the se-
quential hidden states of each interaction partici-
pant ([ 11] formally defines them as traces) and

their corresponding information seeking actions
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(which are defined as observations) with a Hidden
Markov Model (HMM). In the case of no any in-
teraction with others, the next state of each infor-
mation seeker evolves with transition probabilities
that depend only on his previous state. On the con-
trary, it depends on the previous states of all par-
ticipants (including himself) involving within in-
teractions.

As mentioned above, the state and observa-
tion sequences of each interaction participant are
modeled as a HMM model. However, the separate
HMM models are obviously not able to capture the
interactions among different models. Hence, we
need an extended or generalized HMM to describe
multiple interacting processes. A most natural
structure is the Cartesian Product HMM, a group
of HMM models in which the state of one model at
time ¢ depends on the states of all models (inclu-

ding itself) at time r—1""", To further reduce the

exponential number of model parameters to be e-
valuated in the Cartesian Product HMM, Coupled
HMM (CHMM) proposed by Brand, M7 is an
alternative, but there is no parameter to directly
capture the interaction within Brand’s CHMM. In
his PhD thesis, C. Asavathiratham developed a
special Dynamic Bayes Net (DBN), the Influence
Model, which describes the connections between
many Markov chains with a simple parametrization
in terms of the “influence” each chain has on the
[2] " In addition, the Influence Model has

been applied by [ 9] to quantitatively estimating the

others

interactions between humans in real-life conversa-
tional settings. Similarly considering the dynamics
of online social interactions, we employ the Influ-
ence Model to analyze the inter-influencing rela-
tionships of all participants on selecting material or
seeking desired information from digital libraries,

as shown in Fig. 2.

Fig. 2 Exploring online social interaction in the community-assisted digital library (modified from [12])

In this figure, one can think of the entire in-
teracting process as a DBN framework having two
levels of structure: the network level and the local
level. The network level, which is described by a
network graph I'(D") where D={d,, } is the influ-
ence factor matrix, represents the interacting rela-
And the strength of
each connection, d., , describes the influence factor

tions between participants.

from the participant ¢’ to the one ¢. Meanwhile,
each participant ¢ has a local HMM chain I"'(A,.)
that characterizes the internal state transition in
the interacting process, as discussed above. Obvi-
ously, the Fig. 2 describes the influence model of
online social interactions in community-assisted
digital libraries.

1, we formally

According to the literaturet'
define the influence model of online social interac-
tions as follows:

Let A, be the local Markov chain of the partic-

ipant ¢ for 1<<c<<C:

(€3]

« Let S{9, S5, -, S o be the set of hidden
. : (O o . (O o
states, where N is their number. Let 5/ be its

state variable at time 7. Let x{” =P (5" =S{”) be
N

the initial state probability distribution,Znﬁ") =1.
—1

o Let X{9, X5, X§$° be the sei[ of obser-

vations, where M‘“ is their number. Letx!” be its

observation variable at time z. Let 6{” (k) =P (x;”

=X |5;” =S!”) be the observation probability,
M(t)
Db () =1.
k=1
Let D be the CXC influence factor matrix:
+ Let d., be the influence factor from the par-
-
ticipant ¢’ to the participant c,de =1.
=1
« For each pair of the participant ¢ and ¢, the
(z“.z)} is a N(r) ><N(r')

state-transition matrix A, = {a;
nonnegative matrix whose rows sum to 1, i.e.,
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=
matrix is defined as

Then the general form of influence

dllAll dl(,‘Al(,‘
H=D"® {(A. }= : :
d(‘('A(,‘('
(L
where &) is Generalized Kronecher prod-
[12]
Let r={m"},B={b" ()}, A={A, },D=

{d.. } . then the influence model of online social in-

deiAc
uct

teractions can be described by the parameters A=
{r.A,B.D}. ={a,; |V},
it is referred to as the homogeneous influence model.
Let p{© be the next-state PMF vector (a Prob-
ability Mass Function Vector is a vector p=>0 such
that p"1=1) at time z. Given a length-n PMF vec-
tor p, s = Realize(p) denotes the random realiza-
tion of the status of the chain according the PMF
provided in p. Let S, denotes the state vectors at
time ¢ with length (N +-++N‘“), which is de-

fined as

Especially when A,

=[5, eee,5© T (2)

Let p, denotes the PMF probability vectors at time

t with length (N® +-++ N, which is defined

as

= [pD e, p© T (3)

Then the evolutlon equations of the influence mod-
el are defined as

b = S'H )

S}i1 = MultiRealize (p1) (5)

where operation MultiRealize ( *

block of PMF’s within pl; separately, independ-

ently realizing the new state vectors block by

block. Hence, the equations (4) and (5) describe

the general form of the dynamic process of all par-

) treats each

ticipants during online interactions.

Similarly to HMM, the learning problem of
the above model is on how to choose an optimal set
of parameters {x, B, A, D} for the model Agiven
some observation sequences X = (X, *-* X) (where
X,=(xPx® - 29)) extracted from the data of
online social interactions. In the next section, we
will further discuss how to learn and estimate this
model.

3 Learning for the Influence Model of
Online Social Interactions

C. Asavathiratham did not develop a mecha-

nism for learning the parameters of the influence

[12]

model in his dissertation Hence we need to de-

sign the learning algorithm for the influence model
of online social interactions.

The graphical model for the influence model is
identical to that of the generalized N-chain Coupled
HMM, but there is one very important simplifica-
tion by introducing influence factors to directly
s €. 8. s

ZduP(sf‘) | 559 (6)

=1
This formulation models the joint conditional prob-

characterize the coupling"®

PG | s, e, 59

ability for a given chain’s next state as a linear
convex combination of marginal conditional proba-
bilities with the weights represented by influence
factors. In the literatures [14,15], S. Zhong re-
fers to it as Distance-Coupled Hidden Markov
Model (D-CHMM), as shown in Fig. 3. The influ-
ence model represented by D-CHMM has totally
C?* N*+(” transition parameters, CN initial proba-
bility parameters and CNM observation probability
parameters,where N the maximal number of states
per chain, N = max(N“ ), and M the maximal

number of observatlons per chain, M= max(M“) ).

To further keep the number of parameters to a
minimum, S. Basu et al has proposed an influence
model with observed states, which has no obser-
vation probability parameters. However, it can be
only applied to the cases where the observed nodes
are strongly interconnected and the hidden states
are not, In the literatures [14,15] S. Zhong gave
an iterative optimization procedure for learning the
parameters of D-CHMM model based on the self-
mapping transformation described by Baum and his

co-workers'®,

This algorithm has successfully
solved the problem that directly applying EM/
GEM algorithm to estimate the D-CHMM parame-
ters is fairly difficult due to the linear combination
introduced to model the joint conditional dependen-
cy, however, similar with the Baum-Welch algo-

L9 it can also lead to abrupt jumps in pa-

rithm
rameter space and thus is not suitable for on-line
learning. And in our application the incremental
learning (e. g. » using only subsets of the training
data at each iteration'®) is very important because
the partial learning results can give some useful
clues to the interaction participants about how to
conduct more effective interactions in next steps.
Hence in the following will first introduce the ex-
tend forward-backward procedure for D-CHMM
presented by[ 14,157, and then present an incre-
mental gradient-based learning approach for the in-
fluence model of online social interactions.
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Fig. 3 The inference graph for the Influence Model

represented by D-CHMM

3.1 Extend Forward-Backward Procedure-'*'*

For the influence model represented by D-
CHMM, the likelihood function P(X |)) is given
by the formula:

PX |0 = ZP(X | PGSO (D

Similarly for HMM, th1§ formula is solved by defi-
ning the forward and backward variables. For
CHMM, the extended forward variables is defined
as:
@ (cracy s )=P(X, Xy v X, 81,87, 00, SR
(8)
and the extended backward variables is defined as:
Bz(cl 2C2 9% 5 CC ):P(XIAI aXr+2 D 9X'1“S:1 »S;) D ,S;()
(9
Hence we solve above P(X|)) using forward-back-
ward procedure is as follows:

P(X | /\)— Ea/(él,éza "a('(j)ﬁz(('lq('gq"'?(‘(‘)vt

oy e C

- 2&7‘((1 9Co 9"

CprCy e

(10)

75(‘)

Because the computat1on complexity for the above
formula would be O(TN?*), the literaturest**
propose an extended forward-backward procedure,
which can reduce the computation complexity to
O(TCN?) .

a. Initialization:

(l)(]) — (<> . ])5(‘)(1%()) (11)
b. Induction:
N("’
(L) (]> _ b(L)(TfL))ZdH a[(i'l)(l) . a;;'.z) (12)
=1
c¢. Termination:
C
PX |0 =]]pPw = H Zam(]) (13)

=1

c=1

3.2 Incremental Gradient-based Learning Algorithm

As discussed above, in addition to analyze and
estimate the influence of online social interactions
on the participants’ behaviors, the influence model
is expected to give some clues to them for conduc-
For

example, in online educational programs the teach-

ting more effective interactions in next steps.

er might use the model to discover the cases that
interactions with some students are so ineffective
though he has discussed with them again and a-
gain, thus he should consider to change his interac-
tion style or re-estimate their current statuses.
Moreover, our model with many parameters and
relatively scarce data is more suitable to the incre-
mental training algorithms.

The use of incremental algorithms for HMMs

[19~22]  [p

has been investigated by several authors
[19], Baldi and Chauvin presented a smooth onhne
learning algorithm for HMM which results from u-
sing a normalized-exponential representation for
The literature™*

the parameters. * has simply dis-

cussed the application of Baldi’ s approach to
CHMM. In this section, we will present an incre-
mental gradient-base learning method for the influ-
ence model on the basis of their works.
In the gradient-based approach, any parameter
0 is updated according to the standard formula:
new _ pold oJ
o= 77[@1]:00'(1

where J is a quantity to be minimized. We define

(14

in this case,

B
2 logP*”

=1

J=—

=— Zlog Zam(\)

c=1

log(P(X | 1)) =—

15

Hence the problem is to find the derivative of for

o0
any parameter § of the model. For the parameter
d;; of the model, we can obtain:

of] __ 1 oP _ D (L
~\p©

1 ’aa;f’(.a)
od, P ad,

N
2 7o,

(16)
To overcome the absorption problem of 0 probabil-
ities as discussed in [19], however, the normal-
ized-exponential representation of d;; with the con-

C
straint Zdj,- =
j=1

tion as:

1 and d;; =0 is fixed at each itera-

oM

E e ki

k
where 4 is a temperature parameter which can be

d, = (17
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absorbed in the learning rate. Then it is easy to
verify the following derivatives

od

a - /,tdk,‘(aj,k *dﬂ’) (18)
(1)],'
and
oJ _ ( oJ . adm‘)
aa)»,, adk,' wa,;
1
:_#2 p© *
v da (s v da ()
d, 4L;f_dl d., 4i4;}
[ i ; ad], J Z k Z; dd,;
=—u> W[t(‘)(dj,-)*dﬂt(”(d,)] (19)
N ©
1, x=y . da, ()
h ={ L 19 (dy) = dy, ,
WEIE(?‘__‘ 07 xi‘y A ( k> /Z; adk,'

19 (d) :Zz‘(") (dy;). As discussed in [14], the
k

first derivative of da\” (5)/dd,; can be calculated u-
sing back-propagation through time, e. g.
A (s)
od,,

0, t=1
J G (D ¢ (DY (D « 4>aa,1(/€)
&,Ea] bP (& )al) (k)+22 LS
[

20
where =0 =d .+ al{*? « b (x().

Finally, we get the d,; 7 s update equation as

follows

W = it 49D o [0 (d) — dt ()]

2D
where ;2 has be merged in the learning rate y(0=
=1, typically y=0.9, See Fig. 4).
ments can be made for 7,A,B.

Similar argu-

8. __ === n . on A e

Log likelihood
%

15

Iterations

Fig. 4 Graph shows the log likelihood curves in learn-
ing process when the learning rate is set to be
from 0.5 to 1. 0. To trade-off the speed of con-
vergence and stability of learning process, the
learning rate is set to be 0.9 in our experiments

Although the gradient-based approach may be
slower than the iterative algorithm presented in

previous section, it shows obvious advantages in
our applications where incremental learning is nee-
ded and limited computation resources are availa-
ble. And if we use Viterbi training'®’ instead of
the full forward-backward approach, the amount of

computation will be reduced further.

4 Experiments and Results

We tested the influence model in several ex-
periments with synthetic data to gauge the per-
formance of its gradient-based learning algorithm,
then with real data from online social interactions
to verify its effectiveness on modeling the inter-in-
fluencing relationship between individuals in online
interaction settings.

4.1 Experiments on Synthetic Data

To test the influence model on synthetic data,
a 3-chains influence model with 3 hidden states and
4 observation states in each chain was used to gen-
erate training sequences. All its parameters were
generated randomly except for influence matrix,

1 0 0
which was set tobe |1 0 0] so that training se-
0 1 0

quences can be sampled in the queuing model,
namely, chain 1 is evolving randomly, and chain 2
meticulously follows chain 1 and in turn chain 3
follows chain 2. These training sequences were
then used to train another randomly initialized in-
fluence model. The incremental gradient-based ap-
proach was utilized to estimate the model parame-
ters. Figure 5 shows the training observation se-
quences, the resulting influence graph and its
learning log likelihood curve. It can be seen that
the learned influence factors can exactly model the
following behavior underlying the observation se-
quences. We notice that this training process con-
verged fairly rapidly by only 8 iterations, as depic-
ted by the log likelihood curve in the same figure.

We also compared the learning performance
and the speed of convergence between our approach
and the self-mapping transformation algorithm de-
scribed in [14,15]. For learning performance, we
look at the log likelihood of fitting training data to
the training model. The higher the likelihood, the
better local maximum we think the training has
converged to. The speed of convergence is meas-
ured by the iteration times and processing time.
Figure 6 shows the experimental results. No sur-
prisingly, our gradient-based approach demon-

strates better performance and rapider convergence
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speed than the self-mapping transformation algo-
With more
training data available, the self-mapping transfor-

rithm on small size of training set.

mation algorithm shows its advantages in both

learning performance and the speed of conver-

gence. In our applications, the training data can be
incrementally available in foregone steps, so the
gradient-based approach is more suitable for the
learning task of the influence model.
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Test the Influence Model on the synthetic sequences in the queuing model
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Fig. 6 Compare the likelihood, the speed of convergence and process time between the gradient-based approach and self-

mapping transformation algorithm on small size of training set

The learning rate and the size of data window
are two most important parameters in our gradient-
based learning algorithm. The former has been
discussed in previous section. And for the latter,
Fig. 7 shows the learning performance and the
speed of convergence when the size of data window
was set to from 2 to 10 in the training processes. It
can be seen that despite the learning performance
has some improvement with enlarging the size of
data window, the convergence speed and process
time go up synchronously due to the increase of
computation complexity for forward-backward pro-
cedure in each data window. However, after the
size is larger than 8, they would decline instead a-
long with the decrease of total iteration times.
That is because with the enlargement of the win-
dow size, more statistical features captured from
the observation data in each window can accelerate
the convergence. Considering the trade-off be-
tween learning performance and the speed of con-
vergence, the size of data window is set to be 2 in

the experiments in this paper.

©
o

Log
Likelihood
o

2 3 4 5 6 7 8 9 10
Size of Data Window
(a) the training log-likelihood

Iteration
Times

Size of Data Window
(b) the iteration times

4 5 6 7 8 9 10
Size of Data Window
(¢) process time between different sizes of data window

Fig. 7 This figure compares

Finally, it should be noted that all above ex-
periments were performed on a NEC VERSA 1.320
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notebook PC with CPU 1.0 GHz and 256 RAM.
4.2 Experiments on Real Data

Because it is necessary to consider the points
of both technology and a point of sociology, it is
very difficult to really validate the effectiveness the
influence model of online social interactions in gen-
eral™. However, the study on online social net-
works provides us with some reasonable refer-
ences. In CSCW community, an online social net-
work is generally constructed by counting the fre-
quency and intensity of the online communications
during a given period®. Hence, in our experi-
ments, we evaluated the effectiveness of the influ-
ence mode by comparing it with the social net-
work.
4.2.1

We ran our experiment in the online digital li-

Experimental Setup

brary of W3C Consortium (www. w3c. org), which
contains a mass of news, electronic papers or other
materials related to web technologies. Users may
access and download any information and materials
in this digital library, and also may free discuss on
any related technological problems about web tech-
nologies by means of its mailing lists. To simplify
the evaluation problem, we selected six users, who
were labeled from A to F, to participate in our ex-
periment. Among them, the user A and F had ever
accessed this online digital library, and the others
were new visitors. Meanwhile, they were required
to find as many useful materials about two prede-
termined topics as possible. Accordingly, the ex-
periment was partitioned two phases, and each
phase was scheduled as ten steps. At the end of
each step they would be subjected to a test to de-
termine their understanding grades for the given
besides by

means of online search engine in this digital librar-

topic. Throughout the experiment,
y, each participant might ask for help from the
others through online discussions when he had dif-
ficulties in seeking information or materials. We
recorded their interaction frequency, the number of
web pages (or e-paper, source code file etc) they
accessed from the digital library, and their test
scores for the model learning. According to the
learned influence model from the result of the first
phase, we would give them some suggestions on
how to improve their interaction manners. By com-
paring the learned influence model of two phases,
we want to explore the effects of the influence
model in effective online social interactions.

To evaluate the influence model; we assume

that each user had four internal states and we use
their test scores (evaluated by four grades) to ap-
proximate their states in each phase. Furthermore,
we assume that each Markov chain had the same
transition probabilities, but had different initialized
prior probabilities and observation probabilities.
The features calculated automatically from the data
were the interaction intensity and the amount of
access information. In the following we will dis-
cuss the feature extraction method in our experi-
ment.

4.2.2 Feature Extraction

To automatically build the influence model,
we need to’ extract features from the data of online
social interactions and information access actions.
Obviously, the effects of interactions are stronger
if messages are exchanged more frequently, or the
users access more information from the online dig-
ital library during the period of time. Based on this
consideration, we select the interaction intensity in
the step ¢, IM.’, and the amount of access infor-
mation TA!, as the estimation features.

The interaction intensity IM!’ parameterizes
the features calculated automatically from the data
of online social interactions between the partici-
pants ¢ and j. The value of IM;’ is bigger if the
1) Exchange
messages frequently; 2) Exchange messages recip-

following conditions are satisfied:

rocally. Hence, if m” denotes the number of mes-
sages the participant / has delivered to the partici-
pant j the in the step ¢ (thus m}’ denotes the num-
ber of his received messages from the participant
7). IM!V is defined as

mi
E my

J
The amount of access information IA} parame-

M}’ = (22)

terizes the features calculated from the access data
of the user 7/ from the digital library in the step ¢.
We simply categorize the user’s information access
action into two categories: information browsing
and downloading. Accordingly, we select different
measurements for the two categories, namely, the
browsing action is measured by the access number
of web pages, fi, and the downloading action by
the quantity of related materials that was down-
loaded from the digital library, q;. Hence, IA] is
defined as

(23)

Al=Q—n L g 1
max f max q,

where A expresses the empirical weight to balance

the importance of the two kinds of information ac-
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cess actions. In our experiment, A=0. 7.

By the way, as the reference model, the con-
nection strength of online social network was di-
rectly measured by m?.

4.2.3 Results and Discussions

Fig. 8 shows the experimental results, inclu-
ding the learned influence models and correspond-
ing hand-labeled social networks for the two pha-
ses. From both the learned influence models and
the social networks, we can see that in the phase
1, the user A seemed to exert more influence on
the others but in the phase 2 the user F had this
leading roles instead. Further- more, the learned
influence models provided more clues about the dy-
namics of interaction. By contrasting the learned
influence model with the corresponding online so-

cial network in the same phase, we find that some-
times high frequency of message interchange be-
tween two users dose not mean the strong inter-in-
fluencing relationship between them on their be-
haviors. For example, in phase 1, the user A had
delivered 15 messages to and received 21 messages
from the user B. In social network that means they
had strong connection but the influence model
shows they did not strongly inter-influence on each
other’s information access competency. Moreover,
after the suggestions resulted from the learned in-
fluence model for phase 1 had given to the partici-
pants, we can see in phase 2 their scores had some
marked improvement. We are convinced that the
simple social network cannot provide this function.

0.70 0.01 0.14 0.08 0.02 0.05 0 21 2313 5 2
0.04 0.57 0.05 0.14 0.13 0.07 15 0 5 16 0
0.31 0.03 0.48 0.07 0.01 0.10 . 28 10 0 3 0 13
D— SN=
0.11 0.09 0.11 0.46 0.12 0.11 9 70 2 3
0.22 0.11 0.10 0.08 0.36 0.14 2 21 0 5 0 0
0,02 0.01 0.09 0.10 0.07 0.71 3 0 8 8 0 0
(a) The learned influence model  (b) The online social network
for phase 1 for phase 1
Fig. 8

social networks were built for each steps respectively

From the results, we can see that the influ-
ence model can effectively estimate the influence of
online social interaction compared with the social
networks. Different with the latter, the model can
also show the dynamics of the interaction and thus
build a foundation for further analyzing the subtler
phenomena, such as how to conduct more effective
online interaction.

5 Conclusions

In this paper we try to quantitatively evaluate
the influence of online social interactions on user’s
personal information access competency in the con-
Our

research aims at developing a common framework

text of community-assisted digital libraries.

to model the interaction dynamics for online social
interaction processes and investigating its effective
and efficient learning algorithms. We modeled the
sequential states of each interaction participant and
their corresponding information seeking actions

with a Hidden Markov Model (HMM), and then

r0.64 0.05 0.13 0.09 0.05 0.04
0.09 0.41 0.04 0.14 0.12 0.2
0.18 0.02 0.41 0.07 0.09 0.23

0.04 0.05 0.15 0.36 0.07 0.33
0.04 0.09 0.08 0.11 0.46 0. 22
L0.01 0.04 0.05 0.07 0.09 0.

(d) The online social network
in phase 2

(¢) The learned influence model
for the experiment

The visualization of the experiment result. Note the influence models were learned incrementally but the online

employed the Influence Model to analyze the dy-
namic inter-influencing relationships of all partici-
pants on selecting material or seeking desired in-
formation from digital libraries. Inspired by some
recent research achievements with DCHMM, we
also proposed a practical incremental learning algo-
rithm for our model. Experiments on simulated
and real data verified our model and its learning al-
gorithm can not only effectively model the dynam-
ics of the online interaction, but build a foundation
for further analyzing the subtle phenomena under-
lying the interaction process.

We believe that our work is an important step
towards further understanding the roles of online
interactions in digital libraries, though it is impos-
sible to capture all of the subtleties in online social
interactions with a simple model. In future, we
will further study how to exploit this model to
make better the technological supports for more in-
telligent services in the ongoing China-America

Digital Academic Library.
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