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Abstract— People share various types of information including opinions on hot topics, bookmarking activity and
rumors via online communities. To make it possible to predict future trends in online communities, it is important that
we develop a model of information diffusion through social
networks and a method for estimating its parameters. In
this paper, we present a latent feature independent cascade
model, which can effectively estimate diffusion probabilities
by capturing the influences between latent communities. In
particular, we incorporate two types of latent features for
each node. The first represents the features as a sender
and the second represents the features as a receiver. We
demonstrate experimentally that the proposed model can
estimate the diffusion probabilities more accurately than
commonly used methods. We also show the effectiveness of
the proposed model for estimating information spread.
Keywords: information diffusion model, independent cascade,
social network, latent feature model

1. Introduction
In online communities, various types of information including opinions on hot topics, bookmarking activity and
rumors are shared between individuals by word of mouth.
Based on the facts that the user activations in online communities are reflected in the box-office performance of movies
[1], market prices [2] and the polling number for elections
[3], there is great interest in predicting future trends and
discovering instances where information is shared on social
networks [4], [5], [6].
Various diffusion models have been proposed for simulating the information diffusion behavior on social networks
[7], [8], [9], [10], [11]. The Independent Cascade Model
(ICM) proposed by Kempe et al. [7] has been particularly
well-studied in recent years, and is used for addressing the
influence maximization/minimization problem [7], [12] and
finding influential nodes [13], [14], [15]. ICM is a simple
probabilistic model that describes processes by which pieces
of information spread from node to node on a social network,
where the behavior is based on the diffusion probability of
each link. Thus, to simulate the real information diffusion
behavior, it is important to learn the diffusion probabilities
of all links precisely.
Some methods have been developed for estimating the
diffusion probability parameters [16], [17], [18], [19]. Saito

et al. developed an estimation method based on the EM
algorithm under the assumption that continuous time delays
occur between the activations [17], while Gruhl et al. assumed discrete time delays [16]. Although their methods
provide ways to obtain the diffusion probabilities given the
observations of activity, the low generalization performance
results when the observations are insufficient. For example,
information diffusion does not occur abundantly throughout
the network, or often occurs in one portion of the network
but not in another. Such cases lead to a poor parameter
estimation result.
In realistic social networks, each node has attribute information such as affiliation, age and gender. We can expect
the estimation performance regarding diffusion probabilities
to improve by using these attributes. However, whether or
not the attributes can be observed depends on the target
applications.
In this paper, we propose a Latent Feature Independent
Cascade Model (LFICM), which is designed to estimate the
diffusion probabilities effectively. In the LFICM, we incorporate two types of latent features for each node. The first
represents the features as a sender and the second represents
the feature as a receiver. The diffusion probabilities are
generated based on the latent features between the nodes
of each link. By incorporating the latent features, we can
estimate the diffusion probabilities with high generalization
performance, since the LFICM has a smaller number of
parameters than a conventional ICM. For the LFICM, we
developed a parameter estimation method based on the EM
algorithm. Although a method that estimates the diffusion
probabilities based on the observed attribute features of
each node has already been developed [18], the proposed
model can estimate the ICM parameters without observing
additional attribute features by treating the features as latent
variables. In our experiments, we show that the proposed
model can estimate the diffusion probabilities better than
the conventional parameter estimation methods using three
real network structures and synthetic activation data. We also
show that in a simulation-based influence estimation method,
the estimated influence degrees behave in much the same
way as the true influence degrees.

2. Proposed Method
In this section, we present our proposed model, the
Latent Feature Independent Cascade Model (LFICM), and

Table 1: Notation of LFICM
K
I
xu
yu
di
κuv
r
γ
σX
σY

Number of dimensions of latent feature vectors
Set of pieces of information
Latent feature vector of node u as sender
Latent feature vector of node u as receiver
Diffusion sequence for information i
Diffusion probability from node u to node v
Time-delay parameter
Bias parameter
Standard deviation of xu (hyperparameter)
Standard deviation of yu (hyperparameter)

Fig. 1: Step by step procedure of the ICM. (left) Initial state.
Diffusion probabilities are assigned to each link in advance.
Node v1 is a source node. (center) Node v2 becomes active
when affected by node v1 . (right) Node v3 is not affected
by node v1 or v2 .

its parameter estimation method.

2.1 Model
Suppose that a set of pieces of information I spreads over
a directed social network G = (V, E), where V is a set of
nodes corresponding to individuals and E ⊆ V × V is a set
of links corresponding to relationships between individuals.
We define B(v) as a set of parents of node v ∈ V, B(v) =
{u|(u, v) ∈ E}, and F (v) as a set of children of node v ∈ V,
F (v) = {w|(v, w) ∈ E}. Table 1 lists the symbols and the
descriptions used in LFICM.
For a piece of information i ∈ I, we observe logs showing
when each node transmitted the information i. We refer to
a status of a node from which information is transmitted
as active. The logs form a sequence of length Li of active
node-time pairs as follows,
di = {(vi1 , tvi1 ), (vi2 , tvi2 ), · · · (viLi , tviLi )}.
Note that each active node can be affected by any of its
parent nodes, but we cannot observe by whom the active
nodes are influenced.
LFICM assumes that the pieces of information spread
according to the same mechanism as with the Independent
Cascade Model (ICM) [7]. ICM provides a process whereby
the information spreads from node to node through the
links. ICM has two types of model parameters for each
link (u, v) ∈ E, diffusion probability κuv and time-delay
parameter ruv , where 0 ≤ κuv ≤ 1 and ruv > 0. For
simplicity, we assume ruv = r although it is easy to run.
The diffusion process of the ICM is as follows. We first
fix a set of source nodes S ⊆ V from which the information
diffusion process starts. Thus, node v ∈ S becomes active
at time tv = 0. Then the process iteratively executes the
following two steps until no more activations are possible:
• When node u becomes active, it attempts to transmit
information to each inactive child node v ∈ F (u). This
trial succeeds with the diffusion probability κuv .
• If node v is activated by node u in the above step, then
the activated time of node v is tu + ∆ where ∆ is a
random variable following an exponential distribution
with parameter r given below:
∆ ∼ Exponential(r)

(1)

Figure 1 shows the step-by-step procedure of ICM.
To extend ICM for estimating the diffusion probabilities
with high generalization performance, we introduce two
types of K-dimension latent feature vectors xu ∈ RK and
yu ∈ RK for each node u ∈ V. In LFICM, the diffusion
probability from node u to node v, κuv , is calculated as
follows:
)−1
(
, (2)
κuv = f (xu , yv , γ) = 1 + exp(−x⊤
u yv − γ)
where γ is a bias parameter that does not depend on the
nodes. Function f is a sigmoid function, thus 0 ≤ κuv ≤ 1.
Here, xu and yu represent the features as an information
sender and the features as an information receiver, respectively. The diffusion probability κuv has a high value when
x⊤
u yv is high.
The latent features of node u ∈ V, xu and yu follow a
K-dimension normal distribution,
xu

∼

2
I),
N (xu |0, σX

(3)

yu

∼

N (yu |0, σY2 I),

(4)

where 0 and I denote K-dimension zero vector and a unit
matrix of size K × K, respectively.
Under the calculated parameters described above, a diffusion sequence di is generated based on the ICM diffusion
process shown in Algorithm 1 given source nodes Si ⊆ V,
(
)
di ∼ ICM {κuv }(u,v)∈E , r, G, Si .

2.2 Parameter Estimation
We present a parameter estimation algorithm for the
LFICM based on the Expectation-Maximization (EM) algorithm [20].
Given a set of diffusion sequences D = {di }i∈I , we
can write the posterior probability for LFICM parameters
X = [xu ]u∈V , Y = [yu ]u∈V as follows,
(5)
P (X, Y | γ, r, D, σX , σY , G)
∝ P (D|X, Y , γ, r, G)P (X|σX )P (Y |σY ).
The first factor on the right hand side of Eq. (5) is the
(i)
likelihood of LFICM. Let ∆uv be the difference between
the active times of nodes u and v for information i, i.e.,

(i)

∆uv = tiv − tiu . For convenience, let Ci and Ci (t) be a
set of active nodes and a set of active nodes by time t for
information i, respectively, that is,
Ci = {v | (v, t) ∈ di }, Ci (t) = {v | (v, t′ ) ∈ di , t′ < t}.
Although we omit the detailed derivation of the likelihood
due to space limitations, we can obtain the following likelihood,
P (D|X, Y , γ, r, G)
∏ ∏
∏
=

(6)
∑

(i)
pu→v
p(i)
u→v
(i)
i∈I v∈Ci u∈B(v)∩Ci (tiv )
u∈B(v)∩Ci (tiv ) pu↛v

∏

×

(1 − κvw ) ,

w∈F (v)\Ci
(i)

where pu→v represents the probability that node u makes
(i)
node v active, and pu↛v represents the probability that node
u fails to affect node v,
p(i)
u→v
p(i)
u↛v

κuv r exp(−r∆(i)
uv ),
(i)
κuv exp(−r∆uv ) +

=
=

1 − κuv .

(7)
(8)

=

|V|
∏

√

u=1
|V|

P (Y |σY )

=

( x⊤ x )
1
u
exp
− u2 ,
K
2σX
2πσX

(9)

( y⊤ y )
1
u
√
exp
− u 2 . (10)
K
2σ
2πσ
Y
Y
u=1
∏

With the posterior probability Eq. (5), we find parameters
X̂, Ŷ , γ̂ and r̂ based on the maximum a posteriori (MAP)
principle. The parameters can be estimated with an EM
algorithm that alternates between estimating which active
nodes are affected by the E-step, and updating the parameters
under the E-step result in the M-step. We use x̄ as a current
estimate for variable x to avoid confusion.
E-step: In the E-step, we need only to consider the likelihood Eq. (6) in the posterior probability Eq. (5). By
employing a similar method to that described in [17], we can
derive function Q, which is the expectation of the completedata likelihood, from the likelihood Eq. (6) as follows,
Q(X, Y , γ, r; X̄, Ȳ , γ̄, r̄)
[
∑∑
∑
=
i∈I v∈Ci

+(1 −
+

(11)
(

(i)
ξ¯uv
log κuv

u∈B(v)∩Ci (tiv )

(i)
ξ¯uv
) log(1

∑

− κuv ) +
]

(i)
q̄uv

log r +

log(1 − κvw )

w∈F (v)\Ci

+ log P (X|σX ) + log P (Y |σY )

where
(i)

(i)
quv

=

(i)
ξ¯uv
r∆(i)
uv

)

(i)

pu→v /pu↛v

∑

(i)

u′ ∈B(v)∩C

The second and third factors are prior distributions for X
and Y , respectively,
P (X|σX )

Algorithm 1 I CM G ENERATOR
Require: diffusion probability {κuv }(u,v)∈E , time-delay parameter r，network G ，source nodes S
1: di ← {(u, 0) | u ∈ S}
2: repeat
3:
(u, tiu ) ← mintix {(x, tmx ) | (x, tmx ) ∈ di , x ∈ S}
4:
for v ∈ {inactive nodes in child nodes of u } do
5:
if u succeeds in propagation to v with κuv then
6:
tiv ← tiu + ∆, where ∆ follows Eq. (1).
7:
di ← di ∪ {(v, tiv )}
8:
S ← S ∪ {v}
9:
end if
10:
end for
11:
S ← S \ {u}
12: until S = ∅
13: return di

(i)

,

(12)

,

(13)

pu→v /pu↛v
i (tiv )
(i)

(i)
ηuv

=

(i)
ξuv

=

κuv exp(−r∆uv )
(i)

κuv exp(−r∆uv ) + (1 − κuv )
(i)
(i) (i)
quv
+ (1 − quv
)ηuv .

(14)

Here, function Q is guaranteed to be a lower bound for the
posterior Eq. (5), that is, P (X, Y | γ, r, D, σX , σY , G) ≥
(i)
Q. quv can be regarded as the probability that node u is
influenced by node v on information i under the current
estimates.
In the M-step, we estimate the parameters by maximizing
the function Q.
(i)

(i)

M-step: Using the current estimates, X̄, Ȳ , r̄, γ̄, q̄uv , η̄uv
(i)
and ξ¯uv , we update the parameters, X, Y , r and γ. The
closed form solution for Eq. (11) does not exist for the
parameters, X, Y and γ owing to the non-linearity of
the sigmoid function. Thus, we need to use a kind of
optimization method based on a gradient with respect to each
parameter. In this study, we use the quasi-Newton method,
which only needs first-order derivations with respect to the
parameters.
The first-order derivations of the parameters, xu , yu for
each u ∈ V and γ are derived as follows:
∂Q(X, Y , γ, r; X̄, Ȳ , γ̄, r̄)
(15)
∂x
u
(
∑
∑ (
)
=
ξ¯(i) − f (xu , ȳv , γ̄) ȳv
uv

i∈I

−

v∈F (u)∩Ci

∑

w∈F (u)\Ci

)
1
f (xu , ȳw , γ̄)ȳw − 2 xu
σX

∂Q(X, Y , γ, r; X̄, Ȳ , γ̄, r̄)
(16)
∂yv
∑(
∑
( (i)
)
=
ξ¯uv − f (x̄u , yv , γ̄) x̄u
i∈I

u∈B(v)∩Ci (tiv )

∑

−

s∈B(v)∩Ci ,v ∈C
/ i

)
1
f (x̄s , yv , γ̄)x̄s − 2 yv
σY

∂Q(X, Y , γ, r; X̄, Ȳ , γ̄, r̄)
∂γ
∑( ∑
∑
=
i∈I

−

Table 2: Parameter settings for generating synthetic diffusion
sequences
B LOG
E NRON
M IXI

K
5
5
7

γ
-3.5
-6.5
-6.5

r
10.0
1.0
1.0

S
Random
Random
Random

σX
1.0
1.0
1.0

σY
1.0
1.0
1.0

Table 3: Statistics of network data for evaluation of LFICM
(17)

( (i)
)
ξ¯ − f (x̄u , ȳv , γ)

B LOG
E NRON
M IXI

|V|
12,047
36,692
80,608

|E|
79,920
367,662
571,136

|I|
200
200
1,500

avg. |di |
207.1
203.4
8.6

uv

v∈Ci u∈B(v)∩Ci (tiv )

∑

∑

)
f (x̄u , ȳs , γ)

v∈Ci s∈F (v)\Ci

The time-delay parameter r can be calculated using the
following closed form,
∑ ∑
∑
(i)
i∈I
v∈Ci
u∈B(v)∩Ci (tiv ) q̄uv
.
r= ∑ ∑
(18)
∑
¯(i) (i)
i∈I
v∈Ci
u∈B(v)∩Ci (tiv ) ξuv ∆uv
In the EM algorithm, the parameters are estimated by
alternating E-step and M-step and continuing the procedure
until the improvement of the log-likelihood converges. In
summary, the parameter estimation procedure is given by
Algorithm 2.
Algorithm 2 L FICM E STIMATOR
Require: network G ，diffusion sequences D ，dimension of
features K ，hyper-parameters σX and σY
1: Initialize X, Y , γ, r
2: repeat
3:
E-step: update qmuv , ηmuv , ξmuv based on Eqs.
(12),(13) and (14)
4:
M-step: update X, Y , γ using quasi-Newton method
based on Eqs. (15) - (17), and r based on Eq. (18)
5: until convergence of improving the log-likelihood Eq.
(5)
6: return X, Y , γ, r

3. Experiments
To evaluate the proposed model with respect to the precision and effectiveness of the estimated diffusion probabilities
of the ICM, we ran experiments using real networks and
synthetic diffusion sequences.

3.1 Experimental Data and Settings
Three real networks data. In this study, we used three kinds
of real network structure datasets. The first is B LOG data,
which we obtained by tracing the track-back of posts in the
goo blog in May 2005 [17]. The network is constructed by

putting a link from blog (node) u to blog v if a post on blog
u refers to one on blog v through the track-back function.
The second dataset is referred to as E NRON data and consists
of exchanges of e-mail in Enron Corp. The network regards
each sender and receiver as a node and puts a link if node
u sends an e-mail to node v. The last dataset is referred
to as M IXI data, which is bidirectional (co-link) friendship
network data obtained from a well-known social networking
service in Japan1 .
Synthetic diffusion sequence generation. In our experiments, diffusion sequences are generated artificially based
on the proposed model. The procedure for generating the
diffusion sequences is as follows. First we generate the latent
feature vectors under the parameter settings for each dataset
shown in Table 2, and calculate the diffusion probability
for each link. Then we generate diffusion sequences di
based on Algorithm 1. Table 3 shows the statistics of
generating diffusion sequences. Note that there are too few
diffusion sequences for complete estimation, as suggested
by a comparison of the number of links with the volume of
the sequences.
Baseline methods. We use two parameter estimation methods as baselines for comparison, which are adopted in [17],
[19]. The first method attempts to estimate the parameter directly by the maximum likelihood method [17]. This method
is the basis of our model. We refer to it as SaitoICM. The
second method is identical to SaitoICM but estimates a
uniform diffusion probability throughout the network, that
is, κuv = κ. We refer to it as SimpleICM. This method
makes it possible to estimate the parameters robustly, but it
is not a flexible model.

3.2 Precision of Parameter Estimation
In the first experiment, we evaluate the proposed method
and the baselines by estimating the diffusion probabilities
from synthetic diffusion sequences for each dataset. Since
the proposed model controls the complexity of the model
1 https://mixi.jp/

Blog

0.24

Enron

0.10

0.23

0.098
0.09

0.22

0.096

0.21

RMSE

RMSE

0.19

LFICM
SaitoICM
SimpleICM

0.08

RMSE

0.094
LFICM
SaitoICM
SimpleICM

0.20

0.092

0.090

0.07

0.18

0.088

0.17
0.16

Mixi

0.100

1

3

5

7

Feature length K

9

LFICM
SaitoICM
SimpleICM

0.086

0.06
1

3

5

7

Feature length K

9

0.084

1

3

5

7

Feature length K

9

Fig. 2: Average RMSE between true and estimated diffusion probabilities in each dataset

by changing the value of K, we adopt K value of 1, 3, 5,
7 and 9. Note that the true K values, which are used for
generating synthetic diffusion sequences for B LOG, E NRON
and M IXI, are five, five and seven, respectively.
Figure 2 shows comparison results of the estimation error
between the proposed method and each baseline for each
dataset. The vertical axis denotes the root mean squared error
(RMSE) between the true and estimated diffusion probabilities, while the horizontal axis denotes the dimension of the
feature vector, K. In the results using B LOG and E NRON
data, respectively, the proposed model outperformed the
baselines except for when K = 1. The result obtained using
M IXI data is characterized by a large standard deviation
shown as a vertical bar on the proposed model. Nevertheless,
LFICM outperformed the baselines when K = 3, 5, 7.
To summarize these results, SaitoICM seems to be a
poor estimator compared with LFICM and SimpleICM,
even though it is the most flexible model. This is because
SaitoICM poses an over-fitting problem due to a lack of
observed data.

3.3 Estimation of degree of influence
Estimation method for degree of influence. Let us define
the degree of influence of node u as the average number of
active nodes affected by source node u. Thus, it consists of
the number of nodes that receive information transmitted
from node u directly and indirectly. We have studied a
method for estimating the degree using the ICM [15]. This
method is largely dependent on the performance of a selected
parameter estimation method. We simplify the algorithm of
[15] into Algorithm 3, and evaluate the estimated degree of
influence using the parameters with the proposed model and
the baseline values. In this experiment, we fix T = 50 in
Algorithm 3.
Evaluation method. We evaluate our model according to
the following procedure:
1) For each node, we calculate the degree of influence
using Algorithm 3 under the true parameter settings

Algorithm 3 I NFLUENCE P REDICTOR
Require: network G ，source nodes S ，time-delay parameter r，diffusion probability {κuv }(u,v)∈E ，trials T .
1: inf luence ← 0
2: for i ← 1, 2, · · · , T do
3:
dm ← I CM G ENERATOR({κuv }(u,v)∈E , r, G, S)
4:
inf luence ← inf luence + T1 |di |
5: end for
6: return inf luence

shown in Table 2, and we define it as the true degree
of influence for each node.
2) We calculate the degree of influence under the parameters estimated in Section 3.2, by LFICM，SaitoICM
and SimpleICM, respectively, and we define them as
the estimated degree of influence of each method for
each node.
3) We calculate the Pearson correlation coefficient and
Kendall’s tau coefficient between the true and estimated degrees of influence for each method.
where, the Pearson correlation coefficient is calculated simply using the degree of influence, while Kendall’s tau
coefficient uses the rank of degree of influence for each
method. The values of these coefficients range from −1 to
+1, and if the value is close to +1, then we can consider
that the two compared values behave in the same way.
Experimental results. Tables 4 and 5 show results of
an evaluation of the Pearson correlation coefficient and
Kendall’s tau coefficient between the true and estimated
degree of influence, respectively. They are significantly correlated with significant probability p < 0.01. As shown in
these tables, with any of the proposed methods, LFICM, is
better than the baseline methods for each dataset.
However, we find that the K value of at which highest
correlation is reached does not necessarily coincide with that
one of the lowest RMSE. With the evaluation by RMSE
of the estimated diffusion probabilities, all the diffusion

Table 4: Pearson correlation coefficient between the true and estimated degree influence .
LFICM
LFICM
LFICM
LFICM
LFICM SaitoICM SimpleICM
(K = 1) (K = 3) (K = 5) (K = 7) (K = 9)
B LOG
0.360
0.734
0.848
0.828
0.769
0.753
0.827
E NRON
0.442
0.730
0.703
0.669
0.657
0.539
0.656
M IXI
0.174
0.542
0.545
0.556
0.484
0.468
0.382
Note: numbers in bold indicate the best method for each set of data.

B LOG
E NRON
M IXI

Table 5: Kendall’s tau between the true and estimated degree of influence.
LFICM
LFICM
LFICM
LFICM
LFICM SaitoICM SimpleICM
(K = 1) (K = 3) (K = 5) (K = 7) (K = 9)
0.424
0.534
0.599
0.585
0.553
0.532
0.591
0.293
0.379
0.371
0.370
0.370
0.372
0.369
0.517
0.443
0.441
0.445
0.445
0.252
0.441
Note: numbers in bold indicate the best method for each set of data.

probabilities are used only once. Estimating each diffusion
probability itself with high generalization performance or
without outliers leads to a good result. On the other hand,
this experiment might evaluate the diffusion probability of
a link many times because the information passes through
nodes with a lot of links, i.e, authorities, many times in
our simulations. This fact makes it especially important in
this experiment to learn the probabilities of links extending
from the authority nodes to estimate the degrees of influence
of all the nodes. The proposed model is useful in complex
situations such as that represented by this experiment.

4. Conclusion and Future Work
In this paper, we proposed the Latent Feature Independent
Cascade Model (LFICM) for modeling information diffusion
phenomena and the predicting future trends to estimate
the diffusion probabilities of each link. In particular, we
newly incorporated two latent features for each node, which
represent the sensitivity to incoming information and the
power of influence. We then assumed that each diffusion
probability is calculated from the features of both terminating nodes. To estimate the parameters of the LFICM
from observations we formulated the posterior probability
of the model and derived the parameter estimation method
based on the EM algorithm. In the experiments, the proposed
model outperformed the conventional estimation methods
with respect to the precision of the diffusion probability
estimation for four kinds of dataset. Moreover, we showed
that estimating the parameters of the ICM with the proposed
model allows us to understand precisely the degrees of
influence of nodes.
In realistic settings, the influence power and the sensitivity
of each individual vary widely and these variations are
unknown. To consider this fact, we will attempt to extend
the proposed model to a Bayesian model using proper prior
distributions so as to estimate standard deviations σX and σY

along with the other parameters. For K estimation, we can
use the cross-validation method and model selection methods
such as AIC and BIC.
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