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ABSTRACT
Information diffusion is a natural phenomenon occurring in social networks. The adoption behavior of a
node toward an information piece in a social network can be affected by different factors, e.g. freshness
and hotness. Previously, many diffusion models are proposed to consider one or several fixed factors. In
fact, the factors affecting adoption decision of a node are different from one to another and may not be
seen before. For a different scenario of diffusion with new factors, previous diffusion models may not
model the diffusion well, or are not applicable at all. Moreover, uncertainty of information exposure
intrinsically exists between two connected nodes, which causes modeling diffusion more challenge in
social networks. In this work, our aim is to design a diffusion model in which factors considered are
flexible to be extended and changed and the uncertainly of information exposure is explicitly tackled.
Therefore, with different factors, our diffusion model can be adapted to more scenarios of diffusion
without requiring the modification of the learning framework. We conduct comprehensive experiments
to show that our diffusion model is effective on two important tasks of information diffusion, namely
activation prediction and spread estimation.
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1. INTRODUCTION
For more than a decade, researchers have been studying information transmission in social networks.
The spread of information from node to node through a social network is a natural phenomena that
operates like an epidemic. Information diffusion has a wide range of uses, including more successfully
marketing an idea or a product, preventing negative attitudes, identifying important nodes, and tracking
information flows of subjects in a social network. Influence maximisation, suggested by Domingos and
Richardson for viral marketing using word-of-mouth effects and subsequently stated as a discrete
optimization problem, is a well-known issue in this field. On a particular diffusion model that simulates
how information diffuses in a social network, the goal of impact maximisation is to locate a set of target
nodes to be persuaded of a concept initially in order to maximise the spread size, i.e. the number of
nodes accepting the idea after propagation.
A basic and significant question in information dispersion is how to represent an information item
propagating in a social network. Different diffusion models have emerged as a result of various factors.
The Independent Cascade (IC) model and the Linear Threshold (LT) model are two diffusion models
that have been extensively used in numerous applications and have many modifications. Both models
take into account the strength of a neighbor's effect. The major distinction is that IC analyses just one
activated neighbor's effect with a predetermined chance for a node turning to embrace an idea, while LT
incorporates the joint influence contribution from all active neighbours. Nonetheless, the actual world is
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so complex that it's difficult to represent it in a basic issue. Adoption decisions are likely influenced by a
number of variables. For example, a concept that has been embraced by the majority of people is more
likely to influence someone, but an idea that has been adopted by a smaller number of people is less
likely to influence someone as time passes. Furthermore, a person's level of interest in various things
may vary. Many diffusion models in social networks, on the other hand, address all of the same
elements. Previous diffusion models may not accurately describe the dissemination of new components
in a different setting, or they may not be relevant at all. As a result, it is common to propose a new
diffusion model to better explain the dissemination of a certain situation by taking into account new
parameters.
In addition to the various elements that influence adoption decisions, uncertainty of information
exposure is a real-world phenomenon that should be taken into account when modelling dissemination
in social networks. For example, assuming that a person in an Online Social Network (OSN) would read
what her neighbours say may easily overestimate the spread size for impact maximisation. Uncertainty
may be caused by a number of factors:
•
•
•
•

In the age of information explosion, users generally have limited time and attention to deal with
a flood of data.
Different OSNs have different ranking systems, such as Facebook's news feed ranking1. To put
it another way, OSNs change what we can see the most.
A user may enjoy an information item offered by a neighbour, but she takes no specific actions,
such as like, replying, or sharing on Facebook. A user who supports a political party, for
example, may choose not to discuss political subjects in OSNs.
Owing to limitations in the data collection process, such as the sample rate of Twitter Streaming
API2, or because only partial data is collected for training due to restricted computing resources,
only partial data is available for training models.

Designing a diffusion model for each element of adoption choice and proposing the relevant techniques,
such as parameter learning and impact maximisation algorithms, may be time consuming. In this paper,
we attempt to create a diffusion model that can take into account a variety of characteristics and
explicitly predicts the uncertainty of information exposure between two linked nodes. A MultipleFactors Aware Diffusion (MFAD) model, which is a two-stage propagation model, is proposed. An
activated node u seeks to influence its inactive neighbour v probabilistically in the first step, known as
influence transmission. If u's influence is effectively conveyed to v, the second step, known as adoption
decision, occurs, in which v determines whether it will be activated based on its considerations, which
are anticipated using a classification model trained on previous adoption data with many parameters.
The pattern of adoptions may be captured by learning parameters of a diffusion model from data, and the
diffusion model can then be used to real-world tasks such as activation prediction and spread estimate.
The goal of activation prediction is to anticipate whether a node will adopt an information piece based
on the adoption of one of its neighbours. Spread estimation is an essential function for impact
maximisation since it estimates the spread of an information piece in the network given a set of nodes
that first adopted the piece. Two situations are examined in the paper for learning using real-world
diffusion data. The data including source information is the first scenario. In Twitter-like social
networks, for example, a user may submit a message, known as a tweet, and repost another user's tweet.
A retweet is a tweet that has been republished from another user. Not only does a retweet identify the
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user (follower) and the time of the post, but it also identifies the source of the rebroadcast (followee).
The third case is for data in which the source is neither visible or available. In other words, we have no
way of knowing who prompted an adoption. This kind of dataset may be partial data from scenario one,
such as Twitter-like datasets with missing retweet origins, or data that is inherently lacking in source
information, such as Flixster3, an online social network for movie ratings and reviews, or Digg4, a
social website for news sharing. As a result, we provide two learning frameworks for diverse types of
diffusion data in two situations in this paper. The following is a list of our contributions.
1) Because the suggested learning frameworks are independent of the variables studied, our MFAD
model is adaptable in terms of extending and changing factors. This is done by using a
classification strategy to anticipate a node's adoption behaviour. Furthermore, the frameworks
aren't constrained by a single categorization method.
2) It is difficult to anticipate adoption behaviours due to the limitations of observation on
dissemination in the actual world. In the first situation, we directly address this problem by
learning nodes' classifiers for adoption choice using only positive and unlabeled examples, and
in the second scenario, we use an Expectation-Maximization technique.
3) Experiments demonstrate that MFAD is successful at activation prediction and spread estimation
when the uncertainty of information exposure across nodes is explicitly modelled. MFAD is
superior in terms of spread estimate, in particular. The quality refers to how many nodes in a
diffusion model's anticipated spread actually accept an item after propagation. Previous research
has focused on the quantity component, such as spread size, while disregarding the quality
aspect, resulting in estimated solution outcomes that differ significantly from genuine real-world
diffusion results.
The rest of the paper is laid out as follows. In Section 2, we go through the relevant tasks. In Sections 3
and 4, we explain how to learn the MFAD model for the first case, and in Sections 5 and 6, we explain
how to learn the model for the second scenario. In Section 6, we discuss how to apply the model for
activation prediction and spread estimates once it has been learnt. In Section 7, we assess the
performance of MFAD by conducting tests on both synthetic and actual data. Finally, in Section 8, we
come to a close.
Literature survey
With the use of social influence and product attributes, we construct an improved iterative scaling
approach to figure out the parameters that would optimise the probability of our unique feature-aware
propagation model. It is important to understand the propagation model in order to create an effective
algorithm. If the product's characteristics are fixed and we look for the set of consumers to target in the
viral marketing campaign, the anticipated spread, i.e., the objective function that should be maximised,
is monotone and submodular, as we demonstrate in our paper. Instead, the predicted distribution is
neither submodular nor monotone when we fix the set of consumers and seek to identify the best
characteristics for the product (as it is the case, in general, for product design). As a result, we create an
algorithm that alternates between optimising the product's characteristics and picking the audience for
the campaign. According on the results of our real-world experiments using LastFM and Flixster data,
the paradigm we've provided for merging product design with viral marketing is indeed beneficial [1].
Topic modeling is how we look at social impact. New topic-aware influence-driven propagation models
that we demonstrate in our tests are more accurate than the usual (i.e., topic-blind) propagation models
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investigated in the literature are introduced. The first topic-aware adaptations of well-known
Independent Cascade and Linear Threshold models are proposed here. However, the sheer number of
parameters in these propagation models raises the possibility of overfitting [2].
We believe that product adoption and impact are distinct concepts. We provide a model that takes into
account a user's actual (or anticipated) experience with a product. By creating an objective function that
clearly measures product adoption rather than impact, we modify the traditional Linear Threshold (LT)
propagation model for our purposes. An approximation approach is possible because the NP-hard
adoption maximisation problem is monotone and submodular under our paradigm. On three major social
networks, we do tests that demonstrate our model can discriminate between influence and adoption and
reliably forecast product uptake much better than the traditional Long-Term Influence (LTI) model. [3].
The greedy technique is put to the test against a variety of heuristics. As shown in the trials, degree
centrality and other low-cost heuristics outperform the greedy strategy in most circumstances. When
there is a lack of data, we also look at the issue of impact restriction, where the present states of nodes in
the network can only be predicted with a limited degree of certainty. We present a random spanning
tree-based prediction system and analyze its effectiveness. As a result of these trials, we found that the
prediction algorithm can tolerate up to 90% missing data before the system's performance begins to
decrease, and even with a high quantity of missing data, it can still perform as well as with full data [4].
Recent research on the spread of information through social networks has mostly focused on models
based on the effect of local friends. To simulate user behaviour, social scientists have used ideas about
diffusion of innovations to test the generalizability of this technique. To this goal, we investigate
alternative diffusion models in Digg and Twitter, two popular online social networks.. Two sample local
impact models are evaluated first, and we demonstrate that most social network users' behaviours are not
reflected by these local models. Using ideas from the diffusion of innovations study we offer a new
diffusion model called Gaussian Logit Curve Model (GLCM) that simulates user behaviour in relation to
the general population. In particular for Digg, our research reveals that GLCM better captures user
behaviour than local models. We develop a variety of hybrid models and use statistical approaches to
assess their effectiveness in capturing both local and global data. The complexity of human behaviour is
captured by our technique, which analyses each user individually, automatically deciding which users
are motivated by their local relationships and which individuals are best described by adopter categories
[5].

We provide two improvements to this approach in this paper. PNB has been further developed by
presenting an approach to building more complicated Bayesian classifiers without the use of negative
examples. Our PTAN algorithm (positive tree augmented naive Bayes, or PTAN) is a novel method for
constructing tree-augmented Bayes models in the positive unlabeled domain. With regard to dealing
with the prior probability of being in the positive class, we suggest a novel Bayesian strategy based on a
Beta distribution to explain the uncertainty of this parameter. As a consequence, two new algorithms,
PNB and PTAN, are created using this strategy. Real and synthetic datasets are used to test the
effectiveness of the four methods. Extending PNB to larger complicated networks improves
classification accuracy in cases where predicting variables are not conditionally independent given a
particular class. Using our Bayesian method to the prior probability of the positive class, they
demonstrate that our PNB and PTAN findings may be improved [6].
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The heuristic technique we provide in this study can be readily scaled to millions of nodes and edges in
our tests, and this is what we demonstrate in this work. A simple configurable parameter in our method
allows users to fine-tune the system's execution duration and effect spread. On numerous real-world and
synthetic networks, our thorough simulations show that our approach is presently the most scalable
solution to the challenge of maximising influence: A) Our algorithm can handle graphs with millions of
nodes, and (b) in all size ranges, it outperforms other heuristics by as much as 100 percent to 260
percent in terms of influence spread — it is always among the best algorithms, and in most cases it
significantly outperforms all other scalable algorithms [7].
According to Goffman and Newill1, there is a parallel between the transmission of infectious illness and
the dissemination of knowledge. Using mathematical epidemiology, we recently explored how rumours
spread and have a few quick things to say about it before it's detailed elsewhere2. A mathematical model
for rumour spreading may be developed in a variety ways, depending on the mechanism proposed to
explain the development and decay of rumour spreading itself. Models like this one may be used to
study epidemics, however the findings may not be as predicted because of the formal resemblance
between epidemics and mathematical epidemiology procedures [8].
A customer's network value should be modelled as well, including her potential effect on the sales of
other customers she may inspire to purchase, as well as the consumers those customers influence.
Markov random fields are used to describe the market as a social network rather than a collection of
isolated entities. Using a collaborative filtering database, we demonstrate the benefits of this technique.
As a marketing strategy, viral marketing may be incredibly powerful yet remains a mystery to many. It
may be seen as a step toward establishing a more solid basis for it, taking use of the enormous relevant
datasets that are available [9].
Cascades are the only method we have to expose the hidden network. Due to the diverse nature of
networks, a simple parametric model cannot adequately capture the structure finding challenge. As a
result, we have developed a kernel-based technique that can capture a wide variety of influences without
making any previous assumptions. Using both synthetic and actual data, we demonstrate that our
approach can better reconstruct the underlying diffusion network and greatly enhance the estimate of
transmission functions across networked entities [10].
Result
For the purposes of activation prediction and spread estimation, we run a series of experiments on both
synthetic and actual data in this section. In this section, we begin by describing the setup.
Results on Synthetic Datasets
To test the performance of MFAD, we utilize synthetic datasets to analyze the two situations of learning
with source information (WS) and learning with no source information (NS). Figure 1 shows the
findings of MFAD and NS on five synthetic datasets with T = 10 for predicting WS transmission
probability and activation prediction. For learning transmission probabilities, the series "no" was
generated from learning with the derived limits in Propositions 1, 2, and 3 whereas the series "bound"
was derived from learning with the native bounds in WS, namely 0 and 1. Both the F-Measure and the
MAE can be shown in Figures 1(a) and 1(b) to be quite close to each other. Since learning with derived
boundaries requires less iteration and runs more quickly in Figure 1(c), this is the default setting for WS
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in our test. Notably, the amount of time saved by employing two derived limits isn't nearly as substantial
as the amount of iterations saved, since bounds need additional calculations, particularly for the upper
bound in Proposition 2's estimation of |N (D q,s)|. The time spent learning each MFAD component for
WS is also shown in Fig 1. (d). When using positive and unlabeled learning [11], it takes the longest to
learn the classic classifier fv(x) for each node v because the positive training examples include extra
copies from weighted unlabeled instances, as explained in Section 4.1.2. In Fig 1(a), 1(b), and 1(c), the
performance of NS is lower than that of WS because of the incompleteness of data (e). To further
understand time frame T.

Fig. 1. MFAD activation prediction for WS and NS on five synthetic datasets (T = 10). (NS=learning
without source information; WS=learning with source information)

Fig. 2. Three AP and SE decision boundaries (100 runs) using MFAD (T = 10) source data.
In order to accurately estimate the spread, a good diffusion model must meet two requirements.
1) There is a component of quantity. Each item's projected spread size is quite similar to the
genuine spread size as determined by MAE and RMSE.
2) Secondly, Quality. Each node predicted by a diffusion model is active in the genuine spread,
which is determined by F-Measure.
Only the spread size is taken into account in the first condition, which is often employed in earlier
research. For influence maximization issues, the number does not indicate whether a node adopts an
item in the projected spread. A diffusion model can't forecast how many people will use an item based
on how far it spreads. To maximize the spread of their product, many companies focus only on the
quality of their product, which might result in a significant loss of income. When using a diffusion
model, it's important to take into account both the first and second conditions.
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For activation prediction in Fig 2(a) and spread estimate in Fig 2(b) through 3, MFAD with the practical
decision boundary has the best results (d). Better than the other two WS setups, especially in terms of
estimating spread. Figure 8 in Appendix C shows comparable findings for NS activation prediction and
MAE estimate. In this way, the experiment serves as a decision-making guideline for both situations of
MFAD.
Results on Real Datasets
F-measure activation prediction findings on Weibo datasets are given in Fig 3(a) and 3(b) for two
situations (b). The activation source is known in Fig. 2a, where models are trained using data. It's not
possible to train a model in Fig. 3(b) since there's no way to tell where the data came from. In all
datasets, IC and LT's prediction results are low because real-world adoption variables are complex, but
the factors addressed by IC and LT are simplistic. F-Measure improves for all models as the number of
positive unlabeled cases decreases, allowing for a larger number of positive examples to be used for
training. Fig. 3(b) shows that when T rises, F-Measure typically improves as more potential influences
are taken into account. For the two scenarios, Appendix C provides or analyses the training time for all
models, the training size for WS, the convergence analysis of EM for MFAD, initial-value strategies for
learning transmission probabilities, single-stage improvement of MFAD, and another scalable method
[15] for training IC without source information.

Fig. 3. Activation prediction in Weibo for two learning scenarios with different observation time
window T. (Models in 4(b) are trained with only 1 EM due to very long running time.)
Tables 1 and 2 describe the findings of the Weibo spread estimate. T = 192 was used to train the models
shown in Table 1. Models trained using 10 EMs and 192 T are shown in Table 2. When it comes to FMeasure predictions, MFAD is substantially better than LOGI, IC, and LTI. Tables 1 and 2 indicate that
four models are equivalent for MAE and RSME. When poor Recall prevents the observation of source
information, LT's F-Measure performance suffers. IC is able to swiftly estimate the spread since it
doesn't take into account any characteristics at the node level while making adoption decisions.
Additionally, in Appendix D, MFAD adoption choice experiments are undertaken to compare alternative
categorization systems.
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TABLE 1. Spread estimation with source information in Weibo

TABLE 2. Spread estimation without source information in Weibo.

In order to estimate the spread for Douban, we run two kinds of simulations: one without external
impact, the other with it. Assuming that information only spreads online, this implies that a node is only
aware of information from its in-neighbors unless it is a seed. The second kind believes that a node may
be influenced by sources other than its immediate surroundings. However, we don't know just how much
of an impact external influences have. For the second sort of simulation, the environment is built up as
follows. Every diffusion item has a global pseudo node inserted as a seed, and all nodes follow the
pseudo node at the same time as the pseudo node adopts the item. There is a significant time frame T =
1,536 in which models are trained ahead of time owing to the sluggish dissemination of item adoptions,
which is described in Tables 3 and 4. Weibo's prediction results are substantially poorer than MFAD's FMeasure, yet MFAD still outperforms the other baselines in Table 3 and 4. Douban's dissemination is
significantly slower than Weibo's, and more diffusion is likely to spread outside of Douban. Predicting
the spread outcome is substantially more difficult. F-Measure, MAE, and RSME prediction outcomes
tend to improve when a global pseudo node is introduced to all models.
TABLE 3. Spread estimation in Douban
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TABLE 4. Spread estimation with a global pseudo node in Douban

To summarise, MFAD is extremely successful for activation prediction and spread estimate across four
models, regardless of whether source information is provided or not. According to F-Measure, MFAD
estimates the most accurate spread. As a result, for diffusion-based applications like impact
maximisation, MFAD spread estimate will better match real-world diffusion. Furthermore, MFAD
allows for a wide range of adoption variables to be easily changed without requiring a major overhaul of
the learning frameworks.

Conclusion:
The multiple-factors conscious diffusion model, which explicitly incorporates the effect of transmission
and adoption decisions, is presented in this paper. Adoption choice criteria and classification algorithms
have little effect on the MFAD learning frameworks. As a result, MFAD is more versatile and may be
used in a variety of situations for a variety of reasons. Online learning and impact maximisation
algorithms, as well as their assessment on a wide range of datasets, are some of the next steps. A model
built on past data should be updated for an online system to represent dynamic changes, such as user
interests, node join and exit. Diffusion records appear streamingly. MFAD's learning frameworks are
independent of factors and classification algorithms provided in this study. However, there is still a lot

Page | 810

Copyright @ 2022 Authors

Dogo Rangsang Research Journal
ISSN : 2347-7180

UGC Care Group I Journal
Vol-09 Issue-01 No. 01 : 2022

of work to be done in the area of impact maximization and its efficient algorithms. Furthermore, we are
interested in the spread of information through online social networks. Different types of diffusion data,
such as epidemics, lend themselves well to the use of MFAD.
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