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Introduction

Understanding Information diffusion – the spread of information online – is pivotal to
characterize how information evolves across a network of users.
As information spreads across media, they accumulate to form information cascades.

Understanding these dynamics can help
• Devising marketing strategies.
• Political campaign messaging.
• Mis/Disinformation mitigation.
• Predicting product adoption.
• Rumor control.

Figure: Example of information diffusion
affecting real-world stock prices. Image Credita

ahttps://www.linkedin.com/pulse/11-tweets-
turned-stock-market-upside-down-adam-kornblum/
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Characterizing Information Diffusion

One facet of information diffusion is popularity prediction of online content. Popularity
prediction has several forms across several media. We are primarily interested in user
engagement prediction.

• Predicting number of new users that will
engage an information cascade.

• Engagement can manifest as sharing,
liking, retweeting and is highly platform
dependent.

• A user can engage an information
cascade up to once.

• By resharing a post, on say Facebook,
they have engaged the information
cascade created from the inception of
the post.
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User Engagement Prediction

We are interested in the number of users that will engage an information cascade within a
period of time. For an information cascade where we have observed events up to a
censoring time tc, we are interested in the number of new users that will engage the
cascade after a forecast horizon of ∆t.

Figure: Illustration of a potential cascade for information diffusion
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Literature Overview

Existing work on popularity prediction can be broadly grouped into two categories –
macro-level and user-level popularity prediction.

Macro-level works
• Do not model individual behaviors
• Mainly predict final popularity count,

unable to attribute to individual users.
• Generative and discriminative

approaches via Hawkes process.

User-level works
• Model individual user behaviors
• TPP based approaches can be used by

modeling individual user processes.
• Generative approaches typically use

survival processes, while discriminative
approaches use neural techniques.

Generative models: often produce lackluster predictive performance on account of
being trained to describe the data distribution.
Discriminative works aim mainly to produce deterministic counts that do not
necessarily aim to learn the underlying dynamics.
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Contributions

This dissertation makes the following contributions in the realm of user engagement
prediction

• We present a single prediction model for anytime user engagement prediction that can
be applied across arbitrary observation periods and forecast horizons. This is
accomplished via a split-population multi-variate survival process.

• Based on this, we present a user engagement model named DANTE that uses a
discriminative loss function.

• We extend DANTE to a neural setting in addition to using a refined discriminative
loss. We call this model EXPEDITE.

• We illustrate how to extract meaningful quantities relating to Granger causality that
can aid attribution of events sequences.
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Presentation Outline

• Survival Process and additional considerations.
• Discriminative ANyTime user Engagement prediction (DANTE)
• Expressive and interpretable DIscriminative user engagement anyTimE

prediction (EXPEDITE)
• Approaching causal attribution via Granger Causality
• Summary
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Survival Processes

Survival processes are a type of random process that model the event time distributions
and are capable of producing only one event Aalen et al. (2008).
A Survival process is uniquely characterized by its hazard function which can be formally
defined as

he(t) , lim
∆t↓0

P{Te ≤ t+ ∆t | Te > t}
∆t (1)

= JN(t) = 0K he(t) (2)

where Te ≥ 0 a.s. is the random variable (RV) representing the process’ event time. The
hazard rate can be described as the instantaneous rate of an event being yielded by the
process at a given time t.
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Survival Processes

He(t) ,
∫ t

to

he(τ) dτ (3)

is the cumulative (integrated) hazard, then the process’ survival function is defined as

Se(t) , P{Te > t} = e−He(t) (4)

If the distribution of Te is absolutely continuous, then it will have a density given by

fe(t) = −dSe(t)
dt

= he(t)Se(t) (5)

Typically, either the hazard is defined and survival function is derived or vice-versa.
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Incorporating Covariates

Covariates can help enrich the survival process and therefore improve the quality of the
learned survival process. In these cases, the hazard function typically is conditioned on
these covariates x

he(t | x) = f(t,x) (6)

The Cox proportional hazard model Cox (1972) is one such simple example where the
hazard function is represented as

he(t) = λo(t)eβx (7)
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Unobserved Heterogeneity

Survival functions will always produce an event as t→∞. This may not always represent
reality for several application. As a correction, we can multiply the hazard function with a
RV

h̃(t | x, Z) = Z · h(t | x) (8)

Here Z is a random latent term that is assumed to have a non-negative distribution. Under
this modification, the unconditional hazard rate h(t | x) can be thought of as a special case
when h̃(t | x, Z = 1).
Such a treatment captures unobserved heterogeneity in survival data. The specific form
above is referred to as a hazard model with frailty.
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Context Dependent Survival Processes

In the context of information diffusion, it is undeniable that historical events play a role in
how information spreads. In such cases, introducing context can further help enrich the
learned model.

he(t | Ht) =
∑
tj∈Ht

φ(t− tj) (9)

where Ht includes the history up until time t and φ(·) is some non-negative function.
Hawkes process Hawkes (1971), another temporal process, that takes as inputs the event
history.
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Right Censoring Formulation

Event times are typically unbounded and, hence, one may stop observing a survival
process, which has not yet generated an event, after a right-censoring time TRC > 0 a.s.
Therefore we observe T , min{Te, TRC} and ∆ , JTe ≤ TRCK, instead of Te. It is usually
the case that Te and TRC are independent RVs (independent right-censoring assumption)
and, moreover, that TRC = tRC > 0 a.s. (fixed time right-censoring assumption).

pG (t, δ | Ht) , [ fe(t | Ht)]δ · [Se(t | Ht)]1−δ ·
· [fRC(t)]1−δ [SRC(t)]δ (10)

where, assuming that TRC has an absolutely continuous distribution,
(11)
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NETRATE

NETRATE Gomez-Rodriguez et al. (2011) introduce a multi-variate survival process to
model information di�usion across a network. They also additionally infer a network from
information cascades. The hazard rate is de�ned as

hi
e(t j H t ) =

X

j :t j
e 2H t

ai;j � (t � (t j
e � to)) (12)

ai;j is the transmission rate and� (�) is a non-negative memory kernel function. We adopt
a similar approach to modeling information di�usion with additional machinery that is
more re
ective of real-world di�usion data.
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On Optimizing these models

Such multivariate survival models are typically optimized via log-likelihood and can be
expressed as

L =
jC jX

c=1

[
X

t i <T RC

log

2

4
X

t j <t i

hi;j
e

�
t j � t i j H t j

�
3

5 +

2

4
X

t i <T RC

X

t j <t i

Si;j
e

�
t j � t i j H t j

�
3

5

+

2

4
X

t i <T RC

X

t j >T RC

Si;j
e

�
TRC � t i j H t j

�
3

5]

The above likelihood can be easily shown to be a convex function, a proof sketch for the
convexity of the function can be found in Gomez-Rodriguez et al. (2011). The only
constraint on the parameters are that the parametersf ai;j gN

i;j =1 are all greater than or
equal zero.
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DANTE

Discriminative ANyTime user Engagement prediction (DANTE) uses a
split-population based multivariate survival model for producing user engagement count
estimates.

ˆ like NETRATE, each user will have their own survival process.

ˆ Since some users may never engage an information cascade. This leads to the notion
of a split-population survival process, whose realization can be thought of as being
drawn as follows: a RVR � Bernoulli( � ) is sampled, where� 2 [0; 1] is a susceptibility
probability.

The susceptibility probability is parametrized using a weight vector ~w.

�
�
x i ; ew

�
, P

�
R = 1 j x i ; ew

	
=

1

1 + e� ew T ex i
(13)
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DANTE Model

The unconditional hazard function is

he(t j H t ) ,
�f e(t j R = 1 ; H t )

Se(t j H t )
(14)

where the unconditional survival function is

Se(t j H t ) , � S e(t j R = 1 ; H t ) + (1 � � ) (15)

The form of the user-level hazard function is

hi
e(t j R = 1 ; H t ) =

X

j :t j
e 2H t

ai;j|{z}
transmission rate

� (t � (t j
e � to))

| {z }
memory kernel

(16)
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DANTE: Prediction Probability

De�nition

For an observation periods of [0; tc] with, tc > 0 where there is no recorded event and
� , JTe � TRC K. For a forecast horizon of � t > 0 and given that the right censoring time
has not occurred until tc, we de�ne the prediction probability

pp(tc; � t) , Pf T � tc + � t; � = 1 j T > t c; H t c g (17)

It can be shown that for r , (1 � � )=� and SRC (tc) = 1,

pp(tc ; � t ) =
E

�
S+

RC (Te) J0 < T e � tc � � tKj R = 1 ; H t c

�

[Se(tc j R = 1 ; H t c ) + r ] SRC (tc)
(18)

=
Se(tc jR = 1 ; H t c ) � Se(tc + � t jR = 1 ; H t c )

[Se(tc j R = 1 ; H t c ) + r ]
(19)
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DANTE Loss

We want to optimize for a discriminative, i.e., predictive likelihood. For an RV
L , Jtc < T e � tc + � tK, we can aim to maximize

Pf L = ` j tc; � tg = pp( tc; � t)` [1 � pp(tc; � t)]1� ` (20)

However, the dependence ontc and � t is a crutch in our attempt to formulate an anytime
prediction model.
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DANTE Loss and Training

We show that prediction probability can be approximately lower-bounded as follows

Pf L = ` j tc; � tg ' [he(t j H t c ) � t]� [Se(t j H t )]
1� � (21)

Given this, the relation to the classical log-likelihood is

pD (t; � j H t ) ,
pG (t; � j H t )

[Se(t j H t )]
� / [he(t j H t )]

� [Se(t j H t )]
(1 � � ) (22)
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DANTE Training

The cth cascade consists of observed pairsf (t i;c ; � i;c )gN
i =1 , where t i;c = t i;c

e , when � i;c = 1,
and t i;c = tc

RC , when � i;c = 0. DANTE's penalized negative log-likelihood is based o� (22)
and, �nally, reads as

E(A ; ew) ,
NX

i =1

E i (ai ; ew) (23)

where

E i (ai ; ew) , �
jCjX

c=1

h
� i;c ln hi

e

�
t i;c
e j H t i;c

e

�
+ (1 � � i;c ) ln Si

e

�
tc
RC j H t c

RC

� i
+ �




 ai






1 (24)

and A 2 RN � N
+ is the matrix that contains all ai;j 's, ai is A 's i th row, while hi

e(t j H t ) and
Si

e(t j H t ) are the split population hazard rate and survival function respectively of the i th

process, both of which depend onai 2 RN
+ and ew 2 RD +1 . Finally, � � 0 is a penalty

parameter that is common to all constituent processes.
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Experimental Setting

We conducted experiments on four datasets

ˆ LastFM Celma (2010) is a music
streaming platform with 1,000 users (no
features) and 13,998 cascades (songs).

ˆ Irvine Opsahl (2013)is a social media
dataset with 893 users (no features) and
13,228 cascades.

ˆ Digg Hogg and Lerman (2012) is news
aggregator with 200 users and 3,554
cascades. We have friendship network of
users converted to graph embeddings.

ˆ Memes Leskovec et al. (2009) is a
dataset from meme tracking e�orts.
There are 200 \users" with 10,460
cascades.

We compared DANTE against four other
models

ˆ Features-Linear and Features-deep

ˆ FOREST Yang et al. (2019) is a
multi-scale deep learning based di�usion
prediction model that combines
sequential user prediction with count
prediction formulated with a
reinforcement learning objective.

ˆ CasFlow Xu et al. (2023) is a
state-of-the-art cascade prediction
framework that utilises the latent
representation of both the structural and
temporal information to account for
non-linear information di�usion.
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Estimating Engaging Users

In each case, we picked either varyingtc or varying start sizes to predict the �nal size of
the cascade.

SLE =
h
ln m[to; tc + � t] � dln m[to; tc + � t]

i 2
(25)

where m[t0; tc + � t] is the actual number of users that have engaged the cascade in that
interval while the latter stands for the estimated log-count..

We generate the PMF by convolving individual Bernoulli distributions to produce a
Poisson Binomial.
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