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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.



4/64

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



8/64

Contents

▶ 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



9/64

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 diffusion across a network. They also additionally infer a network from
information cascades. The hazard rate is defined as

hi
e(t | Ht) =

∑
j:tj

e∈Ht

ai,jϕ(t− (tje − to)) (12)

ai,j is the transmission rate and ϕ(·) is a non-negative memory kernel function. We adopt
a similar approach to modeling information diffusion with additional machinery that is
more reflective of real-world diffusion 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 =
|C|∑
c=1

[
∑

ti<TRC

log

 ∑
tj<ti

hi,j
e

(
tj − ti | Htj

) +

 ∑
ti<TRC

∑
tj<ti

Si,j
e

(
tj − ti | Htj

)
+

 ∑
ti<TRC

∑
tj>TRC

Si,j
e

(
TRC − ti | Htj

)]

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 parameters {ai,j}N

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.

• like NETRATE, each user will have their own survival process.
• 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 RV R ∼ Bernoulli(π) is sampled, where π ∈ [0, 1] is a susceptibility
probability.

The susceptibility probability is parametrized using a weight vector w̃.

π
(
xi, w̃

)
≜ P

{
R = 1 | xi, w̃

}
= 1

1 + e−w̃T x̃i
(13)
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DANTE Model

The unconditional hazard function is

he(t | Ht) ≜
πfe(t |R = 1,Ht)

Se(t | Ht)
(14)

where the unconditional survival function is

Se(t | Ht) ≜ π Se(t |R = 1,Ht) + (1 − π) (15)

The form of the user-level hazard function is

hi
e(t |R = 1,Ht) =

∑
j:tj

e∈Ht

ai,j︸︷︷︸
transmission rate

ϕ(t− (tje − to))︸ ︷︷ ︸
memory kernel

(16)
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DANTE: Prediction Probability

Definition
For an observation periods of [0, tc] with, tc > 0 where there is no recorded event and
∆ ≜ JTe ≤ TRCK. For a forecast horizon of ∆t > 0 and given that the right censoring time
has not occurred until tc, we define the prediction probability

pp(tc,∆t) ≜ P{T ≤ tc + ∆t,∆ = 1 | T > tc,Htc
} (17)

It can be shown that for r ≜ (1 − π)/π and SRC(tc) = 1,

pp(tc, ∆t) =
E

[
S+

RC(Te) J0 < Te − tc ≤ ∆tK | R = 1, Htc

]
[Se(tc | R = 1, Htc ) + r] SRC(tc) (18)

= Se(tc|R = 1, Htc ) − Se(tc + ∆t|R = 1, Htc )
[Se(tc | R = 1, Htc ) + r] (19)
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DANTE Loss

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

P{L = ℓ | tc,∆t} = pp(tc,∆t)ℓ [1 − pp(tc,∆t)]1−ℓ (20)

However, the dependence on tc 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

P{L = ℓ | tc,∆t} ⪆ [he(t | Htc
) ∆t]δ [Se(t | Ht)]1−δ (21)

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

pD(t, δ | Ht) ≜
pG(t, δ | Ht)
[Se(t | Ht)]δ

∝ [he(t | Ht)]δ [Se(t | Ht)](1−δ) (22)



23/64

DANTE Training

The cth cascade consists of observed pairs {(ti,c, δi,c)}N
i=1, where ti,c = ti,ce , when δi,c = 1,

and ti,c = tcRC, when δi,c = 0. DANTE’s penalized negative log-likelihood is based off (22)
and, finally, reads as

E(A, w̃) ≜
N∑

i=1
Ei(ai, w̃) (23)

where

Ei(ai, w̃) ≜ −
|C|∑

c=1

[
δi,c ln hi

e

(
ti,ce | Hti,c

e

)
+ (1 − δi,c) lnSi

e

(
tcRC | Htc

RC

)]
+ ν

∥∥ai
∥∥

1 (24)

and A ∈ RN×N
+ is the matrix that contains all ai,j ’s, ai is A’s ith row, while hi

e(t | Ht) and
Si

e(t | Ht) are the split population hazard rate and survival function respectively of the ith

process, both of which depend on ai ∈ RN
+ and w̃ ∈ RD+1. Finally, ν ≥ 0 is a penalty

parameter that is common to all constituent processes.
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Experimental Setting

We conducted experiments on four datasets
• LastFM Celma (2010) is a music

streaming platform with 1,000 users (no
features) and 13,998 cascades (songs).

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

• 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.

• Memes Leskovec et al. (2009) is a
dataset from meme tracking efforts.
There are 200 “users” with 10,460
cascades.

We compared DANTE against four other
models

• Features-Linear and Features-deep
• FOREST Yang et al. (2019) is a

multi-scale deep learning based diffusion
prediction model that combines
sequential user prediction with count
prediction formulated with a
reinforcement learning objective.

• 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 diffusion.
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Estimating Engaging Users

In each case, we picked either varying tc or varying start sizes to predict the final size of
the cascade.

SLE =
[
lnm[to, tc + ∆t] − l̂nm[to, tc + ∆t]

]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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Results: Varying tc

Figure: SLE results for final size prediction with varying values of observation time tc.
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Results: Varying Start Size

Figure: SLE results for final size prediction with varying start sizes of the cascades. The white
triangle indicates the mean while the black line is the median SLE.
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DANTE Summary

User A User B User C User D

User A User BUser C User D

User AUser B User C

User A

User B

User C

User D

For the task of user engagement prediction for arbitrary forecast horizons and observation
periods, we propose DANTE that

1. is a split-population based multi-variate survival process model
2. utilizes a discriminative loss function that performs better in lower data settings.
3. performs competitively when compared to models that are trained per tc and/or ∆t

pair
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EXPEDITE

While DANTE produced competitive results, we faced the following shortcomings

• Having to choose the kernel function through hyperparameter searches limited it’s
ability.

• An approximate upper bound does not guarantee superior performance in across all tc
and ∆t.

• The implementation of the optimization algorithm was somewhat prohibitive.

To remedy this, we propose Expressive and interpretable DIscriminative user engagement
anyTimE prediction (EXPEDITE) that use a data-driven neural approach to learning the
memory kernel function. Additionally, we propose a new discriminative loss function that
is an exact upper bound to the binary-cross entropy loss.
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Architecture

hi
e(t |R = 1,Ht) =

∑
j:tj

e∈Ht

ai,jϕ(t− (tje − to)) (26)

Hi
e(t |R = 1,Ht) =

∑
j:tj

e∈Ht

ai,jψ(t− (tje − to)) (27)

Inspired by point process works that use neural networks to represent underlying
quantities Danks and Yau (2022); Omi et al. (2019); Wu et al. (2023), we use a neural
architecture to represent key quantities

• The integrated memory kernel ψ(t | wθ)
• The probability of susceptibility π(xi | wθ)
• The matrix of alphas {αi,j} uses an embedding matrix.

Optimized via AdamW with learning rates and number of layers adjusted via
hyper-parameter search.
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Max-Hinge Loss

LBCE(| tc,∆t,Htc
) ≜ − log2

(
P

{
Li = ℓi | tc,∆t,Htc

})
(28)

where

P
{
Li = ℓi | tc,∆t,Htc

}
≜ ppi(tc,∆t | Htc

)ℓi

·

·
[
1 − ppi(tc,∆t | Htc

)
]1−ℓi

(29)

and where ℓi ≜ Jtc < ti ≤ tc + ∆tK. Defining the binary classification problem’s
discriminant function as

di(tc,∆t | Htc
) ≜ ln

(
ppi(tc,∆t | Htc)

1 − ppi(tc,∆t | Htc
)

)
(30)
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Max-Hinge Loss

one can re-express the binary cross-entropy loss term as

LBCE(ui) = log2

(
1 + e−ui

)
(31)

where yi ≜ 2ℓi − 1 ∈ {−1, 1} and ui ≜ yi · di(tc,∆t | Htc
). It is well known that LBCE(·) is

an upper bound to the 0/1 loss defined as

L0/1(ui) ≜ Jui < 0K (32)

A tighter upper bound is provided by the hinge loss, which, for ρ > 0, is defined as

Lρ(ui) ≜ max
{

0, 1 − ui

ρ

}
(33)
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Max-Hinge Loss

Lmax
ρ (tiobs, δ

i,∆tmin) ≜ sup
(tc,∆t)∈Syi

Lρ(yi · di(tc,∆t | Htc
)) (34)

Lmax
ρ (tiobs, δ

i,∆tmin) =
[
Lρ(di(ti,∆tmin | Hti))

]δi

·

·
[
Lρ(−di(to, tRC | Hto))

]1−δi

(35)

When the model correctly predicts that a user engages a given cascade in the interval
(tc, tc + ∆t], then it will also correctly predict the same event for a larger forecast window
(t′c, t′c + ∆t′], such that (tc, tc + ∆t] ⊆ (t′c, t′c + ∆t′]. Hence, learning to accurately predict
user engagement in the smallest possible forecast window guarantees accurate predictions
for larger windows.
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Experiments

• For both EXPEDITE and DANTE, we use the same trained model for all tc and start
sizes (as indicated by bold).

• For all other models, we have to train per (tc,∆t) pair.
• The following tables shows the final size predictions results for varying tc values as

well as varying start sizes.
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Results: Varying tc

Irvine CasFlow DANTE Features-linear Features-deep EXPEDITE

tc (hours) mean median mean median mean median mean median mean median
24 1.60 0.71 1.70 0.66 0.99 0.71 1.21 0.65 1.30 0.99
48 1.17 0.46 1.21 0.89 1.28 0.85 1.23 0.84 1.18 0.48
720 0.70 0.19 0.81 0.36 0.88 0.35 0.86 0.46 0.54 0.22
1440 0.58 0.13 0.69 0.26 0.80 0.27 0.83 0.48 0.47 0.16

LastFM CasFlow DANTE Features-linear Features-deep EXPEDITE

tc (hours) mean median mean median mean median mean median mean median
24 1.15 0.46 1.07 0.52 1.01 0.58 1.04 0.90 1.18 0.79
48 0.89 0.49 1.18 0.64 1.08 0.99 1.01 0.58 0.93 0.48
720 0.65 0.23 0.86 0.48 0.82 0.37 0.83 0.30 0.54 0.22
1440 0.55 0.15 0.75 0.48 0.74 0.25 0.78 0.41 0.47 0.22

Bold indicates that it is the best metric on that column and an underline indicates that its the
second best. A star next to the metric indicates the result is statistically significant (p ¡ 0.01) when
compared to the preceding ranked metric (via the Wilcoxon signed rank test. Conover (1999)).
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Results: Varying Start Size

Irvine FOREST DANTE Features-linear Features-deep EXPEDITE

start size mean median mean median mean median mean median mean median
5 0.37 0.11 0.60 0.16 0.26 0.11 0.36 0.17 0.26 0.13
7 0.27 0.07 0.52 0.16 0.21 0.08 0.32 0.19 0.22 0.12
10 0.22 0.06 0.45 0.14 0.16* 0.18 0.29 0.15 0.19 0.09
12 0.18 0.06 0.40 0.14 0.14* 0.05 0.28 0.10 0.17 0.09

LastFM FOREST DANTE Features-linear Features-deep EXPEDITE

start size mean median mean median mean median mean median mean median
5 0.31 0.10 0.17* 0.06* 0.24 0.10 0.36 0.16 0.24 0.13
7 0.25 0.07 0.12* 0.05* 0.18* 0.06* 0.29 0.16 0.2 0.12
10 0.18 0.06 0.09* 0.04* 0.13* 0.05* 0.24 0.09 0.16 0.11
12 0.15 0.06 0.08* 0.04* 0.12* 0.04* 0.21 0.10 0.15 0.12

Bold indicates that it is the best metric on that column and an underline indicates that its the
second best. A star next to the metric indicates the result is statistically significant (p ¡ 0.01) when
compared to the preceding ranked metric (via the Wilcoxon signed rank test. Conover (1999)).
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Synthetic Experiments

To validate the loss function we propose, we conduct a synthetic experiment.

• We simulated data via Ogata’s thinning algorithm Ogata (1981) for 20 users with 85%
of them being susceptible.

• We train three the EXPEDITE architecture with three different loss functions –
log-likelihood, DANTE loss and Max-Hinge loss.

• Each model is trained with different sets of cascades - 30, 50, 500 and 1000.
• Each model is trained until the validation loss stops improving.

For each model, we evaluate the Squared Log Error (SLE) over fixed pairs of (tc, ∆t).
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Synthetic Experiments Results

30 training cascades (0.2, 0.2) (0.2, 0.5) (0.3, 0.3) (0.3, 0.5) (0.4, 0.2) (0.4, 0.5)
Model trained on mean median mean median mean median mean median mean median mean median

Log-likelihood 0.46 0.26 0.87 0.48 0.37 0.11 0.47 0.11 0.15 0.02 0.26 0.01
DANTE loss 0.35* 0.16* 0.64* 0.38* 0.27* 0.063* 0.36* 0.038* 0.12* 0.01* 0.19 0.003

Max-Hinge loss 0.63 0.21 0.08* 0.011* 0.14* 0.026* 0.048* 0.011* 0.14 0.03 0.03 0.01

50 training cascades (0.2, 0.2) (0.2, 0.5) (0.3, 0.3) (0.3, 0.5) (0.4, 0.2) (0.4, 0.5)
Model trained on mean median mean median mean median mean median mean median mean median

Log-likelihood 0.42 0.22 0.83 0.48 0.35 0.11 0.47 0.11 0.15 0.01 0.25 0.01
DANTE loss 0.33* 0.16* 0.59* 0.26* 0.26* 0.05* 0.33* 0.03* 0.11* 0.01* 0.19 0.003

Max-Hinge loss 0.72 0.21 0.1* 0.01* 0.16* 0.03* 0.05* 0.01* 0.15 0.03* 0.03* 0.01

500 training cascades (0.2, 0.2) (0.2, 0.5) (0.3, 0.3) (0.3, 0.5) (0.4, 0.2) (0.4, 0.5)
Model trained on mean median mean median mean median mean median mean median mean median

Log-likelihood 0.4 0.22 0.77 0.4 0.33 0.1 0.44 0.07 0.13 0.015 0.24 0.009
DANTE loss 0.31* 0.14* 0.54* 0.24* 0.25* 0.043* 0.3* 0.03* 0.1* 0.01* 0.19* 0.003*

Max-Hinge loss 0.65 0.21 0.08* 0.003* 0.14 0.012 0.04* 0.003* 0.13 0.01 0.022* 0.003*

1000 training cascades (0.2, 0.2) (0.2, 0.5) (0.3, 0.3) (0.3, 0.5) (0.4, 0.2) (0.4, 0.5)
Model trained on mean median mean median mean median mean median mean median mean median

Log-likelihood 0.39 0.22 0.73 0.40 0.33 0.09 0.42 0.063 0.13 0.015 0.18 0.014
DANTE loss 0.30* 0.14* 0.53* 0.23* 0.23* 0.038* 0.29* 0.033* 0.098* 0.006* 0.14* 0.004*

Max-Hinge loss 0.69 0.21* 0.086* 0.003* 0.15* 0.012* 0.042* 0.003* 0.14 0.012 0.08* 0.003*
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Results and Summary

Synthetic Experiments

1. For higher values of ∆t, Max-Hing loss significantly outperforms.
2. For smaller ∆t, DANTE loss outperforms.
3. All models improve in Mean Squared Log Error (MSLE) as number of training

cascade increase.

Summary

1. EXPEDITE is a neural and split-population based multi-variate survival models used
to produce estimates of the integrated memory kernel.

2. EXPEDITE also utilizes a discriminative loss function that is an exact upper bound
to the binary cross-entropy loss.

3. Synthetic and Real-world experiments indicate EXPEDITE is a promising model for
user engagement prediction while retaining all interpretable aspects of survival
processes.
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Causal Attribution

Point processes are a rich statistical tool set that allows us to derive several quantities of
interest.
In the context of multi-variate point processes, Eichler et. al. Eichler et al. (2017) shows
that if αi,j > 0 then the jth process Granger-causes the ith process.
A Detour: Hawkes process We illustrate the benefit of inferring Granger-causal
estimates from real-world X (formerly Twitter) data from the Venezuelan Presidential
Crisis.

• Each tweet was annotated with multiple narrative labels via topic modeling.
• These topics were refined by Subject Matter Experts (SME).
• A subset was manually labelled and then used to train a BERT-based multilingual

model to label rest of the tweets.
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Data Description

Figure: Histogram of Twitter event (tweet) counts per narrative in 2019. One observes a burst of
activity between January 19th and 21st, during which there was a small-scale coup initiated by 27
soldiers. The peak activity occurring on January 23rd appears strongly related to massive
protests, which demanded Maduro to step down. During the same day, we also witness a
significant increase in anti-Maduro tweets.
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Model Description

To model inter-narrative influences, we used a multi-variate Hawkes process that has an
intensity of the form

λi(t | Ht−) = bi(t) + ai,i

∑
ti

k∈Hi

t−

ϕi,i(t− tik) +
∑
j∈P
j ̸=i

αi,j

∑
tj

k
∈Hj

t−

ϕi,j(t− tjk) (36)
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Process Influence Measures

While it is sufficient to use ai,j to represent Granger-causal influences, they don’t consider
the influence of the memory kernels. To circumvent this, we propose Process Influence
Measuress (PIMs).

P
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k was caused by any earlier event in Ej
}
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Experimental Results

We fitted a multi-variate Hawkes process over overlapping time frames. These processes
were trained using traditional log-likelihood.

(a) 12–13 January 2019 (b) 22–23 January 2019

Figure: PIM heat maps for two time frames. Columns show influence sources, while rows depict
the narratives we studied. These maps illustrate self-driving narratives (prominent diagonal
entries), as well as inter-narrative influences (sizeable off-diagonal entries).
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Experimental Results

Figure: Timeline indicating noteworthy influences based on our estimated . Weaker
cross-narrative influences with values πi,j ∈ [0.0, 0.2] and self-influences of any kind have been
omitted for clarity. Note that, during the period of January 6th through the 11th, narratives only
influence themselves (πi,i ≈ 1).
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Building Intepretable models

As demonstrated earlier, we forward the
notion of interpretability by

1. Learning the memory kernel function
ϕ(·) and integrated memory kernel ψ(·)
to derive hazard/intensity function
dependent quantities.

2. For prediction, we learn a prediction
probability rather than directly
predicting next user and next time via
black box models.

3. We do not need to obfuscate history via
difficult to decipher history vectors while
still using highly expressive neural-based
models.
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Overview

The contributions of this work are as listed

1. A Split-population based multivariate survival model for predicting user
engagement.

— We incorporated frailty to accound for unobserved heterogeneity in user engagement.
2. A deep learning extension to allow for more evidently expressive capabilities.

— We parametrized the negative log-survival function and the susceptibility probability
using a neural network.

3. Discriminative loss functions that aims to learn across arbitrary observation
periods and forecast horizons.

— The loss in DANTE was an approximate upper-bound to the binary-cross entropy loss
while the loss in EXPEDITE was an exact upper bound.

4. An illustration of how these models can be easily used to extract Granger-causal
estimates.

— We showed how these estimates can be used to extract insights on the Venezuelan
Presidential crisis.
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Appendix - Frailty

When incorporating frailty we need to account for identifiability, i.e., these frailty
variables are not observed. So typically, this random latent variable Z in marginalized out
when trying to construct the likelihood. The unconditional (on latent Z variable) hazard
can be re-written as

h(t | x) = EZ∼fθ
[Z · h(t | x)] (39)

fθ is some non-negative probability distribution parametrized by θ. The unconditional (on
latent Z variable) survival function can be re-written as

S(t | x) = EZ∼fθ

[
S̃(t | x)

]
(40)

= EZ∼fθ

[
e−Z·H(t | x)

]
(41)
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Appendix - Frailty

On a similar thread, the unconditional (on latent Z variable) survival function can be
re-written as

S(t | x) = EZ∼fθ

[
S̃(t | x)

]
(42)

= EZ∼fθ

[
e−Z·H(t | x)

]
(43)

An important tool that can be introduced now is the Laplace transform of a probability
distribution. The distribution of a non-negative distribution can be uniquely specified by
its Laplace transform

L(c) = EZ∼fθ

[
e−cZ

]
(44)
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Appendix - Frailty

Based on this Equation 42 can we rewritten as

S(t | x) = EZ∼fθ

[
e−Z·H(t | x)

]
(45)

= L(H(t | x)) (46)

This is useful to computing the log-likelihood. Additionally, this can help drive the choice
of the frailty distribution. We would prefer to choose distributions for whom the Laplace
transform exists in closed-form.
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Appendix - Estimating log-counts

In the case of DANTE, we used the point estimate

l̂n m[to, tc + ∆t] = arg min
g

E{(ln M [t0, tc + ∆t] − g)2} =

= E[ln M [to, tc + ∆t]] =

=
N−m[to,tc]∑

k=0

ln(k + m[to, tc])P{M(tc, tc + ∆t] = k} (47)

while, for competing models, which directly provide a point estimate of the count
m̂[t0, tc + ∆t], we used ln(m̂[t0, tc + ∆t]) in place of l̂nm[t0, tc + ∆t] in (25).
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Appendix - DANTE algorithm

Figure: Caption
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