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Abstract

Mobile notifications have become a major communication channel for social
networking services to keep members informed and engaged. As more mobile
applications push notifications to members, they constantly face decisions on what
to send, when and how. A lack of research and methodology commonly leads to
heuristic decision making. Many notifications arrive at an inappropriate moment
or introduce too many interruptions, failing to provide value at the right time and
spurring members’ complaints. In this paper we explore unique features of interac-
tions between mobile notifications and member engagement. We propose a state
transition framework to quantitatively evaluate the effectiveness of notifications.
Within this framework, we develop a survival model for badging notifications as-
suming a log-linear structure and a Weibull distribution. Our results show that this
model achieves more flexibility for applications and superior prediction accuracy
than a logistic regression model. In particular, we provide an online use case on
notification delivery time optimization to show how we make better decisions, drive
more member engagement, and provide more value to members. The paper has
been submitted to WSDM 2019.

1 Introduction

Social networking services (e.g., LinkedIn, Facebook, Instagram, Twitter, WeChat) actively push
information to their members through mobile notifications. As the content ecosystem and members’
connection network grow, more and more information is generated on the social networking site that
is worth informing the members. On the other hand, members have limited attention span, regardless
of how much value notifications could inform them of. The discrepancy between increasing content
and limited member attention is the challenge many mobile applications are facing, especially those
social networking applications.

Compared with email communication, mobile notifications are more time sensitive and responded
more promptly [2, 7]. Without an established way to determine delivery time, mobile notifications
often arrive at inconvenient moments, failing to draw a member’s attention. Moreover, due to the
pervasive nature of smartphones, such inconvenience may lead to complaints or even disablement on
future notification deliveries, causing a permanent loss to both service providers and members. In
short, sending notifications at the right time with the right content in many cases is critical.

The interaction of a member with mobile notifications can be very complex and depends on numerous
aspects [5, 6, 9]. It is common to link a notification event to one or more rewards to evaluate the
effectiveness of a notification. For engagement, a typical reward is a visit from the member to the
app. One challenge for such a study is how to attribute a reward, because members may receive
multiple notifications before they open and visit the app. Simple strategies could be to attribute the
reward to the most recent one or to several notifications delivered within a look-back time period.
Such strategies are hard to justify theoretically and could introduce significant bias in learning. Our
strategy is to leverage the survival analysis to attribute a reward without ambiguity and bias [1, 3].



In this paper, we develop a state transition model to quantify how effective mobile notifications are at
bringing value to the member through a visit as a reward. We focus on badging notifications, which
has a more subtle effect to model and is less studied in the literature. In addition, badging notifications
usually account for the majority of the total send volume. The methodology can be extended to UI
push notifications with possibly different distribution assumptions as they are responded to more
quickly.

Let M be a notification event, s be a mobile context state, and ts be the time to the next visit since
the start time of the state s. After a notification M0, a mobile context state stays at s0. Then at any
evaluation time, we consider whether or not to send a notification M1 to a member, who has stayed
in state s0 for W0 time. The mobile context state will change to s1 if M1 is received. Note that a
member’s visit can also change the state, so s0 may start from the most recent visit event or the most
recent notification event, whichever comes later.

In our state transition model, we assume that members’ engagement behaviors depend on both their
mobile context states and members’ characteristics. If M1 is sent, then state s1 kicks in and the
probability of a member visiting our app within the next T time would be

Pr(ts1 < T | z, s1) = Fts1 |z,s1(T ), (1)

where s1 represents this member’s mobile context state and z represent this member’s features and
Fts1 |z,s1 is the cumulative distribution function of time-to-visit ts1 given (z, s1). T is the prediction
window whose value is usually chosen based on the specific problem instance.

If we decide not to send a notification M1, the member will stay in the current state s0. Then the
probability of the next visit within the next T time is

Pr(ts0 ≤ T + W0|z, s0, ts0 > W0)

=
Pr(W0 < ts0 ≤ T + W0|z, s0)

Pr(ts0 > W0|z, s0)

=
Fts0 |z,s0(T + W0)− Fts0 |z,s0(W0)

1− Fts0 |z,s0(W0)
. (2)

We name the difference between (1) and (2) the ∆ effect, which is a function of T and W0 given z, s0
and s1. The larger the ∆ effect is, the more value we can bring to a member by sending a notification.

One of the challenges for learning Ft|z,s(T ) is that we can not always observe the time to visit after a
notification send event, because we may send out another notification before the member’s next visit.
With a common existence of such censoring in observational mobile notification data, we train an
accelerated failure-time (AFT) model [8, 4] to estimate the the distribution of members’ time to visit
Ft|z,s(T ). We assume a Weibull distribution, which leads to a monotonic ∆ effect over time T . Our
offline evaluation shows that this survival model achieves favorable prediction accuracy compared
with non-survival regression approaches.

We provide two use case formulations for notification volume optimization (VO) and delivery time
optimization (DTO) separately. We then present an online use case on notification DTO, where our
model is used to make send decisions. The A/B test results show significant improvement on member
engagement and content consumption over a non-DTO control and a baseline DTO model. Table 1
shows the A/B test results comparing the DTO based on our model with the control and the baseline
models. The experiment was tested over a full week and the numbers in the table are all statistically
significant. These positive numbers validate the effectiveness of our model for DTO.

Table 1: Online A/B test results for delivery time optimization

Metric vs. Control vs. Baseline
Sessions + 1.86% +0.67%
Engaged Feed Sessions + 1.78% +0.69%
Notification Sessions +6.19% +1.51%
Notification Daily Unique Send CTR +2.51% +4.48%
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