Maximizing Customer Lifetime Value using Stacked
Neural Networks: An Insurance Industry Application
Abstract—Customer Lifetime Value (CLV) has been widely used as a
key performance metric to evaluate retention strategies in insurance
industry. On the other hand, current applications for retention
include cross-sell using machine learning based recommendation
systems. Many current recommendation systems find similar preferences or sequential next item recommendations, but do not maximize
CLV. Moreover, these methods may not consider temporal lifetime
patterns resulting in a gap between customer lifetime maximization
and insurance product recommendation.
This paper proposes a two-stage neural network architecture. The
Stage-I neural network uses a self-attention mechanism and a Metric
Learning (CML) to generate product recommendations. The StageII neural network uses a neural network-based survival analysis to
infer insurance product recommendations that maximize customer
lifetime. The proposed stacked neural network model can be used as
a generative model to explore different cross-sell scenarios.
The applicability of the proposed recommendation system is evaluated using transactional data from an Australian insurance company.
We validated our results against a state of the art self-attention
recommendation system, successfully extending its functionality to
include lifetime value.
Index Terms—Recommender systems, Neural Networks, Customer
relationship, Customer Lifetime Value, Self-Attention Mechanism,
Customer retention, Insurance product recommendation

I. I NTRODUCTION
The growing number of churning customers in the insurance
industry has prompted insurers to look for new customer retention
strategies to keep and engage their current customers and prevent
declining revenues. Efforts in customer retention have a larger effect on profits than actively acquiring new customers. It is common
for insurers to lose up to 15% of their clients each year. Reducing
defections by just 5%, would increase the average company’s
growth rate by more than 50% [1]. One approach to solve the
problem involves estimating customer value to identify which
customer relationships will increase and which will decrease in
value or revenue for insurers. For this aim, Customer Lifetime
Value (CLV), which is the present value of all future profits
coming from a customer over its lifetime with a company, serves
as a valid metric to evaluate customer value. Customer Lifetime
Value has become a topic of interest in the scientific community
as an option to address the problem of customer retention and
churn prediction [2] [3].
CLV models rely on customer income at every stage of their life
cycle to make good estimations, using an array of techniques from
survival analysis [4], [5], [6], [7] and data mining [3], [8]. In [2],
a Pareto/NBD model is used to predict CLV. The first component
of the model predicts the number of future transactions. Then,
another component provides an estimated profit for each of the
predicted future transactions. After that, CLV is computed with the

outputs of these components. These methods focus on estimating
CLV rather than optimizing it.
Recommender systems (RSs), which have been very profitable for
the digital business, can play a bigger role in the insurance industry specifically. Currently some insurance companies recommend
policies to a client for cross-sell or up-sell opportunities with the
help of recommender systems. A large variety of methods are
used to obtain recommendations such as Collaborative Filtering
(CF) [9], Content filtering [10] and hybrids [11]. RSs consider
user preferences, product data and transactional data to suggest
next best items for purchase.
In recent years, attention-based recommender systems have been
proposed extensively [12], [13], [14]. Shoujin et al. [15] propose an attention-based transaction embedding model (ATEM)
to recommend ads for web sessions. In [16] authors propose an
attention-based user behavior modeling framework called ATRank
for recommendation tasks. In [17] and [18], self-attention mechanisms are used to infer the item-item relationship from users’
historical interactions for the retail industry.
Considerable progress has been made in deep learning techniques
applied to recommendation tasks. One common approach is the
Convolutional Neural Network (CNN) that can be used to extract
features from text, video, and audio datasets [19] [20] [21]. Ansell
et al. [22], apply life-stage segmentation and survival analysis
based on Cox’s linear regression to identify cross-sell opportunities in 10,979 UK customers of a large insurance company. They
show that it is possible to identify which customers are more likely
to re-purchase and to predict the time frame in which they will
re-purchase.
Other techniques that aim to optimize CLV rely on Reinforcement
Learning to do it. In [23], the authors propose a framework
that uses Reinforcement Learning (RL) to make Personalized Ad
Recommendations (PAR). Hallak et al. [24] propose an architecture that uses RL for recommendation systems, that enables easy
modular hands-free LTV optimization using matrix factorization
methods.
In this paper, we propose a recommender system that maximizes
CLV for an insurance company, which outputs risk and survival
curves for the top n recommended products for each customer.
The key contributions of our work are the following:
1) A method that captures both product recommendations and
CLV optimization for the insurance industry. It considers
product features to infer an increase or decrease of CLV,
easing the exploration of different products that might
extend or reduce lifetime and increase or decrease profits.

2) The method captures the non-linear relationship between
recommended products and Customer Lifetime Value, resulting in more realistic predictions.
The rest of this paper is structured as follows. Section II shows the
data processing steps. Section III describes Stage I of the method,
discussing the Self-Attention Recommender system. Section IV
details Stage II where a CLV model via non-linear survival analysis is used. Section V shows the proposed method to maximize
CLV via recommended system. Section VI goes on to show
Experimental Results. Section VII presents the Conclusion, and
finally the Section Appendix shows key mathematical ideas in the
proposal.
II. DATA P ROCESSING
We will now show how the insurance dataset is cleaned and
transformed for use in our recommender system. Consider a
set of users and items denoted by U = {u1 , . . . , um } and
S = {s1 , . . . , sn }. Let X = X p ∪ X u be the dataset that
contains item features and user features, where X p ∈ R(n×m)×d ,
X u ∈ R(n×m)×fu and fu represents the number of user features.
Let oend be the cutoff time for our dataset X . Each user ui ∈ U
has a subscription interval denoted by Isuji = [tusji ousji ] if the user
has unsubscribed at oend or Isuji = [tusji oend ] in the case he is still
subscribed at oend . The subscription and unsubscription time of
user ui to item sj is denoted by tusii and ousji respectively. The time
period of the subscription is |Isuji | = oend ·(1−eusji )+ousji ·eusji −tusji .
The parameter eusji is the subscription status for user ui to item
sj . The values eusji will be 1 in the case it is subscribed and 0 if
the user has no active subscription at time oend .
A purchase history of each user ui is represented by the 3-tuple
γui = (Isuji , Sui , X ui ) where Sui = {si1 , . . . , si|Su | } represents a
i
sequence of items in the order that the user ui purchased the
items before oend . The purchase history matrix X ui ∈ Rl×d
(obtained from X p ) has data containing summary features of
the user ui l-th purchase up to time Oend . The first purchase
x1ui = [x1,1 , . . . , x1,d ] is a d-dimensional embedding vector that
has d features of an item in set S. The purchase history matrix is
built from all the l d-dimensional embedding vectors:

X ui

 1 
xui
x2u 
 i
=  . .
 .. 

A. Self-Attention Mechanism
The Self-Attention model maps a query and a set of key-value
pairs to an output. The query, keys, values, and output are all
vectors [26]. This allows us to calculate the global dependencies
between users and items.
To construct the Self-Attention model, we first project the purchase history matrix X ui to the spaces F(X ui ) and G(X ui ),
where F(X ui ) = X ui W F , G(X ui ) = X ui W G and matrices
W F , W G ∈ Rd×d become the learned weights for query and
key respectively, which are implemented as 1x1 convolutions.
We calculate the dot products of the query with all keys in
Π = F(X ui )G(X ui )T , where Π = (πi,j ) ∈ Rd×d . Then,
the attention matrix Ψui = (ψi,j ) ∈ Rl×l is computed, and
now contains the similarities between the l items of user ui .
The similarity between the i-th item and the j-th item is denoted by ψi,j and obtained by computing the softmax of the
attention scores πi,j as follows: ψi,j = sof tmax(πi,j ). The
output ζui = (ζ1 , . . . , ζj , . . . , ζl ) ∈ Rl of the Self-Attention
module is obtained from the mean of the product of the attention
matrix A = (ai,j ) ∈ Rl×l and the purchase history matrix (i.e.,
A = Ψui X ui ∈ Rl×l ) [25],
l

ζj =

1X
ai,j .
l i=1

Following the transformation of X ui , we compute a geometric
sequence of timescales so we can add sinusoidals of different frequencies to the input [26]. The time embedding function Γ(t, 2i)
consists of two sinusoidal signals defined as follows, where t is
the time step, and i the dimension: Γ(t, 2i) = sin(t/100002i/α )
and Γ(t, 2i + 1) = cos(t/100002i/α ).
B. Preference model
We encode the user-item interaction matrix to latent factors. Let
the users’ and items’ latent factors be the matrices U i ∈ Rm×d
and I j ∈ Rn×d . To obtain the minimum distance between users
and items a scoring function is used, which finds the Euclidean
distance between each user and item interaction:
Score(U i , I j ) = ||U i − I j ||22 ,

(1)

xlui

(2)

(3)

where || · ||22 is the L2 norm of the matrix U i − I j . If user ui
likes item sj the distance will be small and large otherwise.
C. Objective function

This matrix is the input to the Recommender System described
next.
III. S TAGE I: S ELF -ATTENTION R ECOMMENDER S YSTEM
The recommender system uses a self-attention model to deal with
sequential data and a preference model that uses Collaborative
Metric Learning (CML) to tackle users’ item preferences [25].
The objective is to predict the items that the user ui will purchase
next given their purchase history coming from matrix X ui .

Let Sul+1
be the set of k predicted items skl+1 for user ui that will
i
be recommended after time oend . The cost function used to train
the model minimizes Euclidean distance as in [25], is computed
as follows:
2
l+1 2
y l+1
ui = ||U i − I l+1 ||2 + ||ζ ui − xui ||2 .

(4)

Note that I l+1 and xl+1
ui are the embedding vectors for the next
item skl+1 ∈ Sul+1
.
Thus
the purchase history matrix for the next
i

l + 1 purchase is denoted by X ui = [X ui ; xl+1
ui ]. In order to
predict a set of next items, the pairwise ranking loss is minimized
to learn the model parameters [27]. The pairwise ranking loss is
defined as in [25],

L(Φ) =

X

X


max 0, y jui + ∆ − y kui + λ||Φ||22 ,

(ui ,sj )∈S + (ui ,sk )∈S
/ +

(5)
where Φ = {X, I j , U i , W F , W G } represents the model parameters, and S + denotes the set of next k items to recommend to
user ui . The set of items the user does not prefer is denoted by
S − (S − = S − S + ), ∆ represents the difference between the
preferred items and unpreferred items. The parameter λ is the
regularization parameter. We use L2 regularization to control the
model complexity.
IV. S TAGE II: C USTOMER L IFETIME VALUE USING
NON - LINEAR S URVIVAL A NALYSIS
A. Customer Lifetime Value
The CLV function CLVui captures all the purchases that a
customer ui will make, for the n items that the company sells.
As in the model proposed in [4], we calculate customer ui CLV
before cutoff oend from the sum of the net cash flows Csuji (t)
(i.e., the total gains minus the total costs) obtained per purchased
item sj and discounted at an assumed constant rate d at time t.
The discount factor d is usually set based on business knowledge.
Given these parameters, we can compute the CLV function as
follows:

CLVui =

l
X

Csuji (t

−j

+ j) · (1 + d)

.

(6)

j=1

1) Survival Hazard Function: The survival hazard function is
used to represent the probability that time of the event of interest
occurs later than a specified time t. The survival function is represented by S(t) = P (T ≥ t) and is a non-negative monotonically
decreasing function with S(0) = 1. At the beginning, 100%
of the observed subjects survive meaning none of the events of
interest have occurred. The Hazard function h(t) represents the
likelihood that the event occurs at time t given that no event has
occurred before time t. Formally, the Hazard function is defined as
f (t)
(t)
= S(t)
, where F (t) = 1 − S(t) is the
h(t) = lim F (t+∆t)−F
∆t·S(t)
∆t→0
cumulative distribution function, which represents the probability
that the event of interest occurs earlier than t; and f (t) is the density function f (t) = F 0 (t). Note that, f (t) = −S 0 (t). Similar to
S(t), the Hazard function h(t) is a non-negative function and can
have a variety of shapes. RThe cumulative Hazard function H(t)
t
is expressed as H(t) = 0 h(u)du. Thus, the survival function
d
[ln S(t)] and S(t) = exp(−H(t))
can be rewritten as h(t) = − dt
respectively. To estimate the survival hazard the Cox model is
widely used due to its efficiency in linear regression analysis of
survival data.
2) Neural network for survival analysis: In order to capture
non-linear relationships of items and customers we propose a
non-linear neural network based survival analysis. The network
predicts the covariates of the Hazard rate parameterized by the
weights θ. The hidden layers of the network consist of fully
connected layers [7]. The output of the network is a single node
with linear activation that estimates the log risk function in the Cox
model. The network is trained by setting the objective function to
the average negative log partial likelihood of hθ (xpui ) with L2
regularization:


1 X 
hθ (xqui ) − log
l(θ) = −
ne q:e =1
q


X

e

hθ (xp
u )
i

+ λ · ||θ||22 ,

u
p∈R(tsqi )

(8)
The net cash flow Csuji (t) can be estimated as follows:
Csuji (t) = εj · Ssuji (t),

(7)

where εj corresponds to the marginal profit for product sj . The
total value coming from an active customer is obtained from
Equation (6) which allows us to calculate CLV for customer ui at
time t for the q products. Equation (6) is more straight-forward,
the challenge is estimating the Ssuji (t) in a reasonable way. In
order to estimate Ssuji (t) survival analysis is used.
B. Survival Analysis
Survival analysis is a heavily studied topic in statistics. Survival
Analysis estimates the time until an event occurs, also called time
to event. It comprises two elements: time effect and individual
effect. The first is described as a survival function shared among
the whole population. The second describes the difference of individuals from a base point in terms of the covariates. Combining
these two functions makes it possible to describe quantitatively
the probability of an event taking place at time t [28].

where ne is the number of users with an observable event, and the
set R(t) = {q : tusqi ≥ t} is the set of users still at risk of failure
at time t. The parameter λ is the L2 regularization parameter. In
order to find the weights of the network, the gradient descended
method is used to minimized Eq. (8).
V. M AXIMIZING CLV WITH R ECOMMENDER S YSTEMS
In Section III the set Sul+1
of recommended items was obtained.
i
In this section we propose a final recommendation for user ui that
maximizes CLV (the best item sql+1 ∈ Sul+1
that minimizes the
i
risk function). After estimating the hazard functions for the items
sj ∈ Sul+1
based on the neural network, the survival functions
i
Ssuji (t) are obtained.
Fig. 1 depicts the stacked neural network architecture of the
recommender system. It follows two stages. Stage I is the selfattention recommender system. Stage II is the customer lifetime
value using non-linear survival analysis. The output of Stage I is
the set Sul+1
of the k predicted items, Sul+1
is used as an input to
i
i
Stage II and it calculates the maximum CLVui function.

Fig. 1. Proposed stacked neural network. Stage I: Self-attention recommender system. Stage II: Customer lifetime value using non-linear survival.

There are two ways of arriving at the final recommendation. In the
first method we estimate a set of CLV functions CLVrec using Eq.
, and find the argmax of CLVrec to obtain the
(6) for the set Sul+1
i
final recommended item s∗ui . The second approach uses an anti
symmetric matrix REC to represent the relationship between the
different items in the set Sul+1
and obtain the final recommendation
i
item s∗ui .
To simplify the notation, we use sj instead of sjl+1 ∈ Sul+1
, which
i
corresponds to one item of the q recommended items at the l + 1
purchase. For each item sj ∈ Sul+1
the purchase history matrix
i
X (ui ,sj ) = [X ui ; xl+1
]
is
calculated.
Then, xl+1
(ui ,sj )
(ui ,sj ) is given
as an input to the network. The Hazard function obtained by the
network is:
j

hui (t; X (ui ,sj ) |sj ∈ Sul+1
) = λ0 · ehθ (X (ui ,sj ) ) ,
i

(9)

where hjθ (X(ui ,sj ) ) represents the risk function for user ui
when they purchase the item sj . The network predicts the risk
hjθ (X (ui ,sj ) ) for each product sj ∈ Sul+1
that was recommended
i
in Stage I in Section III to user ui . Thus, based on the assumption
that each user has the same baseline Hazard function λ0 , it is
possible to take the log of the Hazards ratio in order to compute
the risk of each item sj . Let us define the recommender function
recui,j (x) for user ui as:

The last matrix represents the relationship between the different
items in the set Sul+1 . RECu is an anti-symmetric matrix since it
represents the difference of each risk hiθ (i X u ) and hjθ (j X u ) (for
notation and simplicity hiθ , hjθ ). RECu will be used to obtain the
final recommendation s∗u that has the lowest risk. For this aim,
we search over all the elements in the matrix. For example, for
each element recui,j in the i-th row, if all of the values in that
row are negative it means that the item si has the lowest risk.
However, if the value recui,j is positive, then the sj gets a lower
risk than si , meaning the search continues to the j-row and so on.
Using a searching algorithm s∗u could be estimated. However, the
time complexity of a searching the matrix is too high.
To estimate s∗u , we identify the i-th row that contains all the
negative P
values. Then, the sum of each row is computed in
k
λreci = j=1 recui,j . Thus, the vector Λrec = [λrec1 , . . . , λreck ]T
is constructed. Finally, the arg min of Λrec is calculated and the
result is s∗u . This idea is shown formally in the proposition 1.
s∗u = arg min {Λrec } .
i

(12)

VI. E XPERIMENTAL R ESULTS

In this section we investigate the experimental results from our
proposed stacked neural network. The dataset used belongs to
a large Australian insurance company consisting of small-and

 medium enterprises (SME) with transactions starting in 2007 and

i (X
l+1
h
)
(u,s )
θ
hu (t;X
|si ∈S
)
recui,j = log h (t;X (u,si ) |s ∈Sul+1 ) ) = log λ0 ·ehj (X i )
ending in 2019 that include 18 different items. The dataset had
u
u
(u,sj )
(u,sj ) j
θ
λ0 ·e
19,174 customers and 173,127 transactions.
j
=
hiθ (X (u,sj ) ) − hθ (X (u,sj ) ).
(10) We used our stacked neural network model to obtain the item that
The recommender function can be used to get the relationship maximize CLV. The top 5 recommended items, is obtained in stage
between an item si ∈ Sul+1
with another item sj ∈ Sul+1
. When I based on the self-attention recommender system. Then, Stage
i
i
u
the function reci,j is positive, it means that the recommended item II computes the CLV using non-linear survival analysis and also
si leads to a higher risk of death than item sj , so the item that obtains the recommended item that maximize CLV. The results
are provided in Table VI. In the case of user6455 the item that
should be recommended is sj .
maximizes CLV the most is item7 , which was option three of the
Given the set Sul+1 , the recommender function recui,j (x) for each Self-Attention Model.
si , sj ∈ Sul+1
is computed as in Eq. (10). Then, the recommended
i
Fig. 4 and Fig. 2 show the survival function for users user6455 and
matrix RECu ∈ Rk×k is constructed as follows:
user11426 for their current item and our 5 recommended items.


Fig. 3 shows the top 10 recommended items based on defection
recu1,1
recu1,2
...
recu1,k
risk. We can observe that the item1 was the most recommended


..
..
..
..


.
.
.
.
RECu = 
(11) product. Fig. 5 describes the top 10 recommended products that
.
recuk−1,1 recuk−1,2 . . . recuk−1,k 
maximize CLV in this case the item3 was recommended the
most. Fig. 6 clusters customers based on defection risk per
recuk,1
recum,2 . . .
recuk,k

current product (item). Here item1 concentrates a high number
of customers with low risk followed by item8 and item5 .

Fig. 5. Top 10 items recommended based on CLV maximization.

Fig. 2. User 11426’s survival curves, the recommended product at the first stage
is item 2, the recommended product based on defection risk is item 5 and the
final recommended product that maximizes CLV is item 3.

Fig. 6. Customers clustered based on defection risk per current product (item).

Fig. 3. Top 10 items recommended based on defection risk.

providing an edge when compared to other linear survival analysis
methods in the literature. Another success was being able to factor
in product features which most survival analysis methods do not
consider in their time to event predictions.
A PPENDIX
Proposition 1. Consider the anti-symmetric matrix RECU that
satisfies RECu = −RECuT (in component notation recui,j =
−recuj,i ). If all the elements recui,j (j = 1, . . . , k) in the i-th row
of RECu are negative or zero values, then the following equation
holds:
k
X

recui,j <

j=1

Fig. 4. User 6455’s survival curves. The recommended product at the first stage
is item 5, the recommended product based on the defection risk is item 1 and the
final recommended product that maximizes CLV is item 7.

VII. C ONCLUSIONS
The system described was tested with data from a real insurance
company. It was observed that the survival curves changed when
varying products on the customers we simulated. The results show
insurers can proactively focus their marketing efforts on more
specific items that do increase customer lifetime value and divest
on the ones whose cross-sell opportunities do not increase it.
This technique manages to model the non-linear relationships of
user’s preferences through the neural network survival method,

k
X

recul,j ∀i 6= l.

(13)

j=1

Proof. Moreover, if the elements in the i-th row are negative (i.e.,
recui,j = hiθ − hjθ ≤ 0 ∀j = 1, . . . , k) for , then the sum of the

k 
P
elements are also negative (i.e.,
hiθ − hjθ < 0).
j=1

Pk

j=1

recui,j <

Pk

recul,j ∀i 6= l, let

k 
P
hiθ − hjθ <
us assume that there exists a row l such that
In order to prove that

j=1

j=1

k 
P
j=1

hlθ

−

khlθ −

hjθ


. Then the following equations hold:
k−2
P

j=1∀j6={i,l}

hjθ − hiθ − hlθ

<

k 
P
j=1

hlθ − hjθ



(14)

Stacked Neural Networks
ID
MaxSurv
MaxCLV
user6455
item1
item7
user11426
item5
item3
user2
item1
item6
user6859
item6
item3
user10969
item4
item3

Self-Attention Model
top1
top2
top3
top4
top5
item5
item7
item1
item2
item4
item2
item0
item5
item4
item3
item5
item4
item6
item0
item1
item6
item7
item0
item3
item4
item0
item7
item6
item4
item3
TABLE I
C OMPARISON OF TWO APPROACHES : P ROPOSED S TACKED N EURAL N ETWORK VS . S ELF -ATTENTION M ODEL .

(k − 1)hlθ −

k−2
P
j=1∀j6={i,l}


hjθ − hlθ + hlθ − hiθ <

k
P



j=1

hlθ − hjθ



(15)




k
k
P
P
Next, let us rewrite
hiθ − hjθ as follows:
hlθ − hjθ =
(k − 1) hiθ −

j=1
k−2
P

hiθ

and

hlθ .


k 
P
hlθ − hjθ + (k − 1) · hiθ
j=1

−hiθ + hiθ − hlθ

= −

(16)

By substituting Eq. (16) in Eq. (14), the following equation

k 
P
is obtained: (k − 1) · hlθ +
hlθ − hjθ − (k − 1) hiθ + hiθ −
j=1

hiθ

−

hlθ



−

hlθ

+

hlθ

−

hiθ



<

k 
P
j=1

hlθ

−

hjθ
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