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ABSTRACT

Recommender Systems have traditionally sought to iden-
tify the most relevant products for a customer with the aim
of maximizing expected purchases. While this may be an
appropriate objective for services such as Netflix and Spo-
tify, it may not necessarily be so for others. For example, an
insurance firm may want to recommend the most suitable
insurance plan to a customer but it may also want to take
into account the profitability of the product being recom-
mended. This, however, is a delicate trade-off since if the
offered product is not sufficiently suitable then the customer
may switch to a competitor. Therefore, the product should
be sufficiently likable to keep the customer while also being
sufficiently profitable. We consider this problem and intro-
duce a recommender system that picks the products that
maximize the long-term profit for the company. In this way
the company benefits, by having acceptable profits from a
long-term customer, while the customer benefits by receiv-
ing satisfactory recommendations. The long-term profit is
the sum of the immediate profit (i.e., for the immediately
recommended product) and the expected profit of future
product purchases made by the customer.
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1 INTRODUCTION

In a Recommender System, one uses historical customer in-
formation to determine a suitable product to recommend to a
present or new customer. Such determinations are typically
made based on the users’ past interactions and the underly-
ing characteristics associated with the user and the domain’s
items. Recommender systems are primarily modelled on user
preferences and are developed as a personalized service made
available on major e-commerce and leisure websites such as
Amazon, Netflix, Spotify, Pandora and YouTube.

Research into Recommender Systems has traditionally
been user-focused with the emphasis being on the maximiza-
tion of the predictive accuracy of the recommender system.
While it is important to maximize the utility of the system
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for the user, perhaps of equal importance should be the util-
ity or business value to the company providing the product.
The development of a recommender system is typically mo-
tivated by the assumption that assisting users in finding
more relevant products would lead to future purchases from
the vendor. However, there is merit in including the prof-
itability of items within the recommendation process itself
[2,3,7, 13, 19].

In traditional Recommender Systems, a company recom-
mends a product or service with the highest probability of
being accepted by the customer. However, if the chosen prod-
uct is not profitable then it may not be in the company’s best
interest to offer it. On the other hand one can recommend the
product with the highest profitability but such an item may
be unlikely to be purchased by the customer and hence the
sale is lost. A third option is to choose the product with the
highest expected profitability, i.e., the product for which the
probability that the customer chooses the product times the
profit associated with the product is the largest. Although
this approach maximizes the immediate expected profit, this
choice may not maximize the long term profits possible from
the customer [1, 13]. In this paper we instead maximize the
long-term profit which takes into account the short-term
profit as well as the long term retention (and hence con-
tinued profits) of the customer. Such a model has not been
widely studied in the literature but we believe that it most
appropriately represents the objective of the company while
at the same time providing benefits to the customer.

2 RELATED WORK AND CONTRIBUTIONS

The work in [4] addresses the profit maximization problem
but uses a different approach. They attempt to maximize
the sum of the prices of the recommended products. They
then define a trust factor which represents the difference
between the profit-based recommendations and those that
would have been made if chosen independently of profit.
The optimization problem includes a constraint with a lower
bound on the trust. In other words, only products that are
relatively close to those that are highly probable to be chosen
by the customer (and hence maintains the customer’s trust)
are chosen. In our case we take into account the trust factor
by including it directly into the objective function of the
proposed model.

Similarly, the paper [12] considers other objectives in ad-
dition to profit maximization. In addition to the most likely
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item to recommend, one may want to consider whether the
item is in stock. Also, the user may already be familiar with
popular items and hence it might be more beneficial to rec-
ommend a less popular item that they may like. The latter
case is addressed by assigning weights to rankings and re-
ordering. The former is addressed by using thresholds as
was done in [4]. However these require the specification of
weights which may have to be constantly adjusted.

The paper by Jannach et. al. [13] summarizes the vari-
ous approaches described above, but it also brings up the
issue of long-term revenue, although it is not directly ad-
dressed. Their conclusion was that the incorporation of the
long term perspective has been largely under-explored and
hence we believe that our proposed model is new. The paper
by Hosanagar et. al. [10] also addresses revenue optimiza-
tion but only the short-term revenue optimization case. Ad-
ditional research, but similar to the above, can be found in
[2,5,7,8,14, 15, 17, 18, 20-22].

Our contributions include, (a) a model for optimizing long-
term revenue when making recommendations, (b) a simple
illustrative example to show the benefits that can be gained,
(c) a more realistic example to illustrate the potential gains of
looking at the long term rather than short term profits. Note
that the underlying premise is that, typically, high demand
items (e.g. those that are inexpensive or placed on sale) tend
to have low profitability.

3 PROBLEM FORMULATION

We consider recommendations of a set of products to a set
of customers using collaborative filtering. In other words,
the recommendation made to a customer is based on the
products chosen by other customers with similar features or
purchasing habits. Prior work considered either maximizing
the probability that the recommended product is chosen (i.e.,
accuracy) or maximizing the profit achieved by the company.
Note that these objectives can conflict.

In this paper we provide a different formulation that cap-
tures both aspects of accuracy and profit by considering the
long-term profit that can be achieved from a customer. Let
us assume that a customer is to be provided with a sequence
of product recommendations over time. We assume that the
set of available products is continuously updated and hence
a suitable product is always available for each customer. At
each offering of a product, the customer can either purchase
the product (and the company achieves the associated profit
or reward) or ignore the product. Furthermore, if the product
is not a suitable recommendation for the customer then the
customer may decide to stop making purchases from this
company because of a loss of trust in their recommendations,
i.e., the customer believes that the company is not making its
best offers but rather trying to push its profitable products.
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We assume that K products are available and we index
these by k. Let Ry denote the reward or profit that the com-
pany receives if the customer is offered the product and it is
purchased. Let py denote the probability that the customer
purchases the product if recommended. For example, one
can use techniques such as Naive Bayes to determine this
probability. Therefore, the expected profit (reward) for prod-
uct k is pg Rk. One can then find the product for which this is
maximum if the intent is to maximize revenue only for this
purchase. Let g denote the probability that the customer
rejects the product if offered and also stops using the com-
pany (loss of trust). We assume that a product is offered at
most once to a customer. Hence, when a product is recom-
mended, it is removed from the set of available products and
a new product (taken from the same distributions for py, Ry
and gy ) is added to the list of products. We assume that we
are in steady state so that the products before and after a
recommendation have the same statistical properties.

Let R denote the expected long term reward for the con-
cerned customer and let R denote the maximum expected
total reward given the present recommendation (i.e, the max-
imum over products of the expected value of the sum of
the present purchase reward plus the expected future re-
wards). Note that future rewards are zero if the customer is
not retained. We can therefore write:

R= max {prRi + (1 — qx)R} (1)

Note that we do not know the value of R. However, assuming
stationarity, in steady state the expected value of R will be R.
Assuming the variation of R from one recommendation to
the next is small we make the approximation R ~ R. Using
this approximation we can now solve for R

R= max {pkRi + (1 - q)R} (2)
Subtracting R from both sides we have
max {PcRi — qiR} = 0 3)
which can be re-written as
PRk —}}
max —— — R} =0. 4
2 {Qk : o (4)
Consider the following equation
R _
max {[u - R} =0 (5)
k dk

Note that this can be solved to obtain

R = {PkRk} _ Pk Ry
—max{—— ) = ——
k qk gk

LEmMA 3.1. The values R* and k* defined in (6) are also
solutions to the original optimization problem stated in (4).

(6)
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Proor. We prove by contradiction. Note that

PrRx —}} { {Pk*Rk* —*;}
max —— —R > «{—— —R =0 (7
2 {Qk{ o qk o (7)

If the first two expressions are equal then k* and R* are also
optimal for (4) and we are done. Suppose that we have strict
inequality then this means

oelal el

If we denote the optimal solution values by k” then for (8) to
be true we must have

Ry R
Pk > R* = max {pk k} 9)

qk k dk
where the equality is a result of (6). This is a contradiction
and hence strict inequality cannot hold. ]

4 AN ILLUSTRATIVE EXAMPLE

Let us illustrate the approach via a simple example. Note
that the profit of a product will typically be related to its
desirability. If this relationship is positive and profit increases
with demand (or desirability) then the optimal strategy is to
recommend the most desirable product since that strategy
will optimize accuracy as well as profit and, in turn, long-
term profit. However, in practice, the relationship between
profit and desirability tends to be a negative one. Items which
have low profitability (e.g, they are on sale) typically are
highly desired (and hence if recommended the product will
be purchased with high probability). Those products with
high profitability are less desirable since consumers may
decide to wait for a price reduction.

For illustration purposes, let us assume that the profit of a
product decreases with increasing probability of purchase.
This is an agreement with the traditional linear demand
curve used in economics whereby price (revenue) decreases
linearly with demand (acceptance probability) [6]. Hence

R=1-p-0 (10)

where 6 > 0, to account for the case of negative revenue and
0 << 1 since the company is not expected to support large
losses. This includes the case whereby a company provides
the product at a loss (e.g., to gain more customers) since we
can have R < 0. This is sometimes termed a “loss leader"and
such products will be in very high demand. Vendors may
sell a small number of items at a loss in order to attract cus-
tomers in the hope that the attracted customers would also
purchase items with higher profitability [9]. The relationship
in equation 10, which is based on the assumption that low
profit items tend to be in higher demand, is our initial guess
and more work is needed for a more precise model.

Next let us consider g which is the probability that a cus-
tomer leaves because of inappropriate recommendations.
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This probability will have a positive relationship with 1 — p
so we assume a linear relationship such that

q=¢e(1-p) (11)

where ¢ < 1 determines the degree by which the customer is
affected by the recommendation. We are presently investigat-
ing other models for this relationship, such as proportional
hazard models [11], on which we will report at a later date.
We next compute the optimal values for various optimization
objectives.

Maximum Long-Term Profit
Substituting for Ry and g in 6 we have
_ 1—pr—0
R = max {Pk( Pk )}
k e(1=pr)
For this illustrative example let us assume a continuous func-
tion of pi (i.e., for any pg, we can find a corresponding prod-

uct) we can then obtain the maximum by taking derivatives.
Let us define

(12)

(13)

Fipi) = {Pk(l — Pk — 9)}

(1= px)
where F is the function giving the long term profit from

selecting a product with a particular purchase probability.
Note that

F/(pr) = =20(1 = p)™* < 0 (14)
and hence a single maximum exists.
F'(p) = 1-0(1 - pi)™* (15)
and setting to zero and solving for py- we obtain
e =1-V0 (16)

where k* is the product that achieves this optimal point.
Finally we obtain

_ 1+60-2V0
Rir=———

17)

£

where Ry 7 is the expected long term profit obtained by ex-
plicitly maximizing the long term profit.

Maximizing Short-Term Profit

In the case of maximizing short term profit we instead have

F(pr) = pr(1 = pr — 0) (18)

where F is the function giving the short term profit from
selecting a product with a particular purchase probability.
We can again show a single maximum and that this occurs
when

1-96

5 (19)

pk* =
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We are interested in the long term profit (for this short term
optimization problem) and this is given by

o _pe-pe-0) _(1-6)

R 20
sr= P - (20)
Maximizing Accuracy
In this case we have
F(px) = px (21)

where F is the accuracy of selecting a product with a partic-
ular purchase probability. The optimal solution is

Pre =1 (22)
and so the long term profit in this case is given by
o pe(l=pe = 0) _

op) o @

Comparison

Clearly maximizing accuracy is not appropriate since the
customer is retained forever but for each product sold the
company loses money (i.e., the loss leader approach is not
valid in this case). The ratio of the long term profit to the
short-term profit can be written as

po Rur _20-V0)

Rst  (1+V0)

In Figure 1 we plot this ratio as a function of the parameter ¢
for small values. Note that 8 will typically be small since this
represents the loss the company is willing to incur for the
"loss leader" item. For such values optimizing for long term
instead of short term profit results in an almost doubling of
the expected profit. Note that this ratio is independent of the

factor € which determines how likely a customer will leave
the vendor if recommended products are not suitable.

(24)
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Figure 1: Ratio of Long-Term to Short-Term Expected Profits
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5 NUMERICAL RESULTS

We used the MovieLens dataset that comprises 100,000 rat-
ings (1-5) (bad-excellent) from 943 users on 1682 movies.
From this dataset 563 users were used for training for a
Naive Bayes model which was imported from sklearn. If a
user assigned a rating of 4 or 5 to a movie, we took this to
indicate that a user liked a movie. Using sex, age, and occu-
pation as the user attributes, we then used Naive Bayes to
learn the probability of a user liking a particular movie.

According to a CNN article [16], “The percentage of ticket
sales that the studio takes decreases on each week that a
movie is in the theater" and so we assume a similar profit
model (for the vendor) with profit linearly increasing with
age. More precisely, if ¢,, is the age of movie m in years, rp,,
the profit of movie m, was taken to be r,, = 2 + 0.75t,,, + 1,
where n ~ N (0, 1).

The results obtained are provided in Table 1 where the
objectives (maximizing accuracy, short-term profit and long
-term profit) are listed in the columns and the evaluation cri-
teria are listed in the rows. As expected, the optimal metric
value corresponds to the associated objective function. How-
ever the distinction is not as clear as expected. We believe
the reason to be the fact that the collaborative filtering of the
MovieLens dataset results in older rather than newer movies
being highly recommended.

Table 1: Revenue and Accuracy Metrics

max{pr} | max{piRr} | max {p"q—fk}
Accuracy 0.127 3.655 63665.336
Short-Term 0.121 3.976 63667.110
Long-Term 0.121 3.975 63667.130

6 CONCLUSIONS AND FUTURE WORK

We developed a model for optimizing long-term revenue in a
recommender system. We then formulated and solved the as-
sociated optimization problem and illustrated the approach
with the MovieLens dataset. Although we did find a distinc-
tion, we believe that a more appropriate dataset that includes
pricing information and is less skewed would provide more
insightful results. We are presently in the process of iden-
tifying such a dataset and will provide results in a future
paper. We also plan to investigate customer retention models
which is the probability of customer loss as a function of the
suitability of the product offered to them.
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