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Abstract
Predicting future customer behavior provides key information for efficiently directing resources at sales and marketing
departments. Such information supports planning the inventory at the warehouse and point of sales, as well strategic
decisions during manufacturing processes. In this paper, we develop an advanced analytics tool that predicts future
customer behavior in the non-contractual setting. We establish a new dynamic and data driven framework for predicting
whether a customer is going to make purchase at the company within a certain time frame in the near future. For that
purpose, we propose a new set of customer relevant features that derives from times and values of previous purchases.
These customer features are updated every month, and state of the art machine learning algorithms are applied for
purchase prediction. In our studies, the gradient tree boosting method turns out to be the best performing method.
Using a data set containing more than 10 000 customers and a total number of 200 000 purchases we obtain an accuracy
score of 89 % and an AUC value of 0.95 for predicting next moth purchases on the test data set.
Keywords: analytics, purchase prediction, sales forecast, non-contractual setting, machine learning

1. Introduction

efficiently resources at the sales and marketing departments (see e.g. (Allenby et al., 1999)). This information

Customer management requires that firms make a careis also needed when planning the inventory at the wareful assessment of the costs and benefits of alternative exhouse and/or point of sales, as well for deciding quantipenditures and investments, and identify the optimal alties at the manufacturing processes. Thereby, the nonlocation of resources to marketing and sales actions over
contractual distinction is of fundamental importance for
time. Decision makers will benefit from decision support
developing models for customer-base analysis. One of the
models that relate costs and customer purchase behavior,
main challenges in the non-contractual settings is how to
and forecast the value of the customer portfolio (Berger
differentiate customers who have ended their relationship
et al., 2002). Thus, knowing who is likely to purchase
with the firm from those who are simply in the midst of a
within the next months is one of key drivers to allocate
pause between transactions.
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2002; Bhattacharya, 1998). While the factor itself may
vary substantially depending on the business context, re-

taining customers has received strong attention from both

as the average number of orders or the average order size,

academia and practitioners (see Van den Poel and Lariv-

and information on the distribution of behaviors across the

iere (2004) for an overview). Thereby, it has been well es-

customer portfolio. Further analyses of the customer base

tablished that appropriate retention strategies have strong

may use multivariate statistical methods and data min-

benefits over acquisition approaches (see Ganesh et al.

ing tools to identify characteristics of, for instance, heavy

(2000)). However, it has to be noted that retention ac-

buyers, or to determine which groups of products tend to

tivities are not necessarily desirable in an unconditional

be purchased together (i.e., performing a market-basket

way, since targeting profitable customers can make mar-

analysis).

keting spending more efficient (Mulhern, 1999; Zeithaml

The next step in terms of analysis is to undertake

et al., 2001; Kumar et al., 2008), even more if this prof-

customer-base analysis activities that are more predictive

itability can be predicted (Reinartz and Kumar, 2003).

in nature (Fader and Hardie, 2009). In this work we de-

Among practitioners, it is quite desirable to consider cus-

velop a machine learning framework for forecasting future

tomers’ future profitability and responsiveness, specifically

purchasing by the firm’s customers from a given customer

in terms of purchase actions, to marketing when allocat-

transaction database. For that purpose we first compute a

ing resources (Rust et al., 2011; Venkatesan and Kumar,

large number of customer features, that characterizes the

2004).

customer at a given month. We then apply machine learn-

Firms are encouraged to develop models to predict

ing algorithms including logistic Lasso regression (Fried-

which customers are more likely to defect (Keaveney and

man et al., 2010; Tibshirani, 1996), the extreme learning

Parthasarathy, 2001; Neslin et al., 2006). Once identified,

machine (Huang et al., 2006) and gradient tree boost-

these likely defectors should be targeted with appropriate

ing (Chen and Guestrin, 2016; Friedman, 2001) for pre-

incentives to convince them to stay (Hadden et al., 2007).

dicting whether the customer makes a purchase in the upcoming month. Our approach avoids prohibitive customer

1.1. Customer purchase prediction

inquires that may be costly to be acquired in the non-

While purchase prediction has received attention for a

contractual setting, and nevertheless shows performance

long time in consumer research (see e.g., (Herniter, 1971),

comparable to state of the art approaches.

the rise of customer analytics by marketing analysts has

The application of machine learning or data mining

revived such issues in the recent years (Winer, 2001). As

techniques for predictive purposes on the customer-base is

outlined in (Platzer and Reutterer, 2016), one of the most

often analyzed in the customer relationship management

challenging areas remains the prediction of customer pur-

and expert systems domain, and customer churn predic-

chases in the non-contractual settings: The current status

tion is the most popular objective in this fields. The con-

of the customer is not directly observable at a time T and

cept of churn and associated statistical implementations

the available historical record is censored at point T while

have been well studied in B2C business models (see, e.g.,

customer data tends to vary substantially.

Verbeke et al. (2012); Neslin et al. (2006); Burez and Van

During the last years, large improvements in the infor-

den Poel (2007); Xia and Jin (2008); Xie et al. (2009)),

mation technology domain have resulted in the increased

especially in a contractual setting. Main industries in-

availability of customer transaction data (Fader and Hardie,

clude retail markets, subscription management, financial

2009). Initial analyses of these transaction databases are

services and electronics commerce (see e.g. Chen et al.

usually descriptive in form of basic summary statistics such

(2012) for an overview. This is in line with the general
2

trend of a stronger focus of academia and intelligence ap-

plex with B2B customers, as company’s purchase decision

proaches on B2C applications (Wiersema, 2013). However

is usually the consequence of a complex decision process,

churn prediction is also important in the B2B context,

an alignment among stakeholders and business goals, and

where has been studied much less; see (Jahromi et al.,

comparing the decision process done as an end consumer

2014). In particular, the development of business rela-

in the B2C domain. Also is important to highlight a very

tionships remains central to B2B companies (Eriksson and

strong influence coming from the industry dynamic and

Vaghult, 2000). The importance of retention for suppli-

other activities like product launches and campaigns.

ers becomes even clearer in the B2B context where cus-

Closely related to our work is (Jahromi et al., 2014),

tomers make larger and more frequent purchases with far

where the authors develop a model for predicting wether

higher transactional values (Rauyruen and Miller, 2007;

a customer performs a purchase in some prescribed fu-

Boles et al., 1997).

ture time frame based on purchase informations from the
past. They propose customer characteristics such as the

1.2. Relations to previous work

number of transactions observed in past time frames, time

In the last decade, various machine learning methods

of the last transaction, and the relative change in total

for predicting customer retention and profitability have

spending of a customer. They found an adaptive boost-

been analyzed in the academia field and some of them of-

ing method (Freund et al., 1996) to perform best on the

ten used by practitioners. In most cases those approaches

tested data with an AUC value of 0.92. In contrast, in our

are based on extracting customer’s latent characteristics

study we compute a richer set of customer characteristics

from its past purchase behavior with the mindset that ob-

than the one in (Jahromi et al., 2014). These features are

served behavior is the outcome of an underlying stochastic

listed in Table 2.2 and described in detail in Section 2.3.

process (Fader and Hardie, 2009). This approach to the

For our framework, the best performing method (gradient

customer’s purchase prediction can be named as charac-

tree boosting) shows an AUC value of 0.95. We point out

teristics approach. Previous studies have analyzed the use

that we obtain a higher AUC score even we use a time

of random forest techniques in order to predict customer

frame of only one month within purchases are predicted.

retention and profitability (Larivière and Van den Poel,

This is much smaller than the 6 months time frame used in

2005) in a financial services and B2C context. Three ma-

(Jahromi et al., 2014). A smaller time frame in beneficial

jor predictor categories that encompass potential explana-

in terms of actionability for a company; however it also

tory variables were considered and those three categories

makes the prediction much more complicated. These re-

were: past customer behavior, observed customer hetero-

sults demonstrate that our method provides valuable and

geneity and variables related to intermediaries. In that

reliable information for supporting sales and marketing de-

research, it was found evidences that past customer be-

partments also in the short term.

havior is more important to generate repeat purchasing
1.3. Outline

and favorable profitability evolution, while the intermediary’s role has a greater impact on the customers defection

The remainder of this article is organized as follows.

proneness. Literature on effective B2B promotions sug-

In Section 2 we formally describe the considered purchase

gests to incorporate an enhanced, in depth view on the

prediction activity, see Problem 2.2. In that section we

complex decision making setup such as buying center anal-

also describe the features characterizing the customer at a

ysis (Hellman, 2005). Decision making is also more com-

specific time. In Section 3 we describe how to solve Prob3

lem 2.2 using machine learning tools. In particular we use

Characteristics related to purchase time

the logistic Lasso, the extreme learning machine and gradient tree boosting for model selection. Our framework
for purchase prediction is applied in Section 4 to transac-

Number of total purchases

x[1]

Mean time between purchases

x[2]

Standard deviation of purchase frequency

x[3]

tional B2B data of 10 000 customers and a total number

Maximal time without purchase

x[4]

of 200 000 transactions. The gradient tree boosting turns

Time since last purchase

x[5]

out to be the performing model showing an accuracy score

Thresholds for classification

x[6], x[7], x[8]

of 88.98 % and an AUC value of 0.949. The paper ends

Frequency classification

x[9]

with a short discussion in Section 5.

Characteristics related to purchase value

2. Formal problem definition and description of
our customer features
In this section we establish a mathematical framework
that formally describes the customer’s purchase task. We

Moving averages

x[10], x[11], x[12]

Maximum values of purchase

x[13], x[14]

Mean values of purchase

x[15], x[16], x[17]

Median values of purchase

x[18], x[19], x[20]

Time frame variations

x[21], x[22]

Purchase trend

x[23]

give particular emphasis on the description of the features
Further customer information

characterizing the customer at certain time instance.

Country of customer

customer ID

order

purchase time

purchase value

k

i

tk,i

Vk,i

1
..
.

1
..
.

t1,1
..
.

V1,1
..
.

1

N1

t1,N1

V1,N1

..
.

..
.

..
.

..
.

K
..
.

1
..
.

tK,1
..
.

Vk,1
..
.

K

NK

tK,NK

VK,NK

x[24]

Creation of additional variables
Pairwise products

x[25], . . . , x[214]

Powers of two and three

x[215], . . . , x[254]

Logarithms

x[255], . . . , x[274]

Table 2.2: Characteristic customer features derived from the transactional raw data.

k are characterized by purchase times tk,i and purchase
values Vk,i for i = 1, . . . , Nk , with Nk denoting the total
number of purchases of customer k. The whole transaction data made between month A and month B can be

Table 2.1:

Original transactional data. For every transaction of

arranged in a list as shown in Table 2.1. Here and below

customer k one stores time tk,i and value Vk,i of its i-th purchase

months are identified with elements in the set Z of all in-

made between month A and month B.

teger numbers. Without loss of generality we assume that
the purchases of any customer are ordered chronologically,
2.1. Problem description

that is tk,i1 ≤ tk,i2 for all i1 ≤ i2 .

Suppose that certain customers purchase products or

With the above notions, the problem under considera-

services at a given company. We suppose that the com-

tion can be stated as follows:

pany has a total number of K customers. Any costumer is
represented by its ID k ∈ K , {1, . . . , K}. Here and below

Problem 2.1 (Prediction of customer purchases). Given

, means equal by definition. The purchases of costumer

purchase data Pk , {(tk,i , Vk,i ) | i = 1, . . . , Nk } for every
4

15000

customer k ∈ K between month A and month B (as il-

elastic net

lustrated in Table 2.1), predict whether a given customer

Moving average order 6
Monetary value

makes a transaction in the month following to B.
We address Problem 2.1 using machine learning algorithms. For that purpose we introduce some further nota-

Purchase value

10000

5000

tion. We define the binary variable yk,τ that characterizes
the purchase of the customer k in month τ ∈ [A, B] ,

0
0

{A, A + 1, . . . , B} by


1 if customer k makes purchase in month τ
yk,τ ,

0 otherwise .

5

10

15

20

25

Month

Figure 2.1: An example of the customer’s purchase data tk,i , Vk,i



that are visualized by the asterisks. The corresponding 6th order
moving averages v̄k,τ are visualized by the circles. The fitted pur-

Further, for pairs (k, τ ) ∈ K×[A, B] we construct a feature

chase value function v̂k,+ (t) is visualized by the dashed curve.

vector xk,τ that uses characterizes the state of customer k
at time τ based on purchase information of customer k up

In particular, we have vk,τ = 0 if there is no purchase from

to month τ . Notice that the values yk,τ are only known

the customer k in month τ . Otherwise vk,τ is equal to the

for τ ≤ B and that we aim at estimating yk,B+1 for the

corresponding purchase value.
We use the moving average of order 6 of the binned

upcoming month B + 1. Therefore, Problem 2.1 can be

purchase values, defined by

reformulated as follows.
Problem 2.2 (Reformulation as supervised learning prob-

v̄k,τ ,

5
1 X
vk,τ −∆τ
6

for k ∈ K and τ ∈ [A − 5, B] .

∆τ =0

lem). Estimate the values of yk,B+1 from the feature vector xk,B+1 representing the behavior of customer k until

Finally, we consider a polynomial regression approxima-

month B, and known input-output pairs (xk,τ , yk,τ ) for all

tion of order 7,

k ∈ K and certain τ ∈ [A, B].

v̂k (t) = θ0 + θ1 t + θ2 t2 + · · · + θ7 t7 .

The efficient solution of Problem 2.2 requires the comHere t represents a continuous time variable and v̂k is con-

putation of significant features xk,τ [1], . . . , xk,τ [M ]. In this

structed such that v̂k (j) ' v̄k,j for j = τ − 1, τ − 2, . . . , τ −

work we propose a certain set of M = 274 characteristic

T . The coefficients θi are determined using the elastic-net

features that are listed in Table 2.2. A detailed description

method. Actually, we will use v̂k,+ (t) , max{1, v̂k (t)}.

of these features and its computation is given in Subsec-

Figure 2.1 shows an example of a customer’s binned

tion 2.3.

purchase data vk,τ together with the corresponding 6th
2.2. Data binning and smoothing

order moving average v̄k,τ and the polynomial fit v̂k,+ (t).

The customer features will be extracted from the orig2.3. Customer features

inal purchase information, as well as smoothed versions
obtained by moving averages and a polynomial fit. For

We are now ready to formally define the characteriz-

that purpose we first define binned purchase data as the

ing features xk,τ [1], . . . , xk,τ [274] listed in Table 2.2. The

sum of all purchases of a customer within a given month,

features of any customer dynamically depend on time τ .

vk,τ ,

X

Vk,i

For its computation we use subsets of the purchase data

for k ∈ K and τ ∈ [A, B] .

(original as well as smoothed) that containing purchases

i : tk,i =τ

5

made between months τ − T and τ − 1, where T is some

Using the same weights wi as above we define the

fixed time period. Formally, we define this past purchase

weighed standard deviation of the number of time

data for τ ∈ [A + T, B + 1] as

units between purchases in Pk,τ as
v
uNk,τ

2
uX
xk,τ [3] , t
wi ∆tτk,i − xk,τ [2] .

o
n
Pk,τ , (tk,i , Vk,i ) ∈ Pk τ − T ≤ tk,i < τ − 1 .

i=2

We denote the number of customer’s purchases in the time
n

frame [τ −T, τ −1] by Nk,τ and the corresponding purchase
data by

Here we consider the maximum number of time units
tτk,i , tk,Mk,τ +i

for i = 1, . . . , Nk,τ ,

τ
Vk,i
, Vk,Mk,τ +i

for i = 1, . . . , Nk,τ ,

between purchases in Pk,τ ,

xk,τ [4] , max ∆tτk,i i1 = 2, . . . , Nk,τ .

where Mk,τ is the total number of purchases made prior

n

to month τ − T .

Time since last purchase.
The next feature measures the number of months
since the last purchase in the time frame [τ −T, τ −1]

2.3.1. Characteristics related to the purchase time

has been performed,


τ − 1 − t τ
k,Nk,τ
xk,τ [5] ,

T

We first describe the characteristics related to the times
of purchases.
n

Maximal time without purchase.

Number of purchases.
The first considered feature is the number of cus-

n

tomer’s purchases in the time frame [τ − T, τ − 1].

if Nk,τ 6= 0
otherwise .

Thresholds for classification.
We consider certain thresholds for the number of

We take

time units between purchases
xk,τ [1] , Nk,τ , |Pk,τ | ,
xk,τ [6] , xk,τ [2] + h1 xk,τ [3] ,

as the number of elements in Pk,τ .

xk,τ [7] , xk,τ [2] + h2 xk,τ [3] ,
n

Mean time between purchases.

xk,τ [8] , xk,τ [2] + h3 xk,τ [3] ,

Next we consider the weighted average of the number
of time units between purchases in Pk,τ (or purchases

where h1 , h2 , h3 are some positive numbers. We

in the time frame [τ − T, τ − 1]),

propose to take h1 = 2, h2 = 4 and h3 = 8.

Nk,τ

xk,τ [2] ,

X

n

wi ∆tτk,i .

The next characteristic is a categorial feature that

i=2

characterizes the customer k according on the pur-

Here ∆tτk,i , tτk,i − tτk,i−1 is the number of time units

chase frequency. It is


normal






attrition
x9 [k, τ ] ,



at-risk





lost

between the i-th and (i − 1)-th purchase in Pk,τ .
In this work we propose to choose the weights as
2 PNk,τ
2
wi , (i − 1) / i=2
(i − 1) .
n

Frequency classification.

Standard deviation of times between purchases.

6

defined by
if xk,τ [5] ≤ xk,τ [6] ,
if xk,τ [6] < xk,τ [5] ≤ xk,τ [7] ,
if xk,τ [7] < xk,τ [5] ≤ xk,τ [8] ,
if xk,τ [8] < xk,τ [5] .

2.3.2. Features related to the purchase value

n

We further consider the following customer character-

The time frame variation is characterized as the rel-

istics that are related to the purchase values of costumers.
n

Time frame variations.

ative change in purchase values,


0
xk,τ [21] , V τ
−V τ

 k,Nk,ττ k,Nk,τ −∆i

Moving averages.
We consider the moving averages of order 6 and 3

Vk,N

if Nk,τ ≤ 1
otherwise ,

k,τ −∆i

of the binned purchase values and the polynomial
where ∆i , min{5, Nk,τ − 1}.

approximation,

We also consider a categorical characteristic for time
xk,τ [10] , v̄k,τ −1 ,

frame variation that we define


steady



xk,τ [22] , within-limits




alternating

xk,τ [11] , v̂k,+ (τ − 1) ,
2
1 X k
xk,τ [12] ,
vτ −1−∆τ .
3
∆τ =0

n

Maximum values of purchase.

the maxima over the actual purchases and the poly-

n

nomial fit, respectively,

if |xk,τ [21]| ≤ µ ,
if xk,τ [21] > µ .

Purchase trend.
We characterize the purchase trend as a categorial
variable depending on the relative change

 τ
xk,τ [13] , max Vk,i
i = 1, . . . , Nk,τ ,
xk,τ [14] , max{v̂k,+ (t) | t ∈ [τ − 1, τ − T ]} .

dk,τ ,

v̂k,+ (τ − 1) − v̂k,+ (τ − 6)
v̂k,+ (τ − 6)

of the fitted purchase values. More precisely, we de-

Mean values of purchase.

Median values of purchase.

fine the purchase trend by



decreasing−−








decreasing−







decreasing



xk,τ [23] , stable






increasing








increasing+




increasing
++

Similar, we consider the medians of the actual, the

Here a1 , a2 and a3 are some positive values; we pro-

binned and the fitted purchase values,

pose to take a1 = 0.15, a2 = 0.225, a3 = 0.3.

Here we consider the mean values of the actual, the
binned and the fitted purchase values defined by
xk,τ [15] ,

Nk,τ
1 X τ
V ,
Nk,τ i=1 k,i

τ −1
1 X
xk,τ [16] ,
vk,t ,
T
t=τ −T

τ −1
1 X
xk,τ [17] ,
v̂k,+ (t).
T
t=τ −T

n

if xk,τ [21] < −µ ,

Here µ is some positive value; we propose µ = 0.3.

Here we take two different characteristics defined as

n

as follows:

if dk,τ ≤ −a3
if − a3 < dk,τ ≤ −a2
if − a2 < dk,τ ≤ −a1
if − a1 < dk,τ ≤ a1
if a1 < dk,τ ≤ a2
if a2 < dk,τ ≤ a3
dk,τ > a3 .

2.3.3. Additional characteristics

 τ
xk,τ [18] , med Vk,i
i = 1, . . . , Nk,τ ,

Beside the characteristics described above we also use

xk,τ [19] , med{vk,t | t ∈ [τ − 1, τ − T ]} ,

the categorical characteristic xk,τ [24] denoting the coun-

xk,τ [20] , med{v̂k,+ (t) | t ∈ [τ − 1, τ − T ]} .

try of the customer k. In order to further increase the
7

prediction accuracy we compute auxiliary variables from

probability for pairs (x, y) from the so-called training data

the variables xk,τ [m] excluding the four categorical char-

set. Due to data imperfections, not all of the training

acteristics.

examples will be predicted exactly by the classifier. In our

The auxiliary variables are created by applying the fol-

case, the training data set takes the form

lowing mathematical operations to the original variables:
D , {(xk,τ , yk,τ ) | k ∈ K , A + T ≤ τ ≤ B} .
n

Pairwise products.
Actually, all of our considered methods output a regression

Here we form all products xk,τ [m] · xk,τ [m0 ] of the

function mapping to the real numbers,

non-categorial features with m 6= m0 . This yields

φ : RM → [0, 1] ⊆ R : x 7→ φ(x) .

19 + 18 + · · · + 1 = 190 additional variables.
n

n

(3.1)

(3.2)

Powers of two and three.

The output value φ(x) of the regression function can be

We further consider powers xk,τ [m]2 and xk,τ [m]3 of

interpreted as the probability that a feature vector x cor-

all non-categorial features. This yields 20 + 20 = 40

responds to a next month purchase. From the estimated

additional variables.

purchase probabilities one constructs the classifier Φ = Φλ
by taking Φλ (x) = 1 for φ(x) > λ and zero otherwise. Here

Taking Logarithm.

λ ∈ [0, 1] is a certain threshold that is selected as tradeoff
Finally, we add the logarithms of the non-categorial

between sensitivity and specificity. In this work we use a

features log(xk,τ [m]). This yields 20 additional vari-

threshold of 0.5 for the final classification.

ables.

For constructing the regression function in (3.2), we
apply the following state-of-the art machine learning algo-

In summary we have M = 24 + 190 + 40 + 20 = 274

rithms:

variables xk,τ [m] characterizing the customer k at time τ .
Using these variable we will train a classifier that predicts

n

Logistic Lasso regression;

n

Extreme learning machine;

n

Gradient tree boosting.

the binary purchase variable y. Although the creation of
the artificial variables in principle does not increase the
information content of the data, it puts the data into a
higher dimensional space and significantly improves results
of the machine learning algorithms. For example, the pow-

These methods are briefly reviewed in the following sub-

ers contain interactions between the variables which oth-

sections. Any of these methods will be used in combina-

erwise would difficult to be found by the algorithms.

tion with 10-fold cross validation for estimating optimal
values of the parameters these methods depend on. In
particular, applying cross validation avoids overfitting on

3. Application of machine learning algorithms

the training data set and therefore allows to generalize the
In this section we solve Problem 2.2 (the formally de-

trained models to predicting customer purchases where the

scribed purchase prediction issue) by various machine learn-

next-month purchase is not known.

ing algorithms for binary classification.

We decided on the above classification methods because they are totally different from one another, and

3.1. Binary classification

further are known to yield high accuracy with reasonable

A binary classification algorithm constructs a function

computational effort.

Φ : RM → {0, 1} in such a way that Φ(x) = y with high
8

3.2. Logistic Lasso regression

in (Friedman, 2001). Boosting is a procedure that com-

For Lasso regression we use the logistic model which

bines the outputs of several weak classifiers in order to

is one of the most common models used in the context

produce a powerful classifier. In this way, boosting has a

of classification (Hastie et al., 2009). We estimated the

similarity to bagging (Breiman, 1996) and other ensemble-

coefficients (βj ) in the logistic model by adding the `1 -

based machine learning methods.
Boosting and bagging both form a set of simpler clas-

penalty term
R(β) ,

d
X

sifiers that are combined by voting. In bagging the ensem-

|βj | ,

bles are generated by repeated bootstrap sampling of the

j=1

which is known as the Lasso (Tibshirani, 1996). The Lasso
Pd
penalty j=1 |βj | results in variable selection and shrink-

data, and in boosting by adjusting appropriate weights of

age. The purpose of this penalty is to retain a subset of

apply the weak classification algorithm to repeatedly mod-

the characteristics and to discard the rest. This subset

ified versions of the data, thereby producing a sequence of

selection produces a model that is interpretable and has

weak classifiers. The predictions from the weak classifiers

possibly a lower prediction error than the full model.

are combined through a weighted majority vote to produce

training data. The purpose of boosting is to sequentially

For numerically computing the coefficients we use the

the final prediction; see (Hastie et al., 2009, Chapter 10)

algorithm for logistic Lasso regression provided in the pack-

for details.

age glmnet; see (Friedman et al., 2010, Chapter 3).

In our work we use the implementation of the gradient
tree boosting algorithm provided by the package XGBoost;

3.3. Extreme learning machine

see (Chen and Guestrin, 2016).
Another model that we consider is the single-hidden
layer feedforward neural network (SLFN). We use the ex-

4. Results

treme learning machine algorithm (Huang et al., 2006) for
building the SLFN on our training data. The extreme

We apply the developed framework for prediction of

learning machine algorithm became a very popular re-

customer purchase on transactional data provided by a

search subject in the past years (Huang, 2015). Unlike

large manufacturer located in central Europe. The data

other algorithms for building neural networks, the extreme

have been gathered from transactions of the B2B unit,

learning machine randomly chooses hidden nodes and an-

which have been recorded from January 2009 until May

alytically determines the output weights of the SLFN. The

2015. We only consider transactions of customers whose

extreme learning machine provides a good theoretical per-

first purchase is at least six months ago due to the lack of

formance at a very fast learning speed.

sufficient information in the other cases.

For our results we use implementation of this algorithm

The transactions belong to K = 10136 different cus-

provided in the package elmNN; see (Gosso and Martinez-

tomers from 125 different countries. As the time unit we

de-Pison, 2012).

consider a month as it is not very common in the considered data to have a customer with more than one purchase

3.4. Gradient tree boosting

per month. If a customer has more than one purchase in a

Among the machine learning methods, boosting (Fre-

month, then for the actual purchase values Vi we take sum

und et al., 1999), and specifically gradient tree boosting,

of the purchase values in the considered month. After this

frequently shows the best performance for many appli-

monthly aggregation, the data set contains in total 192470

cations. The term gradient boosting has been invented

orders for all customers. We take January 2009 as month
9

A = 1 such that March 2015 corresponds to month 77.

Actual purchase

Yes

No

Yes

23.42 %

07.60 %

No

06.66 %

62.32 %

The time period for computing the feature values is taken
Lasso

as T = 24.
4.1. Comparison of the machine learning algorithms
We first evaluate the predictive performance of the con-

Extreme learning machine

structed estimators on the training set (3.1) using the clas-

Yes

23.09 %

07.93 %

sifiers described in Section 3. We trained the models on

No

06.49 %

62.49 %

Yes

23.22 %

07.80 %

No

05.52 %

63.46 %

the trainings data (3.1), with A+T = 25 and B = 77. The

Gradient tree boosting

use of 10-fold cross validation avoids overfitting, thus the
performance on the training data will be representative for
the actual performance on data with unknown output dur-

Table 4.2:

ing the prediction phase. As assessment criteria, we use

Confusion matrices for the Lasso (top), the extreme

learning machine (middle), and gradient tree boosting (bottom),

the total prediction accuracy (percentage of correctly clas-

evaluated on the training set with 10-fold cross validation.

sified purchases), and the area under the receiver operating
characteristic curve (AUC). Additionally, we consider the

operation system is SUSE Linux Enterprise Server, and

confusion matrices.

we have run the scripts using RStudio Server with R version 3.1.2 underneath. The computation times for trainAUC

accuracy

Lasso

0.9263

85.74 %

minute for the extreme learning machine, and 2.5 minutes

Extreme learning machine

0.9223

85.58 %

for gradient tree boosting.

Gradient tree boosting

0.9340

86.68 %

ing a single model are 6 minutes for the Lasso, about one

Table 4.1:

4.2. Example for purchase prediction

AUC and total prediction accuracy for the Lasso, the

The best performing model for the given data is the

extreme learning machine and the gradient tree boosting method,

gradient tree boosting method. We therefore apply this

evaluated on the training set with 10-fold cross validation.

classification method to actually predict the customer purThe results on the whole training set are presented in

chases on the test set that is not used for constructing

Tables 4.1 and 4.2. All considered methods give an ex-

the classifier. For that purpose we trained the gradient

cellent performance in terms of the AUC and prediction

tree boosting classifier using the training data (3.1) with

accuracy. In particular, the estimator constructed by the

A + T = 25 and B = 75. Hence the the model is trained

gradient tree boosting has the highest AUC score, and it

only using data until March 2015. The model is then ap-

also has the best performance in the confusion matrix. The

plied to the test data

differences in the AUC can be considered as very signifi-

(xk,B+1 , yk,B+1 )

for k ∈ K ,

(4.1)

cant for the total customer portfolio classification in the
prediction phase. Therefore, we recommend the gradient

which corresponds to predictions of purchases in April

tree boosting for its actual use in practice.

2015.

All computations have been performed on a virtual ma-

The resulting total prediction accuracy computed on

chine on ESX Cluster with 12 cores and 60 GB RAM. The

the test data is given by 88.98 % and the AUC value is
10

non-contactual setting; see (Jahromi et al., 2014). In this
work we developed a framework for dynamic and fully data
driven prediction of next month customer purchase in a
non-contactual setting. For that purpose, we constructed
a specific set of 274 feature variables characterizing the
customer at specific months. We applied several state of
the art machine learning algorithms, including the logistic Lasso, the extreme learning machine and gradient tree
boosting, for computing next month purchase probabilities. Our results show that the gradient tree boosting outperformes the Lasso and the extreme learning machine.
Applied to transactional data from to 10136 different customers it provides a total accuracy of 88.98 % and an AUC
Figure 4.1: ROC curve for the gradient tree boosting estimator com-

value of 0.949 evaluated on the test data. These results are

puted for evaluated on the independent test data for prediction of

in accordance with the contractual setting, where boosted

purchases in April 2015.

decision trees have ben reported to outperform other machine learning algorithms (Verbeke et al., 2012).

0.949; see Table 4.3. In Figure 4.1, we present also the

Our algorithmic framework can be extended in a straight

ROC curve for the gradient tree boosting estimator on the

forward way to compute probabilities for customer pur-

test data (4.1).
Actual purchase

chases for any month in the near future. For example,
Yes

we also tested the gradient tree boosting for the predic-

No

tion of purchases in the second month after the month B.
Gradient tree boosting

For that purpose we considered the modified training data

Yes

21.70 %

06.37 %

No

04.66 %

67.28 %

(xk,τ , yk,τ +1 ) for predicting yk,B+1 from xk,B . In this case
we obtained a total prediction accuracy of 88 % and an

Table 4.3: Confusion matrix for the gradient tree boosting method

AUC of 0.941 on the test data. The presented method

evaluated on the independent test data for prediction of purchases

could be extended to even later months ahead or larger

in April 2015. The total prediction accuracy computes to 88.98% an

time frames as in (Jahromi et al., 2014), where theoreti-

the AUC equals 0.949.

cally we should obtain even better results.
Predicting purchase probabilities highly support the
5. Discussion and conclusion

forecast of the sales budget. A next step for enriching the
information provided by our framework is the prediction

Predicting a future customer behavior provides many

of the actual values of future purchases. The presented

benefits for a company, reaching from supporting of plan-

approach could be modified for predicting purchase val-

ning the inventory at the warehouse to the identification

ues, by training a prediction model based on the same

of customer churn. While data analytic tools for such pur-

input variables, but using the purchase values as response

poses are well investigated in a contractual setting (see for

variable. An accurate estimation of time and value for

example, Chen et al. (2012); Miguéis et al. (2013); Ver-

purchases, is an interesting line of research. It would be

beke et al. (2012)), they are much less developed in the
11

a powerful decision support tool for operative as well as

Friedman, J.H., 2001. Greedy function approximation: a gradient
boosting machine. Annals of Statistics 29, 1189–1232.

strategic activities.

Ganesh, J., Arnold, M.J., Reynolds, K.E., 2000. Understanding the
customer base of service providers: an examination of the differ-
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