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Abstract: The high temporal variability in the productivity of portfolio calls into question the approach to monitoring customer
relationship at Afriland First Bank Cameroon. The Customer Lifetime Value, calculated based on the specific consumption habits of
corporate clients in the portfolio over the period from January 1, 2016 to December 31, 2018, makes it possible to determine the
individual productive potential of that customer. The calculation of the transition probabilities by Markov chains between productivity
levels over time shows that customers from the least productive segments have a very good probability of migrating to high productivity
segments. The combination of the productivities of the segments with the probabilities of migration between the productivity levels
shows that the highest Customer Lifetime Value segment is 87,019,958 CFA francs per year for the group of high productivity, and 1,
451, 828 CFA francs for the low productivity group.
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1. Introduction
The Banking Commission of Central Africa (COBAC)
recognizes fifteen banks in Cameroon in 2020. This is
almost double the eight banks that were in operation in
2008, the years of the global financial crisis. These banks
operate in an environment where the diversity of financial
products offered is very low. In this context of weak
financial innovation, banks are competing fiercely in
offering almost similar financial products and services. Each
bank, to gain market share, relies on significant marketing
investments. The segment of the corporate customer, which
is the most source of resources for the banks, is privileged.
Afriland First Bank Cameroon, which has taken on systemic
importance in the economy (BEAC, 2019), has more than
27,000 companies in its client portfolio. To maintain this
position and confidence in this customer segment, she
spends enough on marketing. She is also the promoter of the
Business Networking Forum « le mercredi de la PME ».
In order to optimize marketing expenses, the bank is obliged
to acquire modern marketing tools while reducing costs.
These tools must be based on data and guide investments
towards customers with high productivity potential. The
needs of the customer and his behavior appear as the
elements to be scrutinized by these modern tools of
customer relationship management (CRM). CRM is a
managerial effort to manage business interactions with
customers by combining business processes and
technologies that seek to understand a company's customers
(Kim et al., 2003). One of the most important CRM tools is
Customer Lifetime Value (CLV) (M. EsmaeiliGookeh& J.
Tarokh, 2013). Dwyer, 1997 defines CLV as the present
value of expected benefits less customer charges.
Due to the absence of an automatic customer relationship
management tool, important customers enter into a bank

relationship with the bank and then leave without their
potential being noticed, and therefore the bank don’t deploys
on it appropriate support measures. This has the effect of
causing the inactivity of the latter, because they are poorly
accompanied. Over the period from July 2014 to July 2015,
more than 40% of the bank's customers were inactive, which
represented a 604,825,199,709 FCFA deficit in terms of
movements entrusted1. Conversely, the bank makes
marketing expenses towards customers, which do not
represent real productivity for it. This lack of marketing
targeting implies significant volatility in the dynamics of
customer productivity. Indeed, a good number of clients
show a drop in productivity of more than 50,000,000 CFA
francs between two years. The Business Fund Manager
therefore needs to know the profile of the most productive
customers in order to prioritize his marketing resources. This
is possible through a tool that makes available to him the
potential value of each client in his portfolio. The
calculation of customer value in the case of a commercial
bank is done using a customer evaluation model. Giving
value to the customer is important enough in the commercial
banking sector, which must know their customers better, or
rather better know their values, and address them
individually with an adapted marketing package.
This article aims to implement a statistical learning approach
to identify the productive potential of customers in the
bank's corporate portfolio. It is done by relying on data
retracing customer transactions over the period from January
1, 2016 to December 31, 2018. First, we make use of
descriptive data analysis techniques to highlight the main
variables which determine the productivity of business
customers; then, using a combination of first order Markov
chains and regression trees (Haenlein et al., 2007), we
1

According to a study carried out on the subject at the Research and
Investments Department in 2017
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propose a computational model of the CLV; finally we use
the model to calculate customer values.

2. Literature Review
The issue of customer evaluation in marketing has been of
great interest to authors in various industries. The
telecommunications sector in particular received the
attention of Hwang et al., 2004. In their model, they base the
calculation of the CLV around three points: the contribution
to past profit, the potential profit and the customer's

probability of default. They also offer a set of tools to
analyze customer value and segment them based on their
values. In their conceptual model, the socio-demographic
information of the customers as well as the data on the
transactions constitute inputs for the construction box of the
customer value. The trio, present value, potential value, and
customer loyalty constitute its CLV. The segmentation
operated based on customer value makes it possible to offer
marketing strategies adapted to each segment.

Figure 1: Conceptual framework of the CLV
Source: Hwang et al. 2004
Before these authors, Junxiang et al.(1995) presented a
model for the calculation of CLV using the duration model.
They offer the "customer's monthly margin" and the
"customer's survival curve" in the telecommunications
sector. For these authors, when competition is viral between
companies in a sector, ―customer retention‖ becomes
essential. Therefore, it becomes imperative to calculate the
―customer survival curve‖. For the estimation of the
"customer survival curve", these authors use the duration
model. They inform us that logistic regression and decision
trees are important methods for predicting churn and
survival rate.
In 2005, Fader et al. propose a model for calculating the
CLV based on the RFM model. This model creates groups
of clients based on three factors, which are Recency,
Frequency and Monetary (Gupta et al. 2006). Recency refers
to the time taken between the customer's last purchase and
the current date, Frequency refers to the total number of
purchases the customer has made throughout their lifespan,
and Monetary refers to the customer's average spending
during their past purchases (Tabei and Fathian, 2011; Jonker
et al. 2002). The main assumption of the RFM model is that
the future behavior of the customer is based on the pattern of
his past and present behavior. They are thus able to propose
an evaluation model for calculating customer value by
mainly analyzing their consumption habits.
Ahmadi et al.(2011), in their models, consider that the CLV
must take into account three elements: the market risk which
affects the financial flows of the client, the flexibility of the
company to react to changes and to the costs of attraction
and customer retention. Considering these elements, this
research presents the model for calculating the CLV for four
types of business customer relationships (Reinartz and
Kumar, 2000; Cannon et al. 2001). (1):: the environment

presents a low risk and the company is not flexible; (2): the
environment presents a low risk and the company is flexible;
(3): the environment presents a high risk and the company is
not flexible; (4): The environment presents a high risk and
the company is flexible. These authors thus suggest making
an upstream diagnosis of the company's macroeconomic
environment.
In the commercial banking sector, Michael Haenlein et
al.(2007) proposed a model based on Markov chains,
classification and regression trees. The first step is to
segment clients into sub-groups based on their contributions
to productivity. Classification is done by regression trees.
The second step is to build the customer transition matrix
between the productivity segments. In the third step, the
CLV is calculated using the transition matrix and the
productivity in each segment. In this industry, these authors
argue that a model for determining ―Customer Lifetime
Value‖ should satisfy at least three conditions: first, it must
be able to handle discrete one-off transactions, which only
occur once in a while life or during very long purchasing
cycles (eg. mortgages) and continuous income streams (eg.
routine account maintenance fees). This is because retail
banks generate income in two main ways: by earning a
margin on lending and investing activities and by collecting
transaction fees for transactions, credit cards, etc. (Garland,
2002). Second, it must focus on the behavior of a
homogeneous group of customers. Third, it must be easily
understood and parsimonious, to ensure its applicability in
different contexts (Michael Haenlein et al., 2007).

3. Data Requirements
The data used as Baseline for this study come from the Data
Warehouse of Afriland First Bank Cameroon. We retain the
data on corporate clients (GE, ME, PE, and TPE) in bank
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relationship with Afriland before January 1, 2016. We
observe the transactions on the latter over the period from
January 1, 2016 to December 31, 2018. The choice to work
in the corporate client segment is guided by the objectives of
the Research and Investments Department, which seeks to
assess this type of clientele and develop strategies to
increase the revenues derived from this clientele. The choice
of the chosen period is explained by the fact of having
individuals whose product consumption behavior would not
be affected by the creation of recent products. We are
therefore working over a period when the same products are
marketed. More precisely, for this study, we use the basis of
the history of accounts, the basis of products, the basis of the
productivity of business customers. The account history
database records all movements that take place in all
customer accounts. This information is recorded with the
accounting date, the type of transaction, the direction and the
currency. The product database records, for each business
customer, their holding status for a bank product (remote
banking product, bank card product). The base of the
productivity of business customers gives the bank its
monthly productivity for each business. The productivity of
a business client over a year can be understood as the result
produced by this client at the bank. A customer has a high
potential for productivity if he belongs to a group of
customers who, under the same conditions of marketing
support and customer relations, would produce a result
equivalent to the average level of productivity of this group
and this for the same level of investment.
The raw account history database has over 13 million
records. The treatments carried out on this basis made it
possible to construct the annual bases of transactions. Over
the period from January 1, 2016 to December 31, 2018, we
thus obtain three annual databases retracing customer
transactions. To alleviate the complexity of our models, the
variables Status_Prod1, Satut_Prod2, Status_Prod3, and
Status_Prod4 have been grouped together to form the
Stat_Bank_dist variable which informs whether the
company has subscribed to at least one of the previous
remote banking products. The CardType variable of the
gross product database has been transformed into
Stat_Carte_ban coded 0 if the company has not subscribed
to any bank card product and 1 otherwise. The description of
the variables of the final databases is given in table 1.
Table 1: Variables of the final database for each year
Variable
Signification
s
Age_rela Provides information on the duration
tion_ban
of the company's bank relationship
Stat_Ban
Find out if the company owns a
que_dist
remote banking product
Stat_cart Provides information if the company
e_ban
has a bank card product
Type_En
Information on the type of corporate
t
Stat_Inac Provides information on the corporate
tiv
inactivity status on the bank
Provides information on the
Prod
company's annual productivity

Codification
/
0=No; 1=Yes
0=No; 1=Yes
1= GE, 2=ME,
3=PE, 4=TPE
0=Inactive ; 1
= Active
/

Source: Our calculations based on data from Afriland First
Bank, 2021

4. Methodology
Descriptive analyzes precede modeling and calculating
customer value. One-dimensional analysis refers to the
statistical study of the modalities of a single variable, or of
several variables considered independently, for describing
the sample. In the context of this study, we use it to describe
the characteristics of the population covered by our study.
Two-dimensional analysis, on the other hand, refers to the
statistical study of the relationships that may exist between
two variables. The two-dimensional analyzes are used to
detect the correlations between the potentially explanatory
variables of the productivity of business customers. We will
focus on the Kruskal Wallis test (in case of non-normality of
the variable of interest), on the chi-square test of
independence (in certain cases) in order to shed light on
these relationships, and on Cramer’ statistics, denoted V, to
measure the degree of the possible link demonstrated. This
bivariate analysis is necessary because it will serve to better
understand the results of analyzes that will follow. The
significance level retained for this study is 5%. Thus, any
relationship highlighted will be statistically significant if the
associated p-value is below this threshold.
Multivariate analysis is the statistical study of the
relationships that may exist between several variables
(explanatory methods). It can also lead to structuring the
studied variables (descriptive methods). We use the two
groups of methods to describe and give a first explanation,
in detail, the population we are dealing with and the first
factors of productivity. Thus, we will use multiple
correspondence analysis (MCA). The MCA is the factorial
method best suited to tables in which a set of individuals (in
rows) is described by a set of qualitative variables (in
columns). From an n-dimensional space, we obtain graphic
planes in which it is possible to visualize the proximities
between modalities of various qualitative variables. Indeed,
the subjects on which we work are divided according to
various characteristics. Thus, it is important to represent
them in plans that will facilitate their description. These
representations can better explain the behavior of customers
with regard to productivity. In cases where the independence
hypothesis (chi-square test) is not rejected at the significance
level of 5%, the characterizing variable, which has been
crossed with one of the variables of interest, is automatically
put in illustrative mode. In the context of the MCA, in
addition to the Kaiser criterion, we rely on the correction of
Benzécri (1979) in order to retain a reduced number of axes
restoring the maximum of information and thus facilitate the
task in our interpretations. This correction is obtained by the
following transformation:
p 2
1
μB =
(μ − )2
p−1
p
μB = Transformed or corrected eigen value , μ =
Eigen value from MCA , p = Number of active variable
In our study, MCA allows us to draw up an initial profile of
corporate clients with respect to their contribution to the
productivity of the corporate client portfolio at Afriland First
Bank Cameroon. This is done by analyzing the modalities of
variables strongly correlated with productivity.
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This descriptive analysis step is crucial for determining the
main explanatory factors for the productivity of business
customers.
The approach to calculating customer value in this study
draws heavily on the work of Michael Haenlein et al.
(2007). After having brought out the major groups of
variables determining the productivity of business
customers, the modeling is carried out in three stages. First,
we construct homogeneous segments of clients in view of
their contributions to the productivity of the business
portfolio using regression trees, then we use these segments
as discrete states used to estimate the transition matrix
Markov, finally this transition matrix is used to calculate
CLV for each customer segment.
Stage 1
Regression trees (unsupervised learning technique) follow
on from previous analyzes. They allow us, thanks to the
groups of variables identified above as being the main
determinants of the contribution to productivity, to identify
homogeneous customer segments. Decision tree learning
refers to a method based on the use of a decision tree as a
predictive model. Regression tree learning can predict a
customer's productivity based on feature predictors that can
be both quantitative and qualitative. Breiman et al. (1984)
first introduced this technique. Regression trees use
separation techniques based on maximizing interclass
variance (having subsets whose values of the target variable
are as widely dispersed as possible). The prediction of the
numeric variable is then the within-class mean. The CART
(Classification And Regression Trees) algorithm consists in
intelligently choosing a variable, intelligently cutting the
data according to this variable, the forecast of productivity
in a segment is then the average productivity of the
customers of the segment. Then were start on the subtree
sobtained.
The goal is to find the divisions, 𝑅1 , … , 𝑅𝐽 , which minimize
the loss function 𝐽𝑗 =1 𝑖𝜖𝑅 (𝑦𝑖 − 𝑦𝑅𝑖 )2
𝑦𝑅𝑖 : the mean of the response variable in the region 𝑅𝑗
We seek for each node the division, or more precisely the
variable Xj, and the rule of division S, which will contribute
to the greatest decrease in the heterogeneity of the child
nodes on the left𝑅1 and right𝑅2 .
𝑅1 𝑗, 𝑠 = 𝑋 𝑋𝑗 < 𝑠 𝑒𝑡 𝑅2 𝑗, 𝑠 = 𝑋 𝑋𝑗 ≥ 𝑠
The objective is to find the values of j and s which minimize
the loss function:
(𝑦𝑖 − 𝑦𝑅1 )2 +
𝑖:𝑋 𝑗 𝜖𝑅1 (𝑗 ,𝑠)

(𝑦𝑖 − 𝑦𝑅2 )2
𝑖:𝑋 𝑗 𝜖𝑅2 (𝑗 ,𝑠)

As part of our study, 𝑦𝑖 denotes the annual productivity of
company i in the segment R. 𝑦𝑅1 represents the average
productivity predicted in the segment𝑅1 .
This step is crucial and we use post-pruning techniques to
control the risk of overfitting our model. This strategy
consists in building the tree in two stages: we first produce
the tree in an expansion phase, using a first fraction of the
data sample (training sample), then we reduce the tree, by
relying on another fraction of the data (test sample) in order

to optimize the tree's performance. The construction of the
sequence of nested trees is based on a penalty for the
complexity of the tree.For each value of𝛼, there is a tree
|𝑇|
𝑇𝑇𝑚𝑎𝑥 which minimizes 𝑚 =1 𝑖:𝑋 𝑖 𝜖𝑅𝑚 (𝑦𝑖 − 𝑦𝑅𝑚 )2 + 𝛼 𝑇 ,
𝛼is chosen by cross-validation by V-sets.
Finally, we improve the performance of the model by
bagging (bootstrap aggregating). It consists in building
several regression trees by resampling the training set, then
by building the trees by a consensus procedure.
Stage 2
Once the segments have emerged well, we take each
segment as a state of the nature of our Markov chain. We
can therefore build the transition matrix between these
different states (transition probability). The homogeneous
segments obtained in stage 1 are consideredas states of
nature between which clients can migrate according to a first
order Markov process. The first-order Markov process
implies that migration from one state of nature to another
depends only on the properties of the state directly preceding
it. This is a memoryless process. We work with this
hypothesis. That is to say, the transition of a company from
a group to the group directly above or directly below
depends only on its characteristics in the group where it was
before this migration. Markov chains have long been used in
Marketing (Styan and Smith, 1964; Thomson and McNeal.,
1967) and more specifically in customer evaluation
(Morisson et al. 1982; Pfeifer and Carraway, 2000; Rust et
al. , 2004).
A first-order Markov chain, or, more simply, a Markov
chain, is a discrete stochastic process whose memory is
limited to the last state; that is to say:
𝑃 𝑥𝑡+1 𝑥 𝑡 −∞ = 𝑃 𝑥𝑡+1 𝑥𝑡 ∀ 𝑡 ∈ ℤ
Let us admit that Ω ≔ {𝜔1 , … , 𝜔𝑚 }represents the m states of
the system. The Markov chain is entirely determined by the
m × m transition matrix
𝑃𝑘𝑗 ≔ 𝑃 𝑋𝑡+1 = 𝜔𝑘 𝑋𝑡 = 𝜔𝑗 = 𝑃(𝜔𝑗 |𝜔𝑘 )
Obeying the conditions of consistency
𝑚

𝑃𝑘𝑗 ≥ 0

𝑃𝑘𝑗 = 1
𝑘=1

The construction of the Markov transition matrix is based on
data from corporate customer of the portfolio. We use the
optimal segmentation model built in the previous step. We
take the data over two times: 2016 and 2018 for the same
companies. In the first period (year 2016), and using
regression tree models, we determine in what level of
productivity each corporate customer is. The same process is
repeated in the second period (year 2018). It thus becomes
possible to observe the migration of corporate customer
between levels of productivity. The Markov matrix is thus
constructed by taking the frequencies of the firms in each
segment at the end of the second period as a proxy for the
transition probabilities.
Stage 3
Finally, we determine the CLV for each customer segment
as the discounted sum of the dependent contribution
margins, weighted with their corresponding transition

Volume 10 Issue 1, January 2021
www.ijsr.net
Licensed Under Creative Commons Attribution CC BY
Paper ID: SR21123105748

DOI: 10.21275/SR21123105748

1438

International Journal of Science and Research (IJSR)
ISSN: 2319-7064
SJIF (2019): 7.583
−𝑛
probability. So: 𝐶𝐿𝑉𝑘 = 𝑚
; Each
𝑗 =1 𝑃𝑘𝑗 × 𝑦𝑅𝑗 (1 − 𝑟)
corporate customer of class k has an estimated 𝐶𝐿𝑉𝑘 . We
assume the discount rate r to be constant over the modeling
period as 3%. Thus, we calculate the annual CLV of each
segment in 2 years. This could help to eliminate the effects
due to exceptional variations in the productivity of corporate
customer in the portfolio.

5. Results
The distribution of individuals according to the type of
clientele shows a greater proportion of TPEs in our database.
These, which represent more than 70.0% of the population.
PEs represent 23.6% of the population and MEs 4.8%. GEs
are the least numerous and represent less than 2.0% of the
population. The overall rate of remote banking product
equipment for our study population is less than 20.0% as of
December 31, 2018. The GE subgroup leads the way in
remote banking product underwriting. Indeed, in this subpopulation, more than 60.0% were equipped with at least
one of these products at the end of December 2018. They are
followed in the order of ME, PE and TPE with subscriptions
within each sub -population of 50.2%, 26.7%, and 13.7%
respectively. Regarding bankcard products, the overall
equipment rate of our study population was less than
15.00% as of December 31, 2018. Unlike remote banking
products, subscription to bankcard products is more done in
the sub-group of PE, followed by ME, TPE and finally GE
with equipment rates of respectively 19.35%, 14.02%,
13.03%, and 3.11% at the end December 2018. The results

show the hyper dominance of GE in terms of productivity.
Although the smallest of our study population, this
subpopulation displays very high levels of productivity
compared to other subpopulations.
The MCA identifies two groups of productivity. Companies
that are equipped with remote banking products and / or
bankcard products characterize the first group. They seem to
be very often active. This group is dominated by PEs. The
second group is characterized by low productivity.
Companies in this group do not appear to be equipped with
remote banking products and bankcard products. These
businesses are characterized by a tendency to be inactive.
This group is dominated of very small businesses.
Finally, the variables that we retain as determining in the
explanation of the productivity of business customers are the
status of inactivity, the age of the banking relationship, the
status of remote banking and the status of bankcard. These
variables are used as a predictor in the segmentation model.
For the segmentation model, we randomly divide the base
into training data (70%) and test data (30%). High
productivity customers (GM + ME) are treated separately
from low productivity customers (PE + TPE).
The optimal segmentation model for business customers in
the high productivity group (GE + ME) is obtained for a
complexity parameter of 0.0058 (the relative error stabilizes
and is minimal) (Figure 2).

Figure 2: Evolution of the relative error as a function of the complexity parameter for the high productivity model (GE+ME)
Source:Our calculations based on data from Afriland First Bank, 2021
For this level of tree pruning, the RMSE no longer drops
significantly. The size of the tree is five. The bagging
process controls the risk of overfitting the model. We use a
bagging model with a replication of 32 trees. (figure 3).

Figure 3: Selection of the number of shafts by Bagging for
the high productivity model (GE+ME)
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Source: Our calculations based on data from Afriland First
Bank, 2021
An overview of the importance of the variables of the
segmentation model of high productivity (GE+ME)
customer reveals the age of the bank relationship and the

status of inactivity as having the greatest weight (Graph1).
Thus, the age of the bank relationship appears to be very
important in predicting the productivity of a portfolio
company.

Graph 1: Importance of the variables of the optimal high productivity segmentation tree (GE+ME)
Source: Our calculations based on data from Afriland First Bank, 2021
The bank would thus gain by keeping the oldest GE + ME
group clients in its portfolio, because they are certainly the
most productive. In addition, customers equipped with
remote banking products also represent a source of

productivity. The optimal segmentation model for business
customers of the low productivity group (PE + TPE) is
obtained for a complexity parameter of 0.0005 (the relative
error stabilizes and is minimal) (figure 4).

Figure 4: Evolution of the relative error as a function of the complexity parameter for the low productivity model (PE+TPE)
Source: Our calculations based on data from Afriland First Bank, 2021
For this level of tree pruning, the RMSE no longer drops
significantly. The size of the tree is four. The bagging
process controls the risk of overfitting the model. We use a
bagging model with a replication of 20 trees (figure 5).

Figure 5: Selection of the number of shafts by Bagging for
the low productivity model PE+TPE
Source: Our calculations based on data from Afriland First
Bank, 2021
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An overview of the importance of the variables of the
segmentation model of low productivity (PE+TPE) customer
reveals the age of the bank relationship having the greatest
weight (Graph 2). Thus, the age of the bank relationship
appears to be very important in predicting the productivity
of a portfolio company.

Graph 2: Importance of the variables of the optimal low
productivity segmentation tree (PE+TPE)
Source: Our calculations based on data from Afriland First
Bank, 2021
The model of homogeneous segmentation of high
productivity customers (GE + ME) into homogeneous
productivity segments enables five productivity segments to

be identified. Figure 6 gives the optimal regression tree for
business segmentation. We can read in the figure, following
the decision rules, the prediction of the annual productivity
of a company. Table 2 summarizes the information on each
segment by giving the average productivity of the segment
and the proportion of businesses located there. Figure 6
shows the predominance of the age of the bank relationship
in the decision model of the productivity segment of a
company. Equipping remote banking products and the
client's inactivity status are no exception.

Figure 6: Grouping of high productivity customer
(GE+ME) in homogeneous productivity segments
Source:Our calculations based on data from Afriland First
Bank, 2021

Table 2: Average productivity by segment and proportion of high productivity customer (GE + ME) of the training set
Proportion Customer (%)
Annual Productivity (CFA F)

Segment 1
3.2
87,542,860

Segment 2
26.2
7,416,859

Segment 3
66.6
6,418,978

Segment 4
3.5
3,886,019

Segment 5
0.6
722,693

Source: Our calculations based on data from Afriland First Bank, 2021
Description of segments
Segment 1: This is the most productive segment; it has an
average annual productivity of 87,542,860 CFAfancs.
Companies that are equipped with at least one remote
banking product characterize it. These companies are very
often active. The age of the bank relationship is between 9
and 12 years old. In this segment, in 2018, we find 35.3% of
GE, and 64.7% of ME.
Segment 2: This segment has an average annual
productivity of 7,416,859 CFA francs. Companies whose
bank relationship age is over 12 years characterize it. In this
segment, in 2018, we find 30.4% of GE, and 69.6% of ME.
Segment 3: It has an average annual productivity of
6,418,978 CFA francs. Companies whose bank relationship
age is less than 9 years characterize it. In this segment, in
2018, we find 19.2% of GE, and 80.8% of ME.
Segment 4: It has an average annual productivity of
3,886,019 CFA francs. Companies that are not equipped
with at least one remote banking product characterize it. The
age of the bank relationship is between 9 and 12 years old.
Segment 5: It has an average annual productivity of 722,693
CFA franc. Companies that are equipped with at least one
remote banking product characterize it. These businesses
tend to be inactive. The age of the bank relationship is
between 9 and 12 years old. In this segment, in 2018, we
find 27.3% of GE, and 72.7% of ME.

Lessons learned from high productivity customer
(GE+ME) segmentation
 Age of bank relationship is an important segmentation
variable; companies with a long bank relationship display
satisfactory levels of dynamism, which would also reflect
a dynamism in the development of customer relations.
Indeed, the most productive segments are made up of the
oldest companies in the portfolio.
 Equipping remote banking products is a significant
productivity element. In fact, the segmentation model
divides companies into two large groups. The most
productive with an average annual productivity estimated
at more than 74,000,000 CFA francs and the least
productive with an average annual productivity around
3,900,000 CFA francs. The former are equipped with at
least one remote banking product. Seconds are not.
 Companies with more than 9 years in the bank
relationship have an average productivity of more than
15,000,000 CFA francs against a little less than 7,400,000
CFA francs for those under 9 years old.
The model of homogeneous segmentation of low
productivity customers (PE + TPE) into a homogeneous
productivity segment makes it possible to highlight four
productivity segments. Figure 7 gives the optimal regression
tree for business segmentation. We can read in the figure,
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following the decision rules, the prediction of the annual
productivity of a company. Table 3 summarizes the
information on each segment by giving the average
productivity of the segment and the proportion of businesses
located there. Figure 7 shows the predominance of inactivity
status and age of the bank relationship in the decision model
of the productivity segment of a company.

Figure 7: Grouping of low productivity clients (PE + TPE)
into homogeneous productivity segments
Source: Our calculations based on data from Afriland First
Bank, 2021
Table 3: Average productivity per segment and proportion
of low productivity companies (PE + TPE) in the training set
Segment 1 Segment 2 Segment 3 Segment 4
Proportion
6.2
Customer (%)
AnnualProductivity
1,460,552
(CFA F)

39.5

34.2

20.1

589,778

99,366

97,619

Source:Our calculations based on data from Afriland First
Bank, 2021
Description of low productivity customer(PE + TPE)
segments
Segment 1: This is the most productive segment, with an
average annual productivity of 1,460,552 CFA francs.
Companies whose bank relationship age is around 4 years
characterize it. In this segment, in 2018, we find 15.0% of
PE, and 85.0% of TPE.
Segment 2:This segment has an average annual productivity
of 589,778 CFA francs. Companies that are very often active
characterize it. In this segment, in 2018, we find 42.00% of
PE, and 58.0% of TPE.
Segment 3:It has an average annual productivity of 99,366
CFA francs. Companies whose bank relationship age is over
4 years characterize it. In this segment, in 2018, we find
7.0% of PE, and 93.0% of TPE.
Segment 4: It has an average annual productivity of 97,619
CFA francs. Companies whose age of bank relationship is
over 3 years characterize it. In this segment, in 2018, we
find 27.0% of PE, and 73.0% of TPE.
Lessons learned from low productivity customer (PE +
TPE)segmentation
 The age of the bank relationship is an important
segmentation variable, company with a long bank
relationship showing satisfactory levels of dynamism,
which would also reflect a dynamic development of
customer relations. Indeed, the most productive segments
are made up of the oldest companies in the portfolio.

 The inactivity status is a striking element of productivity.
In fact, the segmentation model divides companies into
two large groups. The most productive with an average
annual productivity estimated at more than 590,000CFA
francs and the least productive with an average annual
productivity around 238,000CFA francs. The former are
very often active. Which is not the case with seconds.
Table 4 gives the transition matrix between the different
productivity levels of the high productivity customer
segments (GE + ME). This matrix presents the probabilities
for a company of migrating from one customer segment to
another after 2 years. By considering a company in segment
1, which is in the segment of companies with the highest
productivity profile, it has a 20% chance of remaining in this
segment in period two. It has more than 75% risk of ending
up in segment 2, a segment with lower productivity than that
in which it was in period 1. In addition to this observation,
there appears a rather alarming risk of 4% that it ends up in
segment 5. For such customer, if left unchecked, it is most
likely headed for the "churn". The bank's CRM must come
into action to improve customer relations with these
companies.
Table 4: First-order Markov matrix for transitioning
between productivity levels of high productivity customers
(GE + ME)
Segment1
Segment2
Segment3
Segment4
Segment5

Segment1 Segment2 Segment3 Segment4 Segment5
20.0
75.4
0.0
0.0
4.6
0.0
100.0
0.0
0.0
0.0
4.7
0.0
91.0
3.6
0.8
12.9
59.7
0.0
24.2
3.2
20.0
20.0
0.0
0.0
60.0

Source:Our calculations based on data from Afriland First
Bank, 2021.
Table 5 gives the transition matrix between the different
productivity levels of the low productivity customer
segments (PE+TPE). This matrix presents the probabilities
for a company of migrating from one customer segment to
another after 2 years. Considering a company in segment 1,
that is to say in the segment of companies with the highest
productivity profile, it is difficult for it to remain in this
segment in period two. It has more than 11% of risk of
ending up in segment 2, a segment with lower productivity
than that in which it was in period 1. In addition to this
observation, there appears a rather alarming risk of 6% that
it ends up in segment 4. For a such and such a company, if
nothing is done, it is very likely heading towards the
"churn". The bank's CRM must come into action to improve
customer relations with these companies.
Table 5: First-order Markov matrix for transition between
productivity levels of low productivity customers (PE +
TPE)
Segment1
Segment2
Segment3
Segment4

Segment1 Segment2 Segment3 Segment4
0.0
11.0
89.0
0.0
7.3
64.5
22.1
6.1
0.0
6.9
93.1
0.0
12.4
39.3
14.8
33.6

Source:Our calculations based on data from Afriland First
Bank, 2021
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In general, the direction of corporate customer migration can
be summarized as follows: businesses from high
productivity segments will migrate mainly to low
productivity segments while those from low productivity
segments migrate to higher productivity segments. This with
a few exceptions.
For high productivity customers (GE + ME), segment 1
displays the highest CLV. The CLV of this segment is
estimated at 87,019,958 CFA francs (Table 6). A company
in this segment thus has a current value in two years
estimated at 87,019,958 CFA francs. This segment
represents a good productivity niche for the bank. In
addition, companies in this segment, in the current state of
the bank's marketing policy, have a propensity to remain in
high productivity segments. Companies that are equipped
with at least one branchless banking product characterize
this segment. These companies are very often active. The
age of the bank relationship is between 9 and 12 years old.
Thus, by strengthening support for segment companies
(promotional offers, overdraft and loan facilities), the bank
would further increase its productivity and gain more from
this segment. Looking at the performance achieved in this
segment in 2018, the bank is on a good dynamic in this
segment. She should continue there. Segment 5 is that of
companies with the lowest customer values in the high
productivity customer portfolio (GE + ME). Companies that
are equipped with at least one remote banking product
characterize it. These businesses tend to be inactive.
Although these companies are equipped with remote
banking products, the fact that they are inclined to be
inactive greatly reduces their values. However, these
companies have good tendencies to migrate to high
productivity segments. The bank should activate the
mechanisms to combat the inactivity of companies in this
segment.
Table 6: Customer values by homogeneous productivity
segment for high productivity customers (GE + ME)
Segment1 Segment2 Segment3 Segment4 Segment5
CLV
87,019,958 7,372,558 6,380,638 3,862,808 718,377
(CFA F)

Source:Our calculations based on data from Afriland First
Bank, 2021
For low productivity customers (PE + TPE), segment 1
displays the highest CLV. The CLV of this segment is
estimated at 1,451,828 CFA francs (Table 7). A company in
this segment thus has a current value in two years estimated
at 1,451,828 CFA francs. Unfortunately, companies in this
segment have a high probability of migrating to low
productivity levels. Companies whose bank relationship age
is around 4 years characterize this segment. The young age
of companies in this segment could explain their
instabilities. The fact remains that these companies represent
a niche of future productivity. Segment 4 is that of
companies with the lowest customer values in the low
productivity customer portfolio (PE + TPE). Companies
whose age of bank relationship is over 3 years characterize
it. These companies have high probabilities of migrating to
high productivity segments. These companies need to be
supervised, in order to increase trust in the customer
relationship.

Table 7: Customer values by homogeneous productivity
segment for low productivity customers (PE + TPE)
segment1 Segment2 segment3 segment4
CLV (CFA F) 1,451,828 586,255
98,773
97,036

Source:Our calculations based on data from Afriland First
Bank, 2021

6. Conclusion
The issue of customer value is decisive in the management
of customer relations and the conduct of marketing policy in
a commercial company. In Cameroon, telecommunication
companies like MTN Cameroon and Orange Cameroon,
have already integrated this issue into their daily Marketing.
In the banking sector, on the other hand, it remains even less
popular. However, it is obvious that the banking ecosystem
in Cameroon is becoming increasingly harsh. There is fierce
competition from banks for both customer acquisition and
retention. The survival of banks in this ecosystem will
depend on their ability to "know" the customers. Knowing
customers therefore implies that banks should have a highperformance instrument that can allow them to assess them.
This instrument must drink in data tracing customer
transactions, and therefore be able to anticipate their needs.
By taking advantage of uni and multivariate analysis tools,
variables such as inactivity status, status of equipment in
bankcard and remote bank product and age of the bank
relationship were revealed. as determining factors in the
prediction of the productivity potential of the business
portfolio. Equipping as a remote banking product
discriminates productivity in the group of high productivity
customers (GE + ME) into two broad segments. The most
productive with an average annual productivity estimated at
more than 74,000,000 CFA francs and the least productive
with an average annual productivity around 3,900,000 CFA
francs. On the other hand, in the group of low productivity
customers (PE + TPE), it is the inactivity status that appears
to be the most important discriminating factor. He divides
these clients into two large groups. The most productive
with an average annual productivity estimated at more than
590,000 CFA francs and the least productive with an
average annual productivity around 238,000 CFA francs.
The transition matrices built, the calculation of the customer
values of each customer group of similar productivity
behavior and for each segment results in the highest CLV in
the group of high productivity customers (GE + ME) at
87,019,958 CFA francs. That of the group of low
productivity customers (PE + TPE) is estimated at 1,451,828
CFA francs.
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