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Abstract. Direct marketing enables businesses to identify customers that could
be interested in product offerings based on historical customer transactions data.
Several machine learning (ML) tools are currently being used for direct mar-
keting. However, the disadvantage of ML algorithmic models is that even
though results could be accurate, they lack relevant explanations. The lack of
detailed explanations that justify recommendations has led to reduced trust in
ML-based recommendations for decision making in some critical real-world
domains. The telecommunication domain has continued to witness a decline of
revenue in core areas such as voice and text messaging services which make
direct marketing useful to increase profit. This paper presents the conceptual
design of a machine learning process framework that will enable telecom sub-
scribers that should be targeted for direct marketing of new products to be
identified, and also provide explanations for the recommendations. To do this, a
hybrid framework that employs supervised learning, case-based reasoning and
rule-based reasoning is proposed. The operational workflow of the framework is
demonstrated with an example, while the plan of implementation and evaluation
are also discussed.
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1 Introduction

Majority of industries today face greater challenges in selling the right product to the
right customer and at the right time. With the vast amounts of data available through
big data technologies, a direct marketing campaign can be constructed to analyse
customer characteristics to recommend the right product offering to a customer at the
right time [1, 2].

Machine learning (ML) is a substantially better way of making predictions using
complex sets of data from data sources to derive results. It utilises specially designed
algorithms to identify customer patterns from large data sources, which are more
difficult to handle for traditional statistical methods, expert systems-based approaches,
or manual approaches [3].
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The disadvantage of ML algorithms is that they are typically black-boxes that
produce results without explanations. Often, the user must be an expert to interpret the
result to utilise it [4]. This lack of explanation reduces the level of confidence in ML
predictions, and adoption by the management of many organizations, particularly in
critical sectors. [4, 5]. This problem makes it necessary to have highly skilled personnel
to interpret the results produced by ML algorithms. This increases capital and opera-
tional expenditure of organisations on personnel significantly [4, 6].

The generally poor explanation attribute of ML systems has led to increased
interests in the field of Explainable AI (XAI) [6]. The information available on product
review websites such as Softwareadvice (www.softwareadvice.com), capterra (www.
capterra.com), and goto crowd (www.g2crowd.com) revealed that most ML-based
direct-marketing tools lack the capability to provide a detailed explanation. ML pre-
dictions accompanied by detailed explanations would allow for valuable insight into
understanding customer behaviour [7].

The telecommunication (telecom) industry has seen a continuous decline in revenue
in core areas such as voice and text messaging [8]. At the same time, the domain has
also absorbed a variety of disruptive technologies, message services and over-the-top
streaming services. These factors have resulted in the high need to continuously
increase product sales within the domain. With the rich customer data available, a data-
driven direct marketing strategy enables the right product to be offered to the right
customer and at the right time [8]. This makes the concept of direct-marketing with
explanations quite relevant to the telecom industry.

This paper presents the design of a process framework that explores a hybrid
approach that is able to combine supervised machine learning, and an intelligent rea-
soning model (IRM) that consist of case-based reasoning, and a set of expert defined
knowledge rules to generate explanations for direct marketing predictions. This type of
framework facilitates the use of experience from previous use case scenarios, and
domain knowledge to create the basis for rich explanations that justifies ML predic-
tions. As a contribution, an adaptable process framework that enables effective direct-
marketing with explanations in the telecom industry is proposed, which will be an
improvement on previous approaches for direct marketing in the telecom domain that
lack explanations.

The remaining part of this paper is described as follows. Section 2 presents an
overview of the background and related work. Section 3 presents the description of the
process framework, while an example was used to describe how the framework can be
applied is presented in Sect. 4. Section 5 discusses the plan for implementation and
evaluation, while the paper is concluded in Sect. 6 with a brief note.

2 Background and Related Work

This section provides an overview of important topics that are relevant to this paper. It
reviews the subject of data-driven direct product marketing, machine learning, rule-
based reasoning, and case-based reasoning. It also presents an overview of previous
work on ML-based direct marketing.
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2.1 Data-Driven Direct Marketing

Direct marketing is a method whereby customer features such as spending, geo-
graphical details and past product purchases are used to offer a product directly to a
specific customer. Across industries, this method has been proven to increase sales
significantly [1, 9]. The technological advancement in data processing and storage has
allowed organisations to store large datasets. A larger set of data allows an organisation
to know more about a customer and execute a more accurate prediction. The right data
allows customers to be segmented accurately and products can be marketed to iden-
tified customer segmentations [2].

Over time technological advancements have enabled the use of data-driven direct
marketing. Various data analytics technologies can be used to build customer char-
acteristics and identifying customer patterns from data. It is now possible to predict the
probability that a customer would respond to a specific product offering [10, 11].
Studies have shown that top-performing companies rely more on large detailed datasets
and data analytics than low performing companies [9, 10].

2.2 Machine Learning

Machine learning (ML) is a computer-based method which looks at existing data as
input and produces a prediction as output by applying an algorithmic model. An
algorithmic model is a sequence of instructions used to convert the input into the output
[12]. At a high level, ML consists of two phases. The first phase is applying an
algorithmic model to a dataset to train the model on a dataset. The second phase is to
take a dataset and make a prediction of future occurrences.

ML has proven to be very effective in direct marketing. It allows a company to take
a large dataset, and then establish detailed customer characteristics based on the dataset,
and apply an algorithmic model to make a probabilistic prediction [3]. The most
accurate ML models are usually in a nested non-linear structure. Nested non-linear
models such as Artificial Networks (ANN), Random Forest (RF) are mostly applied in
a black-box manner where no explanation is provided on how the model arrived at a
particular prediction. This lack of explanation makes it difficult to identify flaws in ML
models and biases in the data [4].

2.3 Case-Based Reasoning

Case-based reasoning (CBR) uses the record of past occurrences to provide the solution
to a new occurrence. The approach has been found to have strong explanation
mechanisms because it derives its explanations from similar previous cases [13, 14].
Typically the CBR problem-solving process entails case retrieval, case reuse, case
adaptation, and case retention. CBR can be applied to address the lack of explanation
and simplify the interpretation of results. CBR can be used to substantiate the pre-
dictions made, which can complement a machine learning model in a good way. CBR
examines past occurrences with similar output and provides a detailed explanation of
why the current output occurred. Real evidence is used from a set of relevant cases to
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explain the task at hand. CBR Explanations are simplistic regardless of the complexity
of the current problem [14].

2.4 Related Work

A number of efforts that focussed on the use of machine learning techniques to improve
direct marketing have been reported in the literature. Of these efforts, the banking
sector, and telecommunication appears significantly, hence they have been considered
for review.

In [15], an attempt was made to determine the best classification technique for data-
driven direct marketing. Four commonly used classification techniques were selected
and evaluated. The results showed that decision trees produced a reasonably high
sensitivity, specificity and accuracy. In [16] a similar attempt was made with respect to
the banking sector where four different machine learning (ML) algorithms were
compared to investigate the effectiveness in predicting potential customers for banking
products. The results showed that the use of ML algorithms allows the processing of
large amounts of data and gathering a greater historical view of customer spending
patterns. The emphasis was on accuracy of results and no explanation. In [17] banking
data was applied to the SVM and Random Forest (RF) Regression model to predict
potential banking customers. Both models produced a good performance for classifi-
cation but the RF Regression showed slightly improved results for accuracy and sen-
sitivity. The study also noted that both models lacked explanation that can enable the
understanding of results. In [18] the Naive Bayes and RF Regression model were
compared by using a large banking dataset to determine customers for long term
deposits. The RF Regression model performed better in terms of accuracy, specificity
and sensitivity, but offered no explanation.

The authors in [19] showed that data classification techniques are effective in
determining which customers will subscribe to term deposits in the banking industry.
A banking dataset was labelled with relevant attributes, and customers grouped by
region. Decision tree and Naïve Bayes classification techniques were used to categorise
the customers. The decision tree was found to have a higher level of accuracy but
offered no explanation.

In [20], it was found that the application of ML models improves overall marketing
significantly. This was tested by applying a ML models to customer dataset containing
various customer features to obtain predictions. In [21] a study to identify customers for
upselling of products within the telecommunication industry using a ML was con-
ducted. A Support Vector Machine (SVM) model was applied to a customer dataset to
classify the customers as either a churner or a non-churner. The classification was then
used to determine the probability to upsell or not. The prediction had high accuracy
with minimal errors but no explanation was provided to justify the classification.

In [22] a deep learning model was applied to a telecommunication dataset to
determine customer churn. The findings indicated that accurate predictions were made
but the lack of explanation prohibited a greater understanding of customer behaviour to
reduce the rate of churners in the long term proactively. A study by [23] recommended
that extraction of data from the resource, service and customer layers within a
telecommunication company could provide an accurate and insightful customer profile.
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In addition to this, customer billing information which includes consumption, spend
limit and usage data were found to be valuable in predicting product offerings. There is
a relationship between a customer’s past spending pattern and current consumption.
This relationship can be exploited to recommend meaningful products to a customer at
the right time. This paper extends the recommendation made by [23] by adding billing
data as an extra dimension for generating prediction on customer choices, also focusses
on providing explanations. A study by [24] revealed that combining a CBR system
with a ML model can enhance the predictive accuracy as it enabled domain expert
knowledge to be used to formulate cases in the case base. The hybridized system was
applied to predict prices for internet domain names and it produced a better prediction.
In [25] a CBR module was used to select the specific ML model that should be used to
solve a problem. The CBR-ANN hybrid system showed improved results when
compared to a situation when a basic ANN model is used. The aim of the CBR-ANN is
not to improve explanation of results. A study to predict skin disease by using a real life
skin disease dataset was reported in [26]. The CBR-ANN was adjudged to be of
acceptable performance but the primary objective of the hybrid system was not
explanation. In [27] a hybrid CBR-ANN system that can be used for different types of
classification problems was presented. A trained ANN model was used to extract
feature weights that were used to improve the performance of the CBR module within
the hybrid system. use in case-based reasoning (CBR) system. The focus of the hybrid
system is not explanation. In [28] a study that compared the performance and usability
of a hybrid CBR-ANN system, a CBR system, and a ANN system for the prediction of
the valuation of residential properties was presented. The hybrid CBR-ANN system
was found to have better performance and usability. The emphasis of the CBR-ANN
system was not primarily on explanation. Generally, although some hybrid systems
have been proposed, and the concept of explainable machine learning is currently
attracting increasing attention of researchers, so far, this has not been applied to the
telecommunication domain, which makes the intended contribution of this paper to be
unique [14, 29].

3 Methodology

In this section, the requirements and conceptual design of the proposed process
framework for direct marketing with explanation are presented.

3.1 Requirements

In order to identify the requirements that the proposed approach must satisfy, the Joint
Application Development (JAD) technique was used. JAD allows the inclusion of all
project stakeholders, developers and users so that the requirements are scrutinized by
all participants [30]. Requirements were derived from all functional and non-functional
aspects that pertain to the system and all the identified use cases. Sessions were held
over four days in scheduled daily sessions until all issues have been discussed and
information collected [31]. The JAD session included 9 participants described as
follows:
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• Specialist in Predictive Analytics (2 persons)
• Customer Care End User (3 persons)
• Specialist in Customer Experience Management (2 persons)
• Customer Care Supervisor (1 person)
• Specialist in Business Intelligence (1 person)

During the JAD sessions, participants were given the opportunity to mention dif-
ferent types of interactions with customer data whether it is with the front-end resources
or back-end resources. They were also asked to identify how a customer’s purchasing
pattern can be influenced in a positive way. They were also tasked to list any problem
which they think might be a challenge in customer interaction or influence a customer’s
purchasing pattern. By using a brainstorming technique involving all participants,
solutions were identified for all the problems, which were then converted to system
requirements. At the end of the JAD sessions, the following requirements of the system
were derived (Table 1):

Table 1. List of requirements

Req.
No.

Description

1 The system shall predict customers that are most likely to be interested in a product
and provide explanation of why the customers were selected

2 The system shall predict which products can be used to upsell specific customers
3 The system shall predict the customers that should not be considered for a

particular product, with an explanation of why the customer were selected
4 The system shall produce its recommendations in a speedy and reliable manner
5 The system shall be able to classify customers into low and high spending

customers based on the amount they spend per month
6 The system shall be able classify customers into low and high usage subscribers

based on the amount they use per month
7 The system shall generate explanations that are easy to understand and of a high

quality
8 The system shall enable use of specific computational operations in different

scenarios through APIs or web services
9 The system shall ensure that customer data is protected through adequate security

measures such as user authentication and user login access functions to disallow
unauthorised users

10 The system shall display a list of available operations to enable the user to select an
operation of choice or which prediction is required

11 The system shall display prediction results and explanation to the user
12 The system shall allow the user to load products to be sold to customers onto the

system
13 The system shall allow a user accounts to be created and deleted
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3.2 A Hybrid ML Approach for Explainable Direct Marketing

Based on the identified requirements, a hybrid ML approach that will enable direct
marketing with explanation was conceived. The approach will enable data collection
from 4 different layers of a telecommunication organisation, which are the resource,
service, customer and billing layers, and to discover customers that should be targeted
for direct marketing by using a hybrid ML approach (see Fig. 1). The resource layer
includes subscriber and device data to verify the technologies available to the sub-
scriber. The service layer includes the voice, data and video services utilized by the
subscriber during a specific period of time. The customer layer includes the service
provisioning data and any interaction the subscriber had with the organization; while
the billing layer includes data on spending and user consumption data. After the data
collection is complete, the data is passed to the hybridized machine learning system
that does the prediction and generates an explanation.

3.3 A Process Framework for Explainable Direct Marketing
(PROFEDIM)

We have formulated the process framework for explainable direct marketing (PRO-
FEDIM), which consists of two phases. PROFEDIM is composed of a hybrid frame-
work that integrates supervised machine learning (ML) and case-based reasoning
(CBR). The activities of PROFEDIM, which can be classified into two phases are
depicted in their sequential order of (1) – (15) in Fig. 2. The first phase consists of
activities of data gathering – (1), data wrangling – (2), data labelling – (3), and data
selection and model training – (4) which are all mostly semi-automated, and offline
procedures. Data selection entails identifying the specific attributes that are required for
the direct product marketing task at hand, while model training is the process of using
supervised learning – (5) to train a nested non-linear ML model such as ANN, SVM, or
RF on the selected dataset. Model training is an offline activity that is separated from
the prediction task.

Fig. 1. An overview of the Hybrid ML approach for explainable direct marketing
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The second phase entails the generation of a prediction and an explanation in
response to a query. For prediction, when data of new query case/instance – (6) are
passed into the PROFEDIM, feature selection – (7) takes place so that relevant data are
extracted from the new query case. To do this, case matching and case retrieval from
the case base – (8) takes place to determine if the new case is similar to some old cases
if the new query case is significantly similar to some old cases, then the CBR module–
(9) by using the predefined rules by domain experts – (10) is used to generate a
prediction and a relevant explanation – (11).

When significant similarity with cases in the case base cannot be established, the
ML-based prediction module – (12) performs the prediction. This offers three possi-
bilities, which are to determine if customers could be interested in a new product, not
interested in a new product, and to determine if a customer can be a candidate for
upselling. After the prediction by the supervised ML model – (13) the case-based
reasoning module – (15) will search the case base – (14) for cases that have somewhat
similar attributes to the current case, and use them to construct a relevant explanation
for the new prediction – (11) by relying on the predefined rules by domain experts that
are stored in the repository – (11). The two alternate paths of computation that can be
explored in the course of operation of PROFEDIM is shown in Fig. 3.

Fig. 2. Overview of the process workflow of the Hybrid ML framework
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4 An Illustrative Example

In this section, we present a scenario example that deals with identifying subscribers
that should be targeted for direct marketing for a new YouTube data product by a
Telecom company (herein referred to as XC). The task is to select the subset of
customers of XC that should be targeted for direct marketing from a large pool of
subscribers. We shall use demo subscriber data that is derived based on data attributes
that emulate the schema of an unnamed Telecom company.

i. Data Gathering Process
The data gathering activity will involve extracting data from various sources at the
different layers of XC organization, which are pooled into a central database. The
database will include the following:

• Subscriber Profile (A1) – the subscriber’s main offering and any data package.
• Device Profile (A2) – the details of the device which was used by the subscriber this

will include the device capability, streaming functionality and the technology
supported by the device (2G, 3G, or 4G).

• Data Add-on Service (A3) – any other additional services such as a video
streaming, WhatsApp or YouTube service that the customer uses.

• Billing Profile (A4) – the subscriber’s billing data from the billing management
system. This will include the total amount spent for the month, the monetary
products attached to the profile and the billing cycle.

• Data Allocation (A5) – the amount of data allocated to the subscriber through
purchase during a particular time period.

• Data Usage (A6) – the amount of data used by the subscriber during a particular
time period.

• Transfer Activity (A7) – the amount of data received by the subscriber and the
amount of data sent to other subscribers during a particular time period.

• Streaming Application Usage (A8) –This is the amount of data used on the 3 most
used applications by the subscriber on these applications during a particular time
period.

• Total Spend (A9) – the total amount spent by the subscribers during a particular
time period based on the billing system (Table 2).

Fig. 3. Alternative computational paths of Hybrid ML framework
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ii. Data Wrangling Process
Data wrangling process will entail cleaning the data and removing duplicate, and null
values, and missing data that affects good data quality.

iii. Data Labelling Process
The data labelling process will allow the gathered data to be categorized and used as a
basis to derive relevant data attributes that could be used as a basis for prediction (see
Table 3). For this example case, the data attributes that were derived are the following:

• Spending Category (L1) – This is categorised as High, Medium, and Low based on
A7, and A9 according to a predefined threshold (e.g. High � R150; Medium
R50 � R149); or Low < R50)

• Data usage category (L2) – This will be categorised as High, Medium and Low
based on A5, A6, and A7 according to a predefined threshold (e.g. High � 300
MB; Medium � 100 � 299 MB; or Low < 100 MB).

• Period of connection (L3) – this is the measure of the period of years when the
subscriber is connected to the network. This number of days will be divided by 365
days to convert it to years. This is derived based on A3.

• Spend rate per day (L4) – this is the ratio of the total monthly spend divided by the
number of days in the month(s). This is derived based on A9

• Data usage rate per day (L5) – this is the ratio of the total amount of data used in the
month divided by the number of days. This is derived based on A6

• Data add-on usage rate per day (L6) – the total monthly data add-on utilized divided
the number of days in the month. This is derived based on A3.

• Device capability (L7) – This is categorized into 2G (Low), 3G (Medium) or 4G
(High). This is derived based on A2.

• Streaming capability (L8) – This classified as streaming (1) or non-streaming (0) to
indicate if a subscriber’s device has the streaming capability or not.

• Streaming usage per day (L9) – This classified as Low, Medium, or High based on
A8, and according to a predefined threshold.

Table 2. Sample data on subscribers

Subscriber ID A1 A2 A3 A4 A5 A6 A7 A8 A9

CUST9581111 Select +
Package

iPhone 11 1 GB 2000 MB 19500 0 MB 500 MB WhatsApp
(300); Youtube
(100); Facebook
(450)

850.00

CUST9581001 Smart
XL

Samsung
S9

250 MB 250 MB 500 0 MB 0 MB Youtube (100); 600.00

CUST9781011 Smart L Samsung
A1

1 GB 0 MB 1200 0 MB 0 MB WhatsApp (300) 300.00

CUST3561221 Prepaid Vodacom
T1

0 MB 0 MB 200 0 MB 0 MB WhatsApp (300) 110.00

CUST6481215 Smart
Red

iPhone 10 2 GB 1000 MB 10500 500 MB 500 MB Facebook (200) 1100.00

CUST4591101 Red VIP iPhone 11 5 GB 1000 MB 2000 0 MB 0 MB Youtube (100) 950.00
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iv. Data Selection and Model Training
This activity involves selecting labelled data attributes that are relevant to the pre-
diction task at hand from Table 3. For the current task L1, L2, L6, L7, L8, L9 are the
most important to predict whether a customer would be interested in a new YouTube
product or not. L4 and L5 are less important because their effects are subsumed by L1
and L2, which captures the total amount spent, and the total data usage by subscribers
hence they were excluded. The selected attributes lead to a regression problem that
seeks to predict the likelihood (True/False) that a customer would be interested in a
new YouTube product as follows:

Y ¼ aþ L1x1 þ L2x2 þ L6x6 þ L7x7 þ L8x8 þ L9x9 þ e ð1Þ

Where Y is the dependent variable to be predicted, a is the intercept, L is the slope,
X is the observed score on the independent variable, and e is an error value. This
regression task can be solved by using a supervised learning model such as ANN,
Support Vector Regression (SVR) or Random forest (RF). A dataset K consisting of
normalized vectors can be used to train the RF regression model.

K ¼ L�1; L
�
2; L

�
6; L

�
7; L

�
8; L

�
9; Y

�� � ð2Þ

Where L�i and Y� are the normalised values of Li and Y 2 K

In a scenario where RF is selected as the ML model to use, then a RF model can
estimate the value of Y for every vectorized data of Li that is presented to it. The most
discriminant attributes that are found to be critical for the prediction by the RF model
are also stored in the case base. For example after training and testing of the RF, the
attributes L1 – Spending category, L2 – Data usage category, and L9 – streaming usage
per day could have been found to be the most significant attributes for the prediction
made. These attributes are then stored in the case base for subsequent reuse in order to
generate explanation in future prediction scenarios.

v. Random Forest (RF) Regression
Random Forest (RF) Regression performs prediction by using an ensemble learning
approaches that returns the mean of the predictions of several decision trees to produce
its prediction. The decision trees are made up of questions which branches the learning
sample into smaller and smaller parts. The regression algorithm will search all possible
variables and values to find the best available branch which would be returned as the
prediction [32]. Studies have shown that RF Regression is an ideal technique in

Table 3. Subscriber profile after the data labelling process

Subscriber ID L1 L2 L3 L4 L5 L6 L7 L8 L9

CUST9581111 Medium Medium 28,33 66,66 33,33 10,33 High 1 High
CUST9581001 High Medium 1,36 20,00 1,36 1,36 High 1 Medium
CUST9781011 High Medium 3,28 10,00 33,33 0 High 1 Low
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handling both categorical and numerical data because it produces a high level of
accuracy of predictions and uses minimal overheads to perform predictions. The pro-
cedure the RF prediction will typically entail the following:

i) Import appropriate RF libraries, and load the dataset for training
ii) Split the dataset into a training set and test set (the 80/20 or 70/30 or 65/35 rules

are options to consider depending on the nature of data)
iii) Create a RF regression model and fit it to the dataset.
iv) Experimentally adjust hyperparameters to obtain a good-fit of the training and

validation data set.
v) Visualize the results.

vi. Prediction and Explanation via the CBR Module
The CBR module will work by comparing features extracted from a new case with
existing cases in the case base. The retrieval of similar cases to a query (new) case will
be done by using a K-Nearest Neighbour algorithm that fetches the set of most similar
cases to the new case [13]. For our example, a similarity threshold in the upper
percentile of 0.8 and above is considered significant. This is to ensure that case
adaptation by the CBR module is based on the solution parts of existing cases that are
significantly similar to a new case. The case adaptation process is used to generate a
prediction for a current case. The predefined rules by domain experts are used together
with the case attributes of the most similar cases to generate an explanation to justify
the prediction. On the contrary, if similarity of less than 0.8 is established, the RF
model will be used to generate the prediction because of its superior predictive ability
compared to CBR when there are no significantly similar cases in the case base.

vii. Prediction and Explanation via the RF Model
When the set similarity threshold between a new case and existing cases is not met
(< 0.8) then the pre-trained RF regression model is used to generate a prediction. After
obtaining a prediction, the CBR module will use the knowledge contained in the case
base to construct an explanation for the new prediction. To do this, the identified most
discriminant attributes for the RF prediction are used as a basis to identify the existing
cases that are most similar to the current case and retrieve them from the case base. The
basis for this retrieval will normally be based on a lower similarity threshold so as to
retrieve sufficient multiple cases. By using a heuristic search operation, individual
discriminant attributes of these multiple cases are examined to find instances that are
similar to those of the query case. These are then used together with the predefined
domain rules to generate an explanation for the prediction obtained from the RF model
for the query case. The examples of predefined rules to aid the generation of mean-
ingful explanations to support the predictions made by the RF model are shown in
Table 4.
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5 Implementation Plan

The recent advancement in the fields of machine learning (ML), and the existence of
reliable software development frameworks for case-based reasoning (CBR) makes the
actual implementation of process framework that can facilitate explainable direct
marketing plausible. We intend to develop an integrated system that will be able to
support the full scope of activities that spans the 2 phases of the process framework for
explainable direct marketing (PROFEDIM) as outlined in Sect. 3. We plan to leverage
Scikit-learn a Python-based ML framework to realise the supervised learning capa-
bilities for prediction such as Artificial Neural Networks (ANN), Random Forest (RF),
and Support Vector Machines (SVM). The myCBR Restful API [33] will be used as
the building block to realise all case-based reasoning functionalities. The two devel-
opment frameworks will be integrated within a single hybrid system architecture that
can support end-to-end activities of PROFEDIM. A prototype software will be
developed with distinct interfaces that support all forms of user activity such as
selecting a specific direct marketing task of interest, pre-processing, the specific type of
computation by using appropriate middleware algorithms, obtaining predictions, and
obtaining explanations by relying on appropriate knowledge resources. The outlook of
the components of the integrated hybrid ML system architecture is shown in Fig. 4.

From Fig. 4, it is obvious that data selection and feature selection can be invoked
from both the Scikit-learn component and the myCBR component, while prediction
and explanation capabilities are also enabled by these middleware components.

Table 4. Sample domain rules that can influence explanation generation.

Rule
No

Condition Offer

1 If low spender and high data receiver and streaming
capability

YouTube product

2 If medium spender and high data consumption and
WhatsApp user

WhatsApp product

3 If low spender and long-time user Data product
4 If high spender and high data consumption and streaming

capability
Data product

5 If high spender and high data consumption and high
streaming

Video streaming
product

6 If high spender and medium data consumption and high
streaming

Offer YouTube
product

7 If low consumer and low spender and short-time user No offering
8 If high spender and high data sender Data product
9 If high spender and high streaming Video streaming

product
10 If low spender and high data consumption and streaming

capability
Video streaming
product
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Post-implementation, the evaluation of PROFEDIM will be done from two per-
spectives. First will be to assess the performance of the framework in terms of the
accuracy of its predictions and the quality of its explanations. The process framework
allows either of ANN, RF, and SVM to be selected as the ML model for generating a
prediction, hence standard regression metrics will be used to do this. The quality of
explanations that are generated to justify predictions will also be evaluated in terms of
its understandability. The second perspective will be to assess the usability of
PROFEDIM as it fits into the operational workflow of a Telecom company. These two
evaluation perspectives will be essential in order to derive a valid conclusion of the
plausibility of the proposed framework.

6 Conclusion

In this paper, the description of a process framework for explainable direct marketing
(PROFEDIM) is presented. PROFEDIM is based on a hybrid architecture that inte-
grated both supervised machine learning and CBR. The sequence of activities of the
process framework, and its capabilities, and plan of implementation and evaluation was
discussed. This is further demonstrated by using an illustrative example of how the
process framework can be applied in a real problem scenario. The contribution of this
paper is that it offers a new perspective on direct marketing in the telecom domain
through the use of a hybrid AI architecture. This is because existing direct marketing
tools mostly lack explanation capability that is able to justify their
predictions/recommendations. In further work, we shall take steps to implement the
proposed framework, and also conduct an evaluation.

Fig. 4. Components of the Hybrid ML system architecture
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