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Abstract. A product trial is a great way of marketing. It offers a first-hand expe-
rience that a customer can use to evaluate the product and decide whether to buy
it. However, there are expenses involved in every trial. If the buyer decides not
to purchase the product after the trial, this expense gets wasted. The lower the
conversion rate, the higher the loss that the company must face. To reduce these
losses, a strategy should be developed on which studies should be conducted. One
such business case is the subject of this paper. A software development company
has launched a new product and given its current customers access to the product’s
trial version. A loss of $8.5M resulted from 56% of trial customers not buying
the product. The business is therefore looking for strategies to reduce this loss.
This paper aims to present the work which is done to solve this business prob-
lem. The goal is accomplished by employing analytical methods to determine the
most likely clients. The data provided by the company is used to build binary
classification models. Another way to find the likeliest customer is based on the
purchase pattern of the customers. Affinity analysis is done on the data to identify
the set of products with which the new product is frequently sold to target the
customers who have purchased those products for the sale of the new product.
Among the binary classification models that were built, the Random Forest model
outperformed other models with an accuracy of 83%. This enables the business
to take calculated decisions while extending the trial to the customers. Alterna-
tively, Market Basket Analysis, with an accuracy of 88%, discovered a set of two
products, the existing buyers of which are more likely to buy the newly launched
product. This information not only helped find the right customers but also paved
the path for cross-selling of the new product.

Keywords: Likeliest Customers · Binary Classification ·Market Basket
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1 Introduction

Product trial is a unique form of advertising as it provides a direct experience to the
customer. It is much better than documentation, PPT, and theories as it’s the working
model of the solution the product provides. With the advancement of technology, new
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products are emerging constantly and rapidly. But not all of them become popular and
profitable. Studies mention that 95% of new products fail [1]. Not enough exposure
to the customers could be one of the major reasons for this as the customers are not
familiar with the capability and potential of the product [2]. Therefore, a trial becomes
very important for customers to evaluate the product and make purchase decisions.

Although the trial is an effective way of promotion, it is also a very expensive
way of marketing. There are a lot of resources involved in the trials and there is a
cost associated with every resource. These resources could be user training, operations,
technical support, cloud computation and storage, licenses, etc. The company loses
revenue if the conversion rate of customers after trials is low.

Therefore, there should be a strategy based on which the trials are given to the
customer so that losses are minimal. Purchase intent is one of the main factors that need
to be looked at before giving any trial to the customer [3]. It is the probability that a
customer will buy a product. Once the purchase intent is evaluated, the decision of giving
a trial or not can be taken. Purchase Intent can be evaluated with the help of predictive
analytics.

A software development company, RLP Software Private Limited launched a new
product ‘Strategy Builder’ and has extended the trial version of the tool to its existing
customers. The conversion ratio after the trial is just 44%. Based on the data provided,
the business has lost $8,450,200 on unsuccessful trials. The objective of the study is
to minimize these losses. Predictive Analytics would be used to identify the customers
with higher purchase intentions. It would also be interesting to know if the new product
is purchased more by the customers who own a specific set of existing products. Affinity
analysis is a powerful tool to get this information.

2 Literature Review

Existing published works were reviewed to identify the right set of solutions for this
problem. The Literature review done for this case is divided into 4 parts. The first part
focuses on the importance of trials after the launch of a product, the second one explains
the concept of Purchase Intentions, and the last 2 parts are dedicated to various machine
learning algorithms to improve the trial conversion.

2.1 Importance of Product Trial

Whenever a new product is launched, there is always an expectation of great sales by the
company. Most of the time the results are not as expected and from there, the retrospect
and improvisation start. For customerswho have not purchased the product, the company
can sell products through the improvement of product satisfaction. However, the more
product satisfaction is improved, the more services need to be paid for, which increases
the cost of the company. The company wants to sell its products successfully with
minimal cost. To maximize the benefits for the company, a data mining system must
be developed to help companies focus on unpurchased customers with the strongest
purchase intentions [4].
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2.2 Purchase Intention

It is the willingness of the customer to buy a certain product. It’s a dependent variable
based on several independent factors and is a measure of a potential customer’s attitude
towards purchasing a product. It is an important metric in designing marketing strategies
[5]. Price had been an important variable in influencing purchase intentions but other
variables such as knowledge, experience, and quality are important in the process of
customer’s purchase decisions too [6]. For that matter, the duration of association of
customers with the company also plays an important role. Another factor is the perceived
value, which is considered directly proportional to the purchase intent [7]. With these
vast possibilities, the first step is to identify the factors affecting customers’ purchase
intention.

2.3 Binary Classification

It is a powerful technique that could be used to predict purchase intention. From the
business point of view, two prediction models are needed [8]. The prediction model
which uses some or all behavioral data could only be applied to the company’s existing
client base, for whom all data is available - the so-called cross sale [9]. On the other hand,
it makes sense to build a separate prediction model using only the socio-demographic
data if the company were interested in acquiring customers that have not yet established
a business relationship with the company. Since the modeling objective became clear,
the next step was to identify the type of classification.

Binary classifiers are a widely used option, however, there is an alternate method
available called one-class classification, which works only with a single class of data
[10]. This technique is used when class distribution is imbalanced i.e., one of the classes
is much higher in data than the other. In such cases, the former may not perform well.
Considering the data in this study the classes are divided in a ratio of 44:56, whichmakes
it a balanced dataset. Therefore, it was decided to go with the binary classifiers only for
this study.

2.4 Market Basket Analysis

Once the purchase intent is evaluated, several other important patterns can be discov-
ered from data collected from the business. Affinity analysis is one such technique for
achieving that. For identifying the affinity between the products there have beenmultiple
pieces of research done. Most of them involved using Market Basket Analysis. A prior
study [11] shows that this way is useful in finding out interesting patterns from a large
amount of data, predicting future association rules as well as the right methodology to
find out outliers. Among various methods for affinity analysis, the apriori algorithm is
found to be better for association rule mining. There are various complexities involved
in the apriori algorithm like the exhaustive scan of the database multiple times and as the
input becomes larger, the computation time increases significantly [12]. Still, this is a
popular choice among data scientists. The data collected from the business is moderate
in size, hence these limitations will have negligible effects on our study.
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Some studies tried a completely new way of improvising the MBA. One such study
used the Map/Reduce of Cloud Computing [13]. The algorithm has been executed on
EC2 small instances of AWS with nodes 2, 5, 10, 15, and 20. The execution times of the
experiments show that the proposed algorithm gets better performance while running on
a large number of nodes to a certain point. However, from a certain point, Map/Reduce
does not guarantee to increase the performance even though we add more nodes because
there is a bottleneck for distributing, aggregating, and reducing the data set among nodes
against the computing powers of additional nodes.Hence, the scope of the study is limited
to the basic algorithm for finding associations.

3 Data Description

The data was scattered into multiple entities in the SQL database. While most of the
sales data were available as read-only to internal employees but there were a couple of
entities that had restricted access as they contained Confidential information. So, this
study is done on data that does not violate the confidentiality clauses.

The sales team provided the list of customers who were granted trial versions of
the new product. The data had two columns ‘Customer Id’ and ‘Purchased’ indicating
whether the customer bought the product or not after the trial. The rest of the data was
extracted from the Sales database based on the id of the customer.

Fig. 1. Description of Variables

Figure 1 shows the variables and their significance that were involved in the study.
The data extracted had 6560 observations of the customers on which trials were done.
There are 12 variables out ofwhich 10 are independent, 1 is dependent and 1 is a customer
id column which would not be considered in the study further. There were no missing
values found in the dataset. The dependent Variable ‘Purchased’ had a balanced no of
observations for each class with ratio of 44:56.
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4 Data Preparation

Data Preparation is an extremely important stage because the model and its accuracy
depend on this a lot. This involves cleaning data, deriving new features, and formatting
data. The model usually understands numeric data; hence the categorical variables must
be converted to numeric ones.

Fig. 2. Data Preparation Flow

Figure 2 shows different techniques that were applied to preparing data formodeling.
Encoding and Binning are the major ones among them followed by replacing the binned
columns with numeric ones.

One-Hot Encoding: It is the process of creating dummy variables for categorical vari-
ables where order does not matter. For every categorical feature, a new variable is
created.

Binning: It is a technique for reducing the cardinality of continuous and discrete data.
Binning groups related values together in bins to reduce the number of distinct values.

With the application of these preprocessing techniques, the data was ready for the
modeling stage.

5 Model Building

For achieving the objective of the study, there were 2 techniques identified. One was to
build a predictive model, and another was to find the affinity of the new product with
the set of existing products based on purchase history. The solution for each objective
is explained below:
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5.1 Identify the Most Probable Customer for the New Product

Method: Binary Classification

Dependent Variable: Purchased.
Independent Variables: 10 (All columns - Purchased)
Train and Test data ratio: 75:25
Metrics: Accuracy
Techniques:

Decision Trees,
Logistic Regression,
Naïve Bayes,
Random Forest,
XGBoost.

5.2 Identify the Set of Products with Which the New Product Gets Sold
Frequently

Method: Market Basket Analysis

Variables: Individual existing product purchase data for each customer.
Technique: Apriori algorithm for finding Association Rules
Metrics: Lift, Confidence and Support.
Train and Test data ratio: 75:25

6 Evaluation

After application of different machine learning algorithm, the next step is to evaluate
them so that themost appropriate technique can be used for solving the business problem.
Below are the evaluation results for the techniques applied:

6.1 Predictive Analytics

In the last step,multiple binary classificationmodels were built, but not all can be used by
the customer, hence, themost accurate one should be picked for predicting the likelihood.
Table 1 shows the comparison of accuracy.

6.2 Market Basket Analysis

The combination of two products showed a high association with the new product in the
training data. This result gave 88.28% accuracy when checked on the testing data.
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Table 1. Accuracy Comparison

Modeling Technique Accuracy

Decision Trees 77.9%

Logistic Regression 70.6%

Naïve Bayes 72.8%

Random Forest 83%

XGBoost 82%

7 Results

After evaluating the models and algorithms based on their respective metrics, like Lift,
Confidence, and Support for Market Basket Analysis and Accuracy score for Binary
Classification, below results and observations were found:

7.1 Predictive Analytics

After Applying multiple machine learning algorithms to the dataset, Random Forest
came out to be the best model with the highest accuracy. The objective of finding the
most probable customer is achieved with the model finalized.

7.2 Market Basket Analysis

Another objective of the study was to find the association between the products. This
information is now available for the customer to improvise its sales strategy. Based on
the lift and confidence values found from association rules, the customers who have
purchased the products ‘MLC’ and ‘QPC’ both are more likely to purchase the new
product. Therefore, the customers who have already purchased these products should
be targeted for the trials of the new product. Additionally, this combination of products
can be considered for cross selling the new product.

8 Conclusion

This paper gives an overview of data mining and modeling techniques applied to mini-
mize the losses in product trials. Predictive analytics with the help of the Random Forest
model gave an accuracy of 83% which is quite decent. There are no traces of under-
fitting and overfitting in the model. Therefore, the trials should be given to customers
only based on the response of the model. For the customers, whose likelihood is less,
should be given a demo/video of the product for marketing instead of a separate trial
version, as they are the company’s customers too and can be potential customers for
the new product. Affinity analysis with the help of the Apriori algorithm discovered the
fact that the new product gets sold more often by the customers who already own the
existing ‘MLC’ and ‘QPC’ products of the company. Hence, the new product should be
considered for cross-selling with these products.
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9 Scope for Future Work

The solution for the problem that the business is facing could also be achieved by
clustering, which could help in understanding similarities between the customers who
are not purchasing the new product. This technique would divide the customers into a
certain number of clusters based on similar traits. The idea is to take advantage of these
common traits to identify the measures to onboard these customers.
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