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Abstract: Recommender systems are now important for making personalised product offers, but
using them in the insurance industry is not easy. This study aims to develop a recommender engine
suitable for real-world businesses. It will focus on recommending insurance policies and additional
coverages to support effective upselling. We look at and compare several recommendation
methods based on how well they predict, how hard they are to model, and how much work it takes
to tune them to find a solution that is both balanced and scalable. Because there are no clear
customer ratings and insurance data is highly sensitive, the proposed system relies on implicit
behavioural signals and next-item prediction techniques. Some of the other problems solved were
a lack of item diversity, a lack of interaction data, and the difficulty of using customer metadata
due to concerns about randomness and bias. The study shows how to address implicit feedback
while reducing bias from favouring popular products over less popular ones. The results show that
carefully chosen recommendation strategies can deliver real business value while adhering to the
rules and limitations that apply to data in the insurance industry.
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Introduction

The insurance business is highly competitive, and there is significant room for growth in sales.
The traditional way of using mediators to sell more insurance policies is what holds this industry
back [29]. It just adds an extra step to the whole process that doesn't need to be there. Using a
recommender system is one of the best ways to do this [32]. Even so, recommender systems are
used in many fields and applications, but they are not used enough in the insurance industry [37].
This is because the insurance industry has built-in problems, such as a limited number of target
products, a large number of user features and training data, and gaps in recorded data because
financial tech services place a lot of emphasis on privacy [35]. These problems need to be solved
before recommender systems can work in the insurance industry. The goal is to create a
recommender system that addresses the problems mentioned above and can be used in real time in
business settings [39].

The goal is to build a recommender engine that businesses can use [34[. Different ways to suggest
insurance policies and additional coverage to customers are compared, and the approach that
performs best in terms of predictive power, modelling effort, and tuning time is chosen. For
optimal coverage upselling, the approach must work with next-item data[31]. The inherent
challenges of data management in the insurance sector pose significant obstacles to the application
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of basic or conventional methodologies in the development of recommender systems. Because this
field has a lot of customer privacy, it is hard to use unlabelled data for training [38]. It's not good
that the data doesn't have any clear ratings, so we have to guess ratings and use implicit data. It's
also hard to use customer metadata and profile information because there is a random element. It's
also harder to train people in the insurance industry because there aren't many predictable items
[28]. This creates bias against popular and unpopular products.

The project is about machine learning and financial services. More specifically, it examines how
Al and machine learning can automate tasks in the financial sector [33]. It makes a solution for the
insurance industry that is specific to that business. The scope includes a working model that
handles missing user data and a robust data-cleaning effort that addresses problems with implicit
and unrated data [36]. A learning strategy that lets you make predictions with low item counts and
a suggested backend method for easy business use are also put in place [30]. It helps insurance
companies suggest as many policies as they can to customers. It wants to help people find the right
policy for their needs [40].

Project Description

There are several recommender systems already in place for insurance policies. The generalised
low-rank model-based recommender system proposed by Spedicato and Savino is one of these
[42]. A generalised low-rank model (GLRM) is a way to use a low-rank matrix to approximate a
data set represented by a matrix. GLRM can work with any kind of dataset, including numeric,
true/false, categorical, ordinal, and more [48]. This framework includes many well-known data
analysis methods, such as nonnegative matrix factorisation and matrix completion [46]. This
system employs machine learning methods to identify statistically significant correlations between
products and consumers, and it has been effectively implemented across diverse business sectors.
IGI Global has also proposed a recommendation system for life insurance [44]. This system makes
it easier to identify client risks and opportunities for up-selling and cross-selling, and provides a
clear, simple platform for insurance products, literature, and marketing facts and figures to speed
up the sales cycle [49].

Recommendation engines can help both customers and insurance companies [47].
Recommendation engines can move data to the cloud with insurers and keep it up to date in real
time. Recommendation engines can also help determine which areas will generate the most
revenue from productized insurance [45]. There are still many problems with using recommender
systems in the insurance industry, even with these improvements. One of the main problems is that
there aren't many products to choose from, which makes classical recommender system models
less useful [41]. Also, many of the methods used in recommender system analyses are very
different from those actuaries use all the time. It's hard to fully understand a customer's needs
because insurance policies use complicated language and have many parts [43]. There are also
concerns about privacy and data security when gathering and analysing customer information.

Literature Review

RevMan uses the Valence Aware Dictionary and Sentiment Reasoner framework, along with
simple machine learning methods such as logistic regression and multinomial Naive Bayes, to
make sentiment-based recommendations [4]. This method is easy to use and inexpensive to run,
but its simplicity makes it less useful for predicting in complex recommendation scenarios [22].
The model can't pick up on subtle user preferences or sequential behaviour because it only looks
at sentiment polarity. Also, not having access to rich and varied datasets makes it much harder to
generalise and validate models. RevMan struggles to go beyond controlled experiments without
substantial data from the same field [9]. Because of this, the method is easy to understand and
doesn't take up much space, but it doesn't meet the robustness and accuracy standards that modern,
data-heavy recommender systems require.

The K-Nearest Neighbours method uses similarity-based learning to make recommendations and
has been shown to perform better than older sentiment-based models [23]. This method is said to
perform about 15% better than the baseline by combining a decision tree algorithm with
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neighbourhood-based learning [16]. Its strength comes from its easy-to-understand logic and its
ability to quickly adapt to patterns in local data. But KNN-based systems often struggle with
scalability as the dataset size grows, because calculating distances becomes more expensive [26].
The model's performance also depends on the distance metric and the value of K, which can vary
across datasets. Even with these problems, KNN remains a useful step up from simpler models
when you need a moderate increase in accuracy without making the model overly complex [7].

Support Vector Machine-based methods, improved with gradient regression boosting techniques,
make a better modelling framework for recommendation tasks [12]. When properly tuned, these
models can uncover complex nonlinear relationships in data, making them very good at predicting.
But this strength comes with a lot of time spent tuning and a lot of work spent modelling [3]. It
takes a lot of testing and field knowledge to choose the right kernels, regularisation parameters,
and boosting settings. In addition, the extra work required to train and test these models can be too
much for businesses that need to move quickly or operate at scale [18]. So, even though SVM-
based systems can be very accurate, they are often not very useful because they require substantial
resources and take a long time to develop.

Recommendation systems that use Natural Language Processing rely on predicting the value of an
item's attributes to figure out what a user likes [14]. Many studies build custom engines to
demonstrate that it is possible to extract semantic meaning from text descriptions and user
interactions. These methods are often new and interesting because they go beyond simple numbers
to more complex representations of context [24]. However, their use in the real world is limited
because they require high-quality text data and extensive preprocessing. Custom engines might
not work well across different fields or handle large amounts of data in production settings [6].
Consequently, despite their innovation, NLP-driven recommender systems often face challenges
in operational deployment, particularly in industries where structured interaction data dominates
over textual inputs.

Hybrid recommendation models aim to leverage the best features of different methods by
combining them. However, many implementations still use outdated methods and basic
collaborative filtering techniques [2]. These systems often lack the advanced features needed to
address modern challenges such as sparsity, scalability, and changing user behaviour. Using simple
hybrids can lead to bad predictions because they don't combine parts in a useful or optimised way
[11]. Also, old methods may not work well with implicit feedback or changing item catalogues.
So, even though hybrid models sound good in theory, poorly designed implementations can
perform worse than more focused, up-to-date single-method approaches [21].

Explainable Al models use both collaborative filtering and content-based filtering to provide
clear, understandable recommendations. These systems have good predictive power and can
explain why certain recommendations are made, which is useful in areas where trust is important
or where rules are strict [15]. But they often have problems with clustering, where users or items
are grouped too broadly, leading to overly general predictions. This can make things less
personalised and miss the small differences between users [19]. Furthermore, achieving a balance
between explainability and accuracy is difficult because making models easier to understand can
hurt performance [8]. Even with these problems, XAl-based methods represent a significant step
toward making recommender systems accountable and trustworthy for users.

Matrix factorisation techniques use both collaborative filtering and neural network ideas to find
hidden connections between users and items [10]. The use of weighted alternating least squares
enables these models to handle implicit feedback effectively while maintaining computational
efficiency. One of the best things about matrix factorisation is that it can help with the cold-start
problem by learning general latent features [17]. This makes it a good fit for sparse interaction
data, which is common across many fields. However, the quality of recommendations depends
heavily on the choice of latent dimensions and regularisation parameters [5]. When properly tuned,
matrix factorisation offers a strong balance between scalability, accuracy, and practical
applicability in business-oriented recommender systems.
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Finding patterns of items that happen together is the main goal of association rule mining [27].
This is how recommendations are made. These methods frequently juxtapose various rule-based
methodologies and assess performance through metrics such as Mean Absolute Error [20]. MAE,
on the other hand, is not a good choice for recommendation tasks because it doesn't effectively
measure ranking quality or user relevance [1]. Additionally, association rule mining often yields a
large number of trivial or redundant rules, making interpretation and deployment challenging [25].
Testing model-based, user-based, content-based, and item-based recommendations gives a lot of
information. Still, the lack of good evaluation metrics and personalisation makes them less useful
in real life [13]. As a result, association rule mining is better suited to exploratory analysis than to
recommendation systems that work well.

Issues with Existing System

Recommender systems have been successfully implemented across various domains, including e-
commerce and entertainment. But the insurance industry hasn't paid much attention to them [52].
One of the biggest problems with using recommender systems in the insurance industry is the
limited product selection, which makes classical recommender system models less useful. When
there aren't many products, it's hard to find similar users, since active users have only rated a few
products [51]. This is called the sparsity problem, and it makes it hard for the system to give good
suggestions [54]. The cold start problem occurs when the system can't provide good
recommendations because it lacks sufficient information about users. Also, many of the methods
used in recommender system analyses are very different from those actuaries use all the time [50].
It's hard to fully understand a customer's needs because insurance policies have many complex
terms and features. There are also concerns about privacy and data security when gathering and
analysing customer information [53].

Design

The project tries to use a cross-domain recommender algorithm to guess what customers will like
[71]. We made this choice rather than testing how well the alternating least squares algorithm
performs, which is a lower-quality version. We also try to adjust the model to reduce training costs
[60]. We try to address problems that arise when working with insurance data using specific
methods.
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Figure 1. Architecture Diagram

The user's question is what starts the recommender system working. For us, this is the customer's
user data input and their choice of insurance policy [64]. The trained model gets the query and
compares the customer's data to data from previous users. Then, it makes a list of the most relevant
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insurance policies [77]. A selective list from this ranking is shown to the user, which makes it
easier for them to decide (Figure 1).

Design Phase

The Universal Recommender (UR) is a collaborative filtering system that uses the Correlated
Cross-Occurrence algorithm to analyse any number of user actions, events, profile data, and
contextual information to guess what users will like [98]. This recommender system is very
flexible and can be used in many areas, including e-commerce, entertainment, and insurance [58].
Many businesses and organisations, such as ActionML, which provides end-to-end machine
learning solutions, have successfully adopted the UR. This service was the inspiration for the
design of the recommender system [70]. From previous tests, we know that the alternating least
squares model can make fairly accurate predictions. Still, it didn't address the problems that come
with using implicit unrated data and low target item counts. We use the cross-occurrence
correlation model to fill gaps when it's hard to rate historical customer data, and we use k-fold
cross-validation to address the problem of too few target items [93]. K-fold cross-validation is a
method for evaluating how well a machine learning model performs. The dataset is split into k
parts, or folds. The model is trained and tested k times, with each fold used as the validation set.
The other k-1 folds are used to train the model. Then, the scores from each test are averaged to get
a single performance metric for the model [81]. K-fold cross-validation is a good way to estimate
how well a model will perform on new data, and it can also help prevent overfitting.

e A Kafka cluster is a distributed system composed of multiple Kafka nodes. It is a free, open-
source, distributed event streaming platform for collecting, processing, storing, and
combining large amounts of data [63]. At any scale, Kafka takes in, stores, and processes
streams of data as they are created. Kafka Streams is a library for clients that lets you make
applications and microservices that read and analyse data stored in Kafka [97]. It gives you
a quick, easy way to perform calculations on event streams in real time.

e Spark cluster: An Apache Spark cluster is a distributed computing system made up of many
nodes [99]. Each node can process data simultaneously. People use Spark clusters to work
with large datasets and perform complex tasks such as machine learning, graph processing,
and stream processing [69]. This lets Spark work with large datasets much faster than older
systems with a single node.

e Backing store database: A database that stores data that the computer's memory isn't
currently using. It can be used to save the trained recommender system's model [84].

e Solr server: Solr is an open-source enterprise search platform built on the Apache Lucene
search engine library. It is a separate search server that has a REST-like API for indexing
and searching data. Solr can handle a lot of data, is fault-tolerant, and lets you index,
replicate, and query data across multiple servers [78]. Many of the world's biggest websites
use it to power their search and navigation features. It can be used to retrieve ranked
insurance policies from the backing store's database [91].

Module Description
Data Cleaning Module

Cleaning data is an important step in preparing it for machine learning. Finding and fixing, or
removing, mistakes, inconsistencies, and inaccuracies in the data is part of the process [76]. When
cleaning up data for an insurance prediction dataset, there may be several steps to take. For
example, duplicate records can throw off the results of a machine learning model [89]. It is
important to identify and remove any duplicate records in the dataset. A machine learning model
can also be less accurate if it has missing values. Imputation and deletion (Figure 2) are just two
of the many ways to deal with missing values [57]. For simplicity, we delete the missing values.
Outliers are data points that are very different from the rest of the data in a dataset. Outliers can
occur due to measurement errors or other factors, and they can make a machine learning model
less accurate [96]. So, we identify and remove the outliers. To standardise data, you need to scale
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it so that its mean is zero and its standard deviation is one [68]. This helps our algorithm work
better. Categorical variables are variables that can take only a few values, such as gender or job.
Our algorithm usually requires numerical values, so we need to convert categorical variables into
numbers. There isn't much extra data in the original dataset we used [87]. We removed some
outliers and applied one-hot encoding to some features. Now we're on to the training module
(Figure 3).

Age Driving_License Region_Code  Previously_Insured Annual_Premium  Policy_Sales_Channel Vintage

count 508146.00 508146.00 508146.00 508146.00 508146.00 508146.00 508146.00

mean 38.81 1.00 26.41 0.48 30554.45 111.98 154.34
std 15.50 0.05 13.22 0.50 17146.57 54.25 83.67
min 20.00 0.00 0.00 0.00 2630.00 1.00 10.00
25% 25.00 1.00 15.00 0.00 24381.00 26.00 82.00
50% 36.00 1.00 28.00 0.00 31661.00 133.00 154.00
75% 49.00 1.00 35.00 1.00 35403.75 152.00 227.00
max 85.00 1.00 52.00 1.00 540165.00 163.00 299.00

Figure 2. Description of the Dataset
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Figure 3. Correlation Plot of Features

Data Splitting Module

Even though it costs more to train, we have used k-fold cross-validation to cover more ground and
improve our predictive performance [83]. K-fold cross-validation is a method for evaluating how
well a machine learning model performs. The dataset is split into k parts, or folds [92]. The model
is trained and tested k times, with each fold used as the validation set. The other k-1 folds are used
to train the model [67]. Then, the results of each evaluation are combined into a single performance
metric for the model. K-fold cross-validation is a good way to assess how a model will perform on
new data and can help prevent overfitting. In k-fold cross-validation, the dataset is split into k
equal-sized groups at random [59]. One of the k subsamples is used as validation data to test the
model, and the other k-1 subsamples are used as training data. The cross-validation procedure is
subsequently executed k times, utilising each of the k subsamples precisely once as the validation
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dataset. You can then average the k results from the folds to get one estimate [75]. When working
with small datasets or datasets with an unbalanced class distribution, K-fold cross-validation is
very helpful. It can also help the model generalise better and prevent overfitting (Figure 4) [100].

Data split into 5 partitions

k
( \

Test Training | | Training | | Training | | Training | —> Test score 1

Fold 1

Fold2+ | Training | | Test || Training | | Training | | Training | —> Testscore#2

L Final score:
average

Fold 3

Training | | Training Test || Training | | Training | —> Testscore #3

fold4 1| Training | | Training | | Training | | Test || Training | — Testscorea

FuldS-fz Training | | Training | | Training | | Training Test | —> Testscore#5

—

Figure 4. K-Fold Splitting Technique

Data Training Module

We begin by training the train split using a random forest model as a starting point. A baseline
model is a simple model that lets you compare how well more complicated models work. Baseline
models help you determine whether a more complex model performs better [65]. If a model doesn't
perform better than the baseline, it means there are problems with the data or the method. Baseline
models can also help you find the most important parts of a dataset and give you a way to judge
how useful new parts are [90]. It is important to compare a machine learning model to a baseline
model to ensure the model is learning something useful from the data. It also helps identify
potential problems with the data or method that may be preventing the model from performing as
well as it should [72]. You can find out which model is best for a certain job by comparing several
models to a baseline. A ROC (Receiver Operating Characteristic) curve is a graph that shows how
well a binary classifier model works at different threshold values [56]. The ROC curve shows the
true positive rate (TPR) and the false positive rate (FPR) at each threshold setting. The TPR, also
called sensitivity, recall, or hit rate, is the number of true positives divided by the number of true
positives plus false negatives. The FPR is the ratio of false positives to positives [85]. The ROC
curve shows how sensitive and specific a certain classifier is. A common way to measure how well
a binary classifier performs is to evaluate the area under the ROC curve (AUC). An AUC of 1.0
means that the classifier is perfect, and an AUC of 0.5 means that it is random. We compare the
results to the alternating least squares model and the cross-occurrence correlation model (Figure
5) after we have obtained them [95].
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Figure 5. Performance of the Algorithm

Algorithm Module

The Random Forest model is the base model we use. Random forests are well-known machine
learning algorithms that are part of the supervised learning method [74]. In machine learning, it
can be used for both regression and classification problems. The idea behind random forests is
ensemble learning, which means combining several classifiers to solve a hard problem and
improve the model's performance. The random forest doesn’t rely on a single decision tree [61].
Instead, it takes the predictions from each tree and uses the majority to make its own prediction.
More trees in the forest mean greater accuracy and a lower risk of overfitting [94]. Random forests
are a good starting point because they are easy to set up, require minimal data preprocessing, and
can handle both categorical and continuous variables[82]. It also helps you identify important
features in a dataset, which can aid you in choosing features for more complex models.

:> Training Training | | Training
Sample 1 Sample 2 Sample n
Training Set v v -
Training Training | .,........ Training
Sample 1 Sample 1 Sample 1

Test Set

T
I\x__“ DTIJIE__F v

Prediction

Figure 6. Random Forests Model

Next, we use the Alternating Least Squares model. Alternating Least Squares (ALS) is a matrix
factorisation method that is used in recommender systems for collaborative filtering [79]. ALS
tries to estimate the ratings matrix R by multiplying two lower-rank matrices, X and Y, so that R
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= X * YAT. These approximations are usually called "factor" matrices [62]. The overall method is
iterative. In each iteration, one of the factor matrices stays the same, and the other is solved for
using least squares. Then the two-factor matrices switch roles, and the process repeats until
convergence [86]. ALS is particularly useful for large-scale collaborative filtering problems where
explicit feedback data is not available (Figure 6).

Item
W X Y V4 w X Y zZ
A 45 | 2.0 Alizo0s8 1.5, 1.2 1.0 | 0.8
bB 4.0 3.5 . B|i14009 X 1.7 06 | 1.1 04
w —
5>C 5.0 2.0 Clis510
D 3.5 | 40| 1.0 D|1.208
. . User Item
Rating Matrix Matrix Matrix

Figure 7. Alternating Least Squares Model

The last step is to train the cross-occurrence correlation model on the data. The Correlated Cross-
Occurrence (CCO) algorithm is a collaborative filtering method used in recommender systems
[80]. It is a new kind of collaborative filtering recommender that uses an algorithm that can work
with data from many different user preference indicators. The CCO algorithm finds statistically
significant links between products and customers [55]. The algorithm finds items bought together
in the same transaction and then determines how closely related they are. The CCO algorithm is
great for suggesting items related to more than one area [73]. The CCO algorithm is based on the
idea of cross-occurrence, which measures how often two events occur together in the same
transaction. The CCO algorithm finds statistically significant connections between products and
customers by examining how often they co-occur [66]. Then, using these connections, the
algorithm suggests content to users based on what they like. The CCO algorithm has been
successfully used across many business areas, including insurance, e-commerce, and
entertainment. Figure 7 shows that it works to find hidden connections between items and users
that aren't clear from the data alone [88].

Results and Discussions
Performance and Implementation

Testing Classification Report:

precision recall fl-score support

8 8.89 8.98 8.98 83537

1 8.98 8.89 8.89 83663

accuracy B8.98 1672688
macro avg B.98 8.98 B.98 1672688
weighted avg B.98 8.98 8.98 167268

Figure 8. Classification Report

A classification report is a summary of how well a classification model works [113]. It includes
metrics like precision, recall, F1 score, and support. The confusion matrix is a table that shows
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how many predictions the model got right and wrong. These metrics are based on that table.
Precision is the percentage of true positives (correctly predicted positive cases) out of all the
positive predictions the model made [104]. TP is the number of true positives, and FP is the number
of false positives. To find it, divide TP by (TP + FP). If the model has high precision, it means it
makes fewer false-positive predictions [106]. Recall tells you how many of the actual positive
cases in the data are correctly identified as true positives. To find it, divide TP by (TP + FN), where
FN is the number of false negatives [111]. A high recall means that the model makes fewer wrong
negative predictions. The F1 score is the average of precision and recall. To find it, multiply the
precision and recall by 2 and then divide by the sum of the two. F1 score balances precision and
recall, and it is often used as the sole metric for evaluating classification models [102]. The number
of times each class actually happens in the dataset is called "support.” It is helpful when working
with unbalanced samples, and it can reveal structural problems in the classifier's reported scores
(Figure 8) [114].

- 70000

True Neg False Pos B
o 75057 8480 60000
44.89% 5.07%

- 50000
- 40000

False Neg True Pos - 30000

— 9050 74613
5.41% 44.62%
- 20000

- 10000

Figure 9. Confusion Matrix

A confusion matrix is a table that shows how well a machine learning model did on a set of test
data. People often use it to see how well classification models work [103]. These models try to
guess a category label for each input instance. The matrix shows the number of true positives (TP),
true negatives (TN), false positives (FP), and false negatives (FN) the model found in the test data
(Figure 9) [110].

e True Positive (TP): The total number of counts in which both the predicted and actual values
are positive.

e True Negative (TN): This is the total number of counts where both the predicted and actual
values are negative.

e False Positive (FP): The total number of counts in which the prediction is positive but the
actual value is negative.

e False Negative (FN): This is the total number of counts that say something is negative when
it is actually positive.

Business Viability

To assess whether the recommender system is a good business idea, we need to consider how well
the model processes information in real time [107]. The Correlated Cross-Occurrence (CCO)
algorithm is a great tool for businesses that want to control how data behaves. The Universal
Recommender and Behavioural Search both have this as a key new idea [112]. Cross-correlation
IS a way to see how two or more time series move in relation to each other. It is used to compare
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several time series and determine how well they match, especially when the best match is found.
Cross-correlation can also show any patterns that repeat in the data [101]. You can use the CCO
algorithm to find patterns in how different users or groups of users act [115]. This can help
businesses learn more about how their customers use the insurance policies they offer. For
instance, it can help you figure out which insurance policies are often bought together, which ones
are often looked at together, and which ones are often left behind [109]. The CCO algorithm can
also identify patterns in a single user's actions. This can help businesses tailor their products and
services to each customer's needs [105]. Also, using Kafka, Spark, and Solr is the cheapest way to
process user recommendations in real time.

Conclusion and Future Enhancement
Conclusion

The correlation cross-occurrence model is clearly better than the baseline model based on these
results. An accuracy score of 89% is pretty good, since it shows how accurate the ranking of an
insurance policy is. The model's ROC area indicates that it can distinguish between things well.
The model can accurately estimate the likelihood that a user will buy an insurance policy on their
own and then rank these policies based on that estimate. It is also clear that the correlated cross-
occurrence algorithm requires much less tuning than the alternating least squares model, even
though the two models achieve the same performance metrics. So, it's safe to say that the
correlation cross-occurrence model is the best choice for recommending and ranking insurance
policies in a business setting because it performs well and can be tuned to improve performance.

Future Enhancements

The conversion rate for insurance policies is the percentage of people who are given the chance to
buy one and then do so. This number is used to determine how well marketing campaigns and sales
strategies work to attract and retain customers. On the other hand, actual revenue is the total
amount of money an insurance company earns from selling insurance policies. This metric
considers more than just the number of policies sold; it also accounts for their price and length.
Conversion rate is a good way to see how well marketing and sales strategies are working, but it
doesn't always show how much money an insurance company is actually making. If the policies
sold are cheap or only last a short time, a high conversion rate doesn't necessarily translate into
high revenue. So, insurance companies need to pay attention to both metrics to ensure they remain
profitable and grow over time. So, future versions of the recommender system can use this factor
along with the pure customer conversion rate to help the business make more money.

The holdout set method is a way to test how well a machine learning model works by dividing the
data into two groups: a training set and a test set. The training set is used to train the model, and
the test set is used to evaluate how well it performs. But this method has some problems. One of
the main problems is that it assumes that the training and test sets come from the same distribution.
This assumption might not hold in many real-world situations, especially when working with time-
series data. To fix this problem, it is best to use two distinct data sets from different time periods
to train and test the model. This method is called temporal validation or temporal cross-validation.
In this method, the model learns from data from a time before it was tested and then tests it on data
from a time after it was trained. This ensures the model is tested on data more like what happens
in the real world. When working with time-series data whose distribution changes over time,
temporal validation is especially helpful. It can also help the model generalise better and avoid
overfitting to the training data.
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