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Abstract: Lead scoring plays a pivotal role in modern marketing strategies, aiding businesses in prioritising and optimising their sales
efforts. This review paper provides a contemporary analysis of lead scoring models, focusing on their development, application, and
effectiveness across Machine Learning algorithms. The paper begins by introducing the concept and evolution of lead scoring, highlighting
the shift in how previous researchers developed lead scoring models, from traditional Machine Learning algorithms to more advanced
approaches, such as Ensemble Learning, Neural Networks, and Deep Learning algorithms. It also addresses existing gaps in current models
and clarifies the misconceptions about the definition of “lead scoring”. In addition, the paper reviews the methodologies used in lead
scoring, including data collection, feature selection, and the algorithms applied. Finally, it examines emerging trends and challenges in
lead scoring, offering an insightful overview of the current landscape and suggesting future research directions to unlock new
opportunities for businesses to enhance their marketing strategies.
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1. Introduction

In today’s highly competitive business environment,
effectively managing and prioritising potential customers is
essential for maximising sales efficiency and refining marketing
strategies (Morgado, 2018). Lead scoring, a systematic approach
to ranking prospects based on their likelihood of conversion
(Rodrigues, 2020), has become crucial for businesses aiming to
optimise their sales processes and resource allocation (Ceccatelli,
2023; Lindahl et al., 2017; K. K. Sharma et al., 2023; Sundman,
2021).

Traditionally, manual lead scoring relied heavily on heuristic
methods, drawing on the intuition and experience of sales teams
(Duncan & Elkan, 2015; Nygard & Mezei, 2020). However, with
the advent of big data and advancements in Machine Learning
(ML), lead scoring has evolved from a traditional approach to a
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predictive one. Modern predictive models yield more accurate
and actionable insights beyond human capability (Wu et al., 2024)
by leveraging large customer data and advanced ML algorithms,
such as Neural Networks (NN) (Ayaz, 2023; Chaudhuri et al., 2021;
Choudhury & Nur, 2019; Espadinha-Cruz et al., 2021; Nygard &
Mezei, 2020), Deep Neural Networks (DNN) (Chaudhuri et al.,
2021), Feedforward Neural Networks (FNN) (Puravankara &
Narendra Babu, 2020), and Recurrent Neural Network (RNN)
(Giorcelli, 2019). Thus, this review aims to synthesise recent
advancements and provide a road map for future research and
practical applications.

Specifically, the review paper aims to achieve four key
objectives. First, it seeks to classify and compare ML algorithms
and feature engineering techniques used in building lead scoring
models. Second, it analyses the publicly available “X Online
Education” dataset to assess its applicability in this domain. Third,
it evaluates the performance metrics and limitations of current
lead scoring models. Finally, it identifies emerging trends and
proposes actionable future research directions to advance this
field.

The paper is organised as follows: Section 2 provides an
overview of lead scoring models, discussing the concepts and data
used in building these models. Section 3 introduces fundamental
concepts of ML algorithms, which are categorised into traditional
and advanced ML types. Section 4 offers an introduction to
feature engineering techniques. Section 5 analyses patterns and
findings from existing lead scoring-related work, focusing on
trends in ML types and algorithms, insights from the “X Online
Education” dataset, and current applications of performance
metrics and feature engineering methods. Section 6 examines the
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challenges in the field and suggests potential future research
directions to guide upcoming studies. Finally, Section 7 presents
the conclusions of the review.

2. Lead scoring models

2.1 Lead

A lead, also referred to as a business lead or sales lead, is an
individual who has shown interest in an organisation’s brand,
products, or services (Waters, 2022). Sales or marketing teams
often target leads as potential customers, as they are the contact
persons that the teams aim to pitch to (Fahad, 2017). Leads can
be ascertained through various channels, including emails, phone
calls, search engine behaviours, in-person visits, forms, or surveys
(Niemi, 2022).

2.2 Traditional Lead Scoring

Once leads are collected, scores that indicate whether they
are potential customers or not are calculated and assigned to
them (Benhaddou & Leray, 2017). Manual lead scoring, also
known as traditional lead scoring, is the process of identifying
potential leads based on certain criteria determined by an
organisation’s sales or marketing department, with the usage of a
scoring matrix (Ayaz, 2023). A scoring matrix is a tool used to
evaluate and rank potential leads based on criteria, such as
demographic information and behavioural data.

Figure 1 provides an example of how a scoring matrix is
constructed, which may vary between organisations. Each
criterion is assigned a weight, and leads are scored based on how
well they meet these criteria, with points allocated for specific
attributes. This results in a total score that helps rank the leads in
order of priority (Nygard & Mezei, 2020). Typically, lead scores

Activity Points
Form/Landing Page Submission +5
Submitted “Contact Me" Form +25
Received an Email 0
Email Open +1
Email Clickthrough +3
Registered for Webinar +3
Attended Webinar +10
Downloaded a Document +5
Visited a Landing Page +2
Unsubscribed from Newsletter -2
Watched a Demo +8
Contact is a CXO +5
Visited Trade Show Booth +3
Visited Pricing Page +10

Figure 1. Scoring Matrix (Autopilot, 2016).
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categorise prospects as hot (high scores, immediate follow-up),
warm (moderate scores, needs nurturing), or cold (low scores,
low priority).

However, manual lead scoring has its limitations. First, it risks
missing predictive signals of purchasing behaviour since data is
often captured by salesmen or marketers who may not always
record all relevant interactions or insights. For instance, a lead
might repeatedly view pricing pages or inquire during sales calls,
which are not likely to be recorded in manual systems. Another
example occurs when salesmen or marketers prioritise capturing
immediate customer responses and overlook subtle behavioural
cues, such as browsing patterns or social media interactions,
which can be crucial for accurate lead scoring. This incomplete
data can result in a skewed understanding of a lead's true
potential, potentially leading to less effective targeting and
missed opportunities. Second, manual lead scoring is time-
intensive and cannot process the large data volumes needed for
statistically significant insights (Pereira, 2021). Thus, these
limitations have driven the adoption of predictive lead scoring,
which is achieved by using ML algorithms to automate the lead
scoring process (Etminan, 2021).

2.3 Modern Lead Scoring

Figure 2 illustrates the process of automated lead scoring.

Data
Preparation

Machine
Learming

Model
Evaluation

Lead Scoring

Model

Data Collection|

Figure 2. Process of Automated Lead Scoring.

The initial phase involves data collection, where labelled data
is gathered specifically for training the predictive model. This is
different from the typical data collection done in real-world
situations, which often involves unlabelled data intended for lead
conversion purposes. The second phase is data preparation,
which includes data cleaning, transformation, and feature
selection to ensure the data is suitable for modelling. The third
phase involves implementing ML algorithms to learn lead
conversion patterns from the training data. If available, validation
data is used in this phase to fine-tune the model's parameters,
ensuring that the model neither overfits nor underfits the training
data. In the fourth phase, model evaluation is conducted to assess
how well the model generalises to unseen data by using test data
that was not included during training or validation. Ultimately, a
lead scoring model is built with the capability to predict the
likelihood of lead conversion by assigning scores to new leads.
Ultimately, a lead scoring model is built with the capability to
predict the likelihood of lead conversion by assigning scores to
new leads.

2.4 Lead Scoring Datasets

The data used in predictive lead modelling can be categorised
into two (2) main types: social media data and non-social media
data. Table 1 summarises the characteristics of the fourteen
datasets utilised across sixteen studies, with some studies
employing the same datasets.
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Table 1. Dataset Characteristics Table.

Characteristics

Data Type

Description

Related Work

Structured, Research
records

Non-social media

Public Dataset entitled “X Online Education”
obtained from websites, forms and past referrals.

(Jadli et al., 2022
Puravankara & Narendra
Babu, 2020; M. Sharma,
2022; Yim et al., 2024)

Structured, Sales and
Marketing records

Non-social media

Sales and Marketing data stored in Salesforce from
2018 to 2019.

(Ayaz, 2023)

Structured, Marketing
records

Non-social media

B2B Dataset was collected as proprietary data
from a company located in the western United
States

B2C Dataset was extracted from a France-based
company, Criteo Al Lab's website.

(Bhatta, 2022)

Structured, Web
browsing records

Non-social media

Data collected from Google Analytics API.

(Etminan, 2021)

Structured, Web
browsing records

Non-social media

Web browsing data collected from an online e-
commerce platform based in Germany and
Belgium.

(Chaudhuri et al., 2021)

Structured, Marketing
records

Non-social media

Data from a telecommunications company across
channels (telemarketing, shop, website).

(Espadinha-Cruz et al.,
2021)

Structured, Marketing
records

Non-social media

Data from HUUB's Customer Relationship
Management platforms, HubSpot.

(Pereira, 2021)

Structured, Marketing
records

Social media and Non-
social media

14 months of lead conversion data from different
channels.

(Karthik et al., 2020)

Structured, Web
browsing records

Non-social media

Real-life data from an international company
includes insights on potential leads in Finland
gathered from internal systems, website visits,
email sends, opens, click-throughs, and form
submissions.

(Nygard & Mezei, 2020)

Structured, Sales records

Non-social media

Customer’s sales data over the 3 months from the

grocery

superstore's

(Choudhury & Nur, 2019)
billing system named

“Taradin Super Shop”.

Structured, Web
browsing records

Non-social media An

imbalanced dataset of website visitors'
behaviour generated from Google Analytics 360 by

(Swelsen, 2019)

Greenchoice for the entire year of 2018.

Structured, Form data Non-social media

Self-reported information input by the user on the

lead form.

(Giorcelli, 2019)

Unstructured, News Non-social media

records

News about different companies on the Internet.

(Benhaddou &
2017)

Leray,

Based on Table 1, non-social media data refers to data sources
that are not derived from social media platforms. This category
includes, but is not limited to, data collected from websites,
responses gathered through forms or surveys, and records
maintained within databases. Most non-social media datasets are
structured and consist of records related to research, sales,
marketing, web browsing, forms, and news. Notably, only one
non-social media dataset in the context of lead scoring work is
unstructured, as presented in the work of Benhaddou & Leray
(2017), which contains news data about different companies
collected from the Internet. Outside the context of lead scoring,
numerous examples of unstructured non-social media data exist,
including textual clinical notes (Goh et al, 2021), call
transcriptions (Vo et al., 2021), and customer feedback (De Haan
& Menichelli, 2019).

Social media data, on the other hand, encompasses
information generated and collected through social media

platforms such as Facebook, Instagram, and Twitter. Surprisingly,
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the reviewed literature does not show studies that use social
media data exclusively. However, one study by Karthik et al.
(2020) integrates both social media and non-social media data
sources, including platforms such as Facebook and Google, as well
as directories and services like Board, info@tds, Justdial, and
Sulekha.

To date, social media data has been widely utilised in various
domains, including the prediction of future sales and sentiment
analysis (Asur & Huberman, 2010; Balfagih, 2016; Kanavos et al.,
2023). For instance, a study by Asur & Huberman (2010) used
Twitter data to forecast box-office revenues for movies based on
tweet rates, which is an example of unstructured textual data.
Similarly, a study by Balfagih (2016) imported data from his
Facebook friend list to identify potential employees for a
marketing team, which presents semi-structured user records.
More recently, a study by Kanavos et al. (2023) analysed Twitter
users' posts to detect spam content, which is another instance of
unstructured textual data. Overall, social media data in other
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domains tends to appear as unstructured or semi-structured data
in the form of textual or user records.

However, using social media data presents several challenges.
First, the biased population spectrum is observed across different
social media platforms. One review paper clearly mentioned the
differences in users’ demographics when comparing Twitter,
Facebook, Sina Weibo, WeChat, and Instagram (Huang et al.,
2022). Thus, choosing the right social media platform as the data
source is crucial, as it may impact the performance of lead scoring
models. Second, the same review paper also stated the challenge
of investigating multilingual data (Huang et al., 2022). In real-
world scenarios, social media data often face challenges in
contextual interpretation. However, to the extent of current
knowledge, the data employed in sixteen lead scoring-related
studies focus on only one language.

2.5 The Underexplored Potential of Social Media Data

Table 2 categorises the lead scoring-related papers based on
data type (social media or non-social media) and source type
(public or private). It distinguishes between these categories with
counts for each combination.

Table 2. Dataset Allocation Table.

Data Type Source Type Count

Non-social media Public 2
Private 11

Social media and Public

Non-social media Private 1

As indicated in Table 2, fifteen out of sixteen (93.75%) studies
in this area rely on non-social media data, and only one (6.25%)
previous work by Karthik et al. (2020) utilised a mix of social media
and non-social media data. Therefore, to the extent of current
knowledge, there is a notable lack of research on lead scoring
models utilising social media data. This gap in the literature
suggests that current models might be missing out valuable
insights derived from social media interactions and user
behaviours. There is a need for more comprehensive studies to
explore how incorporating social media data can enhance the
accuracy and effectiveness of lead scoring models. Addressing this
gap is essential for advancing the field, as integrating social media
data could improve model performance and offer a more
comprehensive understanding of lead-scoring dynamics.

In addition, only two out of fourteen (14.29%) datasets are
publicly available. This gap highlights the challenge that
researchers face due to the lack of accessible public datasets for
experimental purposes in the context of lead scoring models.
Moreover, this limitation complicates the assessment of a
model’s generalisation as it restricts the ability to test and validate
models across diverse datasets.

3. Machine learning algorithms

ML is a subset of Artificial Intelligence that encompasses a
vast array of algorithms and methodologies which are designed to
enable computers to learn from data and make predictions or
decisions (Helm et al., 2020). ML algorithms can be classified into
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two (2) categories: traditional ML algorithms and advanced ML
algorithms. Traditional ML algorithms are simpler, more
interpretable, and rely on feature engineering, including Logistic
Regression (LR) (Fernandes et al., 2021), Naive Bayes (NB) (Berrar,
2018), Support Vector Machine (SVM) (Pisner & Schnyer, 2020),
Decision Tree (DT) (Song & Lu, 2015), Ensemble Learning methods
(Mienye & Sun, 2022) like Random Forest (RF) (A. B. Shaik &
Srinivasan, 2019) and Gradient Boosting (GB) (Bentéjac et al.,
2021). In contrast, advanced ML algorithms, such as Neural
Networks (NN) (Bouwmans et al., 2019) and Deep Learning (DL)
(Alzubaidi et al., 2021), are more complex, less interpretable, and
capable of automatic feature learning but require significant
computational resources (Thompson et al., 2021).

3.1 Traditional Machine Learning Algorithms

LR is specifically used for binary classification problems,
where the outcome is categorical with two possible values (Arista,
2022; Fernandes et al., 2021; Zabor et al.,, 2022). NB is a
classification algorithm that computes the probability of an event
A given evidence B based on Bayes' Theorem (Berrar, 2018; Chen
et al., 2021; Ismail et al., 2020). For example, calculating the
probability of a lead being converted given their behaviour or
activity data. SVM strives to identify the optimal hyperplane that
maximises the margin between different classes, making it robust
to outliers and effective for high-dimensional or non-linear data
classification (Kim et al., 2020; Pisner & Schnyer, 2020; Zhu et al.,
2023). DT is a highly efficient strategy for data mining, which
organises a population into branch-like segments that form an
inverted tree structure with a root node, internal nodes, and leaf
nodes, thereby establishing a robust classification system (Aldino
& Sulistiani, 2020; Lee et al., 2022; Song & Lu, 2015). For instance,
DT is effective for organising leads into high- or low-potential
groups by using a tree structure. Each branch of the tree
represents a decision rule based on lead attributes such as
engagement, demographics, and past behaviour. The root node
might split leads by engagement level, with branches further
dividing them by job title. This hierarchy helps categorise leads
into segments, making it easy to identify and prioritise them.

Ensemble Learning is the synergy of two or more ML
algorithms, which combines their strengths to achieve superior
performance beyond what each algorithm could achieve alone
(Mienye & Sun, 2022; Mohammed & Kora, 2023; Zhao et al.,
2020). RF is an ensemble method that constructs and intertwines
multiple decision trees. RF is capable of handling large datasets
and operates without the necessity for cross-validation or data
preprocessing techniques such as data rescaling and
transformation (Bhardwaj et al., 2022; Mohd Ali et al., 2022; A. B.
Shaik & Srinivasan, 2019). GB is another ensemble ML algorithm,
which combines several weak prediction models, often simple
DTs, to form a stronger model, sequentially training each new
model to correct the errors of previous models (Bentéjac et al.,
2021; Nie et al., 2021; Sahin, 2020).

3.2 Advanced Machine Learning Algorithms

While traditional ML algorithms are effective for many tasks,
advanced ML algorithms have emerged to address complex
problems. NN was inspired by the structure and function of the
human brain, which consists of interconnected nodes referred to
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as neurons, and eventually arranged into layers (Bouwmans et al.,
2019; Thakur & Konde, 2021; Yang & Wang, 2020). Each neuron
receives input, processes it through hidden layers using weights,
and produces an output. DL employs a multilayered NN to enable
the simultaneous process of learning and classification, effectively
addressing the issues of incorrect predictions caused by biased
feature selection (Alzubaidi et al., 2021). DL architectures come in
a variety of forms, each tailored to specific tasks, including DNN
(Srinidhi et al., 2021), FNN (Puravankara & Narendra Babu, 2020),
RNN (Shiri et al., 2023), Long Short-Term Memory (LSTM)
(DiPietro & Hager, 2020), and Kolmogorov—Arnold Networks
(KAN) (Liu et al., 2024).

FNN is a simple and straightforward NN that contains one or
multiple hidden layers with direct connections between units and
information travelling only in a forward direction (Abdel-Nasser
Sharkawy, 2020; Markowska-Kaczmar & Kosturek, 2021; Wang et
al., 2023). RNN can effectively handle sequential relationships due
to its backward linkages from the output to the input and hidden
layers (Kane & Hussain, 2023; Shiri et al., 2023), which has been
applied in various civil engineering domains (Mers et al., 2022).
LSTM is a subset of RNN designed to address the vanishing
gradient problem with the usage of memory units and gating
mechanisms to manage long-term dependencies (Nosouhian et
al., 2021; Shiri et al., 2023), making it well-suited for healthcare,
energy and natural language processing domains (Al-Selwi et al.,
2024). DNN is a sophisticated, multilayered NN composed of
several hidden layers, including input and output layers (Sarker,
2021; Vijayakumar et al., 2021). It is capable of learning complex
patterns from input data without requiring manual feature
engineering and has been widely used for time-series prediction
and classification tasks (How et al., 2020; Sarker, 2021;
Vijayakumar et al., 2021). KAN, inspired by the Kolmogorov-
Arnold representation theorem, enhances model flexibility by
replacing the fixed linear weights in traditional NN with learnable
activation functions, which excel in handling time series
forecasting (Hou et al., 2024; Liu et al., 2024).

While there is no direct comparison of the computational
costs associated with the relevant studies due to the lack of such
data in the cited studies, advanced ML algorithms are often
believed to have a longer training time and higher computational
costs compared to traditional ML algorithms (Ali et al., 2024).

4. Feature Engineering Techniques

Feature engineering involves preparing datasets to optimise a
model’s performance by transforming, extracting, and selecting
relevant data features (Kumar et al., 2023). Feature
transformation refers to the process of converting existing
features into a more suitable form for modelling, which includes
techniques like normalisation, scaling, and encoding (Das &
Spanos, 2022; Zhuang et al., 2020). Feature extraction can be
defined as a process of deriving new features from existing ones,
utilising methods such as principal component analysis (PCA),
latent semantic indexing (LSI), and clustering methods (Suhaidi et
al.,, 2021). For instance, PCA can help to identify the most
important features that have the largest covariance with lead
outcomes (C. Zhang et al., 2018), LSI works well with textual lead
data in a semantic space to capture relationships between terms
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and documents (Zelikovitz & Hirsh, 2001), and clustering methods
group leads with similar characteristics, allowing for more
effective segmentation and prioritisation based on lead potential
(Bharti & Singh, 2015). Feature selection is the process of reducing
data dimensionality by identifying and selecting relevant features
in order to minimise overfitting, increase accuracy, and reduce
training time (Kumar et al., 2023; T. Shaik et al., 2022).

5. Discussions and analysis

5.1 The Debate on Lead Scoring: Is it Truly Classification?

Table 3 categorises the lead scoring-related papers based on
the ML task, distinguishing between classification and regression.

Table 3. ML Task Allocation: Classification or Regression.

ML Task Class Count

Classification Binary 16
Non-Binary 0

Regression Continuous 0
Scores

Examining Table 3, it is apparent that all studies focus on
predicting binary classes using classification techniques. Despite
the term lead “scoring”, these models often produce binary
classification outputs rather than assigning continuous scores
(Ayaz, 2023; Benhaddou & Leray, 2017; Bhatta, 2022; Chaudhuri
et al., 2021; Choudhury & Nur, 2019; Espadinha-Cruz et al., 2021;
Etminan, 2021; Giorcelli, 2019; Jadli et al., 2022; Karthik et al.,
2020; Nygard & Mezei, 2020; Pereira, 2021; Puravankara &
Narendra Babu, 2020; M. Sharma, 2022; Swelsen, 2019; Yim et al.,
2024). This observed pattern offers a descriptive analysis of
current methodological practices, where the reviewed literature
consistently uses the term “scoring” to describe binary
classification frameworks. However, in its typical mathematical
usage, the term “scoring” generally implies continuous
measurement.

In fact, lead scoring is typically a classification task to simplify
the decision-making process. A possible explanation for using a
binary outcome, such as “convert” or “not convert”, is that it
provides a clear and actionable decision point to prioritise
potential leads more effectively. However, reducing lead scoring
to a binary outcome may result in the loss of valuable information
about how promising each lead truly is. For instance, with
continuous scoring, the lead who frequently visits the pricing page
could receive a higher score of 85 out of 100, reflecting a stronger
likelihood of conversion compared to the lead with fewer
interactions, who might receive a score of 60. This more granular
approach enables decision-makers to prioritise leads more
effectively. Sales teams could allocate more resources to the
higher-scoring leads, potentially increasing conversion rates and
improving overall sales efficiency. Continuous scoring, therefore,
provides more nuanced insights into the likelihood of conversion,
leading to more refined decision-making and optimised resource
allocation. This discussion highlights the trade-off between
simplicity and granularity in lead scoring approaches.
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5.2 Comparative Analysis of “X Online Education” Dataset

By far, the most widely used dataset for lead scoring models
is the publicly available “X Online Education” dataset, which was
employed in four different research papers (Jadli et al., 2022;
Puravankara & Narendra Babu, 2020; M. Sharma, 2022; Yim et al.,
2024). This dataset! is available on Kaggle, an online community
that allows users to find and publish datasets. The dataset
pertains to an education company, known as X Education, which
offers online courses tailored for industry professionals. The

company collects data through multiple channels, including forms
filled out by website visitors and past referrals. The collected data
is used to classify individuals into two categories: converted
(those who enrol in courses) or not converted (those who do not
enrol) after being approached by the sales team.

Even when using the same dataset, the findings differ across
the four papers. Table 4 presents that two unique works by Jadli
et al. (2022) and M. Sharma (2022) reported that RF
demonstrated the highest accuracy in predicting lead scoring

Table 4. Comparison of the Accuracy Score between four papers that used the same “X Online Education” dataset. The highest results achieved
by each algorithm will be bolded, while the highest results achieved by each study will be marked with an asterisk (*) at the end.

Algorithm Yim et al. (2024) M. Sharma (2022) Jadli et al. (2022) Puravankara & Narendra
Babu (2020)

AdaBoost - - - 0.929
Bagging 0.9216 - - -

Boosting 0.9116 - - -

CatBoost - 0.8502 - -

DT - 0.7911 0.9147 -
Feedforward NN - - - 0.94*

GB - - - 0.933

KNN 0.9197 - 0.8004 -

LR 0.9207 0.8326 0.8989 0.923

NB 0.9142 - 0.8018 -

RF 0.9222 0.8528* 0.9302* 0.925
Stacking 0.9233* - - -

SVM 0.9215 - 0.7322 -

XGBoost - 0.8517 - 0.935

Table 5. Comparison of Feature Engineering Techniques between four papers that used the same “X Online Education” dataset.

Feature Engineering Yim et al. (2024) M. Sharma (2022) Jadli et al. (2022) Puravankara &
Techniques Narendra Babu (2020)
Check duplicates v v v v

Drop ID columns (prospectid, N

lead number)

Replace unselected value to
NaN

v

Drop columns with null

V' (drop if more than
40%)

V' (drop if more than
3,000)

V' (drop if more than
70%)

V' (drop if more than
45%)

Replace null value Vv (data imputation, + (data imputation, v (mode, mean, Vv (mode)
mode) mode) median)

Check correlations v v

Drop columns with same V' (drop if more than

values 90%)

Check data skewness N4 v

Check outliers v N v v

Remove outliers v N

Transform categorical to v (dummy variable v (one hot encoding) v (one hot encoding) v (dummy variable

numeric creation) creation)

Scaling V (standard) v (min max) v

Normlisation v v

K-fold N4 v

Split 80/20 70/30 70/30 80/20

Feature Elimination

Vv (Recursive Feature
Elimination)

1 X Online Education dataset link: https://www.kaggle.com/datasets/amolbhone/lead-score-case-study?select=lead+scoring+case+study.pdf
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outcomes. Meanwhile, a study by Yim et al. (2024) diverged in the
finding, identifying that Stacking, one of the Ensemble Learning
algorithms, was the most effective. Moreover, a study by
Puravankara and Narendra Babu (2020) reveals that FNN
performs the best in predicting lead conversion. Overall, the best
model, according to performance metrics, was produced by
Puravankara and Narendra Babu (2020) with the usage of the FNN
algorithm.

The variation in the performance findings highlights the
influence of different factors on model performance, such as data
preprocessing techniques, specific implementation and fine-
tuning of the algorithms. Consistent data preprocessing
techniques are crucial, as they help ensure the quality and
reliability of the data, thereby reducing bias and enhancing the
model's generalisability across different datasets. Looking at
Table 5, the work of Puravankara and Narendra Babu (2020) has
fewer data preprocessing steps when compared to other works.
This study did not replace unselected values with NaN values,
drop columns with identical values, check for data skewness,
remove outliers, apply normalisation, perform k-fold cross-
validation, or conduct feature elimination. It might imply that too
many data preprocessing techniques are unnecessary for
handling a lead scoring dataset.

For comparison purposes, LR and RF are selected since all four
studies implemented these algorithms. Among the studies using
both LR and RF algorithms, the work of Puravankara and Narendra
Babu (2020) achieved the highest performance, followed by the
work of Yim et al. (2024). The common data preprocessing
techniques used by these two studies but not by the other two
include dropping ID columns, removing columns that have 40% to
45% null values, using mode to replace null value, checking
correlations, not checking for data skewness, using dummy
variable creation to transform categorical values into numeric
values, and splitting the data into training and test sets with a
ratio of 80:20. These techniques are likely contributed to their
superior results compared to other studies that did not use these
methods.

5.2 Current Trend on Predictive Lead Scoring Models

This subsection focuses on trends related to the application of
algorithms and performance metrics. It will first discuss the trend
between traditional and advanced ML algorithms. Next, the
subsection will delve into each algorithm, including both
traditional and advanced ones.

Figure 3 illustrates the trends of ML types, including
traditional and advanced ML algorithms, from 2013 to 2024.
Based on Figure 3, it is evident that traditional ML algorithms play
a significant role in the development of lead scoring models and
are the preferred choice for researchers. Despite the
effectiveness of advanced ML algorithms, traditional ML
algorithms remain popular. A great deal of previous research
works (Ayaz, 2023; Balfagih, 2016; Bhatta, 2022; Choudhury &
Nur, 2019; D’Haen & Van Den Poel, 2013; Espadinha-Cruz et al.,
2021; Etminan, 2021; Jadli et al., 2022; Nygard & Mezei, 2020;
Puravankara & Narendra Babu, 2020; M. Sharma, 2022; Yim et al.,
2024) have focused on implementing traditional ML algorithms.
This preference may be attributed to their ease of
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implementation, interpretability, and lower

requirements (G. Zhang, 2023).

computational

18
16

2013 2016 2017 2019 2020 2021 2022 2023 2024

—e—Traditional Advanced

Figure 3. Trends of ML Types in Lead Scoring Models.

However, traditional ML algorithms are not necessarily the
best-performing ones, despite their popularity. Up to now,
several studies have indicated that advanced ML algorithms
achieved superior performance compared to traditional ML
algorithms in building predictive lead scoring models (Ayaz, 2023;
Chaudhuri et al., 2021; Choudhury & Nur, 2019; Puravankara &
Narendra Babu, 2020). Indeed, advanced ML algorithms excel in
handling large datasets (Ayaz, 2023; Chaudhuri et al.,, 2021;
Choudhury & Nur, 2019; Puravankara & Narendra Babu, 2020),
which involve a high degree of complexity, manage a high volume
of variables, and capture complex non-linear relationships
between features and targets. However, their “black box” nature
poses challenges in understanding, explaining, and interpreting
the models, which may contribute to their lower popularity
(Koeppe et al., 2022). This mixed performance, along with the
higher complexity and computational requirements of advanced
algorithms, contributes to the ongoing preference for traditional
ML methods.

In some cases, advanced ML algorithms are not always the
best-performing algorithms. The work by D’Haen and Van Den
Poel (2013) concluded that DT outperformed NN and LR by
initiating a feedback loop to optimise and stabilise the model.
Nygard and Mezei (2020) found that RF outperformed LR, DT, and
NN in terms of overall performance. Although NN had higher
accuracy and specificity, RF had higher AUC and sensitivity.
Furthermore, Espadinha-Cruz et al. (2021) stated that Ensemble
Learning was the best-performing algorithm. Thus, the three
individual studies make it difficult to conclusively state that
advanced ML algorithms are more effective overall.

The findings from the datasets used in these studies indicate
that NN tend to outperform in scenarios involving larger datasets
(Ayaz, 2023; Chaudhuri et al., 2021; Choudhury & Nur, 2019;
Puravankara & Narendra Babu, 2020). Conversely, studies with
smaller datasets often find traditional ML algorithms to be more
effective (D’Haen & Van Den Poel, 2013; Nygard & Mezei, 2020).
In contrast, the study by Espadinha-Cruz et al. (2021)
demonstrates that an ensemble approach, combining regression
with PCA and NN using varying numbers of neurons in the hidden
layer, outperforms a standalone NN.
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Figure 4 provides a comparative synthesis, delineating the
algorithms used in lead scoring models across the sixteen studies.
The examined papers underscore a diverse range of ML
algorithms, spanning from traditional ML to Ensemble Learning
and advanced ML algorithms.
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Figure 4. Trends of ML Algorithms Used in Lead Scoring Models.

Figure 4 proves that DT, LR, and RF are among the most
frequently implemented algorithms in lead scoring models.
Perhaps, the popularity of LR can likely be attributed to its
effectiveness in solving linear relationships between features and
targets, which aligns well with the binary outputs of lead scoring
models. On the other hand, DT is prone to overfitting but is
advantageous for handling non-linear relationships between
features. RF, an ensemble method that combines multiple DTs,
tends to offer improved performance over DT.

5.3 Performance Metrics in Existing Lead Scoring Models

Figure 5. Trends of Performance Metrics Used in Lead Scoring
Models.
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Figure 5 shows that, among 19 performance metrics utilised
across sixteen studies, accuracy is the most frequently used
metric (17.65%). Since the studies did not employ a common
performance metric for model evaluation, this paper will focus on
the most commonly used metric, which is accuracy. The highest
accuracy score reported is 99.41%, which is achieved by the work
of Choudhury & Nur (2019). However, due to the variation in
datasets used across the studies, direct performance comparisons
should only be made when the same dataset is applied.
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5.4 Feature Engineering Techniques in Existing Lead Scoring
Models

Figure 6 compares the different approaches employed by

sixteen studies to handle feature engineering.
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Figure 6. Trends of Feature Engineering Techniques Used in Lead
Scoring Models.

From Figure 6, twelve out of sixteen (75%) studies utilised one
or more feature engineering techniques. Among these, feature
selection emerged as the most popular method, as it effectively
reduces the dataset's dimensionality and avoids overfitting issues
by choosing relevant features.

6. Challenges and future work

Despite the promising results reported in the studies, several
challenges or limitations were noted and are classified in Table 6,
which will be discussed in the following subsections.

Table 6. Challenges/Limitations faced by Related Work.

Challenges/Limitations Related Work
Faced

Dataset issues (Ayaz, 2023; Benhaddou & Leray,
2017; Bhatta, 2022; Espadinha-Cruz
et al., 2021; Etminan, 2021;
Giorcelli, 2019; Pereira, 2021;
Puravankara & Narendra Babu,
2020; Swelsen, 2019; Yim et al.,

2024)

(Benhaddou & Leray, 2017; Bhatta,
2022; Choudhury & Nur, 2019;
Giorcelli, 2019; Jadli et al., 2022;
Karthik et al.,, 2020; Nygard &
Mezei, 2020; Swelsen, 2019; Yim et
al., 2024)

Hyperparameter Tuning
issues

Performance issues (Ayaz, 2023; Chaudhuri et al., 2021;
Choudhury & Nur, 2019; D’Haen &
Van Den Poel, 2013; Jadli et al.,
2022; Karthik et al., 2020; Pereira,

2021)
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6.1 Dataset Issues

One recurring issue is dataset issues, including imbalanced
data (Benhaddou & Leray, 2017; Etminan, 2021; Swelsen, 2019;
Yim et al., 2024), limited size (Benhaddou & Leray, 2017; Etminan,
2021; Giorcelli, 2019), and low quality of data (Pereira, 2021),
which may eventually lead to biased predictions (Ayaz, 2023; Yim
et al., 2024). Other reported dataset issues include a lack of
relationships between datasets (Puravankara & Narendra Babu,
2020), the use of real customer data instead of lead data
(Swelsen, 2019), and insufficient data visibility (Bhatta, 2022).

A prior study by Pereira (2021) struggled to achieve high
model performance due to low-quality data with only 56%
accuracy, 71% sensitivity, 49% specificity, and 42% precision. The
low performance of the model was attributed to poor data
quality, characterised by a significant proportion of missing
values, incomplete data, and inappropriate data formats.
Similarly, another study by Ayaz (2023) emphasised that the
effectiveness of lead scoring models heavily relies on the quality
of the data used. The possible reasons for these dataset issues are
problems during the data collection phase, such as a limited data
collection period, inadequate data validation processes, and the
absence of relevant data. Such issues will lead to imbalances, a
limited dataset size, and low data quality, collectively contributing
to biased or unreliable model predictions. These studies
underscore the critical importance of high-quality data for the
success of building a lead scoring model.

Suggestions for future work include thoroughly planning the
data collection phase to avoid insufficient and incomplete data.
Besides that, Generative Adversarial Networks, a DL model that
generates synthetic data mimicking real data, might help solve
dataset issues (Akkem et al.,, 2024). GAN consists of two
components: a generator, which produces synthetic data by
sampling from a random prior noise distribution, and a
discriminator, which evaluates whether the data produced by the
generator is real or fake (Navidan et al., 2021). Thus, GAN can
address issues such as data imbalance, limited dataset size and
low data quality by generating more high-quality lead examples.

6.2 Hyperparameter Tuning Issues

Hyperparameter tuning issues pose significant challenges or
limitations. Several studies have mentioned using default
parameter values (Benhaddou & Leray, 2017; Choudhury & Nur,
2019; Giorcelli, 2019; Jadli et al., 2022; Karthik et al., 2020; Nygard
& Mezei, 2020; Swelsen, 2019; Yim et al., 2024), indicating that
hyperparameter tuning was not implemented. As a result, the
reported outcomes may not represent the model's optimal
performance. A study by Bhatta (2022) mentioned the trade-off
between comprehensive hyperparameter optimisation and
limited computing resources, which led to the usage of a smaller
grid search. This issue can lead to missed opportunities for finding
the optimal parameter values, resulting in models that are less
effective than they could be with more extensive tuning.

Future research should focus on wusing advanced
hyperparameter optimisation techniques to maximise model
performance. Additionally, there is a need to develop more
efficient and automated methods for hyperparameter tuning to
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save time and computational resources. For instance, the
Hyperband algorithm, combined with the Bayesian optimisation
method, which leverages the strengths of both standalone
methods, often outperforms other approaches such as Random
Search, as well as each method, and demonstrates a greater
margin of improvement, specifically in more complex
optimisation problems (Wang Blippar et al., 2018). This approach
would enable the optimisation process of lead scoring models to
allocate resources to the most promising hyperparameters
dynamically. By leveraging the Hyperband algorithm with the
Bayesian optimisation method, the search can be refined based
on past trials, which significantly speeds up the tuning process
and reduces computational costs.

6.3 Performance Issues

Many studies have identified performance issues as one of
the challenges or limitations faced. These issues include not
addressing the possibility of overfitting in high-performance
models (Choudhury & Nur, 2019; Jadli et al., 2022; Karthik et al.,
2020), models not being fully tested in real-time environments
(Chaudhuri et al., 2021; D’Haen & Van Den Poel, 2013; Pereira,
2021), and the trade-off between accuracy and interpretability
(Ayaz, 2023).

The possibility of overfitting in high-performance models
indicates that the model may be too closely tailored to the
training data, thereby leading to poor performance on new,
unseen data. For instance, if a lead scoring model is overfitted, it
may misclassify potentially high-value leads as low-value simply
because their characteristics do not match the training data.
Conversely, it might incorrectly classify low-value leads as high-
value, leading to wasted resources on leads that are unlikely to
convert. This undermines the generalisability of the model,
making it less reliable for practical applications. The lack of testing
the models in real-time environments raises questions about the
practical applicability of these models, as a model may perform
well in a controlled setting but not in a dynamic, real-time
situation. While complex models using advanced ML algorithms
often vyield higher accuracy, they do so at the cost of
interpretability. Models that lack interpretability may not earn
users' trust as they cannot discern the factors driving the model's
outputs.

To date, DL algorithms have yet to be widely integrated into
lead scoring models. In fact, despite being ten times slower than
Multi-layer Perceptrons, KAN, a newly introduced NN algorithm,
offers better accuracy for science-related tasks, making it a
promising alternative for future work where accuracy may
outweigh computational speed (Liu et al., 2024). Aside from that,
Hyperbolic Deep Learning (HNN), which employs hyperbolic space
rather than traditional Euclidean space, warrants further analysis.
The work by Ganea et al. (2018) indicates that HNN often
outperforms its Euclidean variants in most settings. HNN has the
potential to significantly improve model accuracy, particularly in
tasks involving complex hierarchical or relational data (Ganea et
al., 2018), as hyperbolic space is well-suited for representing tree-
like structures (Chami et al., 2020). Furthermore, HNN's ability to
handle large and complex datasets could make it a powerful tool
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for improving accuracy in lead scoring models, especially as data
becomes more abundant and intricate in future work.

7. Conclusion

This review paper briefly introduces the concepts of lead
scoring, ML algorithms, and feature engineering techniques. It
also identifies common characteristics of datasets used in lead
scoring models, such as reliance on non-social media data and the
lack of accessible public datasets. Besides that, this review paper
includes a classification table to summarise the lead scoring-
related papers based on the ML task, either classification or
regression. Apart from that, a comprehensive table provides an
overview of different studies utilising the same “X Online
Education” dataset. Despite using the same dataset, the results
varied due to differences in data preprocessing and feature
selection techniques employed by the authors.

This review paper summarises key findings on trends in lead
scoring models, highlighting the popularity of traditional ML
algorithms, particularly DT, LR, and RF algorithms. Furthermore,
this review paper justifies the trends in feature engineering
techniques used in lead scoring models.

The paper continues to suggest future directions for building
lead scoring models, such as planning the data collection phase
thoroughly, using advanced hyperparameter optimisation
techniques, and implementing DL algorithms. Nevertheless, more
research is required in order to conclude whether the suggested
solutions are able to enhance the performance of lead scoring
models.

In brief, this review paper plays a pivotal role in advancing the
field of lead scoring by offering valuable insights for both
academics and practitioners seeking to refine their strategies. By
optimising lead scoring, businesses can streamline their sales
processes, prioritise high-potential leads, and ultimately enhance
overall efficiency and profitability, driving economic growth and
job creation. As the landscape of data and technology continues
to evolve, ongoing research is essential to refine these strategies
further and unlock even greater potential for business success.
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