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Abstract- The aims of this project are two-fold, firstly to help a Fortune 500 paper
& paper product company encode what makes for sales success and secondly to
create a model that will predict with a reasonable accuracy of a sales success. The
ultimate goal is to boost sales close rates, reduce sales cycles and lower the cost of
sales, thus generating the desired long-term benefit of the company generating
additional revenue on top and additional profit at the bottom. The research team
developed a number of models to predict the win probability for individual sales
opportunities, selecting the model that most optimally predicted the win and was able
to provide insights to serve as the core for a client tool. To do this, the team used the
company's structured and unstructured data from its customer relationship
management (CRM) system, Salesforce.com. They tried a variety of methods such
as binomial logit, decision tree methods such as boosting with gradient boost and
random forest. Individual attributes of customers, opportunities, and internal
documentation methods that have the greatest influence on sales success were
identified. The best model achieved a accuracy of 80%, precision of 86% and recall
of 77% for predicting win propensity, which was an improvement over the current

source are credited. accuracy of sales predictions.
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1. Introduction

d Business-to-Business (B2B) sales is an essential component of organizational
growth, revenue generation, customer acquisition, and market expansion.
Unlike B2C transactions, B2B sales generally involve multiple decision-
makers, lengthy sales cycles, technical evaluations, negotiations, customized
requirements, and organizational approvals. Therefore, accurately predicting
whether a sales opportunity will be successfully converted is a complex task.
Traditional sales forecasting methods mainly depend on historical trends, salesperson experience, CRM records, and
managerial judgment. While they are helpful, these techniques may fail to accurately reflect more complex relationships
in large and evolving sales data. With the adoption of Customer Relationship Management (CRM) systems and digital
sales platforms, a ton of customer and sales information has been created. The information in these data encompasses
lead attributes, customer profiles, opportunity phases, quotation values, product data, sales engagements, salesperson
actions, and transaction history. B2B sales analytics involves analyzing this data to find patterns, assess opportunities,
predict results, and make business decisions. Machine learning is one way to work with a trove of past sales data and
turn it into predictive insights and opportunities that are likely to succeed. There are a number of issues that you need to
contend with in B2B sales prediction. Purchase cycles can be long and go through many phases, and may have multiple
decision makers. Sales data may also be heterogeneous, including numerical, categorical, text and temporal features.
Absence of values, inconsistent records, duplicate records, and noisy data may have a detrimental impact on model
performance. Class imbalance is another issue that needs to be considered as well since there can be a large number of
unsuccessful opportunities that exceed the number of successful opportunities. So, accuracy by itself might not be a
good indicator of the models' performance. Indicators like precision, recall, F1-score and ROC-AUC are thus needed.
Further, shifts in customer behavior, market conditions, competition and business strategies can diminish the ability of
models formed from past data to generalize to future data. Machine learning can provide insights into patterns and
relationships that would not otherwise be apparent in sales data, connecting sales attributes with past performance.
Supervised learning algorithms could be trained with the past sales opportunities that were successful or unsuccessful
and then used on new opportunities. Logistic Regression, Support Vector Machine (SVM), Naive Bayes, Decision Tree,
Random Forest and XGBoost are the algorithms that can be utilized for predicting sales success in B2B. Logistic
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Regression gives an easily-interpreted baseline model, and SVM can model more complicated decision boundaries.
Decision Tree and Random Forest algorithms are good for classification and feature analysis, while XGBoost can reveal
nonlinear relationships and interactions among features. Multiple algorithms can be compared to determine the best
model for a specific B2B sales dataset. The traditional B2B sales forecasting methods mostly rely on salesperson's best
guess, historical averages, and manually managed sales pipelines. These methods may not be sufficient to fully represent
the interactions between different types of customer characteristics, sales activities, opportunity attributes and
purchasing behavior. While machine-learning techniques have proven to be very promising, an integrated system that
encompasses data preprocessing, feature engineering, predictive modeling, model optimization, and model comparisons
is still needed for B2B sales-success prediction. This research's main purpose is to give data-centric B2B sales decision
making. Organisations spend lots of time and money on lead generation and opportunity management and not all
opportunities have the same chance of conversion. A reliable predictive model can aid sales teams to determine which
opportunities they should target, prioritize leads, allocate resources appropriately, and enhance sales planning. With its
growing volume, CRM information continues to drive the need for machine-learning tools that can transform past
information into predictive insights and intelligence. The key goal is to create an advanced machine learning system to
predict B2B sales success. The particular aim is to: To build a sophisticated machine learning model to forecast the
success of a B2B sale, taking out the noise from the sales data and extracting relevant features to drive sales. To build
and compare the performance of predictive models (SVM, Logistic Regression, Naive Bayes, Decision Tree, Random
Forest, XGBoost) using appropriate performance measures to determine which is the best predictive model. To
implement the developed predictive framework to B2B lead prioritization and data-driven sales decision making, which
is going to enhance sales opportunity management and forecasting. The research adds an integrated machine-learning
framework, which incorporates data preprocessing, feature engineering, model development, evaluation, and prediction
of B2B sales success. It compares different machine learning models and determines key factors that impact sales results.
The framework can be used to help sales teams prioritize opportunities, allocate resources, enhance forecasting, and
make informed decisions. The intent of the research is to bring together high-end machine-learning tools and real-world
B2B sales management use.

2. Literature Review

As aresult of the ability to detect complex patterns in historical sales data, machine learning (ML) has increasingly been
used in sales predictions. In contrast to the conventional forecasting models that primarily rely on historical trends and
statistical assumptions, the models using ML allow incorporating customer, product, transaction, and the sales-process
attributes. Yan et al. proved that machine learning can be used to predict sales in the sales pipeline; and later researchers
have investigated logistic regression, support vector machine (SVM), decision tree, random forest and gradient boosting
methods for forecasting sales. The added value of predictive analytics in B2B sales lies in the fact that B2B deals are
intricate, involve multiple parties, and have longer sales cycles. Rezazadeh showed the viability of generalized machine-
learning methods for the B2B sales predictive modeling. Likewise, structured sales data have been applied to supervised
learning to predict B2B sales. These methods help with opportunity management, sales forecasting, opportunity
targeting, and resource allocation. Lead conversion prediction relies on customer attributes, engagement, lead source,
opportunity stage, and interaction histories to predict conversion likelihood. The latest B2B lead-scoring studies
demonstrate the importance of ML to prioritize good leads. Customer classification is another tool that aids segmentation
and customized marketing approaches. While there are some successful studies reported, most of those studies target
specific algorithms, datasets, industries, and individual forecasting tasks. There are scarce studies that compare the
performance of several ML algorithms for predicting sales success in B2B environments. Thus, a comprehensive
approach that integrates the preprocessing, feature engineering, comparative modeling, and performance evaluation is
needed.

Table 1: Comparative Analysis of Existing Research

Ref. Year Study / Authors Research Focus Meth‘o d/ Key Contribution Limitation / Research Gap
Algorithm
Predicted sales lead win- Focused on a specific
[1] 2015 Yan et al Predictive sales- Hawkes Process | propensity using seller— | enterprise sales environment;
’ pipeline analytics /ML lead interactions and broader ML comparison was
temporal behavior. limited.
Continuous ; dgliz%ycsf;ﬁdsﬁi:isﬁ Primarily focused on CRM
[2] 2018 Ali & Lee CRM sales prediction time-evolving P and time-evolving
) . patterns and success : -
classification classification.
factors.
. Directly investigated the Scope and dataset were
[3] 2019 Mortensen et al. B2B sale_s—guccess Ma°h¥“° prediction and definition specific to the studied
prediction Learning L
of B2B sales success. organization.
. . CRM technology and CRM/ Examined the Mor.e focused on.CRM
[4] 2019 Harrison & Ajjan . . . . . adoption and practice than
marketing practice Analytics relationship between L ;
predictive modeling.
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CRM technology and
marketing practice.
E-commerce sales Deen Neural Developed a deep- E-commerce oriented rather
[51 2019 Yan Qi et al. forecastin Ngtwork learning framework for than B2B sales-success
g sales forecasting. prediction.
. Proposed a generalized Further investigation is
[6] 2020 Rezazadeh B2B s;lll(c):;e;iirﬁdlctlve Eﬁsz:r:fb{\gli/I/L workflow for B2B required across different B2B
g predictive modeling. datasets and algorithms.
- Applied predictive Focused mainly on
. . B2B salesperson Predictive . salesperson performance
[7] 2020 Calixto & Ferreira . analytics to evaluate
performance Analytics salesperson performance rather than overall sales-
P P ) success prediction.
Applied supervised ML .
. Supervised ML to spare-parts sales Case-spemﬁc and focuseq on
[8] 2022 Rohaan et al. B2B sales forecasting /NLP forecasting in an after- a particular product/service
sales B2B environment. context.
Improved forecasting b Primarily concerned with
[9] 2022 Bietal Sales forecasting Tensor incorhorating deman d-y forecasting rather than sales-
' accuracy Factorization P ng . opportunity success
awareness information. . .
classification.
Investigated socio- Focused stronely on
. . ML-based sales Machine technical challenges in d strongly
[10] 2022 Fries & Ludwig . . . . organizational and
forecasting Learning implementing ML sales . .
forecasting, implementation challenges.
Examined machine- General sales forecasting;
[11] 2023 Martins & Galegale Sales forecasting ML Algorithms learning algorithms for limited focus on B2B
sales forecasting. opportunity-level prediction.
Investigated ML Requires further
[12] 2024 Shi et al CRM and machine ML /CRM applications for development toward
’ learning Analytics improving CRM-related | integrated B2B sales-success
activities. prediction.
Examined improvement L
[13] 2005 Abaddi Sales management and CRM/ of sales management Not %rgganlly ?n ML-based
& CRM Simulation through CRM and ﬁ:;z;iliﬁcess
simulation. )
Developed an ML-based
Gonzalez-Flores et 15 B2B lead-scoring model; Siscigiug};]gassgvs:rz
[14] 2025 B2B lead prioritization Classification Gradient Boosting P .
al. . company; broader framework
Algorithms performed best among A .
the tested classificrs. validation remains necessary.
Spectral Graph Applied graph-based Advanced architecture may
B2B CRM and sales - deep learning to model . .
[15] 2025 Henna et al. . Convolutional . . require substantial data and
forecasting CRM relationships and .
Networks sales forecasting computational resources.
Investigated automated .
. Focuses on lead nurturing
[16] 2025 Habel et al. Sales-pipeline Automateq . te(?hnology fc?r . rather than comprehensive
technology Lead Nurturing | improving sales-pipeline .
lead nurturing. sales-success prediction.
Applied ML to sal .
Sustainable Supply Machine gfe(lﬁction w(;t;?nes Broader supply-chain context
[17] 2025 . Sales prediction . . . rather than specifically B2B
Chain Study Learning sustainable supply-chain
forecasting. sales success.
Applied ANN and
[18] 2025 B2B Automobile B2B automobile sales ANN-GA 2iﬁi§lgu2;%glg}2lr§ Industry-specific and focused
Sales Study forecasting automobile sales primarily on forecasting.
forecasting.

The research shows that there's been great strides in using machine learning for sales forecasting, CRM analytics, lead
scoring, and customer classification. There are, however, a number of gaps in research. Existing work often focuses on
specific aspects of B2B sales, such as data preprocessing, feature engineering, multiple classification algorithms, model
evaluation, and prediction of sales success, without combining them into one framework. Secondly, datasets and
evaluation methods are not necessarily comparable and direct comparison of algorithms is not easy. Third, class
imbalance, feature relevance, shift in customer behaviour, and model interpretability are not always considered.

3. Proposed Methodology

The methodology proposed in this paper is a machine learning-based framework that integrates the analysis of historical
customer, lead, and opportunity information along with sales data to predict the success of a B2B sale. The framework
comprises of successive phases such as data collection, data preprocessing, feature engineering, feature selection, model
development, model training, model validation, hyperparameter optimization, and prediction. The main goal is to
convert raw B2B sales information into actionable predictive data that can aid in lead prioritization and data-driven sales
2026 The
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decisions. The model is a binary classification problem where each sales opportunity is labeled as a success or failure.
Several machine-learning algorithms are created and tested to find the best machine-learning model for the prediction
task. The proposed system architecture includes five major layers of the system, namely the data acquisition layer, data
preparation layer, predictive modelling layer, evaluation layer, and decision support layer. The data acquisition layer
gathers data from the past from the CRM and sales systems. Data preparation layer is responsible for cleaning,
transformation, encoding, feature engineering and feature selection. The predictive modeling layer creates multiple
machine-learning models. The evaluation layer provides the evaluation of the models based on suitable metrics. Lastly,
the decision support layer generates predictions about the likelihood of success of new B2B sales opportunities based
on the chosen model. Sales data that are relevant to B2B are gathered from available CRM databases, organizational
sales records, records of customer interactions and other appropriate datasets. Lead source, Customer type, Industry,
Geographical region, Sales stage, deal value, number of interactions, salesperson activity, product category, previous
purchase behavior, and sales-cycle duration are some of the important attributes. Target variable is the ultimate sales
result. As part of the data set preparation, data quality, relevance, completeness, and consistency are taken into account.
Raw sales data typically have missing data, duplicated data, inconsistent data formats, categorical data, and possible
outliers. Data pre-processing is hence done prior to the model development. Duplicate and irrelevant records are deleted,
missing values are dealt with appropriately, and categorical variables are encoded into a numerical representation using
an appropriate technique. Where necessary, numerical features might be normalized or standardized. The data set is then
split into training and testing sets with proper class distribution. Feature engineering is the process of creating features
that are useful for prediction. These features could encompass frequency of customer interactions, time of last sales
opportunity, intensity of interaction, length of sales cycle, average transaction value, number of purchases in the past,
conversion rate history, etc. Additional information from individual raw variables may be available from derived
features. Feature engineering can enhance the capacity of a model to learn and the prediction results. Feature Selection
identifies the most relevant features for predicting sales success. Unimportant and unnecessary attributes can add noise
and complexity to the computations. Various techniques for feature-importance and model-based feature-selection
methods as well as statistical analysis and correlation analysis can be used to find predictors that are significant.
Choosing informative features also results in better interpretability of the model. The following six machine-learning
algorithms are taken into account: Logistic Regression, Support Vector Machine (SVM), Naive Bayes, Decision Tree,
Random Forest and XGBoost. These models are various learning strategies and serve as a general foundation for
comparison. Logistic Regression provides a baseline interpretable model, and tree-based and boosting algorithms can
learn nonlinear relationships between B2B sales features. Selected data set is split to train and test sets. The training set
is employed to build up the predictive models and the testing set is set aside for independent evaluation of the predictive
models. Cross validation can be used to check the model stability and minimize overfitting. Metrics of model
performance include accuracy, precision, recall, Fl-score, confusion matrix and ROC-AUC. Hyperparameter
optimization is used to get better performance of the model. The algorithm determines the optimization of parameters
like tree depth, number of estimators, learning rate, kernel parameters, strength of regularization, and minimum sample
requirements. The optimization methods of Grid Search, Random Search etc. can be used. Optimised parameters are
selected according to the validation performance without overfitting. The best performing model is used after training
and optimization based on results from an extensive evaluation. The chosen model is fed with details of a new B2B sales
opportunity and forecasts the probability of success. The prediction can be conveyed as a classification label and, if
available, as a probability value. High-probability opportunities can be prioritized for immediate sales attention, while
lower-probability opportunities can be managed through appropriate follow-up strategies. The proposed methodology
therefore establishes a systematic connection between B2B sales data and actionable predictive intelligence, enabling
organizations to improve opportunity prioritization, sales forecasting, resource allocation, and data-driven decision-
making.
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4. Dataset Collection
Table 2: B2B Sales Dataset Attributes
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Data is stored in one of the various data structures. In a database, for example, a data set might contain a collection of
business data (names, salaries, contact information, sales figures, and so forth). The database itself can be considered a
data set, as can bodies of data within it related to a particular type of information, such as sales data for a particular
corporate department. The term data set was coined by IBM and had a similar meaning as file. In an IBM mainframe
operating system, a data set s a named collection of data that contains individual data units organized (formatted) in a
specific, IBM-prescribed way and accessed by a specific access method based on the data set organization. There are
three types of data set organization: sequential, relative sequential, indexed sequential and partitioned. Various access
methods are used: Virtual Sequential Access Method (VSAM); Indexed Sequential Access Method (ISAM). Data sets
have several features that determine their structure and properties. These include attribute/variable numbers and types,
and statistics that apply to them, including standard deviation and kurtosis. The values can be numeric (e.g. real numbers,
integers, etc.) and may be a person's height in cm, or they can be nominal (i.e. not numeric values) and may be a person's
ethnicity. Values can be of any of the types listed as a level of measurement, more generally. The values for each variable
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are typically all the same type. There can also be missing values, however, and these should be represented in some
fashion. Typically, data sets are obtained from real observations made of a sample of a statistical population, with each
row representing the observations made of one element of the statistical population. Other algorithms can also produce
data sets, which are then used to test some types of software. Some modern statistical analysis software such as SPSS
still presents their data in the classical data set fashion. If data is missing or suspicious an imputation method may be
used to complete a data set.

5. Machine Learning Models

By using a machine learning algorithm, you will gain a practical and in-depth understanding of the algorithm. This
knowledge can also be used to internalize the mathematical description of the algorithm: thinking of the vectors and
matrices as arrays, and thinking of the intuition for the computation of the transformations on those structures. When
implementing a machine learning algorithm, there are many micro-decisions to be made and these are usually not
included in the formal algorithm description. Learning and parameterizing these decisions can quickly catapult you to
intermediate and advanced level of understanding of a given method, as relatively few people make the time to
implement some of the more complex algorithms as a learning exercise. Mastery: First step towards mastering an
algorithm is implementation of it. When implementing an algorithm, you must be very familiar with it. You are also
creating your own laboratory for tinkering to help you internalize the computation it performs over time, such as by
debugging and adding measures for assessing the running process. Production Systems: Custom implementations of
algorithms are typically required for production systems because of the changes that need to be made to the algorithm
for efficiency and efficacy reasons. Ultimately, better, faster and less resource intensive can translate to lower business
cost and higher revenue, and working with hand-coded algorithms will help you learn how to provide these solutions.
Literature Review: When implementing an algorithm you are performing research. One has to find and read several
formal and canonical descriptions of the algorithm. You will also find other implementations of the algorithm and do a
code review to ensure your understandings. You are performing targeted research, and learning how to read and make
practical use of research publications.

6. Steps for Implementation

Step 1: Install the latest version of Anaconda (previously given on the information page).
Step 2: Open anaconda Prompt
Step 3: Conda create -n tf python=3.7
Step 4: Conda env list to activate the Conda environment, you can use the command:
Step 5: Install require software

scikit-image==0.17.2

scikit-learn==0.23.2

pandas—=1.1.1

matplotlib==3.3.1

Pillow==7.2.0 29

plotly==4.10.0

opencv-python=—=4.4.0.42

spacy==2.3.2

lightgbm==3.0.0

mahotas—==1.4.11

matplotlib==3.3.1

lightgbm==3.0.0

mahotas—1.4.11

nltk==3.5

matplotlib==3.3.1

xgboost==1.2.0

Jupyter
Step6: Activate environment for jupyter notebook (For execute the in jupter notebook) python -m ipykernel
install --user --name=
Step 7: Goto project Directory

Project Development Modules:

Data Collection: Gather adequate samples of data and software.

Data Preprocessing: Do useful data processing on the sample, and take out the features.
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Train and Test Modelling: Split the data into train and test data Train will be used for training the model and
Test data to check the performance.

Feature Selection: Select more features to classify.

Modelling: SVM Navie bayes, Random Forest, KNN, GBoost, Gradient boosting Decision tree, Ada boost
with random forest. Use the machine learning algorithms to fuse the training and build the classification
model.

7. Results and Discussions
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Extension is Logistic Regression algorithm performed well

Conclusion

This paper presented an initial step toward operationalizing predictive modeling for sales success within a large Fortune
500 paper and packaging company. Despite data inconsistencies, the results demonstrated promising predictive accuracy
and revealed important factors influencing sales success. Future improvements should focus on enhancing data quality
and volume, developing additional features, and evaluating advanced techniques such as neural networks. The study
also highlights the importance of capturing opportunity changes over time through periodic snapshots. Accurate
predictions could support sales-resource allocation, opportunity prioritization, and improved aggregate forecasting.
Successful implementation will require continuous model refinement, data-management processes, regular updates, and
organizational collaboration.
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