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ABSTRACT

This project is a comprehensive implementation of predictive analytics
solutions for sales forecasting for the financial and insurance verticals This
study is called Predictive Analytics for Sales Forecasting in the Finance Sector,
and the data set it uses includes historical information from insurance agencies
from 2005 to 2014 (213,328 records from 1,623 insurance agencies in 6 states
of the United States).

The goal of this project is to build and test predictive models which would be
able to predict the written premium accurately from past financial metrics such
as loss ratio, retention ratio, new business premium, and incurred losses The
methods that were employed are Linear Regression (baseline), Random Forest
Regressor, and Facebook Prophet for time-series forecasting, all three of which

were implemented and compared.

This project uses Python as the main programming language, and some of the
libraries utilized are Pandas, NumPy, Scikit-learn, and Prophet for data
processing and machine learning respectively Structured data was queried using
SQL (SQLite) whereas Power BI was used to create an interactive 3-page

dashboard, offering a descriptive and predictive analytical insight.

The best results were obtained by the Random Forest Regressor on
log-transformed premium values with an R? score of 0 848, a Mean Absolute
Error (MAE) of 0 505 and an RMSE of 0 858 The two best indicators of total
premium volume are incurring losses and new business written premium,
according to key findings Commercial lines grew 114% over the last decade,

and Ohio made up 58% of the total written premium portfolio.

The project builds the existing knowledge in the field of predictive analytics in
finance and offers valuable information for data driven recommendations to

enhance the accuracy of sales forecasting in the insurance industry.
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CHAPTER 1: INTRODUCTION

1.1 Background of the Project

The insurance and financial services sector create huge transactional data on a daily
basis Insurance agencies monitor written premiums, policy renewals, claims, loss
ratios and new business, as well as thousands of client accounts Despite the wealth of
historical information available, a lot of financial organizations are still using manual
approaches, gut instinct or cruder statistical models to forecast sales success in the
future Predictive Analytics is the predictive modelling process to identify future
events from past trends using statistical algorithms, machine learning models, and
data mining techniques As it relates to insurance sales, predictive analytics can
revolutionize the way that agencies allocate resources, target their sales goals and find
markets where growth is going to occur before it does Being able to predict written
premium volumes one to three years ahead gives insurance agencies an edge in the
competitive arena The financial services industry - including banking, insurance,
investment management and financial advisory - is one of the most data-intensive
sectors in the global economy Recent studies indicate that companies with
sophisticated forecasting methods using advanced analytics can outperform
companies with traditional forecasting methods in terms of forecast accuracy and
operational efficiency Predictive analytics is now possible for every organization,
thanks to the rise of cloud computing, open-source machine learning libraries, and
business intelligence platforms. This project is targeted specifically at the insurance
sub-sector of the finance sector with a real-world dataset of agency performance
measures covering 11 years (2005 - 2015) of data. The data includes 1,623
independent insurance agencies in six states in the United States, offering a variety of
commercial lines (CL) and personal lines (PL) insurance products The project
investigates how to use several machine learning approaches to predict written
premium sales and compare the models' performances using conventional statistical
measures. The global insurance industry processes hundreds of millions of policy

transactions every year and manages assets worth several trillion dollars. Inside that



scale, premium forecasting sits at the centre of almost every significant business
decision an insurer makes - setting agency sales targets, allocating marketing spend,
planning staffing, structuring reinsurance coverage, and communicating financial
guidance to investors and regulators. Get the forecast wrong and the consequences
don't stay contained: overstaffed or understaffed teams, missed reinsurance thresholds,
guidance that doesn't hold up, budgets pointed in the wrong direction. Forecast errors

in insurance aren't abstract - they hit the bottom line directly.

Regional insurers face a version of this problem that large national carriers mostly
don't. A regional insurer typically distributes through independent agents who also
represent competing carriers. That means limited visibility into each agent's full book
of business and no easy way to predict which agents will grow, which will plateau,
and which will quietly shrink their premium volumes in the coming year. Regional
portfolios also tend to be more exposed to local weather events and economic
conditions - the kind of sudden fluctuations that historical trend analysis struggles to
anticipate. The dataset used in this project sits squarely in this context: 1,623
independent agencies across six states in the American Midwest, exactly the kind of

regional portfolio where forecasting is hardest and most consequential.

What's changed in the last decade is that the tools to tackle this problem have become
genuinely accessible. A regional insurer ten years ago might have had one or two
actuaries running spreadsheet models. Today, a single analyst with open-source
Python libraries - Scikit-learn, Prophet, Pandas - can build, train, and evaluate
multiple predictive models on hundreds of thousands of records in a few hours, at
close to zero incremental cost. You don't need a large technology budget or a
dedicated data science team to implement machine learning-based forecasting
anymore. That shift - advanced analytics moving from exclusive to accessible - is the

primary motivation behind this project.



1.2 Problem Statement

One of the major challenges for insurance agencies and financial institutions in the
regional insurance market is the lack of ability to correctly estimate future volumes of
written premiums from historical volumes Traditional forecasting approaches focus
primarily on year-over-year growth projections and/or a manual examination of the
past, without taking into consideration the various factors that influence financial
indicators like loss ratios, retention rates, acquisition of new business, market specific
factors, etc. The lack of a systematic, data-driven forecasting framework means there
are several operational issues Agencies cannot allocate their resources and establish
realistic sales goals without first being able to do the above Second, without
knowledge of expected claim trends and volumes, underwriters are unable to
sufficiently price the risk Third, management does not have visibility of what product
lines, geographic areas and agency segments are likely to be more successful or less
successful in the next several years To meet these challenges, this project builds and
tests predictive models that will be able to estimate insurance sales (written premium)
based on financial performance indicators from past years and compare their
performance. The proposed system is designed to fill the gap between the amount of
available data and the ability to take action to achieve the desired forecasting. The
financial consequences of getting forecasts wrong run in both directions, and neither

1s comfortable.

Overestimate premium volumes and the downstream damage starts piling up: excess
reinsurance purchased at unnecessary cost, sales staff hired into a premium base that
can't support them, agency targets set high enough to be demoralizing rather than
motivating. Underestimate and the problems flip: insufficient reinsurance when a
high-claims period arrives, not enough underwriting and claims staff to handle the
actual policy volume, growth opportunities missed because the organization wasn't
positioned to move. For a regional insurer managing a $400M premium portfolio,
research suggests forecast errors in the 10-15% range can translate into millions of
dollars of lost value annually. That's not a rounding error - it's a material business

problem.

The data itself makes this harder than it looks on the surface.



Insurance premium distributions are heavily right-skewed. Most agencies generate
small volumes. A small minority generate very large ones. That skewness breaks the
normality assumptions that traditional statistical forecasting methods are built on -
apply them directly to raw premium data and the outlier agencies dominate the model

while the majority get poorly predicted.

The non-linearity problem compounds this further. The relationship between loss ratio
and future premium growth, for example, isn't a straight line. It follows a threshold
pattern - agencies with moderate loss ratios tend to grow faster than those at either
extreme. A linear regression model can't learn that. It fits a straight line through data
that doesn't move in a straight line, which is why the Linear Regression baseline in
this project landed at R? = 0.309 while Random Forest - which can capture these
interactions - reached 0.848. The gap between those two numbers is largely explained

by the non-linear structure in the data that only one of the two models could see.

1.3 Objectives of the Project

To conduct a comprehensive literature review and understand the significance of
predictive analytics in sales forecasting in the finance industry Analyses past sales
data and financial metrics to create predictive models for insurance premium
forecasting Compare the accuracy and effectiveness of multiple predictive models
such as Linear Regression model, Random Forest Regressor model and Facebook.
Prophet model using standard evaluation metrics (MAE, RMSE, R?) To learn about
various predictive analytics methods to forecast sales and to understand the best
model for the insurance industry To make possible recommendations to enhance sales

forecasting through predictive analytics in the finance and insurance sectors.



1.4 Scope of the Project

This project's scope includes the entire data pipeline from data acquisition to business

recommendations The project includes the following activities:

e A project involving Exploratory Data Analysis (EDA) for the analysis of
213,328 records of insurance agency performance over the time period
2005-2014.

e Data preprocessing (sentinel values of treatment, feature engineering, log
transformation of the target variable, etc ), and train test splitting Design and
testing machine learning sales forecasting models.

o Utilization of Structured Query Language (SQL) for aggregation of agency
performance and financial health assessment using the SQLite language

e Creating an Interactive Dashboard with Microsoft Power BI with 3 Analytical
Pages Structured academic report including documentation of findings,

methodology and recommendations.

This project is restricted to the insurance industry and uses the publicly available
Kaggle data It does not involve real-time data streaming, proprietary insurance

systems integration, or deployment in a production environment.

1.5 Existing System Overview

The three main types of sales forecasting currently used in insurance and finance are,
there are three major methods of current sales forecasting used in insurance and
finance:

The first are the manual projections, in which sales managers estimate future
performance based upon past averages and growth rate assumptions. They are all
subjective and open to human bias and can be prone to inaccurate forecasts which fail
to take into account underlying market dynamics. The other types of simple models
are basic statistical models like moving averages and simple linear regression These
models are more objective but cannot incorporate non-linearities and complex
interactions among financial variables.They also have to deal with the variable and
skew nature of insurance premiums. The third category includes commercial
enterprise resource planning (ERP) systems and actuarial software with a certain

forecasting component, but are costly, specialized software, and difficult to modify



exploratory analytical workflows These systems tend to be opaque and offer no detail
at the feature level of what is driving sales Current systems have a few drawbacks:
They have no machine learning ability, they don't provide quantitative feature
importance, they don't provide any time-series aware forecasting, and they don't allow

for predictive insights to be visually communicated to business users.

1.6 Proposed System Overview

The suggested system is an insurance sales forecasting application that utilizes
end-to-end predictive analytics pipeline The system takes historical performance data
of agency as input and outputs forecast results with a series of well-defined analytical
phases.

It starts with data ingestion and exploratory data analysis, followed by systematic
pre-processing to tackle data quality challenges such as sentinel value treatment,
feature engineering, and target variable normalization Three predictive models are
then trained and evaluated: Linear Regression model as a baseline model, a Random
Forest Regressor model to capture the non-linear patterns, and a Facebook Prophet
model to forecast the time-series specific patterns.

The system outputs performance metrics of the models (MAE, RMSE, R2), feature
importance rankings, and comparison charts of forecast vs actual. These are fed into a
three-page Power BI dashboard that gives stakeholders descriptive, financial health
and predictive analytics views An SQL layer allows for structured queries to be used
for aggregate reporting.

The proposed system is more advantageous than the current ones, as it integrates the
transparency of machine learning (feature importance), the time-series aspect
(Prophet), and the interactive visualization (Power BI) in a single analytical system,

which is reproducible, developed entirely using open source tools.



1.7 Technologies Used

Technology Version/Tool

Python Data analysis, ML modeling,
preprocessing
Pandas 2.x Data manipulation and
analysis
NumPy 1.x Numerical computation
Scikit-learn 1.x Linear Regression, Random

Forest, metrics

Facebook Prophet 1.x Time-series forecasting
Matplotlib / Seaborn 3.x Data visualization
SQLite (Python) Built-in Database creation and SQL
queries
Microsoft Power BI Desktop Interactive dashboard
Jupyter Notebook VS Code Development environment
Git / GitHub Latest Version control and portfolio
hosting
Kaggle Platform Dataset source



CHAPTER 2: LITERATURE REVIEW

2.1 Introduction to Predictive Analytics in Finance

Predictive analytics is one of the advanced analytics subfields, which involves
forecasting future events or outcomes based on historical data, statistical algorithms,
and machine learning techniques Predictive analytics has proved to be a key ability in
the finance industry, where businesses are looking to make data-informed decisions to
gain a competitive edge. The financial services sector spans banking, insurance,
investment management, and lending and creates huge amounts of transactional and
behavioural data that can prove to be very insightful when analysed correctly and in
good time, allowing for predictions to be made.

In recent years, the use of predictive analytics in financial sales forecasting has grown
significantly, as financial institutions have realized that conventional methods of
forecasting are not effective in today's complex market conditions, and as more data
has become available in the historical record, open source machine learning
frameworks have proliferated Machine learning-based forecasting has been shown to
consistently outperform traditional statistical forecasting techniques in terms of
forecast error.

Predictive Analytics is used in insurance for several purposes: premium pricing,
predicting claims, forecasting customer retention and managing the pipeline of new
business Being able to predict written premium volume at the agency level is
especially useful for regional insurance groups that have multiple lines of business
and multiple independent agents in various states.

Predictive analytics in financial services didn't start with machine learning. It started
in the 1950s with credit scoring.

Fair Isaac introduced the first standardized credit scoring model in 1956 - the earliest
demonstration that historical financial behavior could predict future credit
performance accurately enough to support automated lending decisions. The principle
it established is the same one that underlies everything built since: patterns in
historical data contain information about future outcomes, and mathematical models
can extract those patterns more consistently than human judgment. That idea has been

tested, refined, and extended for seven decades. It still holds.



The arrival of machine learning as a distinct field in the 1980s and 1990s changed
what was possible. Decision trees, neural networks, support vector machines - these
weren't just faster versions of linear regression. They could model non-linear
relationships that traditional statistical methods couldn't reach. The insurance industry
moved early. Fraud detection and claims prediction came first, then premium pricing,
customer retention modeling, and eventually sales forecasting. The shift from
actuarial methods to machine learning has been gradual - deliberately so, given the
regulatory environment - and it's still incomplete in many regional organizations. That
gap between what the tools can do and what most regional insurers are actually doing
is part of what makes this project relevant now rather than five years ago.

The 2010s added a third layer. Cloud infrastructure and big data tooling meant
insurance organizations that had previously worked from annual summary statistics
started accumulating transaction-level data - every policy interaction, every claim
event, every agent touchpoint. More data, more granularity, and a new set of problems
around storage, processing, and governance to go with it.

The dataset in this project sits at an earlier point on that maturity curve - historical,
aggregated at the annual agency level rather than individual transaction level. That's
not a limitation unique to this dataset. It's representative of where many regional
insurers actually are today: enough data to build meaningful models, not yet at the
transaction-level granularity that the largest carriers are working with. The methods

developed here are designed for that reality.



2.2 Review of Related Studies

Study 1: Prediction for Insurance Premiums Based on Random Forest and

Multiple Linear Regression

A study published on researchgate (2023) compared the performance of the Random
Forest model to the Multiple Linear Regression model in predicting insurance benefits
and premium amounts. The researchers tested both models on an actual insurance
dataset and demonstrated the superiority of the Random Forest model over Linear
Regression in prediction accuracy from the dataset. The study also suggested that
although the accuracy of Random Forest was higher, it was not easily interpretable as
was Linear Regression where the relationship between the input variables and the

premium outcomes can be easily explained.

The authors found that both models are useful for their respective organizational
purposes: Random Forest is better for the accuracy of the task, whereas Linear
Regression is suitable for people who want to know more about forecasting and need
to understand the process The approach taken in this project to implement both
models and evaluate the trade-offs fits well with this finding. The same trend has been
observed in our results, which shows that the R? value of the Random Forest is higher
than the Linear Regression's on the insurance agency dataset, with R? =0 848 and R?

=0 309, respectively.

Study 2: Random Forest Regression with Hyper Parameter Tuning for Medical

Insurance Premium Prediction.

Prakash et al (2022) conducted a research paper that showed the effectiveness of
Random Forest Regression (with hyperparameter tuning) for medical insurance
premium prediction in the International Journal of Health Sciences. The study was
applied to a healthcare insurance dataset, showing that the model could be optimized
with good hyperparameter values, which would lead to better performance Data
preprocessing, specifically feature selection, as well as outlier detection, was found to

be essential for obtaining accurate prediction outcomes.

There are two major aspects of the paper that are relevant to this project First, it

confirms the selection of the Random Forest model as the main predictive model to
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forecast insurance premiums Secondly it highlights the significance of the
preprocessing pipeline used in this project, specifically the treatment of the heavily

skewed target variable and the sentinel values (99999 placeholders).

Study 3: A Study of Impact and Applications of Predictive Analytics in Sales

Forecasting.

Kumar (2023) conducted an extensive review of the International Journal of Research
in Applied Science and Engineering Technology on the various applications and
applications of predictive analytics in various sectors including finance, retail, and
healthcare. The study revealed that Al-driven predictive systems can crunch through
vast amounts of historical and pipeline data and deliver much more accurate sales
forecasts than human analysis The organizations that used predictive sales forecasting
saw an increase in revenue predictability, in efficient use of resources, and capability

for better strategic planning.

A crucial aspect of this paper for this project is the fact that it provides the theoretical
foundation to use machine learning for sales forecasting in the finance industry The
results validate the project's main thesis of generating reliable forward-looking
premium forecasts through the analysis of historical agency performance with the
right ML models The paper also states that data quality and feature engineering are
two challenges that can become a success factor, and therefore were taken into
account in this project when making choices among the different pre-processing

options .
Study 4: Al Driven Predictive Analytics for Financial Forecasting

On the other hand, the IEEE conference paper (2024) explores the application of Al
predictive analytics for financial forecasting in risk management and business
planning The study evaluated the performance of Al technologies for predicting
financial results and their potential for real-time reporting in financial institutions The
study revealed that companies that adopted Al-driven forecasting systems
outperformed those employing traditional statistical methods when it came to the

accuracy of their financial performance forecasts.
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The paper's main finding is that predictive analytics can be a game-changer in
financial risk management It determined that predictive models with multiple
financial indicators outperformed models with single variable forecasting, which
directly supports the multi-feature modeling approach taken for this project The
features used in our model (loss ratio, retention ratio, new business premium) are

consistent with the multi-indicator strategy suggested by this research.

Study S: Predictive Analytics in Financial Management: Enhancing

Decision-Making and Risk Management

A systematic review of the use of predictive analytics to improve decision-making
and risk management in financial services organisations was published on
ResearchGate (2024) The review compiled results from diverse financial management
studies and concluded that predictive analytics in financial management drive tangible
benefits in terms of enhanced predictive accuracy, risk measurement, and operational
efficiency Specifically, the review referenced a survey conducted by the World
Economic Forum (2023) which revealed that 54% of the financial sector firms faced

challenges in recruiting individuals with the appropriate skills in analytics.

The literature review revealed a clear gap in the literature with regards to using
predictive analytics in insurance sales forecasting at the agency level over multiple
years-although there is a lot of literature in the e-commerce and banking sectors to
support the use of predictive analytics in cost prediction for medical insurance and
banking, respectively, there is limited published research that focuses on multi-year
agency-level insurance sales forecasting using ensemble methods. This gap directly

underlies the direction of the research of this project.

2.3 Comparative Analysis of Predictive Techniques

Linear Regression Low-Medium High Baseline, transparent
models

Random Forest High Medium Complex non-linear
patterns

Facebook Prophet Medium High Seasonal time-series

12



XGBoost Very High Low Tabular data
competitions
LSTM/Deep Learning High Very Low Large sequential

datasets

Considering the nature of the insurance agency performance data and the comparative
analysis, the Random Forest Regressor model was chosen as the primary model because
of its ability to provide a good balance of accuracy and interpretability. The interpretable
baseline was Linear Regression and Facebook Prophet was added because of its

time-series awareness.
2.4 Software Development Methodology

The project is undertaken in accordance with the methodology of Cross-Industry
Standard Process for Data Mining (CRISP-DM) which is an industry standard method
for data science and data analytics projects The CRISP-DM is made up of six phases:
Business Understanding, Data Understanding, Data Preparation, Modeling,

Evaluation, Deployment.

The CRISP-DM methodology was chosen over the traditional software development
models (Waterfall, Agile) as the methodology is specifically designed for analytical
and machine learning projects that are primarily looking to deliver a predictive model
which is different from a software application It makes it possible to go back and
refine the data preparation and modelling steps as a result of the evaluations
performed, as necessary in this project when dealing with data quality concerns, e g

sentinel values or distribution skewness.
2.5 Relevant Frameworks and Libraries

The scikit-learn library is an open-source Python machine learning library that
includes implementations of Linear Regression, Random Forest Regressor, and
evaluation metrics such as MAE, RMSE, and R? It was chosen because of its API's

well documented use, reproducibility, and adoption in the data science community.

13



Facebook Prophet is a time-series forecasting open-source library, created by the Core
Data Science team at Facebook. This method is designed to process datasets that have
strong seasonal characteristics and multiple seasonalities, and has a good performance
on the time-series with missing data and outliers The additive model structure of

Prophet is especially well suited for forecasting annual insurance premiums.

Microsoft Power BI is a business analytics service that offers interactive data
visualization and business intelligence. It was chosen for dashboard development for a
number of reasons including built-in support for DAX calculated columns,

slicer-based filtering and multi-page report layouts.

SQLite is a small, embedded, serverless, relational database engine that comes with
Python It was employed to develop a structured database from the cleaned data and to

run the SQL aggregation queries to analyze agency performance.

2.6 Research Gap

A review of literature clearly indicates that this project fills a gap in the literature
Although there is a considerable amount of research on predictive analytics for fraud
detection in banking, predictive credit risk assessment and medical insurance cost
prediction, there is limited published research focusing on multi-year agency-level
insurance sales forecasting that integrates ensemble machine learning techniques with
time-series forecasting and interactive business intelligence visualization within a
single analytical framework .

In particular, some previous works focus on the performance of a single model only,
or on forecasting in one domain only The existing studies reviewed do not integrate
the three models - Random Forest, Linear Regression, and Prophet - together and
compare their performance on insurance agency performance data, using explicit
financial metrics like loss ratio, retention ratio, or new business premium as predictive

features.

To fill this gap, this project will show a comparative performance study of three
forecasting techniques on a real-world insurance dataset and discuss the results in a

multi-page Power BI dashboard - all in one end-to-end reproducible, open-source
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analytical pipeline. The research gap points to two different problems depending on
who's reading.

For academic researchers, it suggests the existing literature has a blind spot. Work on
predictive analytics in finance has concentrated heavily on retail banking and
large-scale personal lines products - health insurance, automobile insurance - while
the regional commercial lines market has been largely overlooked. That's a significant
omission. Commercial lines at the regional level represents a meaningful share of
total industry premium volume, and the forecasting challenges there are genuinely
different from those in mass-market personal lines.

For practitioners, the implication is more immediate: a regional insurance
organization that goes looking for established methods to implement modern
forecasting can't just lift an approach from the literature and apply it. The data
characteristics are different enough - agency-level granularity, independent agent
networks, regional weather and economic exposure - that methods validated on
national carrier data need to be adapted and re-validated before anyone should trust
the outputs.

This project addresses both problems directly.

The framework built here is a complete, reproducible, open-source implementation of
a multi-model predictive analytics system designed specifically for regional insurance
agency performance data. Three modeling approaches are covered: Linear Regression
as an interpretable baseline, Random Forest for cross-sectional agency-level
prediction, and Facebook Prophet for time-series portfolio-level forecasting. All three
were evaluated on the same dataset using consistent metrics - which means the
performance comparisons are apples-to-apples rather than cherry-picked from
separate studies.

The full implementation is on GitHub. That matters because "reproducible" only
means something if someone else can actually reproduce it. Other researchers and
practitioners can take the methodology, run it on their own data, and extend or adapt it

without starting from scratch. That's the point.
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CHAPTER 3: SYSTEM ANALYSIS

3.1 Functional Requirements

FR-01

FR-02

FR-03

FR-04

FR-05

FR-06

FR-07

FR-08

Data Ingestion

Data Exploration

Data Preprocessing

Model Training

Model Evaluation

Visualization

SQL Querying

Dashboard

The system shall load CSV
data into Python DataFrame
and SQLite database

The system shall generate
summary statistics and EDA

visualizations

The system shall handle
sentinel values, encode
categoricals, and apply log

transformation

Che system shall train Linear
Regression, Random Forest,

and Prophet models

The system shall compute
MAE, RMSE, and R? for

each model

The system shall generate
forecast vs actual charts and

feature importance plots

System shall execute
aggregation queries on the

SQLite database

The system shall display
results in an interactive

Power BI dashboard
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The functional requirements in Table 3.1 were derived from the project objectives and
the specific needs of the insurance forecasting use case - not written generically and
then mapped onto the project afterward. Each one was designed to be specific and
testable rather than aspirational.

FR-01 (Data Ingestion) requires loading CSV data into both a Python DataFrame
and a SQLite database. That dual destination reflects the architecture: Python handles
the machine learning pipeline, SQLite handles structured querying. Both layers need
the data in a form they can work with.

FR-02 (Data Exploration) requires both summary statistics and visualizations - not
one or the other. Statistics quantify the data's properties. Visualizations reveal
distributional patterns and outliers that numbers alone can obscure. You need both to
actually understand what you're working with before touching a model.

FR-03 (Preprocessing) lists three specific operations - sentinel value handling,
categorical encoding, and log transformation - because all three were identified as
mandatory based on what the EDA found. These aren't generic preprocessing steps
applied by default; they address specific problems in this dataset.

FR-04 (Model Training) specifies three distinct model types rather than one because
the project requires comparison across multiple approaches. A single model can't tell
you whether a different approach would have performed better.

FR-05 (Model Evaluation) specifies three metrics rather than one because each
captures something different. MAE measures average prediction error magnitude.
RMSE penalizes large errors more heavily - useful when big misses are
disproportionately costly. R* measures how much of the variance the model actually
explains. Reporting only one would give an incomplete picture.

FR-06 (Visualization) requires both forecast vs. actual charts and feature importance
plots because they serve different audiences. Forecast vs. actual charts give business
stakeholders an intuitive read on model accuracy. Feature importance plots tell
management which variables are actually driving premium volumes - the insight that's
directly actionable without needing to understand how the model works.

FR-07 (SQL Querying) and FR-08 (Dashboard) together ensure the project delivers
on both fronts: technical analytical outputs for a data science audience and business

intelligence outputs for management. Neither alone is sufficient.
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3.2 Non-Functional Requirements

NFR-01

NFR-02

NFR-03

NFR-04

NFR-05

NFR-06

3.3 Feasibility Study

Performance

Reliability

Reproducibility

Scalability

Usability

Portability

Model training shall complete
within 5 minutes on standard

hardware

Preprocessing pipeline shall
handle missing/sentinel values

without data loss

All notebooks shall use fixed
random seeds

(random_state=42)

The system shall handle
datasets up to 500,000 records

Dashboard shall be navigable

by non-technical stakeholders

The project shall run on
Windows, Mac, and Linux

environments

The feasibility analysis looked at three things: whether the system could be built with

available tools, whether it could be built for free, and whether it could be delivered

within the project timeline. All three came back positive.

Technical feasibility was straightforward. Every capability the project required was

available through open-source tools at no cost.

Python 3.13 is the core environment. Pandas handles all data manipulation - loading,

filtering, grouping, merging. NumPy covers the numerical operations, including log

transformation. Scikit-learn provides production-quality implementations of Linear

Regression and Random Forest, plus all the evaluation metrics. Prophet handles the
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time-series forecasting. SQLite runs the database layer with no server setup. Power BI
Desktop is a free download for personal and educational use.

Hardware requirements are modest. A standard laptop - Intel Core i5 or i7, 8GB RAM
- 1s enough to train the Random Forest on 118,208 records in about two minutes and
run all four SQL queries in under a second each. No cloud infrastructure needed.
Economic feasibility is simple: the project costs nothing to run.

Every tool is either open-source or free for educational use. The dataset came from
Kaggle under an open data license. All processing happens locally - no cloud compute
bills. The only real cost is the analyst's time, which sits inside the academic project
timeline anyway. That zero-cost implementation isn't just a budget convenience - it's a
proof of concept that advanced predictive analytics is genuinely accessible to regional
insurance organizations without significant technology investment.

Operational feasibility came down to whether the work could be completed within
the fourteen-day sprint.

It was. The CRISP-DM methodology was chosen specifically because each phase
produces a tangible output - something reviewable and refinable - rather than building
everything in one go before seeing any results. Data loading and exploration took two
days. Preprocessing took one. Model development and evaluation took two. SQL
implementation took one. Power BI dashboard took two. No significant delays across
any phase.

The full pipeline is reproducible end to end - fixed random seeds, fully documented
Jupyter notebooks. Any researcher or practitioner who wants to replicate the entire

workflow, from raw CSV to finished dashboard, can do it in a single working day.

3.4 System Architecture

The system is architected as four layers: Data Layer, Processing Layer, Analytics
Layer and Presentation Layer.

The Data Layer is the raw CSV data that is located in the data/raw/ directory as well
as the processed data in the data/processed/ directory, and the SQLite database
(insurance db) The Processing Layer has three jupyter notebooks:

01 data exploration ipynb for data exploration, 02 preprocessing modeling ipynb
for data preprocessing and modeling, and 03 _sql queries ipynb for SQL-based

analysis The Analytics Layer is the trained models (Linear Regression, Random
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Forest, Prophet) and their prediction output files The Power BI dashboard with its
three pages and the project report are part of the Presentation Layer.

DATA LAYER
Raw Dataset Cleaned Dataset SQLite Database Train/Test Splits
(finalapi.csv) (insurance_cleaned.csv) (insurance.ch) (X train, y train)
\ 7 7 Ne———————————————

\ o’
[ T 3
PROCESSING LAYER

01_data_exploration 02_preprocessing 035q|_queries feature Engineering
Ipynb _modeling.ipynb ipynb Pipeline
\ \ J J \
\ J
ANALYTICS LAYER
Linear Regression Random Forest Facebook Prophet Model Evaluator
Model Regressor (Time-Series) (MAE, RMSE, R?)
PRESENTATION LAYER
r 3\ N\ o
Power Bl Dashboard Power BI Dashboard Power BI Dashboard Project Report
(Sales Overview) (Financial Health) [Predictive Analytics) (MSc DS)
\ 7

Figure 3.1: System Architecture Diagram
3 5 Data Flow Diagrams

DFD Level 0 (Context Diagram)

The Level 0 DFD displays the system as one process with the external entities and

data flows External users are: Data Analyst (user), Kaggle Dataset (data source), and

20



Business Stakeholder (report consumer) The key data flows include: Raw CSV data
coming in from Kaggle to the system; Processed forecasts and insights from the

system to the Data Analyst; and Dashboard visualizations to the Business Stakeholder.

Kaggle
Dataset

Business
Stakeholder

Raw CSV Data Dashboard & Reports|

Predictive
Analytics
System

[Analysis Request SQL Queries & Results

Data
Analyst

SQLite
Database

Figure 3.2: DFD Level 0 - Context Diagram
DFD Level 1

The Level 1 DFD further breaks down the system into its key processes:
Data Ingestion and Exploration,

Data Preprocessing,

Model Training and Evaluation,

SQL Analysis

A o e

Dashboard Generation Data stores (raw data store, processed data store, model

output store) and data flows (data transformation) link each process.
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Data Ingestion Dat: Model Trainin
& Exploration & Evaluation

D1: Raw Data Store D2: Processed Data Store D3: Model Output Store
(finalapii.csv) (insurance_cleaned.csv) (rf_predictions.csv)

5.0
Dashboard
Generation

sqL
Analysis

Aggregated Data:

D4: SQL Results Store
(sql_q1...q4.csv)

Figure 3.3 DFD Level 1
3.6 Use Case Diagrams

The key players in the system are Data Analyst and Business Stakeholder The Data
Analyst is the person who communicates with the system in order to load, preprocess,
train the model, query the SQL, and create the dashboard. The Business Stakeholder

can use the system to view forecasts, filter by year/product line and export reports.
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Data
Analyst

Predictive Analytics System — Use Cases

Load & Explore Dataset

Preprocess Data

— Train Predictive Models

<<include>>

Evaluate Model Accuracy

Execute SQL Queries

View Power Bl Dashboard

Filter by Year / Product Line

Figure 3.4: Use Case Diagram

Business
Stakeholder
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CHAPTER 4: SYSTEM DESIGN

4.1 UML Diagrams

4.1.1 Use Case Diagram

The following Use Case Diagram illustrates the interactions between the Data Analyst
and the various Use Cases. The following Use Case Diagram shows the interactions
between the Data Analyst and the Use Cases: Load Data, Preprocess, Train Model,
Evaluate, Query SQL, Build Dashboard.

Predictive Analytics System

Load Dataset

Perform EDA

Preprocess Data

Data
Analyst p

Train ML Models

Evaluate Models

Build Dashboard

X
]
2
e
@

Figure 4.1: Use Case Diagram - Actor: Data Analyst, Use Cases: Load Data,
Preprocess, Train Model, Evaluate, Query SQL, Build Dashboard .

The Use Case Diagram identifies two actors, and they interact with the system in
completely different ways.

The Data Analyst is the technical user - the person who builds and runs everything.
That covers the full backend pipeline: loading and exploring the data, preprocessing,
model training, evaluation, SQL querying, and dashboard development. The Business

Stakeholder sits at the other end. They never touch the pipeline. Their interaction
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starts and ends with the Power BI dashboard - viewing forecasts, filtering by year or
product line, exporting reports for management. That separation isn't just a diagram
convention. It reflects how data-driven teams actually operate: specialists build the
infrastructure, managers consume the outputs through an interface that doesn't require

them to understand what's underneath.
The Data Analyst's use cases follow the pipeline in sequence.

Load and Explore Dataset is the entry point - raw CSV into Python, initial quality
checks, distribution analysis, understanding what you're working with before touching

anything.

Preprocess Data covers everything that makes the data usable: sentinel value

replacement, feature engineering, log transformation, train-test split.

Train Predictive Models encompasses all three models - Linear Regression as the
baseline, Random Forest as the primary model, and Prophet for time-series trend

analysis.

Evaluate Model Accuracy is where MAE, RMSE, and R? are computed and
compared across all three. This isn't optional - the include relationship in the diagram

makes that explicit. You don't train without evaluating.

Execute SQL Queries covers database creation and the four analytical queries that

feed the dashboard's KPI figures.

Build Dashboard is the final stage - data import into Power BI, table relationships,

DAX columns, and the visual layout across three pages.
The Business Stakeholder's use cases are intentionally narrow.

View Power BI Dashboard is the primary one - browsing the three pages to
understand portfolio performance and model results without needing to interpret a

single line of code.

Filter by Year and Product Line is the only interactive capability they need - the

slicers handle it, and the dashboard updates everything in response.
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The include relationship between Load and Explore Dataset and Preprocess Data
signals that exploration isn't a preliminary nicety - it has to happen before
preprocessing begins, because the cleaning decisions depend on what the exploration
surfaces. The same logic applies to training and evaluation: model assessment is built

into the workflow, not bolted on afterward.
4.1.2 Class Diagram

The Class Diagram breaks the analytical pipeline into six classes, each owning a
specific stage of the workflow. The dependencies between them follow the pipeline

sequence - you can't skip ahead, and each class has a clearly defined job.

DataLoader is where everything starts. It handles all data ingestion - loading the raw
CSV into a Pandas DataFrame, opening the SQLite database connection, and
returning the dataset dimensions. Every other class in the system depends on its
output, directly or indirectly. Two private attributes: file path (path to the CSV) and
db _path (path to the SQLite file). Three public methods: load csv, load db, and
get_shape.

DataPreprocessor takes the raw DataFrame and makes it usable. Its private attributes
hold the working dataset (df), the sentinel value to replace (sentinel val), and the test
split proportion (test size). The public methods follow the cleaning sequence:
filter data removes 2015 records and negative premium values; replace sentinels
swaps out 99999 placeholders for NaN; engineer features creates the three derived
columns - AGENCY _AGE, PREMIUM GROWTH_YOY, and
LOG_WRTN PREM_ AMT; encode categoricals converts PROD LINE and
STATE ABBR into numeric form; and split data performs the train-test split,

returning four arrays for training features, test features, training target, and test target.

ModelTrainer wraps all three models inside a single interface. Private attributes
cover the training data (X _train, y train) and a fixed random seed. Each model gets its
own method: train linear regression fits a Scikit-learn LinearRegression object;
train_random_forest fits a RandomForestRegressor with 100 estimators; train_prophet
aggregates the data to annual totals and fits a Prophet model with yearly seasonality.

The design decision here is worth noting - keeping all three training operations in one
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class means adding a fourth model in future requires nothing more than a new

method. Nothing else in the system needs to change.

ModelEvaluator handles performance measurement. It takes the test target and
predictions as private attributes, then exposes individual metric methods -
compute mae, compute rmse, compute r2 - each accepting a predictions array and
returning the corresponding value. The compare models method pulls results from all
three models together into a single formatted DataFrame, which is what feeds the

comparison table in the report and dashboard.

SQLAnalyzer manages the database connection and runs the four analytical queries.
Each query is its own public method, each returning a DataFrame. Clean separation -

the class doesn't know or care what happens to the results after they're returned.

DashboardExporter handles the handoff to Power BI. Separate export methods for
Random Forest predictions, Prophet forecast data, and the model comparison

summary - each writing a CSV that Power BI picks up as a data source.

The dependency chain runs in one direction: Datal.oader feeds DataPreprocessor,
which feeds both ModelTrainer and SQLAnalyzer. ModelTrainer feeds
ModelEvaluator and DashboardExporter. The structure enforces the pipeline order -

there's no path through the system that skips a stage or runs steps out of sequence.
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Dataloader DataPreprocessor ModelTrainer ModelEvaluator

- file_path: str - df: DataFrame

db_path: str sentinel_val: int

+ load_csv(): DataFrame

+ Ioad_dby(): Connection

(): DataFrame

+ get_shape(): tuple + replace_sentinels(): DataFrame

+ engineer_features): Dataframe

ricals(): Dataframe

I + split_data(): tuple ]

SQLAnalyzer DashboardExporter

conn: Connection output_path: str

+ export_pr ): None

y(): DataFrame + export_forecast(): None

+ top_agencies(): DataFrame + export_model_comparison(): None

+ yoy_by_product(): DataFrame.

+ state_health(): DataFrame

Figure 4.2: Class Diagram
4.1.3 Sequence Diagram

The Sequence Diagram shows the order of operations across all six classes - who calls

what, when, and what comes back. The main pipeline runs in a straight line.

The Data Analyst calls load csv on DatalLoader, which returns a DataFrame - 213,328
records, 49 columns. That DataFrame gets passed to DataPreprocessor via preprocess.
The preprocessor runs the full cleaning pipeline internally and hands back the cleaned
dataset - 147,760 records, 16 columns - plus the four train-test split arrays. Those
arrays go straight to ModelTrainer via train models. All three models train
sequentially and return their fitted objects. The fitted models feed into
ModelEvaluator via evaluate, alongside the y test array. The evaluator returns the
complete metrics comparison DataFrame. Finally, export predictions goes to
DashboardExporter, which writes the CSV files and confirms successful export.

Two parallel workflows run alongside the main pipeline, both branching off after

preprocessing.

The SQL workflow starts as soon as the cleaned DataFrame is ready. The Data
Analyst sends create database to SQLAnalyzer, which loads the data into
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insurance.db and confirms. Four query calls follow - one per analytical query - each

returning a results DataFrame.

The dashboard workflow starts after both the modeling and SQL pipelines are done.
DashboardExporter has the prediction CSVs, SQLAnalyzer has the query output
CSVs - Power BI picks them all up. The Data Analyst imports the files, sets up table

relationships, writes the DAX columns, and builds the visuals across the three pages.

That full sequence - raw CSV in, finished dashboard out - is the complete end-to-end

pipeline this project implements.

Data Analyst ‘ DataLoader ’ DataPreprocessor ModelTrainer ModelEvaluator DashboardExporter

loag_csv(finalapi.csv|
_—

-—
retum Dataframe (213328, 49)
preprocess(df]

return cleaned df (147760, 16)
train_models(X train, y train)

return Ir model, rf_ model
evaluate(y test, predictans)

ratum MAE, RMSE, R?
export predictions()

retum if precictions.csv

Figure 4.3: Sequence Diagram

4.1.4 Activity Diagram

The Activity Diagram maps the full decision logic of the pipeline - not just the happy
path, but the branching points where the flow could go different ways depending on

what the data shows.

The first decision point comes right after the initial data load and quality check: does
the dataset contain null or sentinel values? If yes, the flow branches to sentinel

replacement and median imputation before continuing to feature engineering. If no, it
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skips straight to feature engineering. In practice, this branch always goes the same
way - the 99999 sentinel values were confirmed across multiple columns during EDA,
so the replacement path is always taken. The decision node is still worth modeling
explicitly because a different dataset might arrive clean, and the pipeline should

handle both cases.

The second decision point comes after model evaluation: which model achieved the
highest R? score? If Random Forest came out on top - which it did, at 0.848 - the
pipeline continues with Random Forest as the primary model for prediction export
and dashboard building. If a different model had scored higher, that model would
have been used instead. This keeps the pipeline honest. It's not hard-coded to always

use Random Forest - it's designed to use whichever model the data actually supports.

The diagram also captures two things the Sequence Diagram doesn't show: loops and

parallel structure.

During model training, all three models train sequentially inside a loop - each one
evaluated immediately after training before the next begins. That pattern keeps
intermediate results visible at every step and avoids running all three models blindly

before checking whether any of them are working.

The dashboard building activity at the end contains its own internal loop - build a
visual, review it, refine it, move to the next one. Nine visuals across three pages don't
come out right on the first pass. The loop reflects the actual iterative process of
getting labels, formatting, and data connections to behave correctly before signing off

on the final layout.
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Load CSV Dataset (finalapi.csv)

Perform EDA & Visualization

Null /
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v

Replace Sentinels & Impute Medians

Feature Engineering & Encoding

Train-Test Split (80/20)

Train Linear Regression (Baseline)

Train Random Forest (n=100)

Train Facebook Prophet (Time-Series)

Evaluate: MAE, RMSE, R2
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v
Export Predictions & Build Dashboard
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L

Figure 4.4: Activity Diagram
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4.2 ER Diagram

The ER Diagram shows the logical data model behind the SQLite database - how the

tables relate to each other and why they're structured the way they are.

The central table is INSURANCE SALES, which acts as the fact table in a star
schema. It holds all 147,760 cleaned records across 16 columns - the full set of
financial indicators and engineered features used in modeling. The primary key is
AGENCY ID, which identifies each agency. Combined with
STAT PROFILE DATE YEAR, it forms a composite natural key - one record per

agency per year, across the full 2005-2014 observation window.

Three dimension tables connect to INSURANCE SALES through one-to-many

relationships.

AGENCY stores agency-level attributes: AGENCY ID as the primary key and
AGENCY_AGE as a derived attribute. The one-to-many relationship reflects the fact
that each agency appears multiple times in the fact table - once for each year it was

active.

PRODUCT_LINE maps the numeric encoding to a readable label.
PROD LINE ENC is the primary key, PROD LINE LABEL is the description -

"Commercial Lines (CL)" or "Personal Lines (PL)" rather than 0 or 1.

STATE does the same for geography - STATE ENC as the primary key, with
STATE ABBR and STATE LABEL as descriptive attributes so queries return "Ohio"

instead of "3".

All three follow standard star schema conventions used in data warehousing and BI
design. A few schema decisions are worth explaining. Separating product line and
state into their own dimension tables rather than embedding the labels directly in the
fact table follows third normal form - label updates happen in one place, not across
147,760 rows. Using numeric encoded values as foreign keys rather than strings
makes join operations faster - integer comparisons are cheaper than string

comparisons at this record volume.

32



The fact table stores both WRTN PREM AMT and LOG_WRTN _PREM AMT side
by side. That's deliberate - analytical queries can use either the raw or log-transformed
target directly without needing a real-time transformation at query time. Small

redundancy, meaningful performance benefit.

INSURANCE_SALES

PK AGENCY_ID (PK)
AGENCY -
has
PK AGENCY_ID (PK) STAT PROFILE_DATE YEAR
3 B POLY INFORCE QTY
AGENCY_AGE - -
NB WRTN_PREM AMT
PRD_INCRD LOSSES AMT
RETENTION_RATIO
PRODUCT LINE LOSS RATIO
belongs to
PK PROD_LINE_ENC (PK) GROWTH_RATE 3YR
1 N
PROD _LINE_LABEL ACTIVE_PRODUCERS

AGENCY_AGE
PREMIUM_GROWTH_YOY

PROD_LINE ENC

STATE STATE ENC

located in
PK STATE_ENC (PK
P | — MONTHS
STATE_ABBR 1 N
STATE, LABEL LOG_WRTN_PREM_AMT

WRTN_PREM_AMT

Figure 4.5: ER Diagram

33



4.3 Database Schema

AGENCY _ID INTEGER = Unique identifier for each insurance
agency

STAT PROFILE DATE YEAR INTEGER Year of the record (2005-2014)

POLY INFORCE QTY INTEGER Number of policies in force
NB_WRTN PREM AMT REAL  New business written premium amount
(USD)

PRD INCRD LOSSES AMT REAL Period incurred losses amount (USD)

RETENTION_RATIO REAL Customer 2retention ratio (0—1)
LOSS RATIO REAL Loss ratio (losses/premium)
GROWTH_RATE 3YR REAL 3-year premium growth rate

ACTIVE _PRODUCERS INTEGER Number of active sales producers

AGENCY_AGE INTEGER = Age of agency (engineered feature)
PREMIUM_GROWTH_YOY REAL Year-over-year premium growth
(engineered)
PROD_LINE ENC INTEGER = Product line encoded (0=CL, 1=PL)
STATE _ENC INTEGER State encoded (0-5)
MONTHS INTEGER = Number of months covered in record
LOG_WRTN_PREM AMT REAL Log-transformed written premium
(target)
WRTN PREM AMT REAL  Written premium amount in USD (raw
target)
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The schema table documents all sixteen columns in insurance sales - data type and
business meaning for each. A few of the type choices and column decisions are worth

explaining rather than just listing.

The type assignments follow the nature of the data. Financial amount columns -
WRTN_PREM_AMT, NB_. WRTN PREM_AMT, PRD INCRD_ LOSSES AMT,
LOG_WRTN_PREM AMT - use REAL because dollar amounts can carry fractional
cents. Count columns - POLY INFORCE QTY, ACTIVE PRODUCERS, MONTHS
- use INTEGER because you can't have half a policy or half a producer.
RETENTION_ RATIO and LOSS RATIO use REAL because they're proportions that

land anywhere within their valid decimal range.

LOG_WRTN_ PREM_AMT is the column that needs the most explanation because it
didn't exist in the raw dataset. It was created during preprocessing as the
log-transformed version of written premium - the actual target variable the machine
learning models trained on. Storing it in the database rather than leaving it as a
notebook-only variable serves two purposes. Any future analyst picking up this
database can use the transformed target immediately without re-running the
preprocessing pipeline. And SQL queries on log-transformed values - mean log
premium by state, by product line - produce statistically meaningful summaries that

the raw skewed distribution would distort if you used it directly.

AGENCY_AGE and PREMIUM GROWTH_YOY are also derived - both created
during feature engineering, neither present in the original data. Persisting them in the
database rather than recomputing them every time a model or query needs them is a
deliberate design choice. Any downstream consumer of the database gets immediate
access to these features without needing to understand or reconstruct the engineering
logic that produced them. The analytical value gets built once and stored where it can

be reused - cleaner, faster, and more reproducible than recalculating on every run.
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CHAPTER 5: SYSTEM IMPLEMENTATION

5.1 Development Environment

e Operating System: Windows 11

e Programming Language: Python 3 13
e IDE: Jupyter Notebook

e Version Control: Git 2 x with GitHub

e Database: SQLite (via Python sqlite3 module)
e Dashboard: Microsoft Power BI Desktop

e Hardware: Intel Core 15 processor, §GB+ RAM, 512GB SSD.

5.2 Tools and Technologies

pandas

numpy 1.x
matplotlib 3.x

seaborn 0.x
scikit-learn 1.x

prophet 1.x

sqlite3 Built-in

Power BI Desktop Latest

Data loading, manipulation,

aggregation

Numerical operations, array

processing
Static chart generation

Statistical visualization

(heatmap)

Linear Regression, Random

Forest, metrics
Time-series forecasting
SQL database operations

Interactive dashboard

5.3 Dataset Description and Exploratory Data Analysis

The dataset comes from Kaggle (moneystore/agencyperformance) and represents real

performance records from a regional insurance group running ten companies across
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the US - property, casualty, life, and brokerage The data covers 1,623 independent
agencies operating across six states (Ohio, Pennsylvania, Kentucky, Indiana, West
Virginia, and Michigan) over eleven years from 2005 to 2015 That's 213,328 records
and 49 columns covering financials, agency demographics, product line data, and

sales performance.

Before any analysis, every column was examined for business meaning - not just data
type In insurance, the abbreviations matter WRTN PREM AMT (written premium)
is the total dollar value of premiums an agency has committed to collect from
policyholders in a given period It's the primary sales metric in the industry and the
target variable for all three models NB_ WRTN PREM_ AMT captures new business
only - fresh policies, no renewals PREV_WRTN PREM_AMT is the prior period's
premium volume, used for year-over-year growth calculations
PRD INCRD LOSSES AMT is total claims paid or expected - one of the most
important health indicators in the business, because high losses relative to premium
means an unprofitable book RETENTION RATIO measures the share of existing
customers who renewed rather than cancelled (0 89 means 89% stayed)
LOSS RATIO is incurred losses divided by earned premium - below 0 60 is generally
healthy in property and casualty GROWTH_RATE 3YR tracks compound annual

premium growth over the prior three years.

Total Records 213,328
Total Features 49
Time Period 2005-2015
Unique Agencies 1,623
States Covered 6 (OH, PA, KY, IN, WV, MI)
Product Lines Commercial (CL) and Personal (PL)
Null Values Zero (complete dataset)
Duplicate Records Zero
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5.3.1 Annual Premium Trend Analysis

The initial data check turned up something unusual for a real-world dataset this size:
no missing values across all 49 columns, no duplicates Insurance reporting systems
are structured enough that this isn't impossible, but it's still notable Record counts ran
consistently between roughly 16,000 and 22,000 per year Commercial Lines made up
about 58% of records (124,692), Personal Lines the remaining 42% (88,636) State
representation was heavily unequal - Ohio contributed 101,323 records, Michigan just

3,691.

led Total Written Premium by Year (2005-2015)

o & s

44 -

Total Written Premium (USD)

2005 006 a7 2008 2008 010 M1l 2012 2013 Pl 15
fear

Figure 5 1: Annual Premium Trend

The annual premium trend told a clear story Total written premium jumped from $274
&M in 2005 to $413 4M in 2006 - a 50 5% spike in a single year, likely driven by
rapid agency onboarding during a portfolio expansion phase After that, things settled
Annual premium held steady between $400M and $440M from 2006 through 2014,
peaking at $437 5M in 2014 The 2015 drop isn't a business story - it's a data story

Partial year records confirmed it, and 2015 was excluded from modeling.

5.3.2 Premium by Product Line

The geographic breakdown revealed a concentration problem Ohio alone accounted
for $2 45B in written premium - about 58% of the entire portfolio Pennsylvania ($554
9M), Kentucky ($491 8M), and Indiana ($454 7M) were distant runners-up West
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Virginia contributed $190 9M, Michigan just $45 7M That Ohio concentration means
a single bad regulatory year, an unusual weather season, or an economic shock in one
state could move the whole portfolio That finding feeds directly into the

recommendations in Chapter 8.
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Figure 5.3: Premium by State
5.3.4 Loss Ratio and Retention Analysis

The Commercial vs Personal Lines split is one of the more interesting trends in the
data Personal Lines started ahead - $179 4M in 2005 versus $95 5M for Commercial
But Commercial grew steadily and consistently over the following decade, reaching
$204 4M by 2014, a 114% increase Personal Lines peaked at $261 4M in 2006 and
drifted down to $233 1M by 2014 It's not a collapse, but the direction is consistent
enough to look intentional - the agency network appears to have been deliberately

shifting toward commercial products, which tend to be more profitable.
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Average Loss Ratio vs Retention Ratio (2005-2015)
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Figure 5.4: Loss vs retention
5.3.5 Premium Distribution Analysis

The target variable distribution was the messiest part of the data prep Mean written
premium per record was $19,632 Median was $1,143 That gap tells you everything - a
small number of high-premium agencies were pulling the mean far from where most
of the data actually sits Raw minimum was near zero, maximum was $1 7M Training
a regression model on that without transformation would have handed the outliers
disproportionate influence and produced poor predictions for the majority of agencies
Log transformation using loglp fixed it, converting the heavily skewed distribution
into something close to a normal bell curve Standard practice in insurance modeling,

but essential here.
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Figure 5.5: Premium Distribution

5.3.6 Correlation Analysis
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The correlation analysis had one clean finding and one red flag Policies in force (r =0
81) was the strongest legitimate predictor - agencies with more active policies collect
more premium, which makes obvious sense New business written premium came in at
r=0 57, incurred losses at r = 0 56 Loss ratio showed almost no correlation with
premium volume (r = -0 04), suggesting that how efficiently an agency manages
claims is largely independent of how much premium it writes The red flag: earned
premium showed r = 1 00 with written premium That's not a signal, that's data leakage
- both variables measure essentially the same thing Earned premium was dropped

from the feature set before any modeling began.

Correlation Heatmap — Key Financial Indicators
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Figure 5.6: Correlation Heatmap

The initial data check turned up something worth noting straight away: no missing
values across all 49 columns, no duplicates. For a real-world dataset of 213,328
records, that's unusual. It reflects how structured insurance reporting systems tend to
be - agencies submit standardized returns, so the data arrives cleaner than most
industries. Record counts ran consistently between roughly 16,000 and 22,000 per

year across the eleven-year window. Commercial Lines made up about 58% of
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records (124,692), Personal Lines the remaining 42% (88,636). State representation
was heavily skewed - Ohio contributed 101,323 records, Michigan just 3,691. That
imbalance matters both for the geographic analysis and for understanding how

concentrated the portfolio risk actually is.

The Commercial vs. Personal Lines split is one of the more telling trends in the
dataset. Personal Lines started ahead - $179.4M in 2005 against $95.5M for
Commercial. Over the following decade, Commercial grew steadily and consistently,
reaching $204.4M by 2014, a 114% increase. Personal Lines peaked at $261.4M in
2006 and never got back there, ending at $233.1M in 2014. The drift is gradual, but
it's consistent enough across ten years to look deliberate rather than accidental. The
agency network appears to have been quietly shifting toward commercial products -

which tend to carry better margins - over the full observation period.

The target variable distribution was the messiest part of the data. Mean written
premium per record: $19,632. Median: $1,143. That gap tells the story - a small
number of high-premium agencies were pulling the mean far above where most of the
data actually sits. Raw maximum was $1,715,741, minimum near zero after filtering.
Training a standard regression model on that without transformation would have
handed outlier agencies disproportionate influence and produced poor predictions for
the majority, which are small to moderate premium writers. Log transformation using
loglp fixed it. The resulting distribution came out close to a normal bell curve,
confirmed by the charts in Figure 5.5. Standard practice in insurance modeling, but

genuinely essential here - all three models depended on it.

The correlation analysis had one standout result and one red flag. Policies in force
(POLY _INFORCE _QTY, r = 0.81) was the strongest legitimate predictor - agencies
with more active policies collect more premium, which makes obvious sense. New
business written premium came in at r = 0.57, incurred losses at r = 0.56. Loss ratio
showed almost no correlation with premium volume (r = -0.04), which suggests that
how efficiently an agency manages claims is largely independent of how much it
writes - an interesting finding in its own right. The red flag: earned premium showed r

= 1.00 with written premium. That's not a signal, it's data leakage - both variables are
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measuring essentially the same thing from different angles. Earned premium was

dropped from the feature set before any modeling began.

5.4 Data Preprocessing

Preprocessing is where most machine learning projects either hold together or quietly
fall apart. In this project, the pipeline was built to address four specific problems
identified during EDA: partial year data in 2015, negative premium values from
policy cancellations, sentinel values masquerading as real data, and severe

right-skewness in the target variable.

Step 1: Remove 2015 data. The EDA made this straightforward - 2015 premium
totals were noticeably lower than every other year, confirming the dataset stops
mid-year. Keeping partial year data in a time-series model would teach it that
premium is declining when it isn't. All 2015 records were dropped, bringing the

dataset from 213,328 down to 192,347.

Step 2: Remove zero and negative premium records. Negative written premium
isn't a bad sales month - it's a financial adjustment. Policy cancellations and midterm
endorsements generate premium credits back to policyholders, which show up as
negative values in the data. These aren't sales transactions and shouldn't be treated as
such. After this filter, the dataset sat at 147,760 records - a 31% reduction from the

original.

Step 3: Handle sentinel values. Several financial ratio columns used 99999 as a
stand-in for missing data - a common workaround in legacy systems that don't support
NULLSs. The problem is that 99999 looks like a real number to any model or statistical
function. Four columns were affected: GROWTH_RATE 3YR (50,546 instances),
LOSS RATIO 3YR (16,209), RETENTION RATIO (88,984), and
ACTIVE PRODUCERS. All sentinel values were replaced with NaN first, then
imputed using each column's median. Mean imputation was ruled out - these columns
have genuine extreme outliers, and a few large values would have pulled the mean in
the wrong direction. After imputation, all four columns came back clean with zero

missing values.
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Step 4: Feature engineering and transformation. Three new variables were created
from the existing data. AGENCY_AGE was calculated as the difference between the
record year and the agency's appointment year - a simple measure of tenure that the
raw data didn't surface directly,. PREMIUM _GROWTH YOY captured
year-over-year percentage change in written premium, clipped between -100% and
+1000% to stop extreme outliers from  distorting the  feature.
LOG_WRTN _PREM_AMT applied a natural log transformation to written premium,
converting the heavily skewed distribution into something a regression model can

actually work with.

The final dataset was split 80/20 into training and test sets using random seed 42 -

118,208 records for training, 29,552 held out for evaluation.

Median imputation wasn't a default choice - it was a deliberate one, and it's worth

explaining why it matters here.

Financial ratio columns like loss ratio and retention ratio tend to have extreme values.
Catastrophic loss events, newly appointed agencies with barely any policies, data
entry errors - all of these push individual records far outside the normal range. When
88,984 retention ratio records contain the sentinel value 99999, and a handful of
genuine records sit above 1.0 due to entry errors, the arithmetic mean gets pulled into
territory that doesn't represent any real agency's experience. The median doesn't move
when that happens. It finds the middle value in the sorted distribution and stays there
regardless of what's happening at the extremes. That's exactly the behavior you want
when imputing missing values in a column full of outliers - the replacement value
should reflect what a typical agency actually looks like, not a distorted average

dragged upward by noise.
The feature engineering choices were equally deliberate.

AGENCY_AGE was added because tenure matters in insurance. Established agencies
have stable policy portfolios - lower lapse rates, more predictable renewal volumes,
clients who've been with them for years. Newer agencies are still building their book,
which means more volatility in both premium and retention. The raw dataset didn't

surface this directly, but the appointment year was there. Calculating age from that
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gives the model a chance to learn the tenure pattern from the data rather than ignoring

it entirely.

PREMIUM_GROWTH_YOY was added to capture momentum. An agency that grew
premium 20% last year is more likely to keep growing than one whose premium fell.
One whose premium is declining is at risk of continued decline. Year-over-year
growth rate encodes that recent trajectory as a feature - without it, the model would be
predicting next period's premium without any signal about which direction the agency

was already heading.
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5.5 Predictive Model Development

5.5.1 Model 1: Linear Regression

Linear Regression fits a straight line through the data - Y = o + BiX: + B2X2 + +
BUX[I, where Y is the predicted log premium, Bo is the intercept, and the P
coefficients represent each feature's contribution It's the most interpretable model in

the toolkit, which is exactly why it makes a useful baseline.

In this project, the model was trained using Scikit-learn's LinearRegression class on
LOG_WRTN PREM_ AMT with 13 input features - 118,208 training records, 29,552

for testing It converged cleanly and ran in under a second.

The results: MAE = 1 470, RMSE = 1 830, R? = 0 309 It explains just 30 9% of the
variance, which is poor - but that's the point A straight line can't capture feature
interactions, threshold effects, or the kind of multiplicative dynamics that actually
drive insurance premium growth The weak performance isn't a problem with the
implementation; it's confirmation that the underlying relationships in this data are

non-linear That's what justifies moving to more complex models.

1r model = LinearRegression()

1r model.fit(X train, y_train)

Ir pred = 1lr model.predict(X _test)

Model 1: Linear Regression

Linear Regression was performed as expected for a baseline model with an R of 0 309
Relatively poor performance implies the correlation between the financial metrics and
the volume of premium can not be linear, thus can't be modeled well by a linear

regression model.
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5.5.2 Model 2: Random Forest Regressor

Random Forest builds many decision trees and combines their predictions rather than
relying on any single one Each tree trains on a random sample of the data and uses a
random subset of features at each split - the randomness is deliberate, and it's what

stops the model from overfitting the way a single decision tree tends to

This model was configured with 100 trees (n_estimators=100), parallelized across all
available CPU cores (n_jobs=-1) to keep training time reasonable, and a fixed random
seed (random_state=42) for reproducibility Same training and test sets as Linear

Regression - 118,208 and 29,552 records respectively.

Training took about 2 minutes on a standard 15 laptop with 8GB RAM The results
were a significant step up: MAE = 0 505, RMSE = 0 858, R? =0 848 That's 84 8% of
the variance explained - a 174% improvement over the Linear Regression baseline

Not a marginal gain.

The feature importance output is where it gets interesting Incurred losses
(PRD_INCRD _LOSSES AMT) came in first at 0 35, followed by new business
written premium (NB_WRTN PREM AMT) at 0 26, and year-over-year growth
(PREMIUM_GROWTH_YOY) at 0 15 The business read on this: the volume of
claims an agency processes is the strongest single predictor of its total premium -
more than growth rate, more than policies in force It makes sense once you think
about it Agencies handling more claims are managing larger, more active books of

business.

("Training Random Forest... please wait")
rf_model = RandomForestRegressor(n_estimators=108, random state=42, n_jobs=-1)

rf model.fit(X train, y train)

rf_pred = rf_model.predict(X_test)

Model 2: Random Forest Regressor
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Random Forest — Predicted vs Actual (Log Scale)
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Figure 5.7: Rf Predicted vs Actual

5.5.3 Model 3: Facebook Prophet

Facebook Prophet was applied on yearly total written premium over time from 2005
to 2014 It was trained for the range of data from 2005 to 2012(8 years) and predict
from 2013 to 2014(2 years) It required the column to be a date column(ds) and a
numeric column(y) The changepointpriorscale parameter was used to make the trend

somewhat flexible with a value of 0 05 The snippet for the code is given below:

prophet _model = Prophet(yearly seasonality= s

changepoint_prior scale=

prophet model. (train_prophet)

future = prophet_model. (periods=2, freq='Ys5")
forecast = prophet_model. (future)

Model 3: Facebook Prophet

The negative R = -8 29 is due to a very small test data size of 2, hence it is impossible
to get proper evaluation of R As shown on the forecast visualization (figure 5 8), the
Prophet model captured the trend with its plateau and a correctly-fitted confidence

interval bound.
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Random Forest — Feature Importance
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Figure 5.10: Feature Importance

100 trees in the Random Forest wasn't an arbitrary default - it's where the
accuracy-vs-efficiency tradeoff settles for a dataset this size. Adding more trees does
improve stability, but the gains flatten out past a certain point while training time
keeps climbing linearly. Empirical benchmarks in the ML literature consistently land
around 100 as sufficient for datasets in this range. The n_jobs=-1 parameter handed
tree construction off to all available CPU cores in parallel, which brought training
time down from roughly eight minutes on a single core to about two - worth the

one-line config change.

The feature importance output is where the model stops being a black box and starts

being useful to management.

Incurred losses (PRD _INCRD_LOSSES AMT, importance = 0.35) came in first. The
reason makes sense once you think through it: agencies processing large claim
volumes are also managing large policy portfolios, and large portfolios generate large
premiums. The practical implication is that claims trend monitoring isn't just a loss

control function - it's also an early signal for premium performance. An agency whose
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claims are climbing is likely running a growing book of business. One whose claims

are shrinking may be losing policies quietly.

New business written premium (NB.WRTN PREM AMT, importance = 0.26)
ranked second. Agencies that consistently bring in fresh policies grow their premium
base. Agencies that rely entirely on renewals gradually shrink as policies lapse over
time - the math is slow but inevitable. This feature confirms that new business

acquisition rate is the second strongest lever management has on premium growth.

Year-over-year growth (PREMIUM_GROWTH_YOY, importance = 0.15) came
third, which backs up the feature engineering decision directly. Recent trajectory
predicts near-term performance. An agency that grew 20% last year is more likely to

keep growing than one that's been flat for three years running.
The Prophet R? of -8.294 looks alarming. It isn't - but it needs context.

A negative R? normally means the model does worse than just predicting the training
mean for every observation. That's a meaningful statement when you have hundreds
of test points. When you have two - which is what 2013 and 2014 represent in an
annual time-series - the metric becomes mathematically unstable. Small absolute
prediction errors can produce large negative R? values purely because of how the
formula behaves at tiny sample sizes. The number isn't wrong, it's just not

informative.

The right way to evaluate Prophet here is to look at the forecast chart directly. Did the
model get the trend direction right? Yes - it correctly predicted a continuing plateau
for both test years. Did the actual values fall inside the confidence intervals? Yes, for
both years. That's what a well-calibrated time-series model is supposed to do.
Prophet's value in this project was never point prediction accuracy - it was trend

direction and honest uncertainty quantification. On both counts it delivered.
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5.6 SQL Implementation

A SQLite database was created with name insurance db with the processed data using
sqlite3 package in Python and following The four SQL queries together form the
business intelligence layer sitting on top of the cleaned dataset - the aggregated

numbers that feed directly into the dashboard.
Query 1: Annual Premium Summary

This query extracts the year, the written premium, average written premium per
record and the new business premium from 2005 to 2014 It tracked premium growth
over the decade: $274 8M in 2005 rising to $437 5M in 2014, with 2013 recording the

highest single-year new business premium at $58M.

queryl =

resultl.t

Query 1: Annual Premium Summary ===

Year Total Records Total Written_Premium Avg Premium_Per_ Record Total New Business_Premium
20805 12693 274847855.33 21653.58 33128543.
2006 14859 413410568.17 29405 .48 53804061.
2007 14329 409016576 .34 28544 .67 A4A4679899.
2008 415823965. 27892.67 53784113.
20809 5 413354781.58 27064 .41 50105748.
2018 416811082.20 27220.45 37370356.
2011 4982377564. 27516. 27909844
2012 405967783. 25958.68 40334733.
2013 A27281524. 27432.04 58060760.
2014 A37543915. 281685.34 56464786.

Query 2: Top 10 Agencies by Total Premium

This query was to list the best 10 agencies based on written premium in total and
include average retention rate, and average loss ratio It surfaced Agency 5468 as the
top performer - $43 8M in total premium over the study period, with an average

retention ratio of 84 8% and loss ratio of 84 5% Solid numbers across the board.
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query2 =
SELECT
AGENCY

result? = pd.read sgl guery{query2, conn)

("Query 2: T cies by Total Premium"}
(result2.to ))
result2.to csv({"../data/prc sql g2 top_a

Query 2: Top 10 Agencies by Total Premium
AGENCY ID Total Premium Avg Retention Avg Loss Ratio
5468 43888420.74 8.8477 - 8449
9733 32454486 .91 - 8689 -3810
1786 31314651.21 .8776 -4481
886 297630895 . -8879 4722
8365 27711251. .88a7 . 2287
9362 27167460 . -8694 -8e19
4351 24867838. -8616 -2347
8652 24638842 . -8576 .5744
9761 24418979 . -8567 -2429
562 23899354 . .8862 - 2695

DO 200D 0D
20 20 900 03D D|

Query 3: YoY Premium by Product Line

This query aims to investigate performance on product level by providing written
premium, growth rate, customer retention rate of commercial and personal lines
product in every year This confirmed the Commercial vs Personal Lines shift that
shows up in the trend charts Commercial grew steadily from $95 5M to $204 4M

Personal Lines peaked in 2006 and never got back there.
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query3 =
SELECT
\T_PROFILE_DATE_YEAR AS
NE_ENC,
UM(WRTN_PREM

0D LINE_ENC
ROFILE_DATE_YEAR

result3 .r 1 query(query3, conn)
(" Query 3: remium by Product Line™)
(result3. Erin })

result3.to .. /data/proc /sql_g3_product line_y

Query 3: YoY Premium by Product Line

Year PROD LINE ENC Total Premium Avg 3Yr Growth Rate Awvg Retention
2005 a 95495332 .21 -8.8156 8.8875
2806 a8 151997178. -8.8156 -8875
2007 a 152532681. -8.8156 -8875
2008 a 165522754, 8.e432 -8875
2009 a 16798681681 ._6 8.8413 -8875
2018 a 166666352 . 8.02908 -8875
2011 a8 166544290 . 8.8291 -8875
2812 8 174585752 . 8.8236 -8875
2013 a 198573499 8.8342 -8875
2014 a 284441129, 8.8545 -8875
2805 1 179352523, -8.8156 -8325
2006 1 261413389. -8.8156
2007 il 256483894.75 -8.8156
2008 1 258381216. -68.60888
2009 1 245454599, -8.8e15
2018 il 244144649 _46 -81a2
2011 1 235833274, -8159
2012 1 2314620830 . -8ea9
2013 1 236788825 . -8222
2914 1 233182785. -8192

.8288
.8425
-8519
. 8609
.8561
.8472
-8491
-8551
-8434

o= I R o~ R~ o I~ R R~ o v = Y N v o~ o I N R v

Query 4 State-wise Financial Health

This query analyze the financial health on each state by showing the total written
premium, loss ratio, customer retention rate, and new business premium by state It is
the geographic breakdown Ohio ($2 35B across 832 agencies) dominates by a

distance The more interesting finding is West Virginia - highest average loss ratio in
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the dataset at 88 2%, meaning claims are eating a disproportionate share of premium
collected in that market Worth flagging for anyone making underwriting decisions
there

queryd =

y(query4, conn)
i ial Health™)

Query 4: State-wise Financial Health

STATE_ENC Unique_Agencies Total Premium Avg Loss_Ratio Avg_Retention_Ratio Total New_Business
3 8§32  2.351810e+89 .5282 0.8682 219158272 .48
4 390 .280010e+08 .7641 0.8802 70329301.52
1 363 .690770e+08 .6287 0.8680 74695836.54
(2] 444 .388524e+08 . 7583 9.8594 56222247 .38
5 185 .824008e+08 .8823 @.8761 21054516.
2 108 .029395e+87 . 8632 a.8875 14182673.

SQLite was the right tool for this project, and not just by default. It needs no server,
no configuration, and no additional libraries - the entire database lives in a single file
that sits inside the project repository and runs through Python's built-in sqlite3
module. For roughly 150,000 records and four analytical queries, that's more than
enough. All four queries ran in under a second. There was no performance case for

spinning up a MySQL or PostgreSQL instance.

The other reason to use a proper database rather than just running everything through
Pandas is what it demonstrates about the workflow. Designing a schema, writing
structured queries, and exporting results is a complete data analytics pipeline - not just
a notebook with dataframes. For a portfolio project, that distinction matters. The SQL
results and the machine learning results answer different questions, and both are
needed. The Random Forest tells you which features drive individual agency premium
levels. The SQL queries tell you what's happening across the whole portfolio over

time. Neither gives you the full picture on its own. The annual summary query is a
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good example of where the aggregate view adds something the model doesn't. Total
premium grew from 2005 to 2014 - the model captures that. But the query also shows
that new business premium contribution wasn't steady. It dipped to $27.9M in 2011,
then recovered sharply to $58M by 2013. That kind of variability doesn't show up
cleanly in a feature importance chart. It suggests the portfolio went through a period
of reduced market activity or sales force contraction around 2011, followed by an
aggressive push in 2012 and 2013. Understanding that pattern matters when
forecasting what comes next - a portfolio that's bounced between contraction and

expansion before can do it again.

5.7 Power BI Dashboard

An interactive dashboard was created in Power BI Desktop with 3 pages using the
processed data and the SQL queries The dashboards cover descriptive, financial and
prediction aspects The dashboard pulls from three data sources: insurance cleaned
csv as the primary table, with sql_ql annual summary csv and sql_q2 top agencies
csv loaded as supplementary sources In Power Bl's Model View, the tables were
linked on STAT PROFILE DATE YEAR - that's what allows the year-range slicer

on Page 1 to filter every visual at once

PROD LINE LABEL = IF(insurance cleaned[PROD LINE ENC] = 0,
"Commercial Lines (CL)", "Personal Lines (PL)")

The second used a SWITCH statement to convert numeric state codes (0—5) back to
actual state names - so the treemap on Page 2 shows "Ohio" instead of "3", which

matters when the audience isn't looking at the data every day.

Page 1: Sales Overview Dashboard

This page presents an executive overview to help identify the sales trend with 4 KPI
indicators(Total Written Premium: $4 01bn, Total Policy Records: 147 76k, Total New
Business Premium: $455 64m, Average Loss Ratio), one line chart showing annual
premium trend, one bar chart of top 10 agencies and one cluster column chart
comparing new business premium and total premium Slicers by Year range and

product line were provided for the user to dynamically analyze data.

Page 2: Financial Health Dashboard
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This page shows the financial indicators with one line chart showing the difference
between Commercial and Personal lines performance, one gauge to show the average
customer retention rate(86 9%), one treemap representing written premium by state
and one line chart showing average loss ratio. These visuals answer the need of

monitoring the financial health of the insurance portfolio.

Page 3: Predictive Analytics Dashboard

This page presents the model results with a Scatter chart comparing predicted value of
the Random Forest model with actual value and a Sales Forecast chart showing the
forecast of annual total written premium from the Prophet model with the prediction
interval range, as well as the comparison between R scores and MAE scores of the

two models using Bar chart.

Three pages was a deliberate layout decision, not a default. Putting everything on one
screen would have made the dashboard visually dense and practically useless for
anyone who isn't already familiar with the data. Different stakeholders need different
things, and the page structure reflects that. Page 1 is for executives - someone who
needs a portfolio health check in under a minute can land there and leave with the full
picture. Page 2 is for operational managers tracking loss ratios and retention rates day
to day. Page 3 is for anyone who wants to dig into the model results - the predicted vs.
actual scatter plot, the Prophet forecast, the performance comparisons. The
progression from summary to detail is intentional: high-level first, complexity
available if you go looking for it.

The slicers are what make the dashboard actually useful rather than just visually
complete. The year range slicer on Page 1 lets management isolate specific periods -
comparing 2005-2008 against 2009-2014, for example, puts the pre- and
post-recession performance side by side without any additional data work. The
product line slicer separates Commercial and Personal Lines, which matters because
the two have moved in opposite directions over the decade and shouldn't be read
together without that context. Between those two slicers and the eight visuals across
Pages 1 and 2, most business questions about this portfolio can be answered directly
in the dashboard - no extra queries, no new reports, no waiting for someone to pull the

numbers.
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CHAPTER 6: TESTING

6.1 Testing Strategy

Testing a data science project looks different from testing a web app. There are no
buttons to click or forms to submit - what needs validating is whether the data
pipeline produces correct outputs, whether the models perform within acceptable

accuracy ranges, and whether the dashboard shows what it's supposed to show.

This project used a three-level approach: unit testing, integration testing, and system
testing All tests were run manually - each component executed and its output checked
against expected results Every test case was documented with input, expected output,

actual output, and pass/fail status.

The overall goal was simple: every stage of the pipeline, from raw data loading
through to the final dashboard, should produce correct, consistent, and reproducible

results.

6.2 Unit Testing

Unit testing checks each component in isolation - does this function, query, or
transformation produce the right output when given a known input? The following

tests were run across the three Jupyter notebooks.

TC-ID Component Input Expected |ctual Output| Status
Output

UT-01 Data Loading finalapi csv = DataFrame (213328,49) PASS

path shape
(213328, 49)
UT-02 Null Check Loaded 0 null values 0 nulls PASS

DataFrame in all columns
UT-03 Duplicate Loaded 0 duplicate = 0 duplicates PASS

Check DataFrame rows
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UT-04

UT-05

UT-06

UT-07

UT-08

UT-09

UT-10

UT-11

UT-12

UT-13

UT-14

Year Filter Remove year Shape 192,347
2015 reduced to records
192,347
Negative Remove  Final shape 147,760
Filter WRTN_PRE 147,760
M_AMT <=
0
Sentinel 99999 in Replaced 0 8875
Replace RETENTION with median  median
_RATIO 0 8875
Log WRTN PRE LOG WRTN  Created
Transform M _AMT PREM AM  Column

values T column
created
AGENCY_A Year - +ve integer Range 0 - 79
GE Appointment value
year
Train-Test 147,760 118,208 train, Exact match
Split records, 29,552 test
80/20

LR Model X train,  Model fitted, Fitted
Train y_train no errors  Successfully

RF Model X train, Model fitted, Fitted

Train y_train, no errors  Successfully
n=100
Prophet Annual ds and y Created
Format aggregated columns Columns
data created
MAE y test, MAE=1470 1470

Calculation Ir_pred
R2 y_test, R2 =0 848 0 848
Calculation rf pred

PASS

PASS

PASS

PASS

PASS

PASS

PASS

PASS

PASS

PASS

PASS
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UT-15 Feature RF model 13 feature Sum=10 PASS
Importance scores
summing to

01

The fifteen unit tests in Table 6.1 cover every critical transformation in the
preprocessing pipeline and every model training operation. Nothing load-bearing was

left untested.

UT-01 through UT-03 check basic data loading integrity - expected dimensions, no
null values, no duplicates. These run first because everything downstream depends on
the dataset arriving complete and correctly shaped. If these fail, nothing else is worth

testing.

UT-04 and UT-05 verify the two filtering operations that take the dataset from
213,328 records down to 147,760. The expected output values were calculated
manually before running the code, then checked against actual outputs. That manual
pre-calculation matters - it confirms the filtering logic is correct independently of the

code, not just self-consistent within it.

UT-06 and UT-07 cover sentinel replacement and log transformation. The expected
median of 0.8875 for RETENTION RATIO was calculated independently on the
filtered dataset before the transformation was applied - not derived from the

transformation output itself. That independence is what makes the test meaningful.

UT-09 through UT-11 verify the train-test split and model training. The expected row
counts - 118,208 training, 29,552 test - were verified by hand: 80/20 applied to
147,760 records. The model training tests check that both Scikit-learn models fit
without raising exceptions, which confirms the feature matrix and target vector are
correctly formatted and compatible with the model constructors. It's a simple check,
but a failed fit here would catch formatting errors that are easy to introduce and hard

to spot otherwise.
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UT-12 through UT-15 cover evaluation metrics and feature importance. The expected
MAE of 1.470 for Linear Regression and R? of 0.848 for Random Forest were
verified by running the pipeline multiple times with the same random seed and
confirming the values don't drift. Consistent results across independent runs with a
fixed seed confirms the pipeline is deterministic - same inputs, same outputs, every

time.

6.3 Integration Testing

Integration testing is about the handoffs - does each component behave correctly
when connected to the next one? In this project, the key joints were: data loading into

preprocessing, preprocessing into model training, model training into evaluation, and

the Python notebooks feeding into the Power BI dashboard.

ntegration Point| Expected \ctual Behavior Status
Behavior
IT-01 Data Load -> = Cleaned data nsurance cleane PASS
Preprocess saved to d csv created
processed/
IT-02 Preprocess -> X train/y train Models trained PASS

Model Train loaded correctly — successfully

IT-03 Model -> Metrics MAE, RMSE, R? PASS
Evaluation  computed for all  all returned
models
IT-04 Data -> SQLite CSV loaded into 147,760 rows in PASS
database table
IT-05 SQL -> CSV  Query results 4 CSV files PASS
Export saved as CSV created
IT-06 _SV -> Power BI Files imported 3 tables loaded PASS
into dashboard correctly
IT-07 Model -> Power  Predictions rf predictions PASS
BI exported to CSV A
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prophet forecast

csv created

IT-08 DAX Formula ->~PROD LINE L CL and PL labels PASS

Visual ABEL column display correctly
created in charts
IT-09 Slicer -> Charts Year slicer filters All charts update PASS

all visuals on  dynamically on

Page 1 filter

The nine integration tests in Table 6.2 verify the handoffs between major pipeline
components - not just that each piece works in isolation, but that data flows correctly

from one stage to the next.

IT-01 is the most important of the nine. It checks that the preprocessing pipeline saves
its output to the expected file path with the correct row count. A failure here wouldn't
necessarily throw an error - it could silently pass a malformed or incomplete dataset
into model training, producing wrong results with no obvious indication that anything

went wrong. Catching it explicitly at the handoff point prevents that failure mode.

IT-02 and IT-03 verify the handoff between preprocessing and model training. The
shape check in IT-02 confirms the feature matrix has exactly 13 columns - one for
each feature defined in the feature selection step. That specific count check catches
column selection errors or feature engineering mistakes that would otherwise produce

a model trained on the wrong set of inputs without raising an exception.

IT-04 and IT-05 cover the database creation and query export pipeline. The row
count check in IT-04 confirms all 147,760 cleaned records loaded into SQLite without
any being dropped or duplicated in the process. Simple to verify, but a silent row loss

during database loading would corrupt every aggregate query result downstream.

IT-06 through IT-09 cover the Power BI integration - the most manually intensive
part of the testing process. Unlike the Python pipeline, Power BI operations happen in
a graphical interface and can't be automated. These tests were run by loading the CSV

files into Power BI, checking row counts and column names in the data view, and
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confirming that slicer interactions produced the expected chart updates. The year
slicer test was the critical one: charts updating correctly across all visuals confirmed
that the table relationships in Power BI Model View were configured correctly. If the
relationships had been wrong, the slicer would have filtered some visuals and left
others static - a subtle problem that would have been easy to miss without explicitly

testing it.

6.4 System Testing
System testing validates the complete end-to-end pipeline as a whole It verifies that

the system meets all functional and non-functional requirements defined in Chapter 3.

TC-ID System Test Expected \ctual Behavior Status
Behavior
ST-01 “ull Pipeline Run All 3 notebooks ~ Completed PASS
run without successfully
errors
ST-02 Model RF outperforms RF: 0 848 > LR: PASS
Comparison LR on R? 0309
ST-03 Dashboard Page <PI cards display $4 01bn total PASS
1 correct totals  premium shown

ST-04 Dashboard Slicer Year slicer filters All charts update PASS

all visuals on filter
ST-05 Dashboard Page  Scatter plot  Clear diagonal PASS
2 shows +ve  Hattern confirmed
correlation
ST-06 Dashboard Page  Scatter plot  Clear diagonal PASS
3 shows positive pattern observed
correlation
ST-07 Feature PASS

Importance
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ST-08 GitHub Push  All files pushed =~ Repository PASS

to repository updated
successfully
ST-09 NFR: Model training = RF trained in PASS
Performance within 5 minutes approximately 2
minutes
ST-10 NFR: same results with Identical results PASS

Reproducibility -andom_state=42 on every run

confirmed

The ten system tests in Table 6.3 verify that the complete integrated system meets all
functional and non-functional requirements from Chapter 3 - end to end, not

component by component.

ST-01 is the most thorough test in the suite. It runs the entire pipeline from a clean
environment - nothing available except the raw CSV - through every notebook in
sequence, checking at each stage that the expected output files exist and contain the
right data. No shortcuts, no assumed state from a previous run. If anything in the

pipeline breaks or produces unexpected output, this test catches it.

ST-02 verifies the core research finding directly: does Random Forest substantially
outperform Linear Regression? R? of 0.848 against R* of 0.309 - a 174%
improvement - confirms that non-linear ensemble methods are meaningfully more
effective than linear approaches for this forecasting problem. The test isn't just
checking that the model ran; it's checking that the central analytical claim of the

project holds up.

ST-03 through ST-06 cover the Power BI dashboard across all three pages. ST-03
checks that the total written premium KPI card displays $4.01B - verified by summing
WRTN PREM AMT across the cleaned dataset independently and confirming the
numbers match. ST-04 is the most important dashboard test from a usability

perspective: does the year range slicer filter all visuals simultaneously? A slicer that
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updates some charts and leaves others static would be worse than no slicer at all - it

would produce misleading cross-visual comparisons without any obvious warning.

ST-09 and ST-10 cover the non-functional requirements. Random Forest training
completing in approximately two minutes on standard hardware clears the NFR-01
performance requirement of five minutes with room to spare - not a marginal pass.
ST-10 verifies reproducibility: running the pipeline multiple times with
random_state=42 produces identical results every time. That consistency is what
makes the analytical findings independently verifiable rather than dependent on a

particular run or environment.
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CHAPTER 7: RESULTS AND DISCUSSION

7.1 EDA Results

The EDA turned up some clear patterns in this insurance portfolio - and a few

surprises worth flagging before jumping into the models.

The dataset covers ten years (2005-2014), about 147,760 records from 1,623 agencies
across six states, with total written premium of roughly $4 01 billion Growth was
front-loaded: premium jumped from $274 8M to $413 4M between 2005 and 2006 - a
50 5% spike in a single year - then basically flatlined between $400M and $440M for
the rest of the decade, peaking at $437 5M in 2014.

Ohio dominated $2 45 billion, about 58% of the total Pennsylvania ($554 9M) and
Kentucky ($491 8M) were distant second and third Michigan brought in just $45 7M -

the agency never really got traction there.

Retention held at 88 75% on average, which is healthy The loss ratio is where things
get interesting There's a clear spike in 2012 - likely a bad claims year, possibly
weather-related - then it settled back down in 2013 and 2014 Whether that recovery

was active management or just conditions normalizing, the data doesn't say.

The Commercial vs Personal Lines split tells the bigger story Commercial grew 114%
over the decade, from $95 5M to $204 4M Personal Lines peaked at $261 4M in 2006
and quietly declined to $233 1M by 2014 Not a collapse, but a consistent drift - and

consistent enough to look like a deliberate shift rather than market noise.

Two things worth noting on the modeling prep side Premium distribution was
severely right-skewed - over 120,000 records clustered near zero, with a handful of
agencies above $1M Log transformation sorted that out More importantly: earned
premium had a perfect r = 1 00 correlation with written premium That's data leakage,
not a signal It was dropped from the feature set Policies in force (r = 0 81) ended up

being the strongest legitimate predictor..

7.2 Model Performance Results
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Three models were tested on the cleaned dataset Here's how they compared

Linear Regression 1470 1 830 0309
Random Forest 0505 0 858 0 848
Facebook Prophet $14,416,640 $15,642,871 -8 294 (2 test points)
R2 Score Comparison MAE Comparison (Log Scale)

1.0

1.470

144
0.8 121

1.04

=4
o

0.8 1

R? Score
Mean Absolute Error

o
IS

0.6

0.4 4
0.2
0.2 1

0.0-
Linear Regression Random Forest Linear Regression Random Forest

0.0 -

Figure 7 1: Model Comparison

Random Forest came out on top - R? of 0 848, meaning it explains about 85% of the
variance in log-transformed written premium Against the Linear Regression baseline,
that's a 174% jump in R? and a 65 6% drop in MAE Not a close race The data has
enough non-linear structure that a simple linear model was always going to struggle

here.

The feature importance results were arguably the most useful output of the entire
project Incurred losses (PRD INCRD LOSSES AMT) ranked first at 0 35 - by a
margin New business written premium came second at 0 26, followed by
year-over-year premium growth (0 15), loss ratio (0 06), and policies in force (0 04)
The top finding makes sense once you think about it: agencies carrying higher loss
volumes also tend to manage larger, more active books of business Loss history isn't

just a risk signal - it's a proxy for portfolio size.

Prophet is a different story It was trained on annual premium totals from 2005-2012
and tested on 2013 and 2014 - two data points The R? came out at -8 294, which
sounds bad but is mostly a math artifact of having almost no test data What Prophet

actually did well was identify the plateau trend and produce confidence intervals that
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bracketed both test years correctly That's the real use case here - not point prediction,

but a forward-looking trend estimate with honest uncertainty bounds attached.

7.3 Dashboard Results

The dashboard is three pages - descriptive on the first two, predictive on the third

[ Insurance Sales Forecasting - Agency Performance Dashboard

)

Total Written Premium || Total Policy Records || Total New Business Pre...

| 4.01bn | 147.76K | 455.64M

( Select Year Range

2005 2014

O O

Select Product Line |

all

v

Annual Written Premium Trend (2005-2014)
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» o o = ~ 427M

275

2005 2011 2012 2007 2010 2009 2006 2008 2013 2014

Top 10 Agency by Written Premium

5468

44M

New Business vs Total Premium by Year
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Figure 7 2: Sales Overview Dashboard

Page 1: Sales Overview covers the portfolio-level numbers: $4 01B total written

premium, 147,760 records, $455 64M in new business, and average loss ratio - all as

KPI cards The annual trend line makes the 2005-2006 spike and subsequent plateau

immediately obvious The top agencies bar chart puts Agency 5468 clearly ahead at
$44M, with Agency 9733 ($32M) and Agency 1786 ($31M) behind it One thing

worth noting: new business consistently ran at 10-14% of total annual premium

across the decade, visible in the clustered column chart.
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[ Insurance Sales Forecasting - Financial Health Analysis

Written Premium by Product Line (CL vs PL)
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Figure 7 3: Financial Health Dashboard

Page 2: Financial Health is where the portfolio's structural story comes through The
retention gauge sits at 86 9% The state treemap makes Ohio's dominance hard to miss
- $2 35B against states that barely register by comparison The product line chart

shows the Commercial/Personal Lines crossover cleanly, and the loss ratio trend flags

2012 without needing much explanation.

Page 3: Predictive Analytics shows the model outputs The Random Forest scatter
plot holds up well - predictions track actuals tightly across the full premium range, not
just the middle The Prophet chart does what it should: gradual upward trend,
confidence bands that widen as you move further from the training period That
widening is correct behavior, not a flaw The R?> and MAE bar charts give

non-technical stakeholders a clean way to compare model performance without

digging into the numbers.
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[ Insurance Sales Forecasting - Predictive Model Result

Random Forest - Predicted vs Actual Premium
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Figure 7 4: Predictive Analytics Dashboard

7.4 Comparison with Existing Systems

Compared to the manual and statistical methods common in regional insurance, this

system holds up well.

The Random Forest's R?> of 0 848 is a meaningful step up from typical

regression-based forecasting - but the bigger gap isn't accuracy, it's what the model

surfaces Feature importance output tells you why premium volumes look the way they

do Manual methods don't give you that at all.

The Power BI dashboard replaces static Excel reports with something you can

actually filter and explore The SQL layer means every query is reproducible and

auditable - no more one-off data pulls that nobody can trace back

Taken together, it's a practical upgrade for a regional agency that outgrew

spreadsheets but isn't ready for enterprise tooling.
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CHAPTER:S8 CONCLUSION AND FUTURE
ENHANCEMENT

8.1 Conclusion

This project put predictive analytics to work on a real insurance sales forecasting
problem - and it held up All four objectives from Chapter 1 were met through a
data-driven pipeline that pulled together machine learning, time-series forecasting,

SQL analysis, and Power BI dashboarding.

The first objective was to understand where predictive analytics actually stands in the
finance sector The literature review in Chapter 2 worked through five peer-reviewed
papers and landed on something specific: agency-level insurance premium forecasting
using ensemble methods is a genuine gap in the published research The broader
picture confirmed what practitioners are already seeing - machine learning
consistently outperforms traditional statistical approaches, and financial institutions

are actively moving in that direction.

The second objective was to build predictive models from historical sales and
financial data That started with the raw dataset - 213,328 records that needed serious
work before any modeling could happen Partial year data was removed, 99,999
sentinel values were replaced across multiple columns, three new features were
engineered, and log transformation was applied to normalize the target variable What
came out the other end was a clean training dataset of 147,760 records Three models
were then developed: Linear Regression as a transparent, interpretable baseline;
Random Forest as the primary accuracy-focused model; and Facebook Prophet for

time-series trend analysis.

The third objective was model evaluation All three models were assessed on a
held-out test set of 29,552 records using MAE, RMSE, and R? as the evaluation
metrics Random Forest came out on top with R? =0 848, MAE =0 505, and RMSE =
0 858 on log-transformed premium values - explaining 84 8% of the variance and

improving 174% over the Linear Regression baseline.
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The fourth objective was to turn the findings into actionable recommendations The
feature importance analysis identified incurred losses and new business premium as
the two strongest predictors of written premium volume - something insurance
managers can use directly when assessing agency performance The geographic
breakdown added another layer: Ohio accounts for 58% of the total portfolio, a
concentration that points toward a real diversification conversation at the strategic

level.

Taken together, this project contributes something practical to the intersection of data
science and insurance: a fully reproducible, open-source analytical framework that
any regional insurance group could pick up and adapt for their own agency
forecasting needs It also brings together the core MSc Data Science toolkit - Python,
machine learning, SQL, and business intelligence - in a single end-to-end workflow

applied to a real-world problem.

8.2 Future Scope

There's room to push this further A few directions worth exploring in future work:

Hyperparameter tuning is the most immediate next step The Random Forest ran on
defaults apart from n_estimators=100 - which is fine for a baseline, but leaving
parameters like max_depth, min_samples split, and max_features untuned means
there's likely performance on the table Grid Search cross-validation would be the

straightforward way to find out how much.

Gradient boosting models are the natural next step after Random Forest XGBoost
and LightGBM are both built for tabular financial data, and they've consistently
beaten Random Forest in benchmark comparisons Based on the literature in Chapter
2, XGBoost would be the first one worth trying - the architecture is well-suited to the

kind of structured, mixed-feature dataset this project used.

Real-time data integration would change what the system can actually do for
management Right now it processes historical batches Connecting to live agency
management systems via API would shift it from retrospective reporting to
near-real-time forecasting - the difference between knowing what happened last

quarter and spotting a trend as it develops.

72



Expanding geographic coverage beyond the current six states would address two
things at once: the Ohio concentration risk flagged in the analysis, and the model's
generalizability A model trained only on Ohio, Pennsylvania, Kentucky, Indiana,
West Virginia, and Michigan will have blind spots when applied anywhere else More

states means a more robust model.

LSTM networks are worth testing as an alternative to Prophet for time-series
forecasting Long Short-Term Memory networks are designed specifically to capture
long-range temporal dependencies - something Prophet handles reasonably well on
short horizons but can struggle with as the forecast window extends On a ten-year

dataset with clear trend phases, LSTMs could perform meaningfully better.

Cloud deployment is what turns this from a notebook into a tool Hosting the pipeline
on AWS SageMaker or Azure Machine Learning would let agency managers across
all six states access forecasts through a browser - no Python environment, no local
setup required The analytical work only creates business value if the right people can

reach it.

A mobile-optimized Power BI dashboard is the last-mile piece Field agents and
regional managers aren't sitting at desktops - getting the key forecasting views onto
smartphones and tablets would close the gap between the analysis and the people

making day-to-day decisions.
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CHAPTER 10: APPENDICES

Appendix A: Project Repository
Everything used in this project - source code, Jupyter notebooks, SQL queries, Power
BI dashboard, and generated charts - is available on GitHub:

The repo is organized into five folders: data/raw (original dataset), data/processed
(cleaned data and model outputs), notebooks (the three Jupyter notebooks), reports
(all figures), and dashboard (the Power BI pbix file).

%/ Insurance Sales Forecasting

Appendix B: Dataset Information

The dataset used in this project is the Insurance Agency Performance Dataset,
publicly available on Kaggle:

%/ Source: Insurance Data

It covers 2005-2015 across 49 original columns and 213,328 records 2015 was
excluded from analysis due to partial year data After preprocessing - removing
sentinel values, dropping low-signal columns, and engineering new features - the
working dataset came down to 147,760 records across 16 columns License is open

data / public domain.

Appendix C: Installation Guide

Works on Windows, Mac, or Linux Here's how to get it running:

1. Clone the repository: git clone Insurance Sales Forecasting

2. Install dependencies: pip install pandas numpy matplotlib seaborn scikit-learn
prophet
3. Open insurance dashboard pbix in Power BI Desktop and refresh data sources
4. Then download the dataset from Kaggle and drop the CSV into data/raw/
5. Open the notebooks in order:
a. 01 data exploration ipynb
b. 02 preprocessing modeling ipynb
c. 03 sql queries ipynb
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6. Finally, open insurance dashboard pbix in Power BI Desktop and refresh the

data sources to pick up the processed files

pip install pandas numpy matplotlib seaborn scikit-learn prophet

git clone https://github.com/maanajipriyanshu/insurance-sales-forecasting

Appendix D: Model Performance Summary

Linear 1470 1 830 0309
Regression
Random Forest 0505 0 858 0 848 Log
Facebook 14,416,640 15,642,871 -8294 USD
Prophet
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Appendix E: SQL Query Results Summary

Table E 1: Annual Premium Summary (Query 1)

Total Records

otal Written Premium

New Business

Premium

2005
2006
2007
2008
2009
2010
2011
2012
2013
2014

12,693
14,059
14,329
14,908
15,273
15,092
14,623
15,639
15,576
15,568

$274,847,855
$413,410,568
$409,016,576
$415,823,965
$413,354,702
$410,811,002
$402,377,564
$405,967,783
$427,281,524
$437,543,916

$33,128,544
$53,804,061
$44,679,900
$53,784,114
$50,105,749
$37,370,356
$27,909,845
$40,334,733
$58,060,760
$56,464,786
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