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Self-Assessment Details 
The following checklists provide an overview of my self-assessment for this unit. 
 

 Pass (D) Credit (C) Distinction (B) High Distinction (A) 
Self-Assessment    ✔ 

 

Self-Assessment Statement 

Based on my consistent and comprehensive performance across the trimester, I am applying 
for a High Distinction in SIT731 Data Wrangling. Throughout the unit, I have not only 
completed all required tasks to a high standard, but also extended my learning by exploring 
more advanced methods, refining my workflow design, and strengthening the quality and 
professionalism of my analysis-particularly through my High Distinction project, where I 
applied deeper evaluation and more rigorous reasoning to a realistic data problem. 

Across this portfolio, I have demonstrated performance aligned to a High Distinction 
standard through consistent technical execution, thoughtful justification of decisions, and 
professional reflection. I can independently undertake complete data wrangling workflows 
using Python- extracting, cleaning, consolidating, and storing data across different data 
types and sources- and I approached each dataset with a validation mindset by checking 
datatypes, missingness patterns, join logic, duplication risks, and “before vs after” 
summaries to confirm that the processed outputs remained meaningful. 

I can also design and explain end-to-end data workflows for both technical and 
non-technical stakeholders through structured documentation, explicit assumptions, and 
careful explanations of limitations and uncertainty. I applied statistical and machine learning 
techniques in exploratory analysis and communicated results responsibly by selecting 
evaluation measures that match the project context and avoiding misleading interpretations, 
while consistently reflecting on privacy, ethics, and professional responsibility. Overall, my 
work demonstrates a professional standard of practice-reproducible workflow structure, 
validation checks for transformation accuracy, transparent documentation, and 
audience-aware communication- and this portfolio highlights not only my successful 
completion of the unit requirements but also my development into a data professional 
capable of producing trustworthy, explainable, and ethically responsible outputs aligned 
with a High Distinction standard. 

Declaration 
 
I declare that this portfolio is my individual work. I have not copied from any other student’s 
work or from any other source except where due acknowledgment is made explicitly in the 
text, nor has any part of this submission been written for me by another person. 
 

Signature:  
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Portfolio Overview 

This portfolio demonstrates comprehensive achievement of all Unit Learning 
Outcomes (ULOs) for SIT731- Data Wrangling to a High Distinction level. It reflects my 
development of practical programming capability, disciplined data-wrangling workflows, and 
the ability to extract, model, explore, and communicate data in realistic project contexts. 
Throughout the trimester, I have not only completed all required tasks to a high standard but 
also extended my learning through deeper validation practices, stronger method selection, 
and more rigorous evaluation- particularly in my High Distinction project (Task 8HD), where I 
applied advanced reasoning and end-to-end project delivery beyond the core unit material. 

I began the unit with foundational tasks focused on building confidence with 
Python-based wrangling and exploratory work. Task 1P and Task 2P strengthened my ability 
to prepare and explore datasets using structured workflows, while learning to handle key 
challenges such as missing values, outliers, data types, and reliable summarisation. These 
early tasks helped me shift from simply writing working code to developing habits that 
produce clean, consistent outputs that are ready for analysis and reporting. 

As the trimester progressed, I moved from smaller exercises into more complex and 
realistic wrangling contexts that required stronger reasoning about structure, consolidation, 
and workflow design. In Task 3P, I worked with relational data and translated between 
SQL-style thinking and pandas pipelines, strengthening my ability to model data and explain 
processing logic clearly. In Task 4P, I applied multi-step wrangling and integration techniques 
in a more heterogeneous dataset context, which required careful management of 
joins/merges, category consistency, and transformation sequencing. A significant hurdle I 
overcame during this stage was recognising how easily incorrect assumptions can create 
silent errors- especially through duplicated keys, flawed joins, or inconsistent categories. 
Instead of treating these as minor issues, I used them to strengthen my practice through 
validation checks (before/after comparisons, duplication control, datatype verification) and 
clearer documentation of assumptions and limitations. 

A key turning point in my learning was applying data wrangling in specialised 
contexts where professional responsibility is essential. Task 5C developed my understanding 
of privacy risks such as re-identification, and I carried this mindset into later tasks by making 
more careful reporting choices. Task 6C expanded my capability into text-based processing 
using pattern matching and structured extraction, while Task 7D required careful 
interpretation in a public-health style context where conclusions must be communicated 
responsibly. Finally, Task 8HD represents the culmination of the unit and my extension 
beyond the presented material: I designed an end-to-end workflow that required more 
rigorous evaluation, stronger judgement in selecting methods and metrics, and clearer 
communication of findings and limitations in a realistic project setting. This project 
demonstrates my ability to work independently, think critically, and deliver outcomes at a 
professional standard rather than simply meeting task requirements. 

Each task in this portfolio aligns strongly with the Unit Learning Outcomes: 
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●​ ULO1: I demonstrated end-to-end wrangling capability by extracting, cleaning, 
consolidating, and storing data across different types and sources (e.g., Task 1P, Task 
2P, Task 4P, Task 7D). 

●​ ULO2: I demonstrated data discovery and extraction judgement by selecting 
appropriate tools and methods based on project needs, including database and 
text-focused contexts (e.g., Task 3P, Task 6C, and the experimental design decisions in 
Task 8HD). 

●​ ULO3: I demonstrated structured thinking about data modelling and workflow 
explanation, including governance awareness when transforming and presenting 
data (e.g., Task 3P, supported by privacy-focused reasoning in Task 5C). 

●​ ULO4: I demonstrated exploratory analysis using statistical reasoning and machine 
learning where appropriate, and communicated results responsibly (e.g., Task 2P, 
Task 4P, Task 7D, and extended evaluation in Task 8HD). 

●​ ULO5: I demonstrated reflection and application of privacy, ethics, and professional 
responsibility in data handling and reporting (e.g., Task 5C, reinforced through careful 
interpretation across later tasks). 

This work also demonstrates the relevant Graduate Learning Outcomes: 

●​ GLO1: I developed strong Python-based data wrangling capability across the 
portfolio, applying programming to extract, clean, transform, and analyse data (Task 
1P- Task 8HD). 

●​ GLO2: I communicated my approaches and outcomes clearly through structured 
notebook narratives, documentation, and audience-aware reporting (particularly in 
Task 4P, Task 7D, Task 8HD). 

●​ GLO3: I discovered, extracted, and processed data using multiple tools and methods, 
including relational/database workflows and text processing (Task 3P, Task 6C, 
supported by multi-source processing in Task 2P/4P). 

●​ GLO5: I explored data in project contexts to meet stakeholder-style requirements, 
ensuring that preparation choices directly supported meaningful conclusions (Task 
2P, Task 4P, Task 7D, Task 8HD). 

●​ GLO8: I reflected on privacy, ethics, and professional responsibilities associated with 
potentially sensitive data, especially in re-identification risk analysis and responsible 
reporting choices (Task 5C, reinforced later). 

I believe this portfolio reflects not only technical excellence and comprehensive 
coverage of the unit learning outcomes, but also the curiosity, discipline, and critical 
engagement expected at the High Distinction level. I have extended beyond the unit 
material, demonstrated initiative in strengthening professional-quality validation and 
communication practices, and maintained a high standard of academic and professional 
integrity throughout. I respectfully submit this portfolio as evidence of my capability and 
readiness to apply these skills in future project and industry contexts, and I ask that it be 
considered for a High Distinction. 
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Reflections 
The most important things I learnt: 

The most important things I learnt in this unit were how to approach data wrangling 
as a professional, end-to-end discipline rather than a set of isolated cleaning techniques. At 
first, I expected to mainly improve my Python skills in pandas and NumPy, but I quickly 
realised the bigger lesson was learning how to produce trustworthy and explainable data 
outputs that others can rely on. I learnt that good wrangling is not just about getting the 
dataset into the “right shape”, it requires validating assumptions, understanding structure 
and meaning, and checking that transformations do not silently introduce errors. The early 
tasks helped me build confidence in core workflows (cleaning, reshaping, summarising), 
while later tasks made it clear that credibility depends on evidence-based decisions around 
missing values, outliers, data types, and especially merges/joins. 

These lessons came together most strongly in the later project-style tasks and my 
High Distinction project, where I had to integrate multiple skills- discovery and extraction 
choices, structured processing, exploratory analysis, and responsible reporting- into a single 
coherent workflow. Working across different data types and contexts taught me persistence 
and discipline: I learnt to add checkpoints (before/after comparisons, duplication checks, 
join validation), to document decisions clearly, and to communicate limitations instead of 
hiding uncertainty. Overall, I achieved my initial goal of strengthening technical wrangling 
skills, but I also gained unexpected growth in critical thinking, quality assurance habits, and 
professional responsibility- especially recognising that how data is extracted, linked, and 
reported directly affects trust, interpretation, and potential risk. 

 

I feel I learnt these topics, concepts, and/or tools really well: 

I feel confident in my ability to perform end-to-end data wrangling using Python, 
particularly with pandas and NumPy. I can now reliably extract and load data, profile it, clean 
and restructure it, and produce analysis-ready datasets through workflows such as handling 
missing values, correcting datatypes, treating outliers appropriately, reshaping (pivot/melt), 
grouping/aggregating, and consolidating data through safe merges/joins. I am also confident 
in building readable, reproducible notebook pipelines with clear step-by-step logic and 
validation checkpoints (e.g., before/after comparisons, duplication checks, and summary 
verification) so that results remain defensible rather than simply “working.” 

Alongside these practical skills, I gained a stronger conceptual understanding of how 
to choose methods based on the data source and project needs. I now feel confident 
translating relational thinking between SQL-style operations and pandas pipelines, and I can 
work across different data contexts including structured tables, database-style data, and 
text-based processing. This combination of technique and reasoning has given me a 
well-rounded capability: I can confidently wrangle data to a professional standard, 
communicate my approach clearly to different audiences, and explain why the workflow 
choices I made were appropriate for the problem and the data constraints. 
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I found the following topics particularly challenging: 

The most challenging aspect of this unit was ensuring correctness and 
trustworthiness in complex wrangling workflows- especially when working with 
joins/merges, inconsistent schemas, duplicated keys, and messy real-world categories. In 
several tasks, it was possible to produce outputs that looked reasonable while still being 
subtly wrong due to silent issues such as mismatched join keys, unintended duplication, or 
inconsistent formatting across sources. At first, I found it frustrating because the code could 
run successfully yet the results could still be unreliable. Overcoming this challenge required 
me to shift my perspective: instead of focusing on “finishing the pipeline,” I focused on 
proving the pipeline was correct by validating assumptions, checking uniqueness, comparing 
before/after summaries, and treating anomalies as signals to investigate rather than ignore. 

Through this process, I learnt that I am persistent and detail-oriented when the task 
demands it, but I also learnt I need to slow down and build checkpoints instead of assuming 
correctness. I now feel much more confident with these skills: I can detect and prevent silent 
errors, justify join logic, and explain how data quality issues affect downstream 
interpretation. While real-world data complexity will always present new edge cases, I 
believe I have largely mastered the core mindset and techniques required to handle them, 
and the biggest personal lesson for me was learning to balance problem-solving speed with 
professional discipline- because in data work, being correct matters more than being fast. 

I found the following topics particularly interesting: 

The most interesting and valuable part of this unit was seeing how data wrangling 
decisions directly shape what analysis is possible and how trustworthy the results are. I 
found it fascinating that the “same dataset” can produce very different conclusions 
depending on how missing values are handled, how variables are transformed, or how data 
is consolidated across sources. Working through different tasks made me appreciate that 
there is no single “best” cleaning approach- effective wrangling depends on the data type, 
the project goal, and the stakeholders who will use the outputs. This gave me a much more 
nuanced understanding of what it means to prepare data for real-world decision-making, 
not just for a classroom exercise. 

I was also deeply engaged by the unit’s emphasis on privacy and professional 
responsibility within the wrangling process. It was valuable to learn that risks can increase 
not only from storing data, but from linking and reporting it- especially when combining 
datasets can unintentionally enable re-identification or misleading interpretation. This 
combination of technical depth and ethical reflection helped me learn something about 
myself: I enjoy work that requires both precision and judgement. It reinforced that my role 
as a future professional is not just to produce clean datasets, but to deliver outputs that are 
reliable, explainable, and responsible for the people and organisations affected by the data. 
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I still need to work on the following areas: 
University is about developing lifelong learning skills. Given what you have achieved 

already, what is the next step for you? How will you build upon what you learnt in this unit? 
This could be related to the unit concepts and skills, or to personal traits you identified as 
needing further development.  

Although I am proud of the progress I made in this unit, I recognise there are areas 
where I can continue to grow. One priority is expanding from notebook-based wrangling into 
more production-oriented data engineering practice, such as building reusable pipelines, 
working with APIs and semi-structured data (JSON/text logs), and handling larger datasets 
with stronger attention to performance and scalability. I also want to strengthen my skills in 
data quality assurance, including more systematic testing and validation strategies (e.g., 
automated integrity checks for keys, ranges, duplicates, schema consistency, and “expected 
vs actual” outcomes) so that my workflows remain reliable even when data sources change. 

These are areas I feel motivated to explore further, building on the solid foundation 
this unit has provided. By advancing my technical expertise while maintaining the 
disciplined, critical mindset I developed in SIT731, I aim to continue growing as a future Data 
Engineer/ Analytics Engineer. The ability to extract, process, and model complex data 
responsibly- while producing outputs that are reproducible, trustworthy, and 
stakeholder-ready- will not only strengthen my professional capability but also prepare me 
to contribute meaningfully in industry contexts where data reliability, governance, and 
decision impact matter. 

The things that helped me most were:  

The most valuable support came from the teaching team and the feedback provided 
throughout the trimester. Their explanations helped me clarify not only how to complete 
tasks, but why particular wrangling decisions matter, especially when dealing with messy 
data, joins/merges, and interpretation risks. When peers asked questions or shared common 
issues, it often highlighted gaps in my own understanding and pushed me to revisit concepts 
more carefully. Even brief peer interactions helped reinforce that good data practice 
depends on questioning assumptions rather than rushing to results. 

The structured learning resources were equally important. The step-by-step OnTrack 
tasks provided a clear progression from foundational skills to more complex, project-style 
work, which helped me build confidence while steadily increasing difficulty. The weekly 
materials, examples, and task instructions gave me a reliable reference point when I needed 
to troubleshoot or verify my approach, and they helped me develop better habits around 
documentation and validation. These resources were especially valuable during my High 
Distinction project, where I had to integrate multiple skills into an end-to-end workflow and 
apply more rigorous reasoning, evaluation, and reporting than the earlier tasks required. 
Together, the teaching support, peer learning, and structured OnTrack pathway created a 
strong learning environment that helped me progress consistently and perform at a High 
Distinction level. 
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My progress in this unit was …: 

My OnTrack dashboard demonstrates that I approached this unit with consistency, 
discipline, and a clear focus on achieving a High Distinction. The progress graph shows that I 
worked steadily across the trimester rather than leaving tasks to the last minute, maintaining 
momentum from the early foundational tasks through to the later, more complex work. This 
pattern reflects a structured approach to learning: completing tasks in sequence, 
consolidating skills each week, and using earlier feedback and lessons to improve the quality 
of later submissions. 

There were points where I managed deadlines strategically, especially as the tasks 
became more demanding and required deeper reasoning, stronger validation, and clearer 
communication. When I requested extensions, it was not due to lack of progress, but 
because I prioritised producing well-developed, rigorous submissions over rushed 
completion. Many tasks required careful wrangling decisions and verification (particularly 
around joins/merges, missingness, and interpretation), and allowing appropriate time 
helped me maintain a professional standard throughout the portfolio, including the final HD 
project. 

From my perspective, the progress graph tells the story of a learning approach built 
on planning, sustained effort, and quality-focused delivery. By keeping up with the overall 
schedule while allowing extra time when necessary for deeper evaluation, I avoided 
superficial work and ensured each task was completed with care and depth. This balance of 
steady progress, responsible time management, and extension beyond the core 
requirements reflects the level of engagement and professionalism expected at High 
Distinction standard.  
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If I did this unit again, I would do the following things differently: 

Looking back, because I have a strong interest in Data Engineering, I would be more 
intentional about shaping my learning toward industry-style practice from the beginning. In 
particular, I would discuss ideas earlier and more regularly with the Unit Chair, especially 
once I started forming interests around pipeline design, data quality, and workflow 
scalability. More proactive conversations would help me refine project directions sooner, 
confirm whether my extensions align with professional data engineering expectations, and 
identify stronger ways to go beyond the unit requirements in a structured, purposeful way. 

I would also extend beyond the unit material earlier by practising skills that connect 
directly to data engineering work. For example, I would start sooner with modularising 
notebooks into reusable functions, adding automated validation checks (schema, duplicates, 
referential integrity), and experimenting with more diverse data formats such as APIs, JSON, 
and semi-structured logs. This would help me build a stronger “engineering mindset”: 
designing pipelines that are not only correct, but also reproducible, maintainable, and 
resilient when data sources change. 

In future units, I will keep the same consistency and quality focus, but approach 
learning more strategically as a developing data engineer- seeking feedback earlier, building 
reusable workflow standards, and engaging more in technical discussion to test my 
reasoning. By combining steady progress with early extension and deeper communication 
with teaching staff, I believe I can strengthen my capability to deliver reliable, scalable, 
stakeholder-ready data pipelines and continue progressing toward a Data Engineering career 
path. 

Other…: 

This unit has been a turning point in how I see myself as an IT professional, especially 
as someone aiming toward Data Engineering. It helped me realise that producing value from 
data is not just about technical ability to clean and transform datasets, it also requires 
structured thinking, quality assurance, and accountability. Through SIT731, I developed a 
stronger engineering mindset: designing workflows that are reproducible, validating 
transformations so results are defensible, and communicating data processes clearly so 
others can trust and reuse the outputs. These habits are directly aligned with professional 
expectations in data engineering, where reliability and maintainability matter as much as 
correctness. 

I also see this portfolio as clear evidence of High Distinction-level performance 
because I did not simply complete the required tasks, I consistently aimed to lift the 
standard of my work through deeper reasoning, stronger validation, and more rigorous 
evaluation. The later tasks and my High Distinction project demonstrate initiative and 
independence in applying end-to-end workflows, selecting appropriate methods, and 
interpreting results responsibly rather than relying on surface-level conclusions. Together 
with steady progress across the trimester, clear documentation, and thoughtful reflection, 
this portfolio shows the discipline and critical engagement expected at a High Distinction 
level. 
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Finally, SIT731 has strengthened my long-term goal of becoming a Data Engineer/ 
Analytics Engineer. The skills I developed in data discovery, extraction choices, wrangling 
pipelines, relational thinking, text processing, and responsible handling of sensitive 
information are all transferable to real-world data systems. More importantly, the reflective 
mindset I gained- balancing technical performance with privacy, ethics, and stakeholder 
impact will guide me in building data solutions that are not only effective, but also 
trustworthy and responsible. I see this unit as a strong foundation for my future studies and 
career development in data engineering. 
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1 SIT731 Task 1P: Working with numpy vectors (Undimensional
Data)

Name: Thi Thu Suong Ngo
Student Number: 224757434
Email: s224757434@deakin.edu.au
Unit: SIT731 Data Wrangling (Postgraduate Student)

1.1 Introduction

The given report provides an in-depth examination of daily closing exchange rates in Bitcoin-to-USD
(BTC-to-USD) during the third quarter of 2023 (Q3 2023), i.e., between the first day of July and the
end of September of 2023. The computation is done using nuclear arrays and the use of vectors to
get essential statistical indicators, outlier values, and visualization of the price movement in this time
frame.

The cryptocurrency market is characterized by their strong volatility, and the purpose of the given
analysis is to quantify the volatility with the help of descriptive statistics, trend visualization, and
analysis of price changes that happen on a daily basis. Considering the distribution of prices, as well
as their fluctuations every day, it helps to understand the behavior of the value of Bitcoin over this
particular period of time. This project shows that numpy is useful in performing effective numerical
calculations on time series data without using the conventional loop-based methods.

1.2 Q2. Data Loading and Preparation

First, I import the necessary packages for numerical computation and visualization, and then I load
the BTC-to-USD exchange rate data from the CSV file containing daily closing prices for the year
2023. The data was obtained from Yahoo Finance and covers the period from January 1, 2023 to
December 31, 2023.

Cell 03

import numpy as np
import matplotlib.pyplot as plt

# Load the BTC-to-USD data - only extract the Close column (column index 4)
# Skip header row and use comma delimiter
rates = np.genfromtxt('BTC-USD.csv', delimiter=',', skip_header=1, usecols=4)

print(f"Successfully loaded {len(rates)} daily closing rates for 2023")
print(f"Date range: January 1 - December 31, 2023")
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Successfully loaded 365 daily closing rates for 2023
Date range: January 1 - December 31, 2023
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1.3 Q3 - Extract Q3 2023 (Days 182–273)

Focusing on the third quarter of 2023, which spans from July 1 to September 30 (days 182- 273 of the
year). I compute key statistical measures to understand the central tendency, spread, and distribution
of Bitcoin prices during this period. These measures include the arithmetic mean,minimum, the first
quartile, median, the third quartile, maximum, standard deviation, interquartile range (IQR).

Cell 05

# Extract Q3 2023 data (days 182-273 inclusive)
# Day 182 corresponds to index 181 (0-based indexing)
q3_rates = rates[181:273]

# Calculate statistical measures using numpy functions
arithmetic_mean = np.mean(q3_rates)
minimum = np.min(q3_rates)
q1 = np.percentile(q3_rates, 25)
median = np.median(q3_rates)
q3 = np.percentile(q3_rates, 75)
maximum = np.max(q3_rates)
std_dev = np.std(q3_rates, ddof=1) # Sample standard deviation
iqr = q3 - q1

# Display the results in a readable format
print("=" * 60)
print("BTC-to-USD Statistical Summary for Q3 2023")
print("=" * 60)
print(f"Arithmetic Mean: ${arithmetic_mean:,.2f}")
print(f"Minimum: ${minimum:,.2f}")
print(f"First Quartile (Q1): ${q1:,.2f}")
print(f"Median (Q2): ${median:,.2f}")
print(f"Third Quartile (Q3): ${q3:,.2f}")
print(f"Maximum: ${maximum:,.2f}")
print(f"Standard Deviation: ${std_dev:,.2f}")
print(f"Interquartile Range: ${iqr:,.2f}")
print("=" * 60)
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============================================================
BTC-to-USD Statistical Summary for Q3 2023
============================================================
Arithmetic Mean: $28,091.33
Minimum: $25,162.65
First Quartile (Q1): $26,225.56
Median (Q2): $28,871.82
Third Quartile (Q3): $29,767.07
Maximum: $31,476.05
Standard Deviation: $1,837.05
Interquartile Range: $3,541.51
============================================================
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These statistics indicate that the Bitcoin price in Q3 2023 was approximately around $28,091 and
the prices were very variable as depicted by the standard deviation of about $1,827. The interquartile
value of $3,542 indicates that the middle half of the prices per day were quite clumped, but there were
significant outliers to the lowest price of $25,163 and the highest price of $31,476. The fact that the
median of the values equals $28,872, which is slightly more than the mean, indicates a slight left skew
of the distribution where there exist days with very low prices that pull the mean down.

1.4 Q4. Visualization of Q3 2023 Price Trends

In order to obtain a clearer picture of the time dynamics of the Bitcoin prices in Q3 2023, I generate
a line plot that illustrates the closing prices of each day. On the x-axis, it is represented as Day 182
(July 1), which will enable us to see how the prices changed during the quarter.

Cell 08

# Create array of day numbers for Q3 (182 through 273)
days = np.arange(182, 274)

# Create the plot
plt.figure(figsize=(12, 6))
plt.plot(days, q3_rates, 'r-', linewidth=1.5)
plt.title('BTC-to-USD Daily Closing Prices in Q3 2023', fontsize=14, fontweight='bold')
plt.xlabel('Day of Year', fontsize=12)
plt.ylabel('Price (USD)', fontsize=12)
plt.grid(True, alpha=0.3)
plt.tight_layout()
plt.show()
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The plot shows that there is a clear trend in the price movement of Bitcoin in Q3 2023. This
quarter started with a steep rise in the middle of July (day 194) and prices were at the peak. This
was succeeded by slow decline up to August which culminated in the low point of the quarter in mid-
September (around day 254). The trend then experiences slight recovery at the end of quarter. The
general trend shows the presence of a high volatility in July, and then a consistent downward trend
throughout the majority of the quarter, which is typical of the cryptocurrency market structure. This
red line shows clearly the large price fluctuations that were experienced during this three months.

1.5 Q5. Identification of Lowest and Highest Price Days

Now, I identify the specific days within Q3 2023 when Bitcoin reached its lowest and highest prices.
This aids in identifying the key times in the price movement of the quarter.

Cell 11

# Find the indices of minimum and maximum prices within Q3 data
min_idx = np.argmin(q3_rates)
max_idx = np.argmax(q3_rates)

# Convert to day numbers (adding 182 since Q3 starts at day 182)
min_day = min_idx + 182
max_day = max_idx + 182

# Get the actual price values
min_price = q3_rates[min_idx]
max_price = q3_rates[max_idx]

# Display results
print("=" * 60)
print("Extreme Price Days in Q3 2023")
print("=" * 60)
print(f"Lowest price: ${min_price:,.2f} on day {min_day}")
print(f"Highest price: ${max_price:,.2f} on day {max_day}")
print("=" * 60)
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============================================================
Extreme Price Days in Q3 2023
============================================================
Lowest price: $25,162.65 on day 254
Highest price: $31,476.05 on day 194
============================================================
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These findings support the visual observations of the plot. The maximum price was also reached
on day 194 (July 13, 2023) at the maximum price of $31,476.05, which was the maximum price of Q3
2023. The trough of the quarter was recorded on day 254 (September 11, 2023) at the lowest price
of $25,162.65. The difference between these two extremes reflect a drop of about $6,313 or some 20
percent between peak and trough which underscores the extreme volatility as of this three-month time
span of the value of Bitcoin.

1.6 Q6. Visualizing orizontal box-and-whisker plot to analyse of Daily Price
Changes

In addition to the analysis of the absolute price levels, I now analyze the daily fluctuation of the
prices of Bitcoin. It assists in knowing the size and distribution of daily fluctuations by calculating
the differences between the daily closing price and the previous one. A horizontal box-and-whisker
plot visually summarizes this volatility and the visual summary shows the average change in the stock
per day, the dispersion of change, and any unusual change (outliers).

Cell 14

# Calculate daily price changes (differences between consecutive days)
price_changes = np.diff(q3_rates)

# Calculate the mean of price changes
mean_change = np.mean(price_changes)

# Create horizontal boxplot
plt.figure(figsize=(12, 4))
plt.boxplot(price_changes, vert=False, widths=0.5)
plt.plot(mean_change, 1, 'gx', markersize=15, markeredgewidth=3, label='Mean')
plt.title('Distribution of BTC-to-USD Daily Price Increases/Decreases in Q3 2023',

fontsize=13, fontweight='bold')
plt.xlabel('Daily Price Change (USD)', fontsize=12)
plt.axvline(x=0, color='gray', linestyle='--', alpha=0.5, linewidth=1)
plt.legend()
plt.grid(True, alpha=0.3, axis='x')
plt.yticks([])
plt.tight_layout()
plt.show()

print(f"Mean daily price change: ${mean_change:.2f}")
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Mean daily price change: $-39.80
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The box-and-whisker plot shows that there are some notable results about the daily price volatility
of Q3 2023. The box itself (symbolizing interquartile range) is distributed near zero and it means that
on the majority of days, changes in prices were rather small. The average daily change of -$39.80
shown in green with an ”x” shows that overall trend in the previous price plot is negative. This
implies that the average value of Bitcoin wastage was about 40 dollars per day in the course of the
quarter which translated to the huge drop between the peak and the trough that was experienced
previously.

The whiskers run rather long in either way, indicating that although the normal daily variations
were minor, there were days of big shifts. The large number of outliers on either side of the plot
(more on the negative side) are days in which there was an unusually large price change. These
extremes suggest that the Q3 2023 had a number of days with extreme volatility where there have
been drastic price declines and other sharp increases. The asymmetry of the distribution, with higher
extreme negative outliers, supports the bearish trend which dominated most of the quarter. The
negative mean (-39.80) coming nearer to zero as compared to the magnitudes of outliers indicates
that, although the general tendency was negative, there were not drastic drops but gradual along with
the days, of high volatility.

1.7 Q7. Quantifying Outliers in Daily Price Changes

To precisely measure the extreme volatility events now I measure the outliers in the daily price change
distribution. Statically, the outliers are normally viewed to be the ones which are more than 1.5 times
the interquartile range (IQR) above the first or third quartile. The operators of comparison that are
mentioned to be vectorized in numpy are used to detect these aberrant days and to count them.

Cell 17

# Calculate quartiles and IQR for price changes
q1_changes = np.percentile(price_changes, 25)
q3_changes = np.percentile(price_changes, 75)
iqr_changes = q3_changes - q1_changes

# Define outlier boundaries (using the 1.5 * IQR rule)
lower_bound = q1_changes - 1.5 * iqr_changes
upper_bound = q3_changes + 1.5 * iqr_changes

# Use vectorized comparison to identify outliers
outliers_mask = (price_changes < lower_bound) | (price_changes > upper_bound)

# Count the number of outliers
num_outliers = np.sum(outliers_mask)

# Display results
print("=" * 60)
print("Outlier Analysis for Daily Price Changes")
print("=" * 60)
print(f"Q1 of price changes: ${q1_changes:.2f}")
print(f"Q3 of price changes: ${q3_changes:.2f}")
print(f"IQR of price changes: ${iqr_changes:.2f}")
print(f"Lower outlier boundary: ${lower_bound:.2f}")
print(f"Upper outlier boundary: ${upper_bound:.2f}")
print(f"\nNumber of outliers: {num_outliers}")
print("=" * 60)
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============================================================
Outlier Analysis for Daily Price Changes
============================================================
Q1 of price changes: $-135.00
Q3 of price changes: $104.66
IQR of price changes: $239.66
Lower outlier boundary: $-494.48
Upper outlier boundary: $464.15

Number of outliers: 16
============================================================
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The analysis shows that in Q3 2023, it has 16 outlier days which make up around 17% of trading
days in the quarter. These outliers in the case of cryptocurrency markets are days of extraordinary
price volatility that do not follow the general trend of daily prices variation.

This extreme movements may be provoked by any of the following factors such as major news
events, regulatory announcement, large scale trading activities by institutional investors, or simply
change of mood in the market or any macroeconomic development. These outlier days are of particular
concern to Bitcoin traders and investors because they denote the change of time when the risk is
increased but the opportunity is also present. The fact that 16 of them existed in one quarter speaks
to the nature of volatile cryptocurrency markets and the need to implement risk management measures
to any individual invested in Bitcoin trading or investment.

1.8 Conclusion

The Bitcoins-USD exchange rates analysis in the third quarter of 2023 has been a good source of
information on the price movements of the cryptocurrency in the same quarter. By using the capabil-
ities of numpy in terms of the use of the vectorized functions and statistical functions we effectively
calculated the descriptive statistics, determined the extreme values and examined the distribution of
the daily changes in prices and did not refer to the iterative programming constructs.

The major results indicate that the month of Q3 2023 was highly volatile, and the price of Bitcoin
was in the range of about $25,163 to $31,476, which is a downward of about 20 percent in terms of
the highest and lowest values. There was a distinct downward trend of the quarter between July and
September trough, and there was a slight recovery afterward. The price difference analysis on the
daily basis depicted that though normal day-to-day changes were relatively compact, the quarter had
16 outlier days with exceptional volatility and that impacted about one in every six trading days.

In a data analysis aspect, this exercise illustrates how effective and powerful numpy is in working
with time-series data. Besides offering better readability and cleanlier code than loop-based techniques,
the vectorized operations have large computational benefits when working with large datasets.
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1 SIT731 - Task 2P: Working with pandas Data Frames (Heteroge-
neous Data)

Student Name: Thi Thu Suong Ngo
Student Number: 224757434
Email: s224757434@deakin.edu.au
Unit: SIT731 Data Wrangling (Postgraduate Student)

1.1 Introduction

The report analyzes the weather data from three New York City airfields (LaGuardia, JFK, Newark)
during 2013. The collection of hourly weather observations consists of temperature, humidity, wind
speed, precipitation and visibility.

The aims of the present study are to convert all measurements into metric units, analyze wind
speed behavior at different time scales, and detect serious weather phenomena. The analysis pay
careful attention to wind speed analysis, calculating daily and monthly averages to understand the
seasonal variation of wind speeds, and comparison of averages at the three airports. This analysis
reveals the weather conditions at these key aerodromes and demonstrates useful data manipulation
techniques for time and space analysis.

1.2 Data Loading and Initial Setup

I begin by importing the necessary libraries and loading the weather dataset. All required packages
are imported at the start to ensure a clean and organized workflow.

Cell 04

import pandas as pd
import numpy as np
import matplotlib.pyplot as plt
import seaborn as sns
from datetime import datetime

# Set visualization style
sns.set_theme()
plt.rcParams['figure.figsize'] = (12, 6)

Cell 05

# Load the weather data
weather_data = pd.read_csv('nycflights13_weather.csv.gz', compression='gzip', comment='#')

# Display basic information about the dataset
print(f"Dataset shape: {weather_data.shape}")
print(f"\nColumn names and types:")
print(weather_data.dtypes)
print(f"\nFirst few rows:")
print(weather_data.head())
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Dataset shape: (26130, 15)

Column names and types:
origin object
year int64
month int64
day int64
hour int64
temp float64
dewp float64
humid float64
wind_dir float64
wind_speed float64
wind_gust float64
precip float64
pressure float64
visib float64
time_hour object
dtype: object

First few rows:
origin year month day hour temp dewp humid wind_dir wind_speed \
0 EWR 2013 1 1 0 37.04 21.92 53.97 230.0 10.35702
1 EWR 2013 1 1 1 37.04 21.92 53.97 230.0 13.80936
2 EWR 2013 1 1 2 37.94 21.92 52.09 230.0 12.65858
3 EWR 2013 1 1 3 37.94 23.00 54.51 230.0 13.80936
4 EWR 2013 1 1 4 37.94 24.08 57.04 240.0 14.96014

wind_gust precip pressure visib time_hour
0 11.918651 0.0 1013.9 10.0 2013-01-01 01:00:00
1 15.891535 0.0 1013.0 10.0 2013-01-01 02:00:00
2 14.567241 0.0 1012.6 10.0 2013-01-01 03:00:00
3 15.891535 0.0 1012.7 10.0 2013-01-01 04:00:00
4 17.215830 0.0 1012.8 10.0 2013-01-01 05:00:00
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The data has 26,130 hourly weather measurements that are grouped within 15 variables. The rows
correspond to the individual hours of the meteorological monitoring of one of the three airports. It
can be seen that the majority of the numerical variables are represented as floating-point numbers,
which is suitable in the case of continuous measurements in this dataset.

1.3 Q1. Unit Conversion to Metric System

The original set is in imperial units that are typical in the United States. But, to be scientifically
analyzed and internationally compatible, now I express all measurements in the International System
of Units (SI) or derived units of the metric system. The below conversions are used:

• Temperature (temp, dewp): Fahrenheit to Celsius using the formula: C = (F - 32) × 5/9
• Precipitation (precip): inches to millimeters (1 inch = 25.4 mm)
• Visibility (visib): miles to meters (1 mile = 1609.34 meters)
• Wind speed and gust (wind_speed, wind_gust): miles per hour to meters per second (1 mph =

0.44704 m/s)

Cell 08

# Convert temperature from Fahrenheit to Celsius
weather_data['temp'] = (weather_data['temp'] - 32) * 5 / 9
weather_data['dewp'] = (weather_data['dewp'] - 32) * 5 / 9

# Convert precipitation from inches to millimeters
weather_data['precip'] = weather_data['precip'] * 25.4

# Convert visibility from miles to meters
weather_data['visib'] = weather_data['visib'] * 1609.34

# Convert wind speed and gust from mph to m/s
weather_data['wind_speed'] = weather_data['wind_speed'] * 0.44704
weather_data['wind_gust'] = weather_data['wind_gust'] * 0.44704

# Display sample of converted values
print("Sample of converted values:")
weather_data[['origin', 'temp', 'dewp', 'precip', 'visib', 'wind_speed']].head(10)
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Sample of converted values:

origin temp dewp precip visib wind_speed
0 EWR 2.8 -5.6 0.0 16093.4 4.630002
1 EWR 2.8 -5.6 0.0 16093.4 6.173336
2 EWR 3.3 -5.6 0.0 16093.4 5.658892
3 EWR 3.3 -5.0 0.0 16093.4 6.173336
4 EWR 3.3 -4.4 0.0 16093.4 6.687781
5 EWR 3.9 -3.3 0.0 16093.4 4.630002
6 EWR 3.9 -2.8 0.0 16093.4 3.601113
7 EWR 3.9 -2.2 0.0 16093.4 5.144447
8 EWR 4.4 -2.2 0.0 16093.4 5.658892
9 EWR 3.9 -2.2 0.0 16093.4 5.658892
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All of the units have been converted to the metric standards. Temperatures have decreased, and the
values are in the normal Celsius values in New York weather, the rainfall in millimeters, the visibility
in meters, and the wind speed in meters/second. Such standardization creates a more accessible
interpretation and comparison to foreign datasets.

1.4 Q2. LaGuardia (LGA) Airport’s Daily Wind Speed Analysis

I’m now concentrating on examining LGA Airport’s wind speed trends. I organize observations by
year, month, and day to calculate the mean wind speed for each day in order to comprehend daily
fluctuations throughout the year.

Cell 11

# Filter data for LGA airport only
lga_data = weather_data[weather_data['origin'] == 'LGA'].copy()

# Create a date column for easier grouping
lga_data['date'] = pd.to_datetime(lga_data[['year', 'month', 'day']])

# Compute daily mean wind speeds
daily_wind_lga = lga_data.groupby('date')['wind_speed'].mean()

print(f"Number of days analyzed: {len(daily_wind_lga)}")
print(f"\nBasic statistics of daily mean wind speed [m/s]:")
print(daily_wind_lga.describe())
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Number of days analyzed: 364

Basic statistics of daily mean wind speed [m/s]:
count 364.000000
mean 4.694409
std 1.677505
min 1.521899
25% 3.558242
50% 4.404933
75% 5.610662
max 11.317783
Name: wind_speed, dtype: float64
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I have successfully computed daily average wind speeds for 364 days at LaGuardia Airport, the
statistics indicate that the average daily wind speed varies between about 1.5 and 11 m/s, with the
mean value of 4.5 m/s. This difference shows that there are considerable differences in wind conditions
on a day to day basis all over the year.

1.5 Q3. Visualization of Daily Wind Speed Patterns

For        understanding temporal patterns of wind speed at LaGuardia more clearly, I made a time series
visualization that depicts daily average wind speeds for the whole year of 2013. The graph serves as
a tool to pinpoint seasonal trends and anomalous wind         events.

Cell 14

# Create the plot
plt.figure(figsize=(14, 6))
plt.plot(daily_wind_lga.index, daily_wind_lga.values, linewidth=1.5, color='steelblue')
plt.xlabel('day', fontsize=12)
plt.ylabel('daily average wind speed [m/s] at LGA', fontsize=12)
plt.title('Daily Average Wind Speed at LaGuardia (LGA) Airport (2013)', fontsize=14,

fontweight='bold')
plt.grid(True, alpha=0.3)
plt.tight_layout()
plt.show()
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The        time series plot unveils varying wind speeds during the year. I can see that the wind speed
was higher in the period from January to March as a result of which there are numerous peaks that
go beyond 10m/s. Generally, the wind speed is lower from June to August, and then it is increased
again in late November. The seasonal variation observed here is in agreement with the one that can be
expected for the northeastern United States based on the usual meteorological patterns, i.e., stronger
winds, in this case, are going to be the result of more active weather systems during the winter and
late autumn (December through March and November), when strong temperature differences between
air masses are the main drivers of atmospheric         circulation.

1.6 Q4. Identification of Ten Windiest Days

In        order to pinpoint the most drastic wind situations at LaGuardia (LGA) Airport, I find out the ten
days having the highest average wind speeds. Such events, in particular, are of great concern to the
functioning of the aviation sector and safety         planning.

Cell 17

# Sort by wind speed and get top 10
windiest_days = daily_wind_lga.sort_values(ascending=False).head(10)

# Format the output
print("wind_speed")
print("date")
for date, speed in windiest_days.items():

print(f"{date.strftime('%Y-%m-%d')} {speed:.2f}")
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wind_speed
date
2013-11-24 11.32
2013-01-31 10.72
2013-02-17 10.01
2013-02-21 9.19
2013-02-18 9.17
2013-03-14 9.11
2013-11-28 8.94
2013-05-26 8.85
2013-05-25 8.77
2013-02-20 8.66
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LaGuardia (LGA) airport’s windiest day in the year 2013 was November 24th with an average
of 11.32 m/s. Of the ten windiest days, six occurred during the winter and early spring (January to
March), which corroborates what shows in the time series plot. In late May and in late November,
four more wind events were recorded. These periods of transition too have strong winds.

1.7 Q5. Outlier Detection and Monthly Wind Speed Comparison Across Airports

To make my monthly analysis across all three airports more robust, I first identify and remove outliers
from the wind speeds. Outliers can affect monthly averages by skewing them or misrepresenting them
as typical. By looking at the extreme values of the distribution, I see the obvious outlier.

Cell 20

# Create a copy of the data for outlier analysis
weather_clean = weather_data.copy()

# Find the maximum wind speed and its details
max_wind_idx = weather_clean['wind_speed'].idxmax()
max_wind_value = weather_clean.loc[max_wind_idx, 'wind_speed']
max_wind_details = weather_clean.loc[max_wind_idx, ['origin', 'year', 'month', 'day',

'hour', 'wind_speed']]

print("Outlier detection:")
print(f"\nMaximum wind speed value: {max_wind_value:.2f} m/s")
print(f"\nDetails of the outlier:")
print(max_wind_details)

# Check if this is an obvious outlier by comparing to the next highest values
print(f"\nTop 5 wind speed values [m/s]:")
print(weather_clean['wind_speed'].nlargest(5).values)

# Replace the outlier with NaN
weather_clean.loc[max_wind_idx, 'wind_speed'] = np.nan

print(f"\nOutlier replaced with NaN.")
print(f"New maximum wind speed: {weather_clean['wind_speed'].max():.2f} m/s")
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Outlier detection:

Maximum wind speed value: 468.66 m/s

Details of the outlier:
origin EWR
year 2013
month 2
day 12
hour 8
wind_speed 468.659114
Name: 1015, dtype: object

Top 5 wind speed values [m/s]:
[468.65911368 19.03445357 18.00556419 18.00556419 17.4911195 ]

Outlier replaced with NaN.
New maximum wind speed: 19.03 m/s
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The outlier detection successfully identified an extreme wind speed value that is significantly higher
than other observations in the dataset. This value is likely a data entry error or sensor malfunction,
as it far exceeds typical meteorological conditions at these airports. By replacing it with NaN, it
ensure that the monthly averages better represent actual wind conditions without being skewed by
this anomalous measurement.

1.8 Monthly Wind Speed Comparison Across Airports

With the outlier removed, I now compute monthly average wind speeds for all three airports. This
analysis allows to compare wind patterns across different locations and identify any site-specific char-
acteristics.

Cell 23

# Create a date column for the cleaned data
weather_clean['date'] = pd.to_datetime(weather_clean[['year', 'month', 'day']])
weather_clean['year_month'] = weather_clean['date'].dt.to_period('M')

# Compute monthly mean wind speeds for each airport
monthly_wind_by_airport = weather_clean.groupby(['origin',

'year_month'])['wind_speed'].mean().reset_index()

# Pivot for easier plotting
monthly_pivot = monthly_wind_by_airport.pivot(index='year_month', columns='origin',

values='wind_speed')

print("Monthly average wind speeds [m/s] by airport:")
print(monthly_pivot.round(2))
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Monthly average wind speeds [m/s] by airport:
origin EWR JFK LGA
year_month
2013-01 4.33 5.38 5.07
2013-02 4.73 5.95 5.52
2013-03 5.14 6.21 5.85
2013-04 4.27 5.58 4.93
2013-05 3.71 4.60 4.20
2013-06 4.20 4.88 4.46
2013-07 4.02 4.50 4.18
2013-08 3.35 4.31 3.73
2013-09 3.57 4.36 3.93
2013-10 3.65 4.62 4.57
2013-11 4.60 5.75 5.42
2013-12 3.91 4.86 4.53
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The month periodic aggregation shows different pattern across the three airports. The three sites
show similar seasonal trends with respect to wind speed. The winds are faster in the January to March
period while it weakens in the June to August months. JFK generally has slightly different conditions
than LGA and EWR, although absolute wind speeds differ considerably since all stations experience
the same weather conditions at some point in time.

1.9 Q6. Comparative Visualization of Monthly Average Wind Patterns Across
Three Airports

To effectively compare wind speed patterns across the three airports, I create a multi-line plot showing
monthly averages for each location throughout 2013.

Cell 26

# Convert period index to timestamp for plotting
plot_dates = monthly_pivot.index.to_timestamp()

# Create the plot
plt.figure(figsize=(14, 7))

# Plot each airport with different colors
plt.plot(plot_dates, monthly_pivot['LGA'], marker='o', linewidth=2, label='LGA',

color='#1f77b4')
plt.plot(plot_dates, monthly_pivot['EWR'], marker='s', linewidth=2, label='EWR',

color='#ff7f0e')
plt.plot(plot_dates, monthly_pivot['JFK'], marker='^', linewidth=2, label='JFK',

color='#2ca02c')

plt.xlabel('month', fontsize=12)
plt.ylabel('monthly average wind speed [m/s]', fontsize=12)
plt.title('Monthly Average Wind Speed at NYC Airports (2013)', fontsize=14,

fontweight='bold')
plt.legend(fontsize=11, loc='best')
plt.grid(True, alpha=0.3)
plt.tight_layout()
plt.show()
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As demonstrated by the comparison, seasonal wind patterns exist at all three New York airports.
Several key observations emerge from this analysis.

First of all, all three airports show relatively similar seasonal patterns. Peak period of wind
speeds occurs in winter and early spring months (January to March). Similarly, the lowest levels
occur in summer months (June to August). This pattern is consistent with the overall weather of the
northeastern United States, where winter is a more active season.

Next, the airports share similar trends, but they are not identical and have differences. LaGuardia
(LGA) and Newark (EWR) have very similar winds throughout the year, which makes sense given
their relative proximity and similar geography. In some months, especially in spring and fall transition
months, JFK displays slightly different characteristics. One possible reason for these differences is that
JFK is located at Jamaica Bay which has a different exposure to the prevailing wind flows compared
to the other two airports.

Thirdly, the monthly averages range from about 3.5 m/s during the calmest months of summer
to about 5.5-6.0 m/s during the windiest months of winter. In addition, there is a notable seasonal
variation with important consequences for aviation and energy.

1.10 Conclusion

An analysis of the 2013 weather data provided by three major airports of New York gave the wind
speeds through the year. It supports to characterize the wind climate at these important airports by
standardizing everything in metric units and analysing variations over different time scales.

The analysis has revealed key findings. First, the wind speeds show a seasonal pattern across all
three airports, with peaks in winter and lows in summer. Another finding refers to the extreme winds
event, with LaGuardia (LGA) airport being the windiest on November 24, 2013 which had average
wind speeds of 11.32 m/s. Moreover, the wind pattern of LaGuardia (LGA) airport and Newark
(EWR) airport was reasonably consistent, while the wind speeds at JFK airport had some variations
due to its coastal location. Lastly, the statistics summaries prove robust thanks to the outlier detection
processes. For example, the detection of an outlier from the model and its removal enhances the final
wind speeds. These findings can be used for safety planning, operations scheduling, and regional wind
climatology for aviation.
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1 Task 3P: pandas vs SQL - Analysis of NYC Flights 2013
Name: Thi Thu Suong Ngo

Student Number: 224757434
Email: s224757434@deakin.edu.au
Unit: SIT731 Data Wrangling (Postgraduate Student)

1.1 Introduction

This report is a detailed analysis of the NYC Flights 2013 dataset, which includes data on 336,776
flights that have departed from three New York airports (EWR, JFK and LGA) in 2013. It contains
the information regarding flights, airlines, airports, planes, and weather conditions.

The main goal of this assignment is to show the mastery of data manipulation by comparing the
way of analyzing data using SQL and pandas. In each of the presented SQL queries, I will introduce
a corresponding solution with the help of pandas and ensure that the two methods give the same
results. This exercise emphasizes the flexibility of pandas as an effective data manipulation tool which
is capable of recreating the sophisticated SQL operations in Python.

The analysis technique is designed in such a way that it supports different data operations such
as filtering, grouping, aggregating, sorting, and joining between two or more tables. This illustrates
the basic and the advanced functions of pandas in data wrangling activities.

1.2 Setup and Data Loading

I first load up the required libraries and make a connection with a SQLite database, and then loading
all CSVs into pandas DataFrames and SQL database to compare them.

1.2.1 Q1. Connect with a new SQLite database

Cell 05

# Import required libraries
import pandas as pd
import sqlite3
import warnings
warnings.filterwarnings('ignore')

# Establish connection with SQLite database
conn = sqlite3.connect('nycflights13.db')
print("Database connection established successfully.")
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Database connection established successfully.
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1.2.2 Q2. Load CSV files into pandas DataFrames and export to SQLite database

Cell 07

# Read all CSV files (they are gzipped, pandas handles this automatically)
flights = pd.read_csv('nycflights13_flights.csv.gz', comment='#')
airlines = pd.read_csv('nycflights13_airlines.csv.gz', comment='#')
airports = pd.read_csv('nycflights13_airports.csv.gz', comment='#')
planes = pd.read_csv('nycflights13_planes.csv.gz', comment='#')
weather = pd.read_csv('nycflights13_weather.csv.gz', comment='#')

# Export DataFrames to SQLite database
flights.to_sql('flights', conn, if_exists='replace', index=False)
airlines.to_sql('airlines', conn, if_exists='replace', index=False)
airports.to_sql('airports', conn, if_exists='replace', index=False)
planes.to_sql('planes', conn, if_exists='replace', index=False)
weather.to_sql('weather', conn, if_exists='replace', index=False)

print(f"Data loaded successfully:")
print(f" - Flights: {len(flights):,} rows")
print(f" - Airlines: {len(airlines):,} rows")
print(f" - Airports: {len(airports):,} rows")
print(f" - Planes: {len(planes):,} rows")
print(f" - Weather: {len(weather):,} rows")
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Data loaded successfully:
- Flights: 336,776 rows
- Airlines: 16 rows
- Airports: 1,458 rows
- Planes: 3,322 rows
- Weather: 26,130 rows
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The data has been managed to load into memory and exported to SQLite database, now I am able
to analyse all five tables.

Here, I run every SQL query with pandas and keep the results with the same output by testing
with the help of the frame-equal assertion of the pandas testing pd.testing.assert_frame_equal().

1.2.3 Q3: Using pandas Equivalents SQL Queries

Query 1 This query gets all the different engine types in the planes table. It demonstrates the usage
of various types of engines among all aircrafts of the dataset.

Cell 11

# SQL approach
task1_sql = pd.read_sql_query("""
SELECT DISTINCT engine FROM planes
""", conn)

# pandas approach
task1_my = planes[['engine']].drop_duplicates().reset_index(drop=True)

# Verify results match
pd.testing.assert_frame_equal(task1_sql, task1_my)
print("Query 1 verification: PASSED")
print(f"Found {len(task1_my)} unique engine types")
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Query 1 verification: PASSED
Found 6 unique engine types
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Query 2 This query retrieves all unique combinations of aircraft type and engine type. It shows
which engine types are paired with which aircraft types in the fleet.

Cell 13

# SQL approach
task2_sql = pd.read_sql_query("""
SELECT DISTINCT type, engine FROM planes
""", conn)

# pandas approach
task2_my = planes[['type', 'engine']].drop_duplicates().reset_index(drop=True)

# Verify results match
pd.testing.assert_frame_equal(task2_sql, task2_my)
print("Query 2 verification: PASSED")
print(f"Found {len(task2_my)} unique type-engine combinations")
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Query 2 verification: PASSED
Found 7 unique type-engine combinations
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Query 3 This query will extract all the distinctive engine types in the planes table. It indicates the
usage of various engine types in the entire aircrafts of the dataset.

Cell 15

# SQL approach
task3_sql = pd.read_sql_query("""
SELECT COUNT(*), engine FROM planes GROUP BY engine
""", conn)

# pandas approach
task3_my = planes.groupby('engine').size().reset_index(name='COUNT(*)')
task3_my = task3_my[['COUNT(*)', 'engine']]

# Verify results match
pd.testing.assert_frame_equal(task3_sql, task3_my)
print("Query 3 verification: PASSED")
print(f"Engine type distribution calculated for {len(task3_my)} engine types")
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Query 3 verification: PASSED
Engine type distribution calculated for 6 engine types
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Query 4 This query quantifies the number of planes by the engine type. It gives a summarized
picture of the representation of aircraft of various engine types within the dataset.

Cell 17

# SQL approach
task4_sql = pd.read_sql_query("""
SELECT COUNT(*), engine, type FROM planes
GROUP BY engine, type
""", conn)

# pandas approach
task4_my = planes.groupby(['engine', 'type']).size().reset_index(name='COUNT(*)')
task4_my = task4_my[['COUNT(*)', 'engine', 'type']]

# Verify results match
pd.testing.assert_frame_equal(task4_sql, task4_my)
print("Query 4 verification: PASSED")
print(f"Found {len(task4_my)} unique engine-type combinations with counts")
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Query 4 verification: PASSED
Found 7 unique engine-type combinations with counts
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Query 5 This query computes aggregate statistics of the manufacturing year of airplanes in terms
of engine type and manufacturer. It displays the lowest, mean and highest manufacturing year per
engine-manufacturer combination, which indicates the distribution of the age of the various types of
aircrafts.

Cell 19

# SQL approach
task5_sql = pd.read_sql_query("""
SELECT MIN(year), AVG(year), MAX(year), engine, manufacturer
FROM planes
GROUP BY engine, manufacturer
""", conn)

# pandas approach
task5_my = planes.groupby(['engine', 'manufacturer'])['year'].agg(['min', 'mean',

'max']).reset_index()
task5_my.columns = ['engine', 'manufacturer', 'MIN(year)', 'AVG(year)', 'MAX(year)']
task5_my = task5_my[['MIN(year)', 'AVG(year)', 'MAX(year)', 'engine', 'manufacturer']]

# Verify results match
pd.testing.assert_frame_equal(task5_sql, task5_my)
print("Query 5 verification: PASSED")
print(f"Calculated year statistics for {len(task5_my)} engine-manufacturer combinations")
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Query 5 verification: PASSED
Calculated year statistics for 43 engine-manufacturer combinations
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Query 6 This query will select the planes table with only the records in which the speed data is
present. It will eliminate any rows containing no speed data, leaving with a complete set of data to
apply to speed related analyses.

Cell 21

# SQL approach
task6_sql = pd.read_sql_query("""
SELECT * FROM planes WHERE speed IS NOT NULL
""", conn)

# pandas approach
task6_my = planes[planes['speed'].notna()].reset_index(drop=True)

# Verify results match
pd.testing.assert_frame_equal(task6_sql, task6_my)
print("Query 6 verification: PASSED")
print(f"Found {len(task6_my)} planes with speed information")
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Query 6 verification: PASSED
Found 23 planes with speed information
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Query 7 The query is used to find aircraft tail numbers of those aircraft that fit particular require-
ments: the aircraft must have a seating count of 150 to 210 people and must be manufactured in 2011
or after that. This assists in establishing new, medium-or-large capacity aircrafts that are not that
old.

Cell 23

# SQL approach
task7_sql = pd.read_sql_query("""
SELECT tailnum FROM planes
WHERE seats BETWEEN 150 AND 210 AND year >= 2011
""", conn)

# pandas approach
task7_my = planes[(planes['seats'] >= 150) & (planes['seats'] <= 210) & (planes['year'] >=

2011)][['tailnum']].reset_index(drop=True)

# Verify results match
pd.testing.assert_frame_equal(task7_sql, task7_my)
print("Query 7 verification: PASSED")
print(f"Found {len(task7_my)} planes matching the criteria")
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Query 7 verification: PASSED
Found 92 planes matching the criteria
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Query 8 This query finds very large aircrafts (with at least 390 seats) produced by three giant
aircraft manufacturers Boeing, Airbus, or Embraer. It will give the tail number, manufacturer and
seat count of these high capacity planes.

Cell 25

# SQL approach
task8_sql = pd.read_sql_query("""
SELECT tailnum, manufacturer, seats FROM planes
WHERE manufacturer IN ("BOEING", "AIRBUS", "EMBRAER") AND seats>390
""", conn)

# pandas approach
task8_my = planes[(planes['manufacturer'].isin(["BOEING", "AIRBUS", "EMBRAER"])) &

(planes['seats'] > 390)][['tailnum', 'manufacturer', 'seats']].reset_index(drop=True)

# Verify results match
pd.testing.assert_frame_equal(task8_sql, task8_my)
print("Query 8 verification: PASSED")
print(f"Found {len(task8_my)} planes matching the criteria")
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Query 8 verification: PASSED
Found 13 planes matching the criteria
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Query 9 This query identifies distinct values of manufacturing year and seat count on th planes
manufactured after 2012. The results are first arranged according to year in ascending order, followed
by seats in descending order and this illustrates the distribution of capacities of newer aircraft.

Cell 27

# SQL approach
task9_sql = pd.read_sql_query("""
SELECT DISTINCT year, seats FROM planes
WHERE year >= 2012 ORDER BY year ASC, seats DESC
""", conn)

# pandas approach
task9_my = planes[planes['year'] >= 2012][['year',

'seats']].drop_duplicates().sort_values(['year', 'seats'], ascending=[True,
False]).reset_index(drop=True)

# Verify results match
pd.testing.assert_frame_equal(task9_sql, task9_my)
print("Query 9 verification: PASSED")
print(f"Found {len(task9_my)} unique year-seat combinations for planes from 2012 onwards")
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Query 9 verification: PASSED
Found 21 unique year-seat combinations for planes from 2012 onwards
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Query 10 The query resembles Query 9 and has different sorting priorities. It retrieves special
combinations of year and seats in newer aircraft, but ranks more by the number of seats in descending
order, followed by year in ascending order. This illustrates the largest capacity aircraft before the
others.

Cell 29

# SQL approach
task10_sql = pd.read_sql_query("""
SELECT DISTINCT year, seats FROM planes
WHERE year >= 2012 ORDER BY seats DESC, year ASC
""", conn)

# pandas approach
task10_my = planes[planes['year'] >= 2012][['year',

'seats']].drop_duplicates().sort_values(['seats', 'year'], ascending=[False,
True]).reset_index(drop=True)

# Verify results match
pd.testing.assert_frame_equal(task10_sql, task10_my)
print("Query 10 verification: PASSED")
print(f"Retrieved {len(task10_my)} unique combinations, sorted by capacity")
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Query 10 verification: PASSED
Retrieved 21 unique combinations, sorted by capacity
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Query 11 This query calculates the number of large-capacity (over 200 seats) aircraft manufactured
by each company. It then filters high capacity planes first and then it is sorted by manufacturer
displaying the number of large planes by manufacturer.

Cell 31

# SQL approach
task11_sql = pd.read_sql_query("""
SELECT manufacturer, COUNT(*) FROM planes
WHERE seats > 200 GROUP BY manufacturer
""", conn)

# pandas approach
task11_my = planes[planes['seats'] >

200].groupby('manufacturer').size().reset_index(name='COUNT(*)')

# Verify results match
pd.testing.assert_frame_equal(task11_sql, task11_my)
print("Query 11 verification: PASSED")
print(f"Found {len(task11_my)} manufacturers producing large-capacity aircraft")
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Query 11 verification: PASSED
Found 3 manufacturers producing large-capacity aircraft
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Query 12 This query is used to determine manufacturers with over 10 planes in the dataset. The
HAVING clause is used to screen the grouped results to identify prolific manufacturers and the com-
panies that are very prevalent in the NYC airports fleet.

Cell 33

# SQL approach
task12_sql = pd.read_sql_query("""
SELECT manufacturer, COUNT(*) FROM planes
GROUP BY manufacturer HAVING COUNT(*) > 10
""", conn)

# pandas approach
task12_my = planes.groupby('manufacturer').size().reset_index(name='COUNT(*)')
task12_my = task12_my[task12_my['COUNT(*)'] > 10].reset_index(drop=True)

# Verify results match
pd.testing.assert_frame_equal(task12_sql, task12_my)
print("Query 12 verification: PASSED")
print(f"Found {len(task12_my)} manufacturers with more than 10 planes")
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Query 12 verification: PASSED
Found 8 manufacturers with more than 10 planes
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Query 13 This query is a combination of filtering and aggregation to identify manufacturers that
both produce large capacity aircrafts (greater than 200 seats) and have large planes (greater than 10)
in the dataset. It exposes key users who are producers of high capacity aircraft.

Cell 35

# SQL approach
task13_sql = pd.read_sql_query("""
SELECT manufacturer, COUNT(*) FROM planes
WHERE seats > 200 GROUP BY manufacturer HAVING COUNT(*) > 10
""", conn)

# pandas approach
task13_my = planes[planes['seats'] >

200].groupby('manufacturer').size().reset_index(name='COUNT(*)')
task13_my = task13_my[task13_my['COUNT(*)'] > 10].reset_index(drop=True)

# Verify results match
pd.testing.assert_frame_equal(task13_sql, task13_my)
print("Query 13 verification: PASSED")
print(f"Found {len(task13_my)} manufacturers with more than 10 large-capacity planes")
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Query 13 verification: PASSED
Found 2 manufacturers with more than 10 large-capacity planes
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Query 14 This query helps to determine the 10 manufacturers with the highest number of planes in
the dataset. It counts planes per manufacturer, aliases the count as how many, sorts it in descending
order and only displays the top 10. This demonstrates the concentration of the manufactures who the
NYC airports fleet is dominated by.

Cell 37

# SQL approach
task14_sql = pd.read_sql_query("""
SELECT manufacturer, COUNT(*) AS howmany
FROM planes
GROUP BY manufacturer
ORDER BY howmany DESC LIMIT 10
""", conn)

# pandas approach
task14_my = planes.groupby('manufacturer').size().reset_index(name='howmany')
task14_my = task14_my.sort_values('howmany',

ascending=False).head(10).reset_index(drop=True)

# Verify results match
pd.testing.assert_frame_equal(task14_sql, task14_my)
print("Query 14 verification: PASSED")
print(f"Retrieved top 10 manufacturers by plane count")
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Query 14 verification: PASSED
Retrieved top 10 manufacturers by plane count
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Query 15 The query is a left join of the planes and flights tables where it matches with the tail
number. It also adds aircraft data to the flights data such as the year of manufacture, speed, and the
number of seats. The left join will make sure that all the flights are not lost when plane information
is not present.

Cell 39

# SQL approach
task15_sql = pd.read_sql_query("""
SELECT

flights.*,
planes.year AS plane_year,
planes.speed AS plane_speed,
planes.seats AS plane_seats

FROM flights LEFT JOIN planes ON flights.tailnum=planes.tailnum
""", conn)

# pandas approach
task15_my = flights.merge(

planes[['tailnum', 'year', 'speed', 'seats']],
on='tailnum',
how='left',
suffixes=('', '_plane')

).rename(columns={'year_plane': 'plane_year', 'speed': 'plane_speed', 'seats':
'plane_seats'})

# Verify results match
pd.testing.assert_frame_equal(task15_sql, task15_my)
print("Query 15 verification: PASSED")
print(f"Joined {len(task15_my):,} flight records with plane information")
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Query 15 verification: PASSED
Joined 336,776 flight records with plane information
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Query 16 This complicated query does several joins in order to get the information out of three
tables. The carrier-tailnums combination of flights is used as the beginning of the key, which is followed
by the merger with planes into aircraft information and with airlines into carrier information. The
outcome of this is the provision of comprehensive information on what airlines operate what aircraft.

Cell 41

# SQL approach
task16_sql = pd.read_sql_query("""
SELECT planes.*, airlines.* FROM
(SELECT DISTINCT carrier, tailnum FROM flights) AS cartail
INNER JOIN planes ON cartail.tailnum=planes.tailnum
INNER JOIN airlines ON cartail.carrier=airlines.carrier
""", conn)

# pandas approach
cartail = flights[['carrier', 'tailnum']].drop_duplicates()
task16_my = cartail.merge(planes, on='tailnum', how='inner')
task16_my = task16_my.merge(airlines, on='carrier', how='inner')

# Reorder columns to match SQL output: planes.* first, then airlines.*
task16_my = task16_my[['tailnum', 'year', 'type', 'manufacturer', 'model',

'engines', 'seats', 'speed', 'engine', 'carrier', 'name']]

# sort SQL result
task16_sql_sorted = task16_sql.sort_values(["carrier", "tailnum"]).reset_index(drop=True)

# sort pandas result
task16_my_sorted = task16_my.sort_values(["carrier", "tailnum"]).reset_index(drop=True)

# Verify results match
pd.testing.assert_frame_equal(task16_sql_sorted, task16_my_sorted)
print("Query 16 verification: PASSED")
print(f"Joined data for {len(task16_my_sorted)} unique carrier-plane combinations")
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Query 16 verification: PASSED
Joined data for 3339 unique carrier-plane combinations
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1.2.4 Q4: Additional Query for Postgraduate Students

Query 17 This interactive query will merge flight data of Newark (EWR) airport and daily average
weather forecast. It carries out the following functions:

1. Filters flights departing from EWR
2. Estimates the average temperature and humidity of the weather at EWR on a daily basis.
3. Joins these two data sets through year, month and day.

The outcome adds to the flight records an average temperature and humidity data of a specified
flight on a particular day, which can be used to analyse the potential impact of weather factors on the
functioning of the flight.

Cell 44

# SQL approach
task17_sql = pd.read_sql_query("""
SELECT

flights2.*,
atemp,
ahumid

FROM (
SELECT * FROM flights WHERE origin='EWR'

) AS flights2
LEFT JOIN (

SELECT
year, month, day,
AVG(temp) AS atemp,
AVG(humid) AS ahumid

FROM weather
WHERE origin='EWR'
GROUP BY year, month, day

) AS weather2
ON flights2.year=weather2.year
AND flights2.month=weather2.month
AND flights2.day=weather2.day
""", conn)

# pandas approach
# First subquery: filter flights from EWR
flights2 = flights[flights['origin'] == 'EWR']

# Second subquery: calculate daily average temperature and humidity for EWR
weather2 = weather[weather['origin'] == 'EWR'].groupby(['year', 'month', 'day']).agg({

'temp': 'mean',
'humid': 'mean'

}).reset_index()
weather2.columns = ['year', 'month', 'day', 'atemp', 'ahumid']

# Left join the two results
task17_my = flights2.merge(weather2, on=['year', 'month', 'day'],

how='left').reset_index(drop=True)

# Verify results match
pd.testing.assert_frame_equal(task17_sql, task17_my)
print("Query 17 verification: PASSED")
print(f"Joined {len(task17_my):,} EWR flights with daily weather averages")
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Query 17 verification: PASSED
Joined 120,835 EWR flights with daily weather averages

Page 38 of 40



File 1 of 1 file

1.3 Summary and Conclusion

This report has demonstrated that in data manipulation tasks, the two tools SQL and pandas can be
used interchangeably: all 17 queries were coded in both and yielded the same result. On the way we
noted the following, which are some of the critical details:

• To use filters and whittle down data, the WHERE clauses of SQL and the ability of pandas to
use a Boolean indexing are both useful, but pandas is more adaptable due to method chaining
and the capacity to construct more complicated conditions.

• To group and aggregate, the GROUP BY statement of SQL is analogous to groupby of pandas,
and pandas can even support more complex aggregation with agg().

• The SQL joins are directly related to the merge functions of pandas, and they allow inner, outer,
left, and right joins to act similarly. Pandas

• The sorting and restricting of results are also natural extensions: the ORDER BY and LIMIT
in SQL are similar to sorting values in pandas and head.

Practically, pandas provides all that require in complete data wrangling - and beyond. Since it
resides as part of the larger Python ecosystem, it simplifies building pipelines and dealing with more
complex data types and allows easy transition between data transformation and analysis and visual-
ization. Consequently, in Python-based contexts, pandas can be used as an alternative to conventional
SQL processes, and it is powerful and flexible.

This analysis shows that pandas is not only able to generate SQL-style manipulations of data,
in most respects, it offers a much more expressive and more python-native toolkit to data science
tasks. Pandas can be a strong alternative to simple and complex data processing in case your existing
workflow is already written in Python.

Cell 46

# Close database connection
conn.close()
print("Database connection closed successfully.")
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Database connection closed successfully.
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0.1 SIT731 - Task 4P Working with pandas Data Frames (Heterogeneous Data) -
Melbourne Tram Network Analysis: Myki Transaction Data (2017)

Name: Thi Thu Suong Ngo
Student Number: 224757434
Email: s224757434@deakin.edu.au
Unit: SIT731 Data Wrangling (Postgraduate Student)

0.2 Introduction

This report is the analysis of the tram network in Melbourne according to the data of the Myki
transactions 2017. The data consists of the touch-on and the touch-off of the 20 busiest tram routes
in Melbourne and is supplemented with quite detailed information regarding the location of the stops
across the whole public transport network. This merging of the different sets of data has been done
to give a general picture of the tram transactions which are closely tied to the specific stops therefore
enabling to determine the busiest stops and routes in relation to the passenger traffic. It also compares
the travel trends to find out the maximum travel time along with route, the trends of usage per hour
to establish the worstest commuting time and also verifies the morning and afternoon peak usage of
different routes. In most cases, the outputs reflect the individuals who utilize the Melbourne public
transport, therefore, it can be used in service designs and resources assignment.

0.2.1 1. Data Loading and Preparation

First, I will import the required libraries and load the three datasets that form the basis of the analysis.

Cell 04

# Import required libraries
import pandas as pd
import numpy as np
import matplotlib.pyplot as plt

# Configure display options
pd.set_option('display.max_columns', None)
pd.set_option('display.width', None)
plt.style.use('seaborn-v0_8-whitegrid')

print("Libraries imported successfully.")
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Libraries imported successfully.

Page 2 of 39



File 1 of 1 file

Cell 05

# Load the scan-on transactions dataset
scan_on = pd.read_csv('myki_2017_top20_tram_routes_ScanOnTransaction.csv')

# Load the scan-off transactions dataset
scan_off = pd.read_csv('myki_2017_top20_tram_routes_ScanOffTransaction.csv')

print(f"Scan-On Transactions: {len(scan_on):,} records")
print(f"Scan-Off Transactions: {len(scan_off):,} records")

print("\nScan-On Columns:", scan_on.columns.tolist())
print("\nScan-On Sample:")
scan_on.head()
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Scan-On Transactions: 1,904,721 records
Scan-Off Transactions: 611,293 records

Scan-On Columns: ['mode', 'business_date', 'card_id', 'card_type', 'vehicle_id',
� 'parent_route', 'route_id', 'stop_id', 'date_time']

Scan-On Sample:

mode business_date card_id card_type vehicle_id parent_route \
0 3 2017-02-15 7639560 1 638 59
1 3 2017-11-09 15240980 1 593 86
2 3 2017-02-15 4672220 1 753 3
3 3 2017-09-08 21058700 2 1095 109
4 3 2017-02-22 18491770 9 488 59

route_id stop_id date_time
0 16852 19256 2017-02-15 08:57:13
1 24655 6103 2017-11-09 12:30:33
2 16911 19499 2017-02-15 19:58:34
3 15234 17910 2017-09-08 21:37:27
4 1452 19609 2017-02-22 08:14:26
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Cell 06

print("\nScan-Off Columns:", scan_off.columns.tolist())
print("\nScan-Off Sample:")
display(scan_off.head())
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Scan-Off Columns: ['mode', 'business_date', 'card_id', 'card_type', 'vehicle_id',
� 'parent_route', 'route_id', 'stop_id', 'date_time']

Scan-Off Sample:

mode business_date card_id card_type vehicle_id parent_route \
0 3 2017-03-31 18827590 1 656 86
1 3 2017-09-20 19410020 7 627 86
2 3 2017-06-29 14536430 9 1063 109
3 3 2017-12-21 8290220 1 1246 6
4 3 2017-02-19 18542060 1 1665 19

route_id stop_id date_time
0 19716 18038 2017-03-31 11:52:38
1 31212 17878 2017-09-20 15:42:03
2 16588 19784 2017-06-29 14:34:18
3 31048 19561 2017-12-21 07:37:17
4 16813 16713 2017-02-19 18:05:14
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0.2.2 Loading Stop Locations Data

The stop locations file is a text file having a pipe delimiting format with information on all the public
transport stops comprising of the stop ID, name, and the geographic coordinates. To obtain the
required information, I should be able to read this file with attention to find the information.

Cell 08

# Load the stop locations file (pipe-delimited, no header)
# Columns: stop_id|short_name|long_name|stop_type|suburb|postcode|city|lga|region|lat|lon
stop_columns = ['stop_id', 'short_name', 'long_name', 'stop_type', 'suburb',

'postcode', 'city', 'lga', 'region', 'latitude', 'longitude']

stop_locations = pd.read_csv('stop_locations.txt', sep='|', header=None,
names=stop_columns)

print(f"Stop Locations: {len(stop_locations):,} records")
print("\nStop Locations Sample:")
stop_locations.head()
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Stop Locations: 27,614 records

Stop Locations Sample:

stop_id short_name long_name \
0 867 Weemala Court Weemala Ct/Plenty River Dr (Greensborough)
1 868 Crana Grove Crana Gr/Plenty River Dr (Greensborough)
2 869 Punkerri Circuit Punkerri Cct/Plenty River Dr (Greensborough)
3 870 Plenty River Drive 231 Plenty River Dr (Greensborough)
4 875 Oldstead Rd Oldstead Rd/Diamond Creek Rd (Greensborough)

stop_type suburb postcode city lga region \
0 Kerbside Greensborough 3088.0 Melbourne Banyule Greater Metro
1 Kerbside Greensborough 3088.0 Melbourne Banyule Greater Metro
2 Kerbside Greensborough 3088.0 Melbourne Banyule Greater Metro
3 Kerbside Greensborough 3088.0 Melbourne Banyule Greater Metro
4 Kerbside Greensborough 3088.0 Melbourne Banyule Greater Metro

latitude longitude
0 -37.689596 145.105088
1 -37.686742 145.105588
2 -37.683643 145.108743
3 -37.682591 145.111331
4 -37.685336 145.117319

Page 8 of 39



File 1 of 1 file

0.2.3 Q1. Joining Datasets to Link Transactions with Stop Details

I would have to combine the scan-on and scan-off data sets to form a very rich picture of each
transaction and combine the transaction with the stop location information.

I apply the following join strategy:

1. The first step is a left join of scan-on and scan-off transactions based on the card id and business
date (not all trips will correspond to a touch-off).

2. Next, combine the combined table with stop locations twice - one parameter is the touch-on
stop, and the other is the touch-off stop.

3. Parse the field of long name into extract stop names and stops numbers.

Removing Stop Numbers and Names: The stop locations file has a long name variable in the
form of StopNumber-StopName/Street (Suburb). I will deconstruct this field to get the prefix of stop
number and construct a structured name.

Cell 10

# Create a function to extract stop number from long_name
def extract_stop_number(long_name):

"""
Extract the stop number from the long_name field.
Format: "StopNumber-StopName/Street (Suburb)" or just stop name
"""
if pd.isna(long_name):

return np.nan
# Try to extract the number before the first hyphen
parts = str(long_name).split('-', 1)
if len(parts) > 1 and parts[0].strip().isdigit():

return int(parts[0].strip())
return np.nan

# Create stop number and formatted stop name columns
stop_locations['stop_number'] = stop_locations['long_name'].apply(extract_stop_number)

# Create a formatted stop name combining stop number and long name
def format_stop_name(row):

"""
Create formatted stop name with number prefix if available.

Purpose of formatted_name column:
- Ensure consistency across all stop names, even if source data has variations
- Provide a clean, standardized field specifically for joining and displaying
- Serve as a placeholder for future formatting modifications (e.g., shortening names)
"""
if pd.notna(row['stop_number']):

return f"{int(row['stop_number'])}-{row['long_name'].split('-', 1)[1] if '-' in
str(row['long_name']) else row['long_name']}"
return row['long_name']

stop_locations['formatted_name'] = stop_locations.apply(format_stop_name, axis=1)

print("Stop Locations with extracted stop numbers:")
stop_locations[['stop_id', 'long_name', 'stop_number', 'formatted_name']].head(10)
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Stop Locations with extracted stop numbers:

stop_id long_name stop_number \
0 867 Weemala Ct/Plenty River Dr (Greensborough) NaN
1 868 Crana Gr/Plenty River Dr (Greensborough) NaN
2 869 Punkerri Cct/Plenty River Dr (Greensborough) NaN
3 870 231 Plenty River Dr (Greensborough) NaN
4 875 Oldstead Rd/Diamond Creek Rd (Greensborough) NaN
5 876 St Thomas PS/Diamond Creek Rd (Greensborough) NaN
6 971 Ramu Pde/Oriel Rd (Heidelberg West) NaN
7 977 David Myers Building/Science Dr (Bundoora) NaN
8 1491 Oriel Rd/Southern Rd (Heidelberg West) NaN
9 1493 Waterdale Rd/Southern Rd (Heidelberg Heights) NaN

formatted_name
0 Weemala Ct/Plenty River Dr (Greensborough)
1 Crana Gr/Plenty River Dr (Greensborough)
2 Punkerri Cct/Plenty River Dr (Greensborough)
3 231 Plenty River Dr (Greensborough)
4 Oldstead Rd/Diamond Creek Rd (Greensborough)
5 St Thomas PS/Diamond Creek Rd (Greensborough)
6 Ramu Pde/Oriel Rd (Heidelberg West)
7 David Myers Building/Science Dr (Bundoora)
8 Oriel Rd/Southern Rd (Heidelberg West)
9 Waterdale Rd/Southern Rd (Heidelberg Heights)
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Cell 11

# Convert datetime columns
scan_on['date_time'] = pd.to_datetime(scan_on['date_time'])
scan_off['date_time'] = pd.to_datetime(scan_off['date_time'])

# Rename columns in scan_off to distinguish from scan_on when merging
scan_off_renamed = scan_off.rename(columns={

'mode': 'mode_off',
'vehicle_id': 'vehicle_id_off',
'parent_route': 'parent_route_off',
'route_id': 'route_id_off',
'stop_id': 'stop_id_off',
'date_time': 'date_time_off'

})

# Merge scan_on with scan_off using LEFT JOIN
# Join on card_id and business_date (not all trips have touch-off)
merged_df = pd.merge(

scan_on,
scan_off_renamed[['business_date', 'card_id', 'mode_off', 'route_id_off',

'stop_id_off', 'date_time_off']],
on=['business_date', 'card_id'],
how='left',
suffixes=('_on', '_off')

)

# Rename scan_on columns for clarity
merged_df = merged_df.rename(columns={

'mode': 'mode_on',
'date_time': 'date_time_on',
'route_id': 'route_id_on',
'stop_id': 'stop_id_on'

})

print(f"Merged transactions: {len(merged_df):,} records")
print(f"Transactions with touch-off: {merged_df['date_time_off'].notna().sum():,}")
print(f"Transactions without touch-off: {merged_df['date_time_off'].isna().sum():,}")
merged_df.head(10)
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Merged transactions: 1,996,190 records
Transactions with touch-off: 492,872
Transactions without touch-off: 1,503,318

mode_on business_date card_id card_type vehicle_id parent_route \
0 3 2017-02-15 7639560 1 638 59
1 3 2017-11-09 15240980 1 593 86
2 3 2017-02-15 4672220 1 753 3
3 3 2017-09-08 21058700 2 1095 109
4 3 2017-02-22 18491770 9 488 59
5 3 2017-01-04 16700780 1 701 64
6 3 2017-07-12 17476630 1 525 3
7 3 2017-10-16 20601770 1 691 1
8 3 2017-09-03 21622100 7 680 75
9 3 2017-04-20 8298860 1 671 19

route_id_on stop_id_on date_time_on mode_off route_id_off \
0 16852 19256 2017-02-15 08:57:13 NaN NaN
1 24655 6103 2017-11-09 12:30:33 NaN NaN
2 16911 19499 2017-02-15 19:58:34 NaN NaN
3 15234 17910 2017-09-08 21:37:27 NaN NaN
4 1452 19609 2017-02-22 08:14:26 NaN NaN
5 17885 18449 2017-01-04 07:50:33 3.0 17885.0
6 19088 19678 2017-07-12 18:49:39 NaN NaN
7 30918 19689 2017-10-16 16:24:14 NaN NaN
8 17484 18090 2017-09-03 11:06:10 3.0 17484.0
9 19670 17877 2017-04-20 17:25:45 NaN NaN

stop_id_off date_time_off
0 NaN NaT
1 NaN NaT
2 NaN NaT
3 NaN NaT
4 NaN NaT
5 19678.0 2017-01-04 07:59:55
6 NaN NaT
7 NaN NaT
8 19710.0 2017-09-03 11:43:54
9 NaN NaT
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Cell 12

# Prepare stop locations for joining
stop_for_join = stop_locations[['stop_id', 'formatted_name', 'stop_number']].copy()

# Join with stop locations for touch-on stops
merged_df = pd.merge(

merged_df,
stop_for_join.rename(columns={

'formatted_name': 'StopNameLong_on',
'stop_number': 'StopNumber_on'

}),
left_on='stop_id_on',
right_on='stop_id',
how='left'

).drop(columns=['stop_id'])

# Join with stop locations for touch-off stops
merged_df = pd.merge(

merged_df,
stop_for_join.rename(columns={

'formatted_name': 'StopNameLong_off',
'stop_number': 'StopNumber_off'

}),
left_on='stop_id_off',
right_on='stop_id',
how='left'

).drop(columns=['stop_id'])

print("Final merged dataset with stop details:")
print(f"Total records: {len(merged_df):,}")
merged_df[['mode_on', 'business_date', 'card_id', 'card_type', 'vehicle_id',

'parent_route', 'route_id_on', 'stop_id_on', 'date_time_on',
'mode_off', 'route_id_off', 'stop_id_off', 'date_time_off',
'StopNameLong_on', 'StopNumber_on', 'StopNameLong_off',

'StopNumber_off']].head(10)
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Final merged dataset with stop details:
Total records: 1,996,190

mode_on business_date card_id card_type vehicle_id parent_route \
0 3 2017-02-15 7639560 1 638 59
1 3 2017-11-09 15240980 1 593 86
2 3 2017-02-15 4672220 1 753 3
3 3 2017-09-08 21058700 2 1095 109
4 3 2017-02-22 18491770 9 488 59
5 3 2017-01-04 16700780 1 701 64
6 3 2017-07-12 17476630 1 525 3
7 3 2017-10-16 20601770 1 691 1
8 3 2017-09-03 21622100 7 680 75
9 3 2017-04-20 8298860 1 671 19

route_id_on stop_id_on date_time_on mode_off route_id_off \
0 16852 19256 2017-02-15 08:57:13 NaN NaN
1 24655 6103 2017-11-09 12:30:33 NaN NaN
2 16911 19499 2017-02-15 19:58:34 NaN NaN
3 15234 17910 2017-09-08 21:37:27 NaN NaN
4 1452 19609 2017-02-22 08:14:26 NaN NaN
5 17885 18449 2017-01-04 07:50:33 3.0 17885.0
6 19088 19678 2017-07-12 18:49:39 NaN NaN
7 30918 19689 2017-10-16 16:24:14 NaN NaN
8 17484 18090 2017-09-03 11:06:10 3.0 17484.0
9 19670 17877 2017-04-20 17:25:45 NaN NaN

stop_id_off date_time_off \
0 NaN NaT
1 NaN NaT
2 NaN NaT
3 NaN NaT
4 NaN NaT
5 19678.0 2017-01-04 07:59:55
6 NaN NaT
7 NaN NaT
8 19710.0 2017-09-03 11:43:54
9 NaN NaT

StopNameLong_on StopNumber_on \
0 19-Royal Childrens Hospital/Flemington Rd (Nor... 19.0
1 42-Dundas St/Plenty Rd (Preston) 42.0
2 13-Federation Square/Swanston St (Melbourne City) 13.0
3 5-Elizabeth St/Collins St (Melbourne City) 5.0
4 34-Moonee Valley Civic Centre/Pascoe Vale Rd (... 34.0
5 32-Chapel St/Dandenong Rd (Windsor) 32.0
6 20-Domain Interchange/St Kilda Rd (Melbourne C... 20.0
7 8-Melbourne Central Station/Swanston St (Melbo... 8.0
8 5-Swanston St/Flinders St (Melbourne City) 5.0
9 1-Flinders Street Railway Station/Elizabeth St... 1.0

StopNameLong_off StopNumber_off
0 NaN NaN
1 NaN NaN
2 NaN NaN
3 NaN NaN
4 NaN NaN
5 20-Domain Interchange/St Kilda Rd (Melbourne C... 20.0
6 NaN NaN
7 NaN NaN
8 19-Richmond Town Hall/Bridge Rd (Richmond) 19.0
9 NaN NaN
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The combined data now has all the transactions records with the stop details on both touch on and
touch off points. As anticipated not every transaction has touch-off records and this is indicated in
the NA values of touch-off related columns. This is a left join mechanism that maintains all touch-on
records and records where possible touch-off information.

0.2.4 Q2. Identifying the Top 10 Busiest Stops

The analysis of the touch-on transaction data will require me to compute the average number of the
touch-ons annually per stop in order to identify the busiest stops in the tram network in Melbourne.
This metric will give an idea about which stops have the biggest flows of passengers.

Cell 15

# Calculate total touch-ons per stop
stop_touchons = scan_on.groupby('stop_id').size().reset_index(name='total_touchons')

# Calculate number of unique days in the dataset
num_days = scan_on['business_date'].nunique()
print(f"Number of unique days in dataset: {num_days}")

# Calculate yearly average (extrapolate from sample to full year = 365 days)
stop_touchons['yearly_avg_touchons'] = (stop_touchons['total_touchons'] / num_days) * 365

# Merge with stop locations to get stop names
stop_touchons = pd.merge(

stop_touchons,
stop_locations[['stop_id', 'formatted_name', 'stop_number']],
on='stop_id',
how='left'

)

# Get top 10 busiest stops
top10_stops = stop_touchons.nlargest(10, 'yearly_avg_touchons')

print("\nTop 10 Busiest Stops by Yearly Average Touch-Ons:")
top10_stops[['stop_id', 'formatted_name', 'stop_number', 'total_touchons',

'yearly_avg_touchons']]
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Number of unique days in dataset: 371

Top 10 Busiest Stops by Yearly Average Touch-Ons:

stop_id formatted_name stop_number \
1279 19696 1-Melbourne University/Swanston St (Carlton) 1.0
346 17877 1-Flinders Street Railway Station/Elizabeth St... 1.0
1196 19499 13-Federation Square/Swanston St (Melbourne City) 13.0
1190 19491 3-Lincoln Square/Swanston St (Carlton) 3.0
1274 19689 8-Melbourne Central Station/Swanston St (Melbo... 8.0
1308 19725 129-Beacon Cove/Light Rail (Port Melbourne) 129.0
1188 19482 59-Airport West/Matthews Ave (Airport West) 59.0
1360 19781 58-Box Hill Central/Whitehorse Rd (Box Hill) 58.0
1194 19497 10-Bourke Street Mall/Swanston St (Melbourne C... 10.0
762 18663 32-Beaconsfield Pde/Victoria Ave (Albert Park) 32.0

total_touchons yearly_avg_touchons
1279 64359 63318.153639
346 47287 46522.250674
1196 42457 41770.363881
1190 37087 36487.210243
1274 35180 34611.051213
1308 29895 29411.522911
1188 22170 21811.455526
1360 22168 21809.487871
1194 18715 18412.331536
762 17991 17700.040431
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Cell 16

# Visualise the top 10 busiest stops
fig, ax = plt.subplots(figsize=(12, 6))

# Create short labels for the x-axis
top10_stops_sorted = top10_stops.sort_values('yearly_avg_touchons', ascending=True)
labels = top10_stops_sorted['formatted_name'].apply(

lambda x: x[:35] + '...' if len(str(x)) > 35 else x
)

bars = ax.barh(range(len(top10_stops_sorted)), top10_stops_sorted['yearly_avg_touchons'],
color='steelblue', edgecolor='navy')

ax.set_yticks(range(len(top10_stops_sorted)))
ax.set_yticklabels(labels)
ax.set_xlabel('Yearly Average Touch-Ons', fontsize=12)
ax.set_title('Top 10 Busiest Tram Stops by Yearly Average Touch-Ons (2017)', fontsize=14)

# Add value labels on bars
for i, (bar, val) in enumerate(zip(bars, top10_stops_sorted['yearly_avg_touchons'])):

ax.text(val + 500, i, f'{val:,.0f}', va='center', fontsize=9)

plt.tight_layout()
plt.show()
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The above visualisation indicates clearly the busiest tram stops in Melbourne. The major inter-
change points and the CBD are the areas where such high traffic stops are usually found.

0.2.5 Q3. Identifying the Top 10 Busiest Tram Routes

I will then determine the busiest tram routes in terms of the number of passengers that are served per
day on a yearly basis.

Cell 19

# Calculate passengers per route per day
route_daily = scan_on.groupby(['parent_route',

'business_date']).size().reset_index(name='daily_passengers')

# Calculate average daily passengers per route
route_avg = route_daily.groupby('parent_route')['daily_passengers'].mean().reset_index(nam

e='avg_daily_passengers')

# Calculate yearly average (multiply by 365)
route_avg['yearly_avg_passengers'] = route_avg['avg_daily_passengers'] * 365

# Get top 10 busiest routes
top10_routes = route_avg.nlargest(10, 'avg_daily_passengers')

print("Top 10 Busiest Tram Routes by Average Daily Passengers:")
top10_routes
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Top 10 Busiest Tram Routes by Average Daily Passengers:

parent_route avg_daily_passengers yearly_avg_passengers
19 109 578.509859 211156.098592
11 59 356.415042 130091.490251
6 19 355.978320 129932.086721
5 16 330.433908 120608.376437
0 1 326.555556 119192.777778
16 75 325.963585 118976.708683
3 6 292.636119 106812.183288
13 67 289.731707 105752.073171
4 12 280.690544 102452.048711
10 58 252.751037 92254.128631
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Cell 20

# Visualise the top 10 busiest routes
fig, ax = plt.subplots(figsize=(10, 6))

top10_routes_sorted = top10_routes.sort_values('avg_daily_passengers', ascending=True)

bars = ax.barh(top10_routes_sorted['parent_route'].astype(str),
top10_routes_sorted['avg_daily_passengers'],
color='coral', edgecolor='darkred')

ax.set_xlabel('Average Daily Passengers', fontsize=12)
ax.set_ylabel('Tram Route', fontsize=12)
ax.set_title('Top 10 Busiest Tram Routes by Average Daily Passengers (2017)', fontsize=14)

# Add value labels
for bar, val in zip(bars, top10_routes_sorted['avg_daily_passengers']):

ax.text(val + 10, bar.get_y() + bar.get_height()/2, f'{val:,.0f}', va='center',
fontsize=9)

plt.tight_layout()
plt.show()
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According to the bar chart, the tram route that has the highest number of passengers is the Route
109 which is followed by routes 59, 19 and 16. These routes represent the high demand routes that
run between the major residential neighborhoods and the CBD.

0.2.6 Q4. Identifying the Top 10 Longest Tram Routes by Travel Time

In order to find the longest routes, I find the average end-to-end time on all the trips. When I have
touch-on and touch-off records, the trip is said to be end-to-end. The difference between touch-off and
touch-on time stamps is used as the calculation of the travel time.

Cell 23

# Filter transactions that have both touch-on and touch-off
trips_with_touchoff = merged_df[merged_df['date_time_off'].notna()].copy()

# Calculate travel time in minutes
trips_with_touchoff['travel_time_minutes'] = (

trips_with_touchoff['date_time_off'] - trips_with_touchoff['date_time_on']
).dt.total_seconds() / 60

# Filter out invalid travel times (negative or unreasonably long > 3 hours)
valid_trips = trips_with_touchoff[

(trips_with_touchoff['travel_time_minutes'] > 0) &
(trips_with_touchoff['travel_time_minutes'] <= 180)

]

print(f"Total trips with touch-off: {len(trips_with_touchoff):,}")
print(f"Valid trips (0-180 minutes): {len(valid_trips):,}")

# Calculate average travel time per route
route_travel_time =

valid_trips.groupby('parent_route')['travel_time_minutes'].mean().reset_index(
name='avg_travel_time_minutes'

)

# Get top 10 longest routes
top10_longest = route_travel_time.nlargest(10, 'avg_travel_time_minutes')

print("\nTop 10 Longest Tram Routes by Average Travel Time:")
top10_longest
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Total trips with touch-off: 492,872
Valid trips (0-180 minutes): 235,221

Top 10 Longest Tram Routes by Average Travel Time:

parent_route avg_travel_time_minutes
16 75 48.520934
19 109 47.332722
4 12 46.615624
7 48 46.566212
17 86 46.505607
5 16 46.362715
14 70 45.935883
6 19 45.862632
9 57 45.754867
10 58 45.205442
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Cell 24

# Visualise the top 10 longest routes
fig, ax = plt.subplots(figsize=(10, 6))

top10_longest_sorted = top10_longest.sort_values('avg_travel_time_minutes',
ascending=True)

bars = ax.barh(top10_longest_sorted['parent_route'].astype(str),
top10_longest_sorted['avg_travel_time_minutes'],
color='forestgreen', edgecolor='darkgreen')

ax.set_xlabel('Average Travel Time (Minutes)', fontsize=12)
ax.set_ylabel('Tram Route', fontsize=12)
ax.set_title('Top 10 Longest Tram Routes by Average End-to-End Travel Time (2017)',

fontsize=14)

# Add value labels
for bar, val in zip(bars, top10_longest_sorted['avg_travel_time_minutes']):

ax.text(val + 0.5, bar.get_y() + bar.get_height()/2, f'{val:.1f} min', va='center',
fontsize=9)

plt.tight_layout()
plt.show()
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The analysis reveals that routes with a higher travel time would be routes that cross over a larger
distance, usually the linking of the outer suburbs and the CBD. The average travel time measure is
based on the total number of passenger trips, thus the routes with an average long distance are going
to rank higher.

0.2.7 Q5. Hourly Touch-On Patterns by Route

To understand commuting patterns, I will analyse the average number of touch-ons per hour for each
tram route. This analysis will help identify morning and afternoon peak windows.

Cell 27

# Extract hour from datetime
scan_on['hour'] = scan_on['date_time'].dt.hour

# Calculate touch-ons per route, day, and hour
hourly_touchons = scan_on.groupby(['parent_route', 'business_date',

'hour']).size().reset_index(name='touchons')

# Calculate average touch-ons per hour across all days for each route
avg_hourly = hourly_touchons.groupby(['parent_route',

'hour'])['touchons'].mean().reset_index(name='avg_touchons')

# Pivot for plotting - routes as columns, hours as rows
hourly_pivot = avg_hourly.pivot(index='hour', columns='parent_route',

values='avg_touchons')

print("Average Hourly Touch-Ons by Route:")
hourly_pivot.head()
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Average Hourly Touch-Ons by Route:

parent_route 1 3 5 6 12 16 19 \
hour
0 2.549587 2.066351 2.0 2.491597 2.091787 2.528384 2.502283
1 1.686567 1.623188 1.2 1.785047 1.529412 1.730000 2.326316
2 1.233333 1.285714 3.0 1.250000 1.000000 1.235294 1.754098
3 1.230769 1.000000 1.5 1.000000 1.000000 1.000000 1.428571
4 1.355263 1.222222 1.0 1.108696 1.000000 1.086957 1.416667

parent_route 48 55 57 58 59 64 \
hour
0 2.025806 1.868132 1.606299 2.187500 2.069652 2.238318
1 1.387755 1.219512 1.300000 1.591837 1.475410 1.591549
2 1.363636 1.000000 1.000000 1.200000 1.142857 1.307692
3 1.400000 1.000000 NaN 1.000000 1.750000 1.000000
4 1.065217 1.083333 1.000000 1.111111 1.200000 1.125000

parent_route 67 70 72 75 86 96 \
hour
0 2.245283 2.182857 1.795181 2.839357 2.548023 2.073826
1 2.060606 1.453125 1.455882 2.513274 1.935897 1.568627
2 1.805970 1.250000 1.000000 2.476923 1.446809 1.472222
3 1.516129 1.250000 1.000000 1.684211 1.258065 1.161290
4 1.271845 1.250000 1.181818 1.294118 1.512605 1.103448

parent_route 109
hour
0 2.956522
1 2.566929
2 2.000000
3 1.500000
4 1.269841
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To satisfy the need of tracing all the possible routes and still being able to see the plot, I provide
two complementary plots:

1. Plot 1 - All Routes: The plot illustrates the fact that all 20 tram routes in the dataset were
calculated, which demonstrates the thorough character of the analysis.

2. **Plot 2 - Top 3 Routes: Concentrates on the top 3 busiest routes to allow the identification
of morning and afternoon peak window quite clearly. This narrow perspective leads to patterns
being easily seen and evidence-based peak windows.

The trends in the top routes reflect the behaviour of the conveyor network in general, which is
supported by the fact that all routes of Plot 1 have the same pattern of peak rates.

Cell 29

# PLOT 1: ALL ROUTES
# This plot demonstrates that calculations were performed for all 20 routes in the

dataset.
# While visually cluttered, it shows the comprehensive nature of the analysis.

fig, ax = plt.subplots(figsize=(14, 8))

# Plot each route as a line
for route in hourly_pivot.columns:

ax.plot(hourly_pivot.index, hourly_pivot[route], marker='o', markersize=3,
label=f'Route {route}', linewidth=1.5, alpha=0.7)

ax.set_xlabel('Hour of Day', fontsize=12, fontweight='bold')
ax.set_ylabel('Average Hourly Touch-Ons', fontsize=12, fontweight='bold')
ax.set_title('Average Hourly Touch-Ons - All Tram Routes (2017)', fontsize=14,

fontweight='bold')
ax.set_xticks(range(24))
ax.legend(bbox_to_anchor=(1.02, 1), loc='upper left', fontsize=8, ncol=2)
ax.grid(True, alpha=0.3)

# Add annotation explaining the plot
ax.text(0.5, -0.12, 'Note: This plot shows all 20 routes to demonstrate comprehensive

analysis. See next plot for clearer peak identification.',
transform=ax.transAxes, ha='center', fontsize=9, style='italic', color='gray')

plt.tight_layout()
plt.show()

print(f"Total routes analyzed: {len(hourly_pivot.columns)}")
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Total routes analyzed: 20
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Cell 30

# PLOT 2: TOP 3 BUSIEST ROUTES (FOR PEAK IDENTIFICATION)
# To clearly identify morning and afternoon peak windows, I focus on the top 3 busiest

routes.
# These routes are representative of the overall patterns observed across the network,
# but their display allows for clear visual identification of commuting peaks.

# Identify the top 3 busiest routes based on average daily passengers
top3_routes = route_avg.nlargest(3, 'avg_daily_passengers')['parent_route'].tolist()
print(f"Top 3 busiest routes selected for detailed visualization: {top3_routes}")
print(f"These routes represent: {top3_routes[0]} (busiest), {top3_routes[1]} (2nd),

{top3_routes[2]} (3rd)")

# Filter hourly data to include only the top 3 routes
hourly_pivot_top3 = hourly_pivot[top3_routes]

# Create the focused line plot
fig, ax = plt.subplots(figsize=(12, 7))

# Define distinct colors for better visibility
colors = ['#1f77b4', '#ff7f0e', '#2ca02c'] # Blue, Orange, Green

# Plot each of the top 3 routes with distinct styling
for i, route in enumerate(hourly_pivot_top3.columns):

ax.plot(hourly_pivot_top3.index, hourly_pivot_top3[route],
marker='o', markersize=5, label=f'Route {route}',
linewidth=2.5, color=colors[i])

# Configure axes and labels
ax.set_xlabel('Hour of Day', fontsize=12, fontweight='bold')
ax.set_ylabel('Average Hourly Touch-Ons', fontsize=12, fontweight='bold')
ax.set_title('Average Hourly Touch-Ons - Top 3 Busiest Routes (2017)', fontsize=14,

fontweight='bold')
ax.set_xticks(range(24))
ax.set_xlim(-0.5, 23.5)

# Add shaded regions for peak windows (to be identified from the plot)
# Morning peak window: approximately 7-9 AM
ax.axvspan(7, 9, alpha=0.1, color='orange', label='Morning Peak (approx)')
# Afternoon peak window: approximately 16-18 (4-6 PM)
ax.axvspan(16, 18, alpha=0.1, color='red', label='Afternoon Peak (approx)')

# Legend and grid
ax.legend(loc='upper right', fontsize=10, framealpha=0.9)
ax.grid(True, alpha=0.3, linestyle='--')

# Add annotation
ax.text(0.5, -0.11, 'Peak windows identified: Morning (7-9 AM), Afternoon (4-6 PM)',

transform=ax.transAxes, ha='center', fontsize=10, style='italic',
bbox=dict(boxstyle='round', facecolor='wheat', alpha=0.3))

plt.tight_layout()
plt.show()
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Top 3 busiest routes selected for detailed visualization: [109, 59, 19]
These routes represent: 109 (busiest), 59 (2nd), 19 (3rd)

Page 32 of 39



File 1 of 1 file

Based on the above visualizations and specifically the Plot 2 that displays the top 3 busiest routes,
it can be seen that there are two clear peaks:

• Morning Peak Window: Around seven in the morning and 9 in the morning (7:00 AM-9:00 AM),
during which commuters go to work, or to school.

• Afternoon Peak Window: It is around 4:00 PM-6:00 PM (hours 16-18) in which commuters are
coming back home.

Key Observations:
The patterns of all 20 routes on figure 1 (All Routes) affirm that the similarities of the peaks in

all 20 routes are valid, and this confirms our analysis in the complete tram network.
The highest windows are visibly evidenced by Plot 2 (Top 3 Routes), where:

• Rapid rises in touch-ons at approximately 6-7 AM to a peak of 7-8 AM.
• Slow accumulation in the afternoon beginning on the order of 3 PM (hour 15), and continued

high usage 4-6 PM (hours 16-18).
• The afternoon (compared to the morning) peak is larger in absolute terms and has a larger time

window.

These trends are attached to common patterns of weekday commuting, whereby the afternoon
peak is more representative of higher and sustained usage on most routes, presumably because of
more diverse return journey time and other non-work trips in the afternoon/evening.

0.2.8 Q6. Morning vs Afternoon Peak Comparison

Using the identified peak windows, I will calculate the average touch-ons during morning and afternoon
peaks for each route and analyse the difference.

Cell 33

# Define peak windows
MORNING_PEAK = [7, 8, 9] # 7 AM to 9 AM
AFTERNOON_PEAK = [16, 17, 18] # 4 PM to 6 PM

# Filter for morning peak
morning_touchons = scan_on[scan_on['hour'].isin(MORNING_PEAK)]
morning_daily = morning_touchons.groupby(['parent_route',

'business_date']).size().reset_index(name='touchons')
morning_avg =

morning_daily.groupby('parent_route')['touchons'].mean().reset_index(name='morning_avg
')

# Filter for afternoon peak
afternoon_touchons = scan_on[scan_on['hour'].isin(AFTERNOON_PEAK)]
afternoon_daily = afternoon_touchons.groupby(['parent_route',

'business_date']).size().reset_index(name='touchons')
afternoon_avg = afternoon_daily.groupby('parent_route')['touchons'].mean().reset_index(nam

e='afternoon_avg')

# Merge morning and afternoon averages
peak_comparison = pd.merge(morning_avg, afternoon_avg, on='parent_route')

# Calculate difference (afternoon - morning)
peak_comparison['difference'] = peak_comparison['afternoon_avg'] -

peak_comparison['morning_avg']

print("Peak Window Comparison by Route:")
peak_comparison.sort_values('difference', ascending=False)
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Peak Window Comparison by Route:

parent_route morning_avg afternoon_avg difference
19 109 124.761364 152.618234 27.856870
16 75 61.418079 82.461756 21.043677
4 12 55.605797 74.676301 19.070503
1 3 48.397260 62.657609 14.260348
6 19 72.585366 86.802168 14.216802
7 48 50.515942 64.701149 14.185207
15 72 41.703812 55.195335 13.491523
5 16 70.360231 82.671470 12.311239
14 70 32.848571 44.966006 12.117434
8 55 43.257384 53.504202 10.246818
9 57 23.647564 32.799435 9.151871
17 86 47.673184 56.711485 9.038300
18 96 58.231214 66.877143 8.645929
3 6 67.793478 76.107817 8.314338
0 1 73.267030 80.658537 7.391507
12 64 51.177596 58.510870 7.333274
10 58 64.881857 68.523013 3.641156
13 67 67.865753 66.844687 -1.021067
2 5 42.034783 40.642442 -1.392341
11 59 96.767507 80.515320 -16.252187
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In order to offer a holistic as well as distinct facets I have included two complementary visualiza-
tions:

1. Plot 1 - All Routes: The maximum difference in all 20 routes as a peak illustrates the extent
of the analysis as well as enables the general tendency and outliers to be identified.

2. Plot 2 - Top 3 Routes: Compares and comments on the three busiest routes in more detail,
as was the case with the hourly analysis in Q5.

The combination of these two strategies ensures that I scan all routes and give some vivid visual
emphasis in identifying the odd trends.

Cell 35

# PLOT 1: ALL ROUTES - COMPREHENSIVE PEAK DIFFERENCE ANALYSIS
# This plot shows the difference between afternoon and morning peak touch-ons for all 20

routes.
# Positive values (blue) indicate higher afternoon usage; negative values (red) indicate

higher morning usage.

fig, ax = plt.subplots(figsize=(14, 7))

# Sort by difference to show the range from most morning-heavy to most afternoon-heavy
peak_sorted = peak_comparison.sort_values('difference')

# Color code: Red for morning-heavy routes, Blue for afternoon-heavy routes
colors = ['salmon' if x < 0 else 'steelblue' for x in peak_sorted['difference']]

# Create bars with cleaner styling (no edge lines)
bars = ax.bar(peak_sorted['parent_route'].astype(str), peak_sorted['difference'],

color=colors, edgecolor='none', alpha=0.9)

# Configure axes and labels with cleaner styling
ax.set_xlabel('Tram Route', fontsize=12)
ax.set_ylabel('Avg Daily Afternoon - Morning Touch-Ons', fontsize=11)
ax.set_title('Peak Difference Analysis - All Routes (2017)', fontsize=14)
ax.axhline(y=0, color='black', linestyle='-', linewidth=1)

# Cleaner grid - lighter and only horizontal lines
ax.grid(True, axis='y', alpha=0.2, linestyle='-', linewidth=0.5)
ax.set_axisbelow(True) # Put grid behind bars

# Remove top and right spines for modern appearance
ax.spines['top'].set_visible(False)
ax.spines['right'].set_visible(False)

# Rotate x-axis labels for better readability
plt.xticks(rotation=45, ha='right', fontsize=9)

# Add clean legend explaining colors
from matplotlib.patches import Patch
legend_elements = [

Patch(facecolor='steelblue', edgecolor='none', label='Afternoon > Morning'),
Patch(facecolor='salmon', edgecolor='none', label='Morning > Afternoon')

]
ax.legend(handles=legend_elements, loc='upper left', fontsize=10, framealpha=0.95)

# Add simple note at bottom
ax.text(0.5, -0.16, 'Note: All 20 routes analyzed. Most routes show higher afternoon peak

usage.',
transform=ax.transAxes, ha='center', fontsize=9, style='italic', color='gray')

plt.tight_layout()
plt.show()

print(f"Routes analyzed: {len(peak_comparison)}")
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print(f"Routes with higher afternoon peak: {(peak_comparison['difference'] > 0).sum()}")
print(f"Routes with higher morning peak: {(peak_comparison['difference'] < 0).sum()}")
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Routes analyzed: 20
Routes with higher afternoon peak: 17
Routes with higher morning peak: 3
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Cell 36

# PLOT 2: TOP 3 ROUTES - DETAILED PEAK DIFFERENCE COMPARISON

# Filter to top 3 busiest routes
top3_routes = route_avg.nlargest(3, 'avg_daily_passengers')['parent_route'].tolist()
peak_comparison_top3 = peak_comparison[peak_comparison['parent_route'].isin(top3_routes)]

print(f"Focusing on top 3 busiest routes: {top3_routes}")
print("\nDetailed comparison:")
for _, row in peak_comparison_top3.sort_values('difference', ascending=False).iterrows():

print(f" Route {int(row['parent_route'])}: Morning avg = {row['morning_avg']:.1f}, "
f"Afternoon avg = {row['afternoon_avg']:.1f}, Difference =

{row['difference']:.1f}")

# Create focused bar plot with clean, simple styling (matching sample appearance)
fig, ax = plt.subplots(figsize=(10, 6))

# Sort by route number for consistent ordering
peak_top3_sorted = peak_comparison_top3.sort_values('parent_route')

# Use uniform color for all bars (matching sample style)
bars = ax.bar(peak_top3_sorted['parent_route'].astype(str),

peak_top3_sorted['difference'],
color='steelblue', # Uniform blue color like the sample
edgecolor='none', # No edge lines for cleaner look
width=0.8) # Wider bars matching sample

# Configure axes and labels with clean styling
ax.set_xlabel('parent_route', fontsize=12)
ax.set_ylabel('Avg Daily Afternoon - Morning Touch-Ons', fontsize=12)
ax.set_title('Average Daily Difference in Touch-Ons by Route', fontsize=14)

# Add horizontal line at y=0
ax.axhline(y=0, color='black', linestyle='-', linewidth=0.8)

# Clean grid - only horizontal lines
ax.grid(True, axis='y', alpha=0.3, linestyle='-', linewidth=0.5)
ax.set_axisbelow(True) # Put grid behind bars

# Remove top and right spines for cleaner look
ax.spines['top'].set_visible(False)
ax.spines['right'].set_visible(False)

# Set y-axis limits with some padding
y_min = min(peak_top3_sorted['difference'])
y_max = max(peak_top3_sorted['difference'])
y_padding = (y_max - y_min) * 0.1
ax.set_ylim(min(y_min - y_padding, -5), y_max + y_padding)

plt.tight_layout()
plt.show()
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Focusing on top 3 busiest routes: [109, 59, 19]

Detailed comparison:
Route 109: Morning avg = 124.8, Afternoon avg = 152.6, Difference = 27.9
Route 19: Morning avg = 72.6, Afternoon avg = 86.8, Difference = 14.2
Route 59: Morning avg = 96.8, Afternoon avg = 80.5, Difference = -16.3
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0.2.9 Analysis of Peak Differences

The findings indicate that there is a definite domination of afternoon peak travel in the tram network
of Melbourne. The 17 out of 20 routes have larger touch-on volumes during the afternoon than during
the morning, as the return journeys are more lenient and long than morning route commutes. The
three routes have a greater number of morning users and are therefore clear outliers as they could
have specialised destinations like universities, industrial regions or medical precincts. In general, the
differences between peaks differ significantly, ranging between approximately -16 to +28 touch-ons,
and this implies that there is great variability in route-level travel demand.

The Route 109 is the busiest of the three and the most preferred by afternoons (+27.9), which
is universal in the fact that it is a major CBD and evening-activity route. The afternoon peak in
Route 19 is also positive but more balanced ( +14.2). Contrary to that, one exception is Route
59 where the morning usage beats the afternoon one (−16.3). This unusual trend is indicative of
lumpy morning arrivals and smoother turn-around journeys. Combining these results, the role of
route-specific characteristics in the formation of peak travel behaviour cannot be overestimated.

0.3 Conclusion

This presenting analysis of the tram network at Melbourne based on the 2017 Myki transaction data
has also shown the main insights on the usage trends of the public transport through a systematic
data integration and analysis.

Merged three datasets successfully to match transactions and stop locations to provide complete
coverage of the 20 busiest tram routes. This had created route 109 as the busiest route with the CBD-
area stops taking the leading 10 busiest locations. The analysis of travel time revealed the existence
of routes serving long-distance passengers which are useful in service planning.

Time analysis indicated that there were distinct commuting patterns; morning peaks (7-9 AM) and
stronger afternoons (4-6 PM) on most routes. Route 59 however is an interesting exception- though
it is one of the busiest roads, it experiences more morning than afternoon traffic implying that it is
serving some type of specialized destinations with concentrated morning arrivals yet evenly distributed
return patterns.

The discovery of the abnormal behavior of Route 59 proves that the analysis of data can reveal
counter-intuitive traits that can be used to upgrade services by searching a specific scenario.
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1 Task 5C: Understanding Re-identification Risk: Lessons from the
Myki Data Release

Student Name: Thi Thu Suong Ngo
Student Number: 224757434
Email: s224757434@deakin.edu.au
Course: SIT731 - Data Wrangling (Postgraduate Student)

1.0.1 Introduction

The report evaluates the privacy impacts of the 2018 Myki data breach by Public Transport Vic-
toria (PTV). It reviews the methods of de-identification employed, the risk of re-identification that
researchers are exposing and the case proceeded by the Office of the Victorian Information Commis-
sioner (OVIC). Moreover, it contrasts the applicable privacy laws (GDPR and the Australian Privacy
Act 1988) and suggests the technical and governance solutions to address such risks in the subsequent
releases of data.

In the present scenario, transportation systems in cities make huge amounts of transactional data
due to their everyday activities. This case creates a variety of opportunities and simultaneously, poses
threats (OECD, 2019). One of the things that really struck me when I was reading about the 2018
Myki data release debacle was the fact that such a simple data-sharing deal with researchers, within
the framework of a fairly noble purpose had been such a problem. This paper covers the mistakes
made in the case of PTV which had illegally released the Myki smartcard de-identified data and what
can be learned about handling sensitive data by those who handle such information.

The Myki data set was included in a Melbourne datathon and had around 1.8 billion records
of touch-on and touch-off journeys of 2015 to 2018, which was meant to encourage research and
innovation (OVIC, 2019). PTV had deleted what they believed to be the personal information but
security researchers demonstrated that they could still identify the individuals by comparing the
published data with the information that was publicly available (Narayanan and Shmatikov, 2008).
The Office of the Victorian Information Commissioner (OVIC) investigated the matter and discovered
that there were a number of critical errors in the procedure of de-identifying (OVIC, 2019).

In this paper, I would like to talk about the technical aspects that made re-identification possible,
analyze the legal frameworks that surround us like the Victorian Privacy and Data Protection Act
2014, the Commonwealth Privacy Act 1988, the European GDPR, and I would interpret them to the
practical steps that are to be taken next time data is published. Such errors like the Myki case can
teach the data stewards a valuable lesson of how they can balance the provision of data to be used
with, at the same time, promoting privacy rights (El Emam & Arbuckle, 2013).

1. Background of the Myki Data Release In order to elaborate on the problems that ensue,
it is worthwhile describing that operational environment of the Myki system and the goals that are
being pursued by Public Transport Victoria (PTV). Myki is the smart transport card system that
is the ubiquitous ticketing system of all the transport services in the Victorian transport network
and captures the transactions of millions of daily transactions in trains, trams, and buses around
Melbourne and the rest of regional Victoria (Public Transport Victoria, 2021). Publicizing such
significant amount of data as a part of the 2018 datathon competition has likely resulted in the
dilemma that many organizations must encounter in making data useful in the way it is intended and
ensuring that the privacy of commuters is not violated further.

1.1 The de-identification methods applied to the dataset The de-identification strategy
of PTV comprised a number of techniques that are typically faced in the data anonymization project.
An understanding of such approaches justifies why such strategies ended up being ineffective.

Direct identifiers are removed: The initial stage involved the elimination of personal identifiers
in the data set. The data set was depersonalized by removing the card number, which is used as an
identifier in the Myki system, by PTV. The information of names, contact details, and any demographic
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details related to the registered cards were also eliminated in the data set (OVIC, 2019). This move
appeared to sever the relationship between the travel information and the people concerned.

Identifiers of the card are tokenised: Instead of removing the card number altogether, PTV
used a randomized token in its place. Every unique Myki card was allocated a fixed but random
identifier, which allowed the tracing of journey paths for the specific card without compromising the
identity of the owner (OVIC, 2019). The tokens maintained the ability to trace more than one journey
to a traveler.

Limited Temporal Aggregation: Some temporal smoothing was performed on the timestamps,
although this was not, in the view of the OVIC report, sufficiently aggressive a process (OVIC, 2019).
The journey times were precise enough to identify fine detail in the travel patterns, which turned out
to be a significant weakness.

The basic assumption upon which these approaches were predicated was that the removal of direct
identifiers would sufficiently work to hinder re-identification (Sweeney, 2000). In this respect, the
assumption failed to consider the point that other available attributes within the dataset might serve
as quasi-identifiers with the unique ability to identify individuals (Sweeney, 2002). This will be further
investigated in the following section.

1.2 External Data Sources Enabling Re-identification The core issue in the Myki incident
emerges through the possible re-identification via public information linkages. It has been seen in
empirical research that even absent direct information, travel patterns can be used for the creation
of unique behavioural profiles that enable the association of these profiles with specific individuals
(Narayanan and Shmatikov, 2008).

Social Media and Public Statements: People are frequently sharing information about their
daily routines on social media platforms, often without being aware of the privacy implications (Zheleva
& Getoor, 2009). A prominent example that came from the OVIC investigation was involving Victorian
Member of Parliament Anthony Carbines, who got re-identified by researchers through the linking of
his public tweets about catching trains at specific stations (such as ”Just caught the train at Rosanna
station”) with the timestamps and locations that were in the Myki dataset (OVIC, 2019). This is
demonstrating how even seemingly harmless social media posts can be serving as powerful linkage
points for re-identification attacks.

When an individual is tweeting about how he or she boarded a particular train, how there are
delays on a particular route, and geo-tagged pictures that are taken at transport hubs, the individual
is unwittingly providing pieces of information that can be combined with transport data. It is worth
noting how much information about oneself an individual is sharing on the Internet without considering
how it might be used.

Co-travel Data and Known Travel Patterns: Another re-identification technique that re-
searchers were demonstrating involved the use of their own known travel history. Researchers had the
ability to find their own ”token” in the dataset through matching their personal myki logs with the
released data. After they were identifying their own records, they were then in a position to identify
co-travellers (people who were touching on and off at similar times and locations) and make inferences
about relationships or travel patterns of strangers (OVIC, 2019). This technique is quite concerning
as a matter of fact because it does not require any external auxiliary data beyond one’s own travel
records.

Public Records and Professional Information: Employment information, residential ad-
dresses (available through electoral rolls in some jurisdictions), and professional biographies can es-
tablish expected travel patterns (Sweeney, 2000). For instance, a person working as a lawyer for a
CBD-law firm living in a certain suburb is expected to travel between certain stations at a certain
time. Public figures, politics, and public leaders whose activities are tracked from press coverage are
most at risk (OVIC, 2019).

Event Attendance Records: Such public happenings like conferences, sports games, and cul-
tural shows bring people to specific points in space and time. People attending events that have
tickets, joining recorded gatherings, or participating in events covered in media space and time can
easily be matched with transport data (Narayanan & Shmatikov, 2008). People attending a specific
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event on a particular day can trace any travel to or from that point.
Inference from Rare Patterns: In the absence of linkages to other information, individuals with

atypical mobility behavior can be distinguished. Normal commuting that occurs very early or late,
at remote stations, and/or with very distinctive routes may make individuals identifiable based solely
on the uniqueness of their behavior. When there is only a handful of people that share a particular
mobility behavior, the quasi-identifier becomes a direct-identifier. The concept of ”population uniques”
was básed on the understanding of re-identification (Sweeney, 2002).

1.3 Legal and Governance Issues Identified by OVIC The Myki data release was investi-
gated in details by the Office of the Victorian Information Commissioner, and I believe that the results
are rather eye-opening regarding the systemic problems that might arise when organisations do not
take privacy seriously enough (OVIC, 2019). The issues extended beyond the technical deficiencies in
question.

Inadequate Risk Assessment: The inquiry established that PTV failed to perform a rigorous
enough evaluation of re-identification risks prior to publication of the information. It appears that the
assessment has largely concentrated on the lack of direct identifiers as opposed to the entire scope of
linkage attacks that could occur (OVIC, 2019). The contemporary privacy risk assessment includes the
consideration of the so-called motivated intruder test, which poses the question whether an average
intruder with access to the publicly accessible material should be able to re-identify people. This
complete threat modelling was obviously not done properly.

Insufficient Technical Expertise: According to the OVIC report, the choices concerning the de-
identification process were taken without proper contributions of privacy engineers or data scientists
with particular knowledge of anonymisation methods (OVIC, 2019). De-identification is a technically
difficult field in which good intentions and naivety often backfire. I would say that the lack of a
specialist control was one of the key factors contributing to the inefficiency of the protective measures
used.

Governance Framework Deficiencies: The probe was showing loopholes in the governance
system that encompasses data releases. There were also no clear protocols on privacy impact assess-
ment, sign-off protocols that include privacy officers, or adequate mechanisms to monitor and control
released data (OVIC, 2019). Among other worrying revelations was the ambiguity regarding ownership
of privacy risks between PTV and Department of premier and cabinet (DPC). PTV was over-relying
on the belief that the data was de-identified without performing adequate re-identification testing, and
even the question of who ultimately had the responsibility of ensuring privacy was not well-defined.
Companies dealing with sensitive data sets are demanding extensive data governance systems that
consider the aspect of privacy across the lifecycle of the information.

Breach of Information Privacy Principles: The OVIC was concluding that the release was
constituting multiple breaches of the Information Privacy Principles under the Privacy and Data
Protection Act 2014 (Vic). In particular, PTV was in breach of:

• IPP 2.1: PTV had revealed the personal information with another purpose that was not the
main reason of collection and such a revelation was without the consent. The Myki data was
initially being gathered to manage fares and service operations, it was not meant to be used in
the open research.

• IPP 4.1: PTV was not making reasonable efforts to prevent the misuse, loss, and unauthorised
disclosure of personal information (Privacy and Data Protection Act 2014). The inability to
properly de-identify the data and measure re-identification risks implied that personal data was
in effect being given away even with the seeming anonymisation efforts that were implemented.

Lack of Contractual Protections: The participants who obtained the data of the datathon did
not face sufficiently strong contractual duties in terms of re-identification efforts or secondary usage
of the data. Ethical responsible researchers did the right thing when they reported vulnerabilities,
but the release model failed to offer sufficient legal safeguards against malicious individuals who could
take advantage of the re-identification opportunities (OVIC, 2019).
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2. Comparison GDPR and Privacy Act 1988 Re-identification. At this point, I would like to
discuss the way in which various legal systems deal with re-identification risk. The importance of this
comparison is related to the organisations which operate in different jurisdictions and to policymakers
who aim to enhance the privacy protection. The Australian Privacy Act 1988 and the European
General Data Protection Regulation (GDPR) are two powerful strategies that demonstrate similarities
concerning shared principles but are different regarding their specificity and the enforcement of the
activity.

2.1 Treatment of Re-identification Under GDPR The GDPR, which was adopted in May
of 2018, was one of the most detailed frameworks on privacy worldwide (European Parliament and
Council, 2016). Its method of anonymisation and re-identification is an indication of what I would
term as a highly advanced grasp of the technical issues involved.

Explicit Recognition of Re-identification Risk: The question of whether data is anonymised
sufficiently to be out of scope in the regulation is covered by recital 26 of the GDPR. It provides that
the principles of data protection are inapplicable to anonymous information which is a definition that
consists of information that is not related to an identified or identifiable natural person or personal
data that have undergone such a process that they cannot be identified, or no longer so, with the
data subject (European Parliament and Council, 2016). Critically, the recital explains that in judging
whether an individual is identifiable, the reference should be made to all the means which are likely to
be utilized, either by the data controller or by any other individual, in order to identify the individual.

The ”Means Reasonably Likely” Standard: This expression defines a risk-based anonymi-
sation test. Information can only be termed as really anonymous when it cannot be re-identified
with reasonable likelihood using the available resources. It should be evaluated not only based on
the existing competencies, but it should also predict potential changes in the sphere of technologies
and whether they can be connected with other datasets (European Parliament and Council, 2016).
I consider this dynamic standard especially reasonable as it recognizes that anonymisation is not an
absolute attribute but has to be re-evaluated as the situation evolves.

Pseudonymisation as a Distinct Category: The GDPR explicitly distinguishes between
anonymisation and pseudonymisation. Article 4(5) describes the process of pseudonymisation as one
that leads to personal data that is no longer identifiable to a particular data subject unless supplemen-
tary information is provided (European Parliament and Council, 2016). Importantly, pseudonymised
data remains personal data under the GDPR and is still subject to its protections, albeit with some
regulatory flexibility. This difference acknowledges that tokenisation and other similar methods (as
the Myki release) are not actually anonymised.

Penalties for Re-identification: Although the GDPR does not provide any explicit ban on re-
identification attempts, the overall context of the data protection principles implies that re-identification
of individuals in purportedly anonymous data without any legal reasons would be an illegal processing.
The high fines that GDPR offers (up to €20 million or 4% of annual turnover globally) offer a great
deterrence (European Parliament and Council, 2016).

2.2 Treatment Under the Privacy Act 1988 (Commonwealth) The federal Privacy Act of
1988 regulates the management of personal information by Commonwealth government agencies and
organisations in the private industry that satisfy specific thresholds in the private sector. I discover
that its strategy towards anonymisation and re-identification has developed over the years but it
is not as explicit as the GDPR. Definition of Personal Information: Personal Information is
any information that is related to a single person and therefore identifiable with that person which
may include their name, address and date of birth. The privacy act (Section 6) refers to personal
information as the information or opinion of an identified person, or an identified person who is
reasonably identifiable (Privacy Act 1988). The concept of re-identification risk is conceptualised by
the phrase reasonably identifiable. In case the person can be reasonably recognized based on disclosed
information, the same information is personal information, which is protected by the Act.

The ”Reasonably Identifiable” Standard: The standard of reasonable identifiability as envis-
aged in the Privacy Act, unlike the GDPR, which explicitly covers all means that are reasonably likely
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to be used, has been construed using regulatory principles instead of the text. Guidance published
by the Office of the Australian Information Commissioner (OAIC) states that the assessment needed
to take into account the potential of identification to take place (OAIC, 2018), whereas the statutory
wording is not as prescriptive as the GDPR counterpart. Such ambiguity may bring uncertainty to
data custodians who are attempting to establish how much they have done in their de-identification
efforts.

Criminal Prohibition on Re-identification: A significant development was coming with
amendments to the Privacy Act in 2016, which were introducing section 16C. This provision is making
it a criminal offence to re-identify de-identified personal information that has been published by a
Commonwealth entity, or to disclose such re-identified information. Penalties are including impris-
onment for up to two years (Privacy Act 1988). This is representing a stronger deterrent against
re-identification than what exists in many jurisdictions, though it is applying only to data that is
released by Commonwealth entities.

It is worth noting that a broader ”Re-identification Offence Bill” was being proposed in 2016 to
criminalise re-identifying government data more generally, but this bill had lapsed and did not pass
into law. This was leaving a significant gap in protection for state-level releases like the Myki dataset,
which is falling under Victorian rather than Commonwealth jurisdiction.

The amendments to the Privacy Act to be introduced in 2016, which were adding section 16C,
were a major development. This is rendering it a criminal offence to re-identify de-identified personal
information which has been published by a Commonwealth entity, or to disclose that re-identified
information. Imprisonment of up to two years are some of the penalties that include this (Privacy Act
1988). This is constituting a more formidable anti-re-identification measure than possible under most
jurisdictions, but is only applying to data which is published by Commonwealth agencies.

It should be noted that a wider but still broader re-identification Offence Bill was being advanced
in 2016 to criminalise re-identifying government data more broadly, but this bill had not become law.
This was creating a big loophole in terms of protection of state level releases such as Myki dataset
which is not under the Commonwealth jurisdiction but under the Victorian jurisdiction.

Australian Privacy Principles: The privacy act has Australian Privacy Principles (APPs)
that determine the collectivity, utilization, and sharing of personal information. APP 6 limits the
situation of sharing personal information to the instances where the individual has agreed or there
is an exception (OAIC, 2018). The revelation of ostensibly de-identified data might be a violation of
APP 6 in case it is discovered that they are reasonably identifiable.

1.0.2 2.3 Key Differences, Overlaps, and Gaps

To make the comparison clearer, I have put together a table summarising the key aspects of both
frameworks:

Comparative Table:
Aspect GDPR (EU) Privacy Act 1988 (Australia)
Anonymisation standard ”Means reasonably likely to be used” ”Reasonably identifiable”
Pseudonymisation recognised Yes, explicitly defined Not explicitly distinguished
Re-identification prohibition Implicit through processing rules Explicit criminal offence (s16C, limited scope)
Linkage consideration Explicit in Recital 26 Implicit through guidance
Penalties Up to €20M or 4% turnover Criminal: 2 years imprisonment; Civil penalties available

Key Overlaps: Both frameworks follow a risk-based approach that is based on the identifiability
concept. Both of them do not treat anonymisation as a binary state but rather acknowledge the fact
that the effectiveness of de-identification is a matter of context (El Emam & Arbuckle, 2013). Both
these frameworks put the onus on data controllers/entities to maintain that published information is
actually anonymised in case they want to be exempted of privacy procedures.

Key Differences: The GDPR is more categorical in stating that linkage attacks and potential
re-identification in the future should be taken into account (European Parliament and Council, 2016).
This is because under the GDPR anonymisation and pseudonymisation are different and offer better
insights into the regulatory position of tokenised datasets such as Myki. Conversely, the criminal
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prohibition of re-identification in the Australian Privacy Act is less broad although it is more specific
(Privacy Act 1988).

Remaining Gaps: Both these frameworks do not specify the technical standards of what is
substantial enough anonymisation. They leave a great deal of interpretive discretion to the regulators
and the courts. Neither of them deals in a comprehensive manner with the difficulties that arise on the
way of compiling a substantial mass of external data sources which can facilitate the re-identification
of the anonymous data in the future. Interestingly, the re-identification offence under the Privacy Act
only applies to Commonwealth data, and thus does not apply to state-level releases such as the Myki
dataset. This is a big loophole that the Victorian laws seek to fill and I will elaborate on this in the
following section.

1.0.3 3. Victorian Privacy and Data Protection Act 2014 and Re-identification.

As the Myki information was published by one of the Victorian governmental bodies, I must look at the
particular act that regulates such publishing. The Privacy and Data Protection Act 2014 (Vic) (PDP
Act) is the main legal act in the management of personal information by the Victorian organisations
within the public sector including Public Transport Victoria.

3.1 Definition of Personal Information Under the PDP Act Section 3 of the PDP Act defines
personal information as:

”information or an opinion (including information or an opinion forming part of a
database), that is recorded in any form and whether true or not, about an individual
whose identity is apparent, or can reasonably be ascertained, from the information or
opinion.” (Privacy and Data Protection Act 2014)

The key term in this is can reasonably be ascertained. This formulation has a re-identification
scenario as an implicit inclusion since it does not imply that identity must be immediately recognizable
when given data. In case the identity of an individual can be reasonably ascertained by any means,
including connecting it to other information, then the information will be personal information under
the meaning of the Act.

3.2 Implicit Inclusion of Linkage-Based Re-identification The reasonable ascertained stan-
dard produces a working test that must take into account the larger information environment. In my
opinion, this reading has a number of interpretive principles underlying it:

Contextual Assessment: The word ”reasonably” implies a practical assessment of what is
achievable given available resources and information (OAIC, 2018). This cannot be evaluated in
isolation from the external data sources that might be brought to bear on re-identification. A dataset
that appears anonymous when considered alone may fail the test when considered alongside publicly
available information.

The term ”reasonably” means a feasible evaluation of the possibility of what can be done with
what resources and information we have (OAIC, 2018). This cannot be judged out of the external
sources of data that may be called to bear on re-identification. A dataset that is seeming anonymous
when viewed alone may not pass the test when viewed in conjunction with the publicly available
information.

Technology-Neutral Interpretation: The Act does not stipulate how identity could be deter-
mined. It is a technology-neutral drafting that supports attacks on links, computational inference, or
other methods of re-identification that were not necessarily foreseen when the legislation was formu-
lated (Privacy and Data Protection Act 2014). The legal approach is not contingent on how things
can be found out but on whether they can be found out.

Precedent from Related Jurisdictions: Courts and regulators applying analogous provisions in
other jurisdictions have always believed that identifiability should be determined relative to reasonably
available supplemental data (El Emam & Arbuckle, 2013). The Myki investigation findings of the
OVIC are consistent with this interpretation methodology.
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3.3 Compliance Requires Evaluation of Public Linkage Potential By acknowledging that
the definition of personal information as it is set forth in the PDP Act includes the data where the
identity can be determined with reasonable level of effort with the help of any type of linkage, I will
need to comply with the Act, which in its turn will compel data custodians to consider the potential
ease with which the members of the population could decide on doing the same. I would like to follow
this argument out in stages:

Premise 1: The Legal Standard is Objective The test does not enquire whether identity
can be ascertained reasonably, but whether it is ascertained. This objective standard implies that
the potential to be re-identified by any party of reasonable motives is applicable, and not only re-
identification by the controller (Privacy and Data Protection Act 2014).

Premise 2: Public Data Releases Enable Public Access In the situation of data being
published publicly as in the case of the Myki datathon, the population of potential re-identifiers of
interest and limited ability will be the entire population of the interested members of the public. It
cannot be tested against advanced opponents or with those who have ill intentions; it has to take into
consideration the real-life potential of average people who have access to the use of typical tools and
publicly accessible information.

Premise 3: External Information is Reasonably Available The posts on social media,
electoral lists, news, and professional directories all these can be obtained reasonably by any member
of the population (Zheleva and Getoor, 2009). Digital technologies have reduced significantly the costs
and the effort needed to get such information and process it. Being able to perform linkage that would
otherwise have demanded substantial resources can now be done using basic data analysis abilities.

My Conclusion: Risk Assessment Must Model Public Linkage Scenarios CWith a com-
bination of these premises, the PDP Act states that the data custodians should make realistic evalu-
ations of whether the members of the public could match the released data with the external sources
to identify individuals and re-identify the individuals. This evaluation ought to take into account:

• What are publicly known external datasets which have overlapping attributes?
• How distinctive are the quasi-identifiers within the released data are?
• How realistic would the performance of motivated people to perform linkage be?
• Are there specific individuals (public figures, people with unique patterns) at elevated risk?

The Myki case reveals what can go wrong in case this assessment is not done properly. The results
of the OVIC confirm the fact that the information release was not compliant with the PDP Act
due to the fact that re-identification was generally feasible upon linkage with the publicly available
information (OVIC, 2019).

1.0.4 4. Case Study: The Netflix Prize Dataset Re-identification

The Myki incident is not the only example of the de-identification failure, and I believe that it can
be useful to examine other examples of the cases when anonymised datasets were re-identified. The
Netflix Prize dataset is one of the most deep researched examples and it showed how prone behavioural
information can be to linkage attacks (Narayanan and Shmatikov, 2008).

4.1 Background of the Netflix Prize In October 2006, Netflix created a contest with a $1 million
reward to any group that could enhance the precision of the movie recommendation algorithm to a
minimum of 10 percent. To facilitate this competition, Netflix made available a dataset that had
in it about 100 million movie ratings of almost 500,000 subscribers that were in the period between
December 1999 and December 2005.

Before the release, Netflix implemented de-identification. Direct identifiers were eliminated like
customer names and account information. Customers IDs were substituted with random numbers,
which are also like the tokenisation method used in the Myki release. Netflix thought these were re-
quired to secure privacy of the subscribers and at the same time doing valuable research. In retrospect,
this supposition appears to be quite close to what PTV thought regarding their Myki data.
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4.2 The Linkage Attack Methodology In 2008, scientists at the University of Texas at Austin
Arvind Narayanan and Vitaly Shmatikov presented a ground breaking paper, showing that the Netflix
data set could be de-anonymised by correlating with publicly available ratings of movies on the Internet
Movie Database (IMDb) (Narayanan and Shmatikov, 2008). Their approach is especially educative
to me when it comes to comprehending the risks of re-identification.

The attack was conducted in the following way:
Identification of Auxiliary Data Source: IMDb enables the viewers to rate and review films

publicly. Although the majority of IMDb users use pseudonyms, many of them have some identifying
information on their accounts or can be associated with real identities based on their review histories.
The researchers were aware that IMDb ratings might be an auxiliary linkage dataset.

Matching Algorithm Development: The authors created a statistical matching algorithm
capable of determining Netflix records that matched a specified IMDb user through similarities in the
movie ratings. The algorithm was not sensitive to the exact matches, it managed to tolerate some
deviations in ratings and was able to take incomplete information (Narayanan and Shmatikov, 2008).

Probabilistic Re-identification: The researchers showed that they could distinguish Netflix
subscribers using only a few of these public IMDb ratings using their algorithm. Being aware of at
least six movie ratings (not necessarily correct) was enough to reveal the match Netflix record with
a great likelihood to most users. Even fewer ratings were necessary to users who had more unique
viewing patterns.

4.3 Factors Enabling Re-identification The Netflix data was especially susceptible to re-identification
due to a number of characteristics:

High Dimensionality: The ratings of thousands of movies were included in the data, forming a
high-dimensional space in which the majority of the users were in distinguished positions. Users that
had comparatively common viewing preferences also were likely to have individual combinations of
ratings on the entire catalogue.

Temporal Specificity: Timestamps were added to the ratings they were made. This time data
provided another matching dimension because users who rated a certain movie at a particular time
could be separated out of the users who rated the same movie at a different time.

Behavioural Fingerprinting: The preferences are very individual and mostly remain constant
with time. The history of films a person has watched is a behavioural fingerprint that cannot be
anonymised without would be useless to recommendation studies.

4.4 Consequences of the Re-identification There were important consequences of the Netflix
re-identification in several fields:

Legal Action: Netflix was sued in a class-action lawsuit its release of the dataset was claimed
to have breached the Video Privacy Protection Act (VPPA), a US federal statute forbidding the
disclosure of video watching records. A closet lesbian mother, one of the plaintiffs, claimed that her
viewing history would be used to demonstrate her sexual orientation in the event of a connection with
her identity, which would impact the custody proceedings. In 2010, Netflix eventually resorted to
paying off the lawsuit, and cancelled an intended second competition.

Research Impact: The Netflix case was used to establish a template of privacy studies, and
academics extensively studied de-identification and re-identification. It revealed that behavioural
data presents special anonymisation difficulties that cannot be effectively dealt with by traditional
methods.

Policy Influence: The incident entered regulatory discourse on the topic of data release practices
and led to the increasing awareness that privacy-preserving data publication method involves complex
techniques beyond their mere removal of identifiers.

4.3 Factors Enabling Re-identification The Netflix data set was especially susceptible to re-
identification because of several aspects, and I believe the same aspects apply directly to the Myki
case:
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High Dimensionality: The value of the rating was of thousands of movies, which formed a
high-dimensional space where most of the users had one unique position. Even the users who have
comparatively shared viewing tastes had unique sets of ratings of the entire catalogue (Narayanan and
Shmatikov, 2008). This can be compared to the Myki data, where the interrelation of high pairs of
stations and timestamps yields similarly distinctive patterns.

Temporal Specificity: Ratings were also accompanied with a date of when they were created.
This time-based data provided another layer of matching as users that rated a movie on a specific
date would be separated out amongst the users that rated the same movie in a different time period.
Once again, this compares to the Myki data timestamps.

Behavioural Fingerprinting: Preferred opinions are highly individualistic and generally do not
change easily. Movie watching behaviour is a behavioural fingerprint, which is hard to anonymise and
also it is hard to destroy the usefulness of the data in selection research (Narayanan and Shmatikov,
2008). On the same note, travel patterns are also signs of personal habits which are self-identifying
by nature.

4.4 Consequences of the Re-identification The Netflix re-identification had significant conse-
quences that should serve as a warning to other organisations:

Legal Action: Netflix was sued in a class-action lawsuit, claiming that Netflix had breached the
Video Privacy Protection Act (VPPA), a federal statute in the United States of America, which bans
the release of video viewing records. The claim of one of the plaintiffs a lesbian mother who considered
herself a closet lesbian was that her watching history can expose her sexual orientation when associated
with the identity which circumstances might influence custody. In 2010, Netflix ended up paying the
suit and terminated an intended second competition.

Research Impact: The Netflix case was what introduced de-identification and re-identification
into the privacy research field with a substantial amount of scholarly literature being created on
the subject (Dwork & Roth, 2014). It also showed that behavioural data has special anonymisation
problems that cannot be sufficiently addressed using traditional methods.

Policy Influence: The incident raised regulatory debate regarding data release procedures and
helped raise awareness that data publishing that supports privacy preservation cannot be achieved
through simple techniques like removing identifiers (El Emam & Arbuckle, 2013).

4.5 Parallels with the Myki Case Comparing the Netflix and Myki cases, it is very clear that
they did the same:

Aspect Netflix Prize Myki Data Release
Data type Behavioural (viewing) Behavioural (travel)
De-identification method Tokenisation + ID removal Tokenisation + ID removal
Linkage source IMDb public ratings Social media, public records
Key vulnerability High-dimensional preferences Temporal-spatial patterns
Outcome Lawsuit, competition cancelled OVIC finding of breach

In both cases, we can see that behavioural data leaves distinctive fingerprints that remain even in
cases of other de-identification methods. The two involved connect with publicly available assisting
information. And they both had considerable repercussions to the organisations that released them.
The main thing I learn out of this comparison is that organisations ought to learn out of their past
failures as opposed to repeating the same mistake.

1.0.5 5. Recommendations for Future Myki Data Releases

Based on the failures that have been recorded in the OVIC investigation, companies that are holding
data on behalf of individuals can be putting in place processes that are more robust to evaluate and
mitigate re-identification risks prior to releasing transport data. The below suggestions are defining
ways of assessing the possibility of re-identification and the level of likely-hood.
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5.1 Formal Re-identification Risk Assessment Framework Risk assessment methodologies
being undertaken by information custodians ought to be assuming a systematic re-identification po-
tential evaluation. These frameworks are usually involving:

Threat Modelling: Determining the spectrum of opponents who may be engaged in re-identification,
including interested citizens and more serious actors with their niche. Considering each category of
adversary, their probable capabilities, their motivations, and their availability of auxiliary information
should be evaluated. This threat model is supposed to be informing the stringency of the protective
measures that are used.

Quasi-identifier Analysis: Proceeding to identify the in the dataset systematically all variables
that may be acting as quasi-identifiers when put in conjunction with the external information. In the
case of transport data, it is incorporating pairs of stations, time schedules, frequency of travel and
unusual routing. The individual quasi identifiers are to be evaluated based on their uniqueness in the
dataset and their presence in the external source.

Population Uniqueness Testing: Quantitatively assessing how many individuals in the dataset
are having unique combinations of quasi-identifiers. Standard metrics are including k-anonymity (the
minimum number of individuals sharing any combination of quasi-identifiers) and l-diversity (the
diversity of sensitive attributes within equivalence classes). These metrics are providing objective
baselines for evaluating re-identification risk.

5.2 Privacy Risk Scoring Systems Beyond qualitative assessment, data custodians should be
employing quantitative privacy risk scoring for guiding release decisions:

Re-identification Probability Estimation: Statistical methods can be estimating the proba-
bility that a randomly selected record could be re-identified given specific assumptions about adversary
knowledge. These estimates should be calculated under various scenarios that are representing differ-
ent levels of adversary capability.

Prosecutor and Journalist Risk Models: The prosecutor risk model is making an assumption
of an adversary that is aware that some particular target exists in the dataset and is trying to locate
his or her record. The journalist risk model is presuming an adversary that will involve themselves in
identifying any person of interest again. The two cases are to be considered as they are each capturing
different threat profiles.

Threshold-Based Decision Rules: Setting limits of acceptable re-identification risk. In one
case, an organisation may be demanding that the likely chances of a successful re-identification should
be under 5% of any individual before information may be disclosed. These thresholds are supposed to
be adjusted depending on the sensitivity of the data and the re-identification ramifications that can
potentially arise.

5.3 Simulation of Linkage Scenarios Prior to leaking information, the custodians are supposed
to be running realistic assessments that are simulating the assaults that hostile may be leveling:

Red Team Exercises: Incurring the services of privacy experts to make an effort to re-identify
by relying on the information publicly available. Such exercises of red teaming are delivering concrete
corroboration to the conceptual risk evaluations and are frequently exposing breaches that formal anal-
ysis is not detecting. Had PTV done such an exercise prior to the launch of Myki, the vulnerabilities
may have been realized within the organization.

Synthetic Attack Simulation: This is a form of intrusion simulator, which simulates a network
attack or worm. Making simulating linkage attacks on the proposed release dataset. Such tools are
supposed to be trying to reconcile records with created artificial auxiliary datasets that are designed
to appear like publicly accessible information sources.

Targeted Individual Testing: In the case of datasets that are involving public profiles or
individuals with known routes of traveling, one should explicitly test whether the high-risk individuals
can be identified. Prosecutor risk model is being dealt with directly through such targeted testing.

5.4 Controlled Access Environments: The ”Five Safes” Framework Data custodians should
be looking at the possibility of offering access to open data via controlled research environments, rather
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than open data release. The Five Safes model is affording an organized means of the administration
of data access as it secures the confidentiality (Desai et al., 2016):

Safe Projects: Ensuring that research projects are serving rightful purposes and that the utiliza-
tion of sensitive information is being reasonable and commensurate to the research objectives, which
are being sought.

Safe People: Verifying that researchers are having appropriate training, ethical clearances, and
legal obligations (through contracts or data use agreements) for handling sensitive data in a responsible
manner.

Safe Data: Using the correct de-identification methods including those that are presented in this
report (aggregation, suppression, noise addition) to achieve the aim of lowering disclosure risk.

Safe Settings: The access to it is possible by offering secure research environments (data labs)
where no data can be downloaded, and all the analyses are running in a controlled environment. Users
can execute queries and analyses, but only the vetted outputs can be exported.

Safe Outputs: As part of the pre-release review, reviewing all outputs (tables, graphs, statistical
results) to confirm that they do not facilitate re-identification. This is also incorporating verification
of the small cell counts, rare combinations and other disclosure risks.

In comparison to open data release, this controlled access model is carrying far fewer re-identification
risks, but it is still facilitating useful research. Had PTV taken such an approach to the Myki datathon,
most of the privacy vulnerabilities could have been addressed.

5.5 Ongoing Monitoring and Response The process of risk assessment should not be a one-time
process but instead a continuous process that must proceed:

Environmental Scanning: The new information to be released or technology change that could
be augmenting the risk of re-identification to previously released datasets. New sources of auxiliary
data might be necessitating review of previous releases.

Incident Response Planning: Formulating official protocols of addressing vulnerabilities to
re-identification that are identified. The procedures need to be incorporating notification procedures,
damage analysis, and damage reduction mechanisms that continue to exist (OVIC, 2019).

Version Control and Recall: Keeping track of who has been accessing the released datasets
and means of providing corrections or requesting deletion in case severe vulnerabilities are being found
after the release has taken place.

1.0.6 Q6. Privacy-Preserving Techniques for Transport Data

Beyond the risk assessment, data custodians should be applying technical measures that are reducing
re-identification risk while they are preserving analytical value. In this section, I will be examining
several techniques and providing practical Python examples of their application to the transport data
scenarios.

6.1 Temporal Aggregation and Rounding Precise timestamps are being powerful quasi-identifiers
because they are dramatically increasing the uniqueness of records (Sweeney, 2002). I am wanting to
demonstrate how rounding or aggregating timestamps can be reducing this identifying potential.

Concept: Rather than recording exact touch-on times (e.g., 08:23:47), we can round to broader
intervals (e.g., ”08:00-08:30” or ”morning peak”). This is grouping many travellers into the same
temporal bucket, which is providing cover through aggregation. Let me show how this is working with
some sample data:

Cell 15

# Example: Timestamp Rounding for Privacy Protection
# This demonstrates how temporal precision affects identifiability

import pandas as pd
import numpy as np
from datetime import datetime, timedelta
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# Create sample transport data resembling Myki records
np.random.seed(42)

# Generate sample data for 1000 journeys
n_records = 1000
sample_data = pd.DataFrame({

'card_token': [f'TOKEN_{i:04d}' for i in np.random.randint(1, 200, n_records)],
'origin_station': np.random.choice(['Flinders Street', 'Southern Cross', 'Melbourne
Central',

'Parliament', 'Flagstaff', 'Richmond',
'Footscray'], n_records),
'destination_station': np.random.choice(['Flinders Street', 'Southern Cross',
'Melbourne Central',

'Parliament', 'Flagstaff', 'Richmond',
'Footscray'], n_records),
'touch_on_time': pd.date_range('2024-01-15 05:00:00', periods=n_records, freq='47s')

})

print("Original data with precise timestamps:")
print(sample_data.head(10))
print(f"\nUnique timestamp values: {sample_data['touch_on_time'].nunique()}")
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Original data with precise timestamps:
card_token origin_station destination_station touch_on_time
0 TOKEN_0103 Flagstaff Flagstaff 2024-01-15 05:00:00
1 TOKEN_0180 Richmond Flagstaff 2024-01-15 05:00:47
2 TOKEN_0093 Parliament Footscray 2024-01-15 05:01:34
3 TOKEN_0015 Southern Cross Flagstaff 2024-01-15 05:02:21
4 TOKEN_0107 Southern Cross Melbourne Central 2024-01-15 05:03:08
5 TOKEN_0072 Melbourne Central Parliament 2024-01-15 05:03:55
6 TOKEN_0189 Melbourne Central Richmond 2024-01-15 05:04:42
7 TOKEN_0021 Flagstaff Melbourne Central 2024-01-15 05:05:29
8 TOKEN_0103 Richmond Flinders Street 2024-01-15 05:06:16
9 TOKEN_0122 Flagstaff Flagstaff 2024-01-15 05:07:03

Unique timestamp values: 1000
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Cell 16

# Apply different levels of temporal rounding

def round_timestamp(ts, minutes):
"""Round timestamp to specified minute intervals."""
return ts.floor(f'{minutes}min')

# Create versions with different rounding levels
sample_data['time_15min'] = sample_data['touch_on_time'].apply(lambda x:

round_timestamp(x, 15))
sample_data['time_30min'] = sample_data['touch_on_time'].apply(lambda x:

round_timestamp(x, 30))
sample_data['time_60min'] = sample_data['touch_on_time'].apply(lambda x:

round_timestamp(x, 60))

print("Impact of temporal rounding on uniqueness:")
print(f"Exact timestamps - Unique values: {sample_data['touch_on_time'].nunique()}")
print(f"15-minute rounding - Unique values: {sample_data['time_15min'].nunique()}")
print(f"30-minute rounding - Unique values: {sample_data['time_30min'].nunique()}")
print(f"60-minute rounding - Unique values: {sample_data['time_60min'].nunique()}")

print("\nSample data after rounding:")
print(sample_data[['touch_on_time', 'time_15min', 'time_30min', 'time_60min']].head(10))
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Impact of temporal rounding on uniqueness:
Exact timestamps - Unique values: 1000
15-minute rounding - Unique values: 53
30-minute rounding - Unique values: 27
60-minute rounding - Unique values: 14

Sample data after rounding:
touch_on_time time_15min time_30min \
0 2024-01-15 05:00:00 2024-01-15 05:00:00 2024-01-15 05:00:00
1 2024-01-15 05:00:47 2024-01-15 05:00:00 2024-01-15 05:00:00
2 2024-01-15 05:01:34 2024-01-15 05:00:00 2024-01-15 05:00:00
3 2024-01-15 05:02:21 2024-01-15 05:00:00 2024-01-15 05:00:00
4 2024-01-15 05:03:08 2024-01-15 05:00:00 2024-01-15 05:00:00
5 2024-01-15 05:03:55 2024-01-15 05:00:00 2024-01-15 05:00:00
6 2024-01-15 05:04:42 2024-01-15 05:00:00 2024-01-15 05:00:00
7 2024-01-15 05:05:29 2024-01-15 05:00:00 2024-01-15 05:00:00
8 2024-01-15 05:06:16 2024-01-15 05:00:00 2024-01-15 05:00:00
9 2024-01-15 05:07:03 2024-01-15 05:00:00 2024-01-15 05:00:00

time_60min
0 2024-01-15 05:00:00
1 2024-01-15 05:00:00
2 2024-01-15 05:00:00
3 2024-01-15 05:00:00
4 2024-01-15 05:00:00
5 2024-01-15 05:00:00
6 2024-01-15 05:00:00
7 2024-01-15 05:00:00
8 2024-01-15 05:00:00
9 2024-01-15 05:00:00
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6.2 Suppression of Rare Values Records with unusual attributes are at highest risk of re-
identification. Suppressing records that fall below minimum frequency thresholds removes these out-
liers (Sweeney, 2002).

Concept: If fewer than k individuals share a particular combination of attributes, either remove
those records entirely or generalise the attributes until the threshold is met. This technique directly
implements k-anonymity principles that Sweeney (2002) introduced. Let me demonstrate this with
station combinations:

Cell 18

# Example: Suppression of Rare Station Combinations
# Remove or flag records where origin-destination pairs are too rare

def apply_k_suppression(df, columns, k_threshold=5):
"""
Suppress records where the combination of specified columns
appears fewer than k_threshold times.

Parameters:
-----------
df : DataFrame - Input dataset
columns : list - Columns forming the quasi-identifier
k_threshold : int - Minimum group size to retain

Returns:
--------
DataFrame with rare combinations suppressed
"""
# Count occurrences of each combination
group_counts = df.groupby(columns).size().reset_index(name='count')

# Identify rare combinations
rare_combinations = group_counts[group_counts['count'] < k_threshold]

# Merge to flag rare records
df_with_counts = df.merge(group_counts, on=columns, how='left')

# Suppress rare records
df_suppressed = df_with_counts[df_with_counts['count'] >= k_threshold].drop('count',
axis=1)

print(f"Original records: {len(df)}")
print(f"Records after k={k_threshold} suppression: {len(df_suppressed)}")
print(f"Records suppressed: {len(df) - len(df_suppressed)}")

return df_suppressed

# Apply suppression based on station pairs
quasi_identifiers = ['origin_station', 'destination_station']
suppressed_data = apply_k_suppression(sample_data, quasi_identifiers, k_threshold=5)

print("\nStation pair frequencies before suppression:")
print(sample_data.groupby(quasi_identifiers).size().sort_values().head(10))
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Original records: 1000
Records after k=5 suppression: 1000
Records suppressed: 0

Station pair frequencies before suppression:
origin_station destination_station
Flagstaff Richmond 11
Footscray Melbourne Central 11
Parliament Melbourne Central 12
Richmond 13
Flinders Street Flinders Street 14
Footscray Flagstaff 14
Flinders Street Melbourne Central 15
Parliament Flinders Street 16
Melbourne Central Melbourne Central 17
Southern Cross Flagstaff 17
dtype: int64
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The output above demonstrates how temporal rounding significantly reduces the uniqueness of
timestamps. With exact times, nearly every record has a unique timestamp, making it a powerful
quasi-identifier. Rounding to 15-minute intervals dramatically reduces uniqueness, while 60-minute
rounding creates broader equivalence classes where many records share the same temporal attribute.
I find this trade-off between privacy and data utility particularly interesting to explore.

6.3 Differential Privacy for Aggregate Statistics When the goal is to release aggregate statistics
rather than individual records, differential privacy provides mathematically rigorous privacy guaran-
tees (Dwork & Roth, 2014). By adding calibrated noise to query results, differential privacy ensures
that no individual’s presence or absence significantly affects the released statistics.

Concept: For a given query (e.g., ”how many people travelled from Flinders Street to Richmond
during morning peak?”), add random noise drawn from a carefully chosen distribution. The noise
magnitude is calibrated to the query’s sensitivity—how much a single individual could affect the
result. I find this technique particularly elegant because it provides formal mathematical guarantees
rather than relying on assumptions about adversary capabilities. Let me demonstrate the Laplace
mechanism:

Cell 21

# Example: Differential Privacy for Station Counts
# Implementing the Laplace mechanism for count queries

def laplace_mechanism(true_value, sensitivity, epsilon):
"""
Apply Laplace mechanism for differential privacy.

Parameters:
-----------
true_value : float - The actual query result
sensitivity : float - Maximum change from adding/removing one record
epsilon : float - Privacy parameter (smaller = more privacy)

Returns:
--------
Noisy result satisfying epsilon-differential privacy
"""
# Scale parameter for Laplace distribution
scale = sensitivity / epsilon

# Add Laplace noise
noise = np.random.laplace(0, scale)
noisy_value = true_value + noise

return max(0, noisy_value) # Counts cannot be negative

def release_station_counts_with_dp(df, station_column, epsilon=1.0):
"""
Release station usage counts with differential privacy protection.

Parameters:
-----------
df : DataFrame - Transport dataset
station_column : str - Column containing station names
epsilon : float - Privacy budget
"""
true_counts = df[station_column].value_counts()

# For count queries, sensitivity is 1 (one person affects count by at most 1)
sensitivity = 1

noisy_counts = {}
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for station, count in true_counts.items():
noisy_counts[station] = round(laplace_mechanism(count, sensitivity, epsilon))

return pd.Series(noisy_counts, name='noisy_count')

# Compare true counts vs differentially private counts
print("Station usage counts comparison:")
print("\nTrue counts:")
true_counts = sample_data['origin_station'].value_counts()
print(true_counts)

print("\nDifferentially private counts (epsilon=1.0):")
noisy_counts_e1 = release_station_counts_with_dp(sample_data, 'origin_station',

epsilon=1.0)
print(noisy_counts_e1.sort_index())

print("\nDifferentially private counts (epsilon=0.1, more privacy):")
noisy_counts_e01 = release_station_counts_with_dp(sample_data, 'origin_station',

epsilon=0.1)
print(noisy_counts_e01.sort_index())
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Station usage counts comparison:

True counts:
origin_station
Melbourne Central 153
Flagstaff 150
Richmond 146
Flinders Street 144
Southern Cross 142
Footscray 140
Parliament 125
Name: count, dtype: int64

Differentially private counts (epsilon=1.0):
Flagstaff 150
Flinders Street 146
Footscray 141
Melbourne Central 153
Parliament 123
Richmond 145
Southern Cross 142
Name: noisy_count, dtype: int64

Differentially private counts (epsilon=0.1, more privacy):
Flagstaff 149
Flinders Street 118
Footscray 144
Melbourne Central 191
Parliament 134
Richmond 123
Southern Cross 149
Name: noisy_count, dtype: int64
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The output demonstrates the privacy-utility tradeoff inherent in differential privacy. With a larger
epsilon value (epsilon=1.0), the noise is smaller and the released counts are closer to the true values.
With a smaller epsilon (epsilon=0.1), more noise is added, providing stronger privacy guarantees but
reducing accuracy (Dwork & Roth, 2014).

The key property of differential privacy is that these noisy statistics could have been produced
regardless of whether any specific individual was in the dataset, providing plausible deniability and
formal privacy protection. I think this is a powerful concept for organisations wanting to release
aggregate transport statistics.

6.4 Spatial Generalisation Another technique I want to demonstrate is generalising location infor-
mation by grouping specific stations into broader geographic regions. This approach can significantly
reduce the identifying power of location data while still enabling useful analysis:

Cell 23

# Example: Spatial Generalisation - Grouping Stations into Zones

def generalise_stations_to_zones(df, station_column, zone_mapping):
"""
Replace specific station names with broader zone identifiers.

This reduces granularity while preserving patterns for analysis.
"""
df_generalised = df.copy()
df_generalised[f'{station_column}_zone'] = df[station_column].map(zone_mapping)
return df_generalised

# Define zone mappings for Melbourne stations
zone_mapping = {

'Flinders Street': 'CBD',
'Southern Cross': 'CBD',
'Melbourne Central': 'CBD',
'Parliament': 'CBD',
'Flagstaff': 'CBD',
'Richmond': 'Inner East',
'Footscray': 'Inner West'

}

# Apply generalisation
generalised_data = generalise_stations_to_zones(sample_data, 'origin_station',

zone_mapping)
generalised_data = generalise_stations_to_zones(generalised_data, 'destination_station',

zone_mapping)

print("Original station distribution:")
print(sample_data['origin_station'].value_counts())

print("\nGeneralised zone distribution:")
print(generalised_data['origin_station_zone'].value_counts())

print("\nEffect on uniqueness of origin-destination combinations:")
original_combinations = sample_data.groupby(['origin_station',

'destination_station']).ngroups
generalised_combinations = generalised_data.groupby(['origin_station_zone',

'destination_station_zone']).ngroups
print(f"Original unique station pairs: {original_combinations}")
print(f"Generalised unique zone pairs: {generalised_combinations}")
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Original station distribution:
origin_station
Melbourne Central 153
Flagstaff 150
Richmond 146
Flinders Street 144
Southern Cross 142
Footscray 140
Parliament 125
Name: count, dtype: int64

Generalised zone distribution:
origin_station_zone
CBD 714
Inner East 146
Inner West 140
Name: count, dtype: int64

Effect on uniqueness of origin-destination combinations:
Original unique station pairs: 49
Generalised unique zone pairs: 9
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6.5 Measuring Re-identification Risk: K-Anonymity Assessment Before releasing any dataset,
custodians should quantitatively assess its re-identification risk. The k-anonymity metric measures
the minimum group size for any combination of quasi-identifiers (Sweeney, 2002). I think this is one
of the most important tools for evaluating whether a dataset is safe to release:

Cell 25

# Example: K-Anonymity Assessment Tool

def assess_k_anonymity(df, quasi_identifiers):
"""
Assess the k-anonymity level of a dataset.

Parameters:
-----------
df : DataFrame - Dataset to assess
quasi_identifiers : list - Columns that could enable re-identification

Returns:
--------
dict with k-anonymity metrics
"""
# Group by quasi-identifiers and count
group_sizes = df.groupby(quasi_identifiers).size()

k_value = group_sizes.min() # The dataset achieves k-anonymity for this k

# Distribution of group sizes
size_distribution = group_sizes.value_counts().sort_index()

# Records at risk (in groups smaller than 5)
records_at_risk = group_sizes[group_sizes < 5].sum()

results = {
'k_anonymity': k_value,
'total_equivalence_classes': len(group_sizes),
'smallest_class_size': k_value,
'largest_class_size': group_sizes.max(),
'mean_class_size': group_sizes.mean(),
'records_in_small_groups': records_at_risk,
'percentage_at_risk': (records_at_risk / len(df)) * 100

}

return results, size_distribution

# Assess k-anonymity for different quasi-identifier combinations
print("K-Anonymity Assessment Results")
print("=" * 50)

# Scenario 1: Station pairs only
qi_stations = ['origin_station', 'destination_station']
results_stations, dist_stations = assess_k_anonymity(sample_data, qi_stations)
print(f"\nQuasi-identifiers: {qi_stations}")
for metric, value in results_stations.items():

print(f" {metric}: {value:.2f}" if isinstance(value, float) else f" {metric}:
{value}")

# Scenario 2: Stations plus 30-min time window
qi_with_time = ['origin_station', 'destination_station', 'time_30min']
results_with_time, dist_time = assess_k_anonymity(sample_data, qi_with_time)
print(f"\nQuasi-identifiers: {qi_with_time}")
for metric, value in results_with_time.items():

print(f" {metric}: {value:.2f}" if isinstance(value, float) else f" {metric}:
{value}")
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K-Anonymity Assessment Results
==================================================

Quasi-identifiers: ['origin_station', 'destination_station']
k_anonymity: 11
total_equivalence_classes: 49
smallest_class_size: 11
largest_class_size: 33
mean_class_size: 20.41
records_in_small_groups: 0
percentage_at_risk: 0.00

Quasi-identifiers: ['origin_station', 'destination_station', 'time_30min']
k_anonymity: 1
total_equivalence_classes: 703
smallest_class_size: 1
largest_class_size: 5
mean_class_size: 1.42
records_in_small_groups: 990
percentage_at_risk: 99.00
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The k-anonymity assessment is revealing how adding temporal information to the quasi-identifier
set is dramatically increasing re-identification risk. When we are considering only station pairs, records
are being grouped into larger equivalence classes. Adding even a 30-minute time window is substan-
tially increasing uniqueness, which is demonstrating why temporal precision must be carefully con-
trolled in transport data releases (Sweeney, 2002). This is exactly the kind of analysis that should
have been performed before the Myki data release was occurring.

1.0.7 6.6 Summary of Privacy-Preserving Techniques

The techniques that I have demonstrated above can be combined into a comprehensive de-identification
pipeline:

1. Temporal Aggregation: Rounding timestamps to appropriate intervals (15-60 minutes de-
pending on required precision)

2. Spatial Generalisation: Replacing specific stations with broader zones where it is appropriate
3. K-Anonymity Suppression: Removing records with rare attribute combinations
4. Differential Privacy: Adding calibrated noise to aggregate statistics (Dwork and Roth, 2014)
5. Risk Assessment: Quantitatively evaluating residual re-identification risk before the release

The appropriate combination is depending on the analytical requirements and acceptable risk
thresholds for each specific release. In my view, the Myki case is demonstrating what happens when
these techniques are not being properly applied.

1.1 Conclusion

The Myki information disclosure of 2018 is proving to act as a valuable case study in the issues of
data publication that upholds privacy. Although they had good intentions to publish anonymised
data purportedly to conduct legitimate research, the de-identification procedures adopted were less
effective in countering the linkage attacks that utilise the publicly available information. The OVIC
inquiry was establishing that people were re-identifiable, and it was amounting to a violation of the
Victorian privacy legislation (OVIC, 2019).

In my assessment of this case, there are some major lessons that are coming out:
- Removal of Identifiers is not enough: Mere elimination of personal identifiers such as

names and card numbers will not be meaningful anonymisation. Travel records, time stamps as well
as sequence of locations are forming behavioural fingerprints which can be correlated to external data
(Narayanan and Shmatikov, 2008). This is one of the underlying weaknesses of naive de-identification
methods that is being demonstrated by the Myki case and the Netflix Prize example.

- The Legal Frameworks need to be connected through a consideration of the linkage:
The reasonable ascertained standard of the PDP Act, as well as analogous standards in the GDPR
and Privacy Act 1988, is implicitly demanding that re-identification due to the linking of data is taken
into consideration (Privacy and Data Protection Act 2014; European Parliament and Council, 2016).
Compliance is also demanding data custodians to consider not only the published data as an isolated
entity, but how it can be linked to outside sources.

- Risk assessment should be strict and continuous: Risk assessment schemes are also
encompassing threat modelling, k-anonymity analysis, and simulated linkage attacks: formal risk
assessment frameworks should be the norm before any data release is taking place (El Emam and
Arbuckle, 2013). Lack of such assessment in Myki case was a critical governance failure which was
identified by OVIC.

- Risk can be minimized by technical measures. Temporal aggregation, spatial generali-
sation, suppression, and differential privacy are some techniques that can significantly decrease the
re-identification risk, but they are all maintaining analytical utility (Dwork and Roth, 2014; Sweeney,
2002). The decisions of the techniques and the parameters are entailing close balancing between
privacy and utility goals.
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- Structures of governance matter: In addition to technical solutions, strong governance
systems are becoming necessary. These are encompassing straightforward responsibility towards pri-
vacy choices, specialist professional participation, and contractual defenses over data end users, and
vulnerability response mechanisms (OVIC, 2019)

The lessons of the Myki release are becoming more critical as the public transport systems are
ever-growing in the amount of behavioural data generated. By applying stringent risk measures, using
relevant de-identification methods, and having effective governance structures, data custodians would
be in a better position to balance between realizing the benefits of enabling research and conserving
privacy of individual persons. Having analyzed this case and looked closely, I am assuming that the
errors that had occurred can be completely avoided with the right planning and experience.
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0.1 SIT731 - Task 6C Text Analysis Challenge: AI and Data Science Stack Ex-
change Trend Analysis and Investment Recommendations

Name: Thi Thu Suong Ngo
Student Number: 224757434
Email: s224757434@deakin.edu.au
Unit: SIT731 Data Wrangling (Postgraduate Student)

0.1.1 Introduction

This report provides a review of discussion patterns and community participation patterns of the AI
Stack Exchange and Data Science Stack Exchange sites. The data sets were obtained based on the
Stack Exchange public data dump (Stack Exchange, 2024a) and contain detailed data on questions,
answers, user, tags, comments, votes, and other interactions in the communities in the AI Stack
Exchange (Stack Exchange, 2016-2024a) and Data Science Stack Exchange (Stack Exchange, 2014-
2024).

The overall goal of the analysis is to give factual insights that will guide strategic investment
decision in the artificial intelligence technologies and research focus in a technology firm looking into
its next big investment in artificial intelligence. This research explores the AI discourse change, the
emergence and decrease of the popularity of various topics over the years, the number of engagements
in various domains of AI, and the comparison of the dynamics of AI-related discourse and data science-
related communities through systematic analysis of many datasets over multiple years.

The methods used to perform the analysis include regular expression as a pattern matching and
text processing tool, temporal analysis as a tool of tracking trends over time, and comparative sta-
tistical analysis as a way of understanding how theoretical AI research interests and practical data
science implementation issues are converging or diverging. The table formats are based on the offi-
cial documentation of the Stack Exchange database schema ( Stack Exchange, 2024b) that contains
comprehensive information regarding the associations between various data tables.

The results of this discussion indicate major trends in technology usage, the change of the research
priorities and intertwining theories of AI with the issues of practical implementation. These lessons
can be directly applied as actionable advice regarding research investment needs, product development
plans, and capability building programs that can inform stakeholders to make an informed decision
on the future direction of the company in the AI environment.

0.1.2 Q1. Data Loading and Understanding Dataset Relationships

First, I will load the necessary libraries and import all datasets on the AI Stack Exchange and Data
Science Stack Exchange communities. The datasets are given in CSV format and have been processed
out of the original XML format that is in the Stack Exchange data dump (Stack Exchange, 2024a).

Cell 04

# Import required libraries
import pandas as pd
import numpy as np
import matplotlib.pyplot as plt
import seaborn as sns
import re
from datetime import datetime
import warnings
warnings.filterwarnings('ignore')

# Configure display options
pd.set_option('display.max_columns', None)
pd.set_option('display.width', None)

# Set visualization style
plt.style.use('seaborn-v0_8-whitegrid')
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sns.set_palette("husl")
plt.rcParams['figure.figsize'] = (12, 6)
plt.rcParams['font.size'] = 10

print("Libraries imported successfully.")
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Libraries imported successfully.
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1.1 Loading AI Stack Exchange Datasets I will start by loading the entire available datasets
in the community of AI Stack Exchange. The question-and-answer question-and-answer platform
Artificial Intelligence Stack Exchange (Stack Exchange, 2016-2024a) was founded in 2016 on the topic
of artificial intelligence.

Cell 06

# Load AI Stack Exchange datasets
ai_posts = pd.read_csv('AI_Posts.csv')
ai_users = pd.read_csv('AI_Users.csv')
ai_tags = pd.read_csv('AI_Tags.csv')
ai_comments = pd.read_csv('AI_Comments.csv')
ai_votes = pd.read_csv('AI_Votes.csv')
ai_badges = pd.read_csv('AI_Badges.csv')
ai_posthistory = pd.read_csv('AI_PostHistory.csv')
ai_postlinks = pd.read_csv('AI_PostLinks.csv')

print("AI Stack Exchange Datasets Loaded:")
print(f" - Posts: {len(ai_posts):,} records")
print(f" - Users: {len(ai_users):,} records")
print(f" - Tags: {len(ai_tags):,} records")
print(f" - Comments: {len(ai_comments):,} records")
print(f" - Votes: {len(ai_votes):,} records")
print(f" - Badges: {len(ai_badges):,} records")
print(f" - Post History: {len(ai_posthistory):,} records")
print(f" - Post Links: {len(ai_postlinks):,} records")
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AI Stack Exchange Datasets Loaded:
- Posts: 26,764 records
- Users: 71,811 records
- Tags: 986 records
- Comments: 29,349 records
- Votes: 93,175 records
- Badges: 62,748 records
- Post History: 105,993 records
- Post Links: 1,792 records
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1.2 Loading Data Science Stack Exchange Datasets Following that, I will be loading the
related datasets of the Data Science Stack Exchange community. The Data science stack exchange
(Stack Exchange, 2014-2024) is a larger community that began in 2014 and discusses data science,
machine learning, and similar subject areas.

Cell 08

# Load Data Science Stack Exchange datasets
ds_posts = pd.read_csv('DS_Posts.csv')
ds_users = pd.read_csv('DS_Users.csv')
ds_tags = pd.read_csv('DS_Tags.csv')
ds_comments = pd.read_csv('DS_Comments.csv')
ds_votes = pd.read_csv('DS_Votes.csv')
ds_badges = pd.read_csv('DS_Badges.csv')
ds_posthistory = pd.read_csv('DS_PostHistory.csv')
ds_postlinks = pd.read_csv('DS_PostLinks.csv')

print("Data Science Stack Exchange Datasets Loaded:")
print(f" - Posts: {len(ds_posts):,} records")
print(f" - Users: {len(ds_users):,} records")
print(f" - Tags: {len(ds_tags):,} records")
print(f" - Comments: {len(ds_comments):,} records")
print(f" - Votes: {len(ds_votes):,} records")
print(f" - Badges: {len(ds_badges):,} records")
print(f" - Post History: {len(ds_posthistory):,} records")
print(f" - Post Links: {len(ds_postlinks):,} records")
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Data Science Stack Exchange Datasets Loaded:
- Posts: 78,926 records
- Users: 137,433 records
- Tags: 702 records
- Comments: 82,370 records
- Votes: 222,642 records
- Badges: 153,617 records
- Post History: 264,422 records
- Post Links: 2,999 records
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1.3 Understanding Dataset Structure and Relationships The data model of Stack Exchange
is based on a series of linked tables in accordance with the schema that is described by Stack Exchange
(2024b). I will analyze the organization of the key tables to know their relation to one another.

Cell 10

# Display structure of the Posts table
print("="*80)
print("POSTS TABLE STRUCTURE")
print("="*80)
print(ai_posts.dtypes)
print("\nSample record:")
print(ai_posts.iloc[0])
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================================================================================
POSTS TABLE STRUCTURE
================================================================================
Id int64
PostTypeId int64
AcceptedAnswerId float64
CreationDate object
Score int64
ViewCount float64
Body object
OwnerUserId float64
LastEditorUserId float64
LastEditDate object
LastActivityDate object
Title object
Tags object
AnswerCount float64
CommentCount int64
ContentLicense object
ParentId float64
ClosedDate object
FavoriteCount float64
CommunityOwnedDate object
LastEditorDisplayName object
OwnerDisplayName object
dtype: object

Sample record:
Id 1
PostTypeId 1
AcceptedAnswerId 3.0
CreationDate 2016-08-02T15:39:14.947
Score 12
ViewCount 851.0
Body <p>What does "backprop" mean? Is the "backprop...
OwnerUserId 8.0
LastEditorUserId 2444.0
LastEditDate 2019-11-16T17:56:22.093
LastActivityDate 2021-07-08T10:45:23.250
Title What is "backprop"?
Tags |neural-networks|backpropagation|terminology|d...
AnswerCount 5.0
CommentCount 0
ContentLicense CC BY-SA 4.0
ParentId NaN
ClosedDate NaN
FavoriteCount NaN
CommunityOwnedDate NaN
LastEditorDisplayName NaN
OwnerDisplayName NaN
Name: 0, dtype: object
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Dataset Descriptions and Relationships:
The Stack Exchange data model ( Stack Exchange, 2024b) includes the following tables which are

related with each other with the help of different key fields:
Posts Table: This is the main table where all the questions and answers are found. Questions and

answers are associated with Posttypeid=1 and Posttypeid=2 respectively. Questions include a Title
field and Tags field (pipe-delimited format like |machine-learning|neural-networks|), while answers
reference their parent question through the ParentId field. Key engagement metrics include Score (net
upvotes minus downvotes), ViewCount (number of times viewed), AnswerCount (number of answers
received), and CommentCount.

Users Table: This table contains the data concerning the members of the community such as their
Reputation score, CreationDate (when they joined), and other activity metrics stored. A connection
between users and Posts is established by the OwnerUserId field, which each post and its creator are
interconnected.

Tags Table: Holds metadata information of tags such as TagName, Count (number of times used)
and references wiki posts. Posts table stores tags as pipe delimited string, which I would require to
analyse them using regular expressions.

Comments Table: This table contains all the comments on the post and is connected with
the PostId field. Every comment contains a Score and CreationDate, which enables one to examine
discussion activity.

Votes Table: Records all voting on the platform. Posts are linked to the Votes with the help of
PostId, whereas VoteTypeId shows the kind of vote (upvote, downvote, accepted answer, etc.).

Badges Table: Tracks achievements that users have received in different activities. The badge
Name, Date earned and UserId of the recipient is contained.

PostHistory Table: This is where all the changes and alterations on the posts are captured
throughout history. This comes in handy to monitor the development of the content and the commu-
nity pattern of curation.

PostLinks Table: Relationships between posts e.g. duplicate questions or related questions.
Posts are related by the use of PostId and RelatedPostId fields.

These tables create a relational scheme that focuses on the Posts and Users, which allows analyzing
the patterns of engagement in the community, evolution of the topics and dynamics of user behavior
in detail. These tables are connected in such a way that I can combine data on different dimensions
to respond to complex analytical questions on the AI and data science communities.

1.4 Data Preparation and Cleaning Before conducting the analysis, I should change date fields
to datetime format, extract the temporal features, and divide questions and answers to conduct the
focused analysis.

Cell 13

# Convert date columns to datetime format
ai_posts['CreationDate'] = pd.to_datetime(ai_posts['CreationDate'])
ds_posts['CreationDate'] = pd.to_datetime(ds_posts['CreationDate'])

# Extract temporal features for time-based analysis
ai_posts['Year'] = ai_posts['CreationDate'].dt.year
ai_posts['Month'] = ai_posts['CreationDate'].dt.month
ai_posts['YearMonth'] = ai_posts['CreationDate'].dt.to_period('M')
ai_posts['Quarter'] = ai_posts['CreationDate'].dt.quarter

ds_posts['Year'] = ds_posts['CreationDate'].dt.year
ds_posts['Month'] = ds_posts['CreationDate'].dt.month
ds_posts['YearMonth'] = ds_posts['CreationDate'].dt.to_period('M')
ds_posts['Quarter'] = ds_posts['CreationDate'].dt.quarter

# Separate questions and answers based on PostTypeId
# PostTypeId = 1 indicates questions, PostTypeId = 2 indicates answers
ai_questions = ai_posts[ai_posts['PostTypeId'] == 1].copy()
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ai_answers = ai_posts[ai_posts['PostTypeId'] == 2].copy()

ds_questions = ds_posts[ds_posts['PostTypeId'] == 1].copy()
ds_answers = ds_posts[ds_posts['PostTypeId'] == 2].copy()

print(f"AI Stack Exchange: {len(ai_questions):,} questions, {len(ai_answers):,} answers")
print(f"DS Stack Exchange: {len(ds_questions):,} questions, {len(ds_answers):,} answers")
print(f"\nDate range (AI): {ai_posts['CreationDate'].min()} to

{ai_posts['CreationDate'].max()}")
print(f"Date range (DS): {ds_posts['CreationDate'].min()} to

{ds_posts['CreationDate'].max()}")
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AI Stack Exchange: 12,380 questions, 12,460 answers
DS Stack Exchange: 36,775 questions, 41,470 answers

Date range (AI): 2016-08-02 15:39:14.947000 to 2024-03-31 23:58:42.283000
Date range (DS): 2014-05-13 23:58:30.457000 to 2024-03-31 18:17:39.257000

Page 12 of 60



File 1 of 1 file

The data preparation indicates that AI Stack Exchange began its operations in 2016, and Data
Science community has existed since 2014. This is a time difference that is essential to take into
consideration when conducting comparative analysis between the two communities where Data Science
community has had a longer time to develop content and establish patterns.

0.1.3 Q2. Data Wrangling and Visualization for Business Insights

As part of this section, I will apply several data wrangling and visualization tools to answer questions
that are pertinent to the decision-making of the company. The temporal trends, popularity of the
topics based on regular expressions to match patterns, measures of engagement based on various
topics, and patterns of engagement in AI discussion based on seasons or events will be analyzed.

2.1 Temporal Analysis: Volume of AI Discussions Over Time To determine the change in
the quantity of the AI-discussions with time, I will look at the number of questions posted in each year
and each month. This will assist in determining the growth trends and the possible turning points of
communal involvement.

Cell 17

# Analyze question volume over time for AI Stack Exchange
ai_posts_by_year = ai_questions.groupby('Year').size()
ai_posts_by_month = ai_questions.groupby('YearMonth').size()

# Calculate year-over-year growth rates
ai_yearly_growth = ai_posts_by_year.pct_change() * 100

print("AI Stack Exchange - Annual Question Volume:")
print(ai_posts_by_year)
print("\nYear-over-Year Growth Rates (%):")
print(ai_yearly_growth.round(2))

# Statistical summary
print(f"\nTotal questions: {len(ai_questions):,}")
print(f"Peak year: {ai_posts_by_year.idxmax()} with {ai_posts_by_year.max():,} questions")
print(f"Average annual questions: {ai_posts_by_year.mean():.0f}")
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AI Stack Exchange - Annual Question Volume:
Year
2016 425
2017 614
2018 1199
2019 2145
2020 2566
2021 1862
2022 1378
2023 1717
2024 474
dtype: int64

Year-over-Year Growth Rates (%):
Year
2016 NaN
2017 44.47
2018 95.28
2019 78.90
2020 19.63
2021 -27.44
2022 -25.99
2023 24.60
2024 -72.39
dtype: float64

Total questions: 12,380
Peak year: 2020 with 2,566 questions
Average annual questions: 1376
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Cell 18

# Visualize temporal trends
fig, axes = plt.subplots(2, 1, figsize=(14, 10))

# Yearly trend
axes[0].plot(ai_posts_by_year.index, ai_posts_by_year.values,

marker='o', linewidth=2, markersize=8, color='#2E86AB')
axes[0].set_title('AI Stack Exchange: Annual Question Volume',

fontsize=14, fontweight='bold')
axes[0].set_xlabel('Year', fontsize=12)
axes[0].set_ylabel('Number of Questions', fontsize=12)
axes[0].grid(True, alpha=0.3)
for i, v in enumerate(ai_posts_by_year.values):

axes[0].text(ai_posts_by_year.index[i], v + 100, str(v),
ha='center', fontsize=10)

# Monthly trend
monthly_data = ai_posts_by_month.reset_index()
monthly_data['YearMonth'] = monthly_data['YearMonth'].astype(str)
axes[1].plot(range(len(monthly_data)), monthly_data[0].values,

linewidth=1.5, color='#A23B72', alpha=0.7)
axes[1].set_title('AI Stack Exchange: Monthly Question Volume',

fontsize=14, fontweight='bold')
axes[1].set_xlabel('Time Period', fontsize=12)
axes[1].set_ylabel('Number of Questions', fontsize=12)
axes[1].grid(True, alpha=0.3)

# Add year markers
for i in range(0, len(monthly_data), 12):

if i < len(monthly_data):
axes[1].axvline(x=i, color='gray', linestyle='--', alpha=0.3)
year = monthly_data.iloc[i]['YearMonth'][:4]
axes[1].text(i, axes[1].get_ylim()[1] * 0.95, year, fontsize=9)

plt.tight_layout()
plt.show()
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The time series analysis shows how the community of AI Stack Exchange has developed with time.
The annual volume chart indicates the trend in growth of the community as there are certain years that
have witnessed significant growth or contraction of the activity. These trends might be associated with
significant advancements in the AI domain including breakthrough research articles, new frameworks,
or more mainstream use of AI technologies. The monthly trend will give a finer analysis of the activity
patterns and also be useful in identifying the shorter term changes in community engagement.

2.2 Topic Popularity Analysis Using Regular Expressions I will examine tag frequency and
evolution patterns to identify the topics of AI that are becoming more or becoming less popular. I
will extract tags in the pipe-delimited format in the Tags column using regular expressions and create
subcategories under the broad areas of topics to do extensive trend analysis.

Cell 21

# Create a function to extract individual tags using regex
def extract_tags(tags_string):

"""
Extract individual tags from pipe-delimited string using regex.
Tags are stored in format: |tag1|tag2|tag3|
This function uses regex pattern matching to parse the tag structure.
"""
if pd.isna(tags_string):

return []
# Use regex to find all text between pipe characters
# Pattern: |([^|]+)| matches any text between pipes
tags = re.findall(r'\|([^|]+)\|', '|' + tags_string.strip('|') + '|')
return tags

# Apply tag extraction to AI questions
ai_questions['TagList'] = ai_questions['Tags'].apply(extract_tags)

# Create a flat list of all tags with their years for temporal analysis
tag_year_data = []
for idx, row in ai_questions.iterrows():

for tag in row['TagList']:
tag_year_data.append({'Tag': tag, 'Year': row['Year']})

tag_df = pd.DataFrame(tag_year_data)

# Calculate overall tag frequency
tag_counts = tag_df['Tag'].value_counts()
print("Top 20 Most Popular AI Topics:")
print(tag_counts.head(20))

print(f"\nTotal unique tags: {len(tag_counts)}")
print(f"Total tag instances: {len(tag_df):,}")
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Top 20 Most Popular AI Topics:
Tag
neural-networks 2597
reinforcement-learning 2167
machine-learning 1695
deep-learning 1224
convolutional-neural-networks 707
natural-language-processing 531
computer-vision 286
classification 233
training 227
reference-request 214
transformer 209
comparison 204
terminology 187
recurrent-neural-networks 182
deep-rl 181
papers 177
tensorflow 177
python 173
dqn 169
ai-design 165
Name: count, dtype: int64

Total unique tags: 933
Total tag instances: 24,336
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Cell 22

# Visualize top topics
fig, ax = plt.subplots(figsize=(12, 8))
top_20_tags = tag_counts.head(20)
colors = sns.color_palette('viridis', len(top_20_tags))
bars = ax.barh(range(len(top_20_tags)), top_20_tags.values, color=colors)
ax.set_yticks(range(len(top_20_tags)))
ax.set_yticklabels(top_20_tags.index, fontsize=11)
ax.set_xlabel('Number of Questions', fontsize=12, fontweight='bold')
ax.set_title('Top 20 AI Topics by Question Volume',

fontsize=14, fontweight='bold', pad=20)
ax.invert_yaxis()
ax.grid(axis='x', alpha=0.3)

# Add value labels on bars
for i, (bar, value) in enumerate(zip(bars, top_20_tags.values)):

ax.text(value + 20, i, f'{value:,}', va='center', fontsize=9)

plt.tight_layout()
plt.show()
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The tag frequency analysis reveals the most popular topics in AI Stack Exchange community. The
most popular subjects are the fundamental subjects of concern and knowledge in the society. The
subjects such as machine-learning, neural-networks and deep-learning are constantly on the list of top
positions, which shows that it is a fundamental domain where professionals acquire information and
exchange experience.

2.2.1 Categorizing Topics Using Regular Expression Patterns To determine emerging
and dropping topics more efficiently, regular expressions will be employed to classify the tags into
larger topics areas. This is an exact match in a regular expression method that will enable me to get
related words and forms that would not be caught only with exact match.

Cell 25

# Define regex patterns for major AI topic categories
topic_patterns = {

'Deep Learning':
r'deep[-\s]?learning|neural[-\s]?network|cnn|rnn|lstm|gru|transformer',
'NLP':
r'nlp|natural[-\s]?language|text[-\s]?processing|sentiment|chatbot|language[-\s]?model
',
'Computer Vision': r'computer[-\s]?vision|image[-\s]?processing|object[-\s]?detection|
image[-\s]?recognition',
'Reinforcement Learning': r'reinforcement|rl|q[-\s]?learning|policy|reward|agent',
'Generative AI':
r'gan|generative|gpt|llm|large[-\s]?language|diffusion|stable[-\s]?diffusion',
'Machine Learning':
r'^machine[-\s]?learning$|^ml$|classification|regression|clustering',
'AI Ethics':
r'ethics|bias|fairness|explainability|interpretability|responsible[-\s]?ai',
'Optimization': r'optimization|gradient|backpropagation|hyperparameter|training'

}

def categorize_tag(tag):
"""Categorize a tag based on regex patterns."""
tag_lower = tag.lower()
categories = []
for category, pattern in topic_patterns.items():

if re.search(pattern, tag_lower):
categories.append(category)

return categories if categories else ['Other']

# Apply categorization
tag_df['Categories'] = tag_df['Tag'].apply(categorize_tag)
tag_df_exploded = tag_df.explode('Categories')

# Analyze category trends over time
category_year = tag_df_exploded.groupby(['Year',

'Categories']).size().unstack(fill_value=0)

print("Topic Category Trends by Year:")
print(category_year)

print("\n" + "="*70)
print("Growth Analysis for Key Topic Categories:")
print("="*70)
for category in ['Deep Learning', 'NLP', 'Generative AI', 'Reinforcement Learning']:

if category in category_year.columns:
data = category_year[category]
if len(data) > 1:

initial = data.iloc[0] if data.iloc[0] > 0 else 1
final = data.iloc[-1]
growth = ((final - initial) / initial) * 100
print(f"\n{category}:")
print(f" First year count: {data.iloc[0]}")
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print(f" Latest year count: {data.iloc[-1]}")
print(f" Overall growth: {growth:+.1f}%")
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Topic Category Trends by Year:
Categories AI Ethics Computer Vision Deep Learning Generative AI \
Year
2016 9 17 144 0
2017 4 33 250 4
2018 5 54 570 11
2019 10 112 1009 43
2020 18 150 1114 58
2021 7 106 793 63
2022 4 70 519 76
2023 2 95 647 250
2024 1 19 186 58

Categories Machine Learning NLP Optimization Other Reinforcement Learning
Year
2016 30 18 12 486 23
2017 136 30 31 559 56
2018 226 48 95 1110 202
2019 455 82 136 1812 499
2020 464 129 207 2356 935
2021 295 93 147 1936 505
2022 263 66 130 1189 452
2023 273 191 119 1286 338
2024 63 45 47 365 130

======================================================================
Growth Analysis for Key Topic Categories:
======================================================================

Deep Learning:
First year count: 144
Latest year count: 186
Overall growth: +29.2%

NLP:
First year count: 18
Latest year count: 45
Overall growth: +150.0%

Generative AI:
First year count: 0
Latest year count: 58
Overall growth: +5700.0%

Reinforcement Learning:
First year count: 23
Latest year count: 130
Overall growth: +465.2%
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2.2.2 Identifying Emerging and Declining Topics To provide actionable investment in-
sights, I will now calculate growth rates for individual tags to explicitly identify which specific topics
are becoming more popular (emerging) and which are declining. This analysis compares recent activity
(2022-2024) against earlier periods (2019-2021) to identify current trends.

Cell 27

# Identify Emerging and Declining Topics - Calculate growth rates for top tags
print("="*80)
print("EMERGING AND DECLINING TOPICS ANALYSIS")
print("="*80)

# Calculate year-over-year trends for top 30 tags
top_30_tags = tag_counts.head(30).index.tolist()

growth_analysis = []
for tag in top_30_tags:

tag_yearly = tag_df[tag_df['Tag'] == tag].groupby('Year').size()
if len(tag_yearly) >= 2:

# Calculate growth from first half vs second half of data
years = sorted(tag_yearly.index)
mid_point = len(years) // 2
early_avg = tag_yearly.iloc[:mid_point].mean() if mid_point > 0 else

tag_yearly.iloc[0]
late_avg = tag_yearly.iloc[mid_point:].mean()
growth_rate = ((late_avg - early_avg) / max(early_avg, 1)) * 100

# Recent trend (last 2 years vs previous 2 years)
recent_years = [y for y in years if y >= 2022]
earlier_years = [y for y in years if y < 2022 and y >= 2019]
recent_avg = tag_yearly[tag_yearly.index.isin(recent_years)].mean() if

recent_years else 0
earlier_avg = tag_yearly[tag_yearly.index.isin(earlier_years)].mean() if

earlier_years else 1
recent_growth = ((recent_avg - earlier_avg) / max(earlier_avg, 1)) * 100

growth_analysis.append({
'Tag': tag,
'Total_Count': tag_counts[tag],
'Early_Period_Avg': round(early_avg, 1),
'Late_Period_Avg': round(late_avg, 1),
'Overall_Growth_%': round(growth_rate, 1),
'Recent_Trend_%': round(recent_growth, 1)

})

growth_df = pd.DataFrame(growth_analysis)

# Identify EMERGING topics (positive growth)
print("\n EMERGING TOPICS (Fastest Growing - Recent Period):")
print("-"*60)
emerging = growth_df.nlargest(10, 'Recent_Trend_%')
print(emerging[['Tag', 'Total_Count', 'Recent_Trend_%']].to_string(index=False))

# Identify DECLINING topics (negative growth)
print("\n DECLINING TOPICS (Fastest Declining - Recent Period):")
print("-"*60)
declining = growth_df.nsmallest(10, 'Recent_Trend_%')
print(declining[['Tag', 'Total_Count', 'Recent_Trend_%']].to_string(index=False))

# Identify STABLE topics
print("\n STABLE TOPICS (Minimal Change):")
print("-"*60)
growth_df['Abs_Growth'] = growth_df['Recent_Trend_%'].abs()
stable = growth_df.nsmallest(5, 'Abs_Growth')
print(stable[['Tag', 'Total_Count', 'Recent_Trend_%']].to_string(index=False))
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================================================================================
EMERGING AND DECLINING TOPICS ANALYSIS
================================================================================

EMERGING TOPICS (Fastest Growing - Recent Period):
------------------------------------------------------------
Tag Total_Count Recent_Trend_%
transformer 209 126.6
training 227 -31.5
natural-language-processing 531 -34.0
generative-adversarial-networks 134 -35.9
backpropagation 135 -39.7
computer-vision 286 -41.6
classification 233 -43.8
python 173 -46.9
game-ai 150 -48.4
reinforcement-learning 2167 -51.9

DECLINING TOPICS (Fastest Declining - Recent Period):
------------------------------------------------------------
Tag Total_Count Recent_Trend_%
comparison 204 -83.7
philosophy 152 -82.7
terminology 187 -75.0
objective-functions 129 -73.7
papers 177 -72.4
ai-design 165 -68.8
object-detection 124 -67.8
keras 124 -66.2
convolutional-neural-networks 707 -65.2
reference-request 214 -63.6

STABLE TOPICS (Minimal Change):
------------------------------------------------------------
Tag Total_Count Recent_Trend_%
training 227 -31.5
natural-language-processing 531 -34.0
generative-adversarial-networks 134 -35.9
backpropagation 135 -39.7
computer-vision 286 -41.6
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Cell 28

# Visualize topic popularity trends over time using LINE CHARTS
# This clearly shows which topics are growing vs declining

fig, axes = plt.subplots(1, 2, figsize=(18, 7))

# Select key topics to track - mix of popular and emerging
key_topics = ['transformer', 'neural-networks', 'deep-learning', 'machine-learning',

'reinforcement-learning', 'natural-language-processing', 'python',
'tensorflow']

# Left: Line chart showing topic trends over time
ax1 = axes[0]
colors = plt.cm.tab10(range(len(key_topics)))

for i, topic in enumerate(key_topics):
topic_trend = tag_df[tag_df['Tag'] == topic].groupby('Year').size()
if len(topic_trend) > 0:

ax1.plot(topic_trend.index, topic_trend.values, marker='o', linewidth=2,
markersize=6, label=topic, color=colors[i])

ax1.set_xlabel('Year', fontsize=12, fontweight='bold')
ax1.set_ylabel('Number of Questions', fontsize=12, fontweight='bold')
ax1.set_title('Topic Popularity Trends Over Time\n(Line Chart - Key AI Topics)',

fontsize=13, fontweight='bold')
ax1.legend(loc='upper left', fontsize=9, ncol=2)
ax1.grid(True, alpha=0.3)

# Right: Diverging bar chart - all topics sorted by growth rate
ax2 = axes[1]
sorted_growth = growth_df.sort_values('Recent_Trend_%', ascending=True)

# Color based on positive/negative growth
colors_bar = ['#2ecc71' if x > 0 else '#e74c3c' for x in sorted_growth['Recent_Trend_%']]

bars = ax2.barh(range(len(sorted_growth)), sorted_growth['Recent_Trend_%'],
color=colors_bar, edgecolor='black', alpha=0.8)

ax2.set_yticks(range(len(sorted_growth)))
ax2.set_yticklabels(sorted_growth['Tag'], fontsize=9)
ax2.set_xlabel('Growth Rate (%) - 2022-2024 vs 2019-2021', fontsize=12, fontweight='bold')
ax2.set_title('Topic Growth/Decline Comparison\n(Green=Growing, Red=Declining)',

fontsize=13, fontweight='bold')
ax2.axvline(x=0, color='black', linewidth=2)
ax2.grid(axis='x', alpha=0.3)

# Add value labels
for i, (bar, val) in enumerate(zip(bars, sorted_growth['Recent_Trend_%'])):

if val >= 0:
ax2.text(val + 2, i, f'+{val:.0f}%', va='center', fontsize=8, color='darkgreen')

else:
ax2.text(val - 2, i, f'{val:.0f}%', va='center', fontsize=8, ha='right',

color='darkred')

plt.tight_layout()
plt.show()

# Summary statistics
num_growing = len(growth_df[growth_df['Recent_Trend_%'] > 0])
num_declining = len(growth_df[growth_df['Recent_Trend_%'] < 0])
print(f"\n{'='*70}")
print("TOPIC POPULARITY SUMMARY:")
print(f"{'='*70}")
print(f" Growing topics: {num_growing} (showing positive recent trend)")
print(f" Declining topics: {num_declining} (showing negative recent trend)")
print(f"\n Most EMERGING: {growth_df.nlargest(1, 'Recent_Trend_%')['Tag'].values[0]}
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(+{growth_df['Recent_Trend_%'].max():.1f}%)")
print(f" Most DECLINING: {growth_df.nsmallest(1, 'Recent_Trend_%')['Tag'].values[0]}

({growth_df['Recent_Trend_%'].min():.1f}%)")
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======================================================================
TOPIC POPULARITY SUMMARY:
======================================================================
Growing topics: 1 (showing positive recent trend)
Declining topics: 29 (showing negative recent trend)

Most EMERGING: transformer (+126.6%)
Most DECLINING: comparison (-83.7%)
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Findings of Emerging and Declining Topics Analysis:
The analysis of the growth rate discloses obvious trends in the changes in popularity of the topics:
Topics under development (Investment Opportunities):

• Subjects with positive growth rate are those with growing community interest that should be
prioritized to be invested in.

• The new areas are where practitioners are actively pursuing new knowledge and where innovation
is taking place.

• Rapidly expanding subjects are generally in line with the latest trends in the industry, and
technological advancements.

The declining topics (Caution Areas):

• Negatively growing topics indicate possibilities where interest is declining or in knowledge con-
solidated.

• Falling off subjects can symbolize maturete technologies in which the underlying questions are
solved. -It does not imply that these topics are outdated but simply that the learning curve has
become flat.

The following are the core competencies (stable topics):

• Topics with low flux are core areas where interest is constant and sustained.
• These are areas that are core competencies and the company must retain expertise without

incurring a lot of new investment.

This categorical listing of increasing and decreasing topics directly feeds the investment suggestions
in Section 3.

Cell 30

# Visualize category trends over time
fig, ax = plt.subplots(figsize=(14, 8))

key_categories = ['Deep Learning', 'NLP', 'Computer Vision',
'Reinforcement Learning', 'Generative AI', 'AI Ethics']

colors_map = {
'Deep Learning': '#1f77b4', 'NLP': '#ff7f0e',
'Computer Vision': '#2ca02c', 'Reinforcement Learning': '#d62728',
'Generative AI': '#9467bd', 'AI Ethics': '#8c564b'

}

for category in key_categories:
if category in category_year.columns:

ax.plot(category_year.index, category_year[category],
marker='o', linewidth=2.5, markersize=7,
label=category, color=colors_map.get(category))

ax.set_xlabel('Year', fontsize=12, fontweight='bold')
ax.set_ylabel('Number of Related Questions', fontsize=12, fontweight='bold')
ax.set_title('Evolution of AI Topic Categories Over Time', fontsize=14, fontweight='bold',

pad=20)
ax.legend(loc='upper left', fontsize=10, framealpha=0.9)
ax.grid(True, alpha=0.3)
plt.tight_layout()
plt.show()
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The topic categorization which is based on the regex gives a broad perspective of trends by clus-
tering similar tags together. This analysis indicates the areas of technical development that have been
rapidly increasing compared to those that have leveled. Pattern matching methodology will contain
the discrepancies in terminologies and allied notions that will provide a better picture of the overriding
community interest trend.

2.3 Engagement Metrics Analysis Across Topics The analysis of such engagement statistics
as views, scores, and answer rates would specify what issues may be of the greatest interest to the
community and in which areas knowledge gaps could be observed. I will compute different engagement
metrics of the most popular topics.

Cell 33

# Calculate engagement metrics for top tags
tag_engagement = []

for tag in tag_counts.head(30).index:
tag_questions = ai_questions[ai_questions['Tags'].str.contains(

f'|{tag}|', regex=False, na=False)]

metrics = {
'Tag': tag,
'Question_Count': len(tag_questions),
'Avg_Score': tag_questions['Score'].mean(),
'Avg_Views': tag_questions['ViewCount'].mean(),
'Avg_Answers': tag_questions['AnswerCount'].mean(),
'Answer_Rate': (tag_questions['AnswerCount'] > 0).mean() * 100,
'Total_Views': tag_questions['ViewCount'].sum()

}
tag_engagement.append(metrics)

engagement_df = pd.DataFrame(tag_engagement)
engagement_df = engagement_df.sort_values('Avg_Views', ascending=False)

print("Top 15 Topics by Average Views:")
print(engagement_df[['Tag', 'Question_Count', 'Avg_Views',

'Avg_Score', 'Avg_Answers',
'Answer_Rate']].head(15).to_string(index=False))

print("\n" + "="*70)
print("Engagement Insights:")
print("="*70)
print(f"High-engagement topics (>median views):

{len(engagement_df[engagement_df['Avg_Views'] >
engagement_df['Avg_Views'].median()])}")

print(f"Average answer rate across top topics:
{engagement_df['Answer_Rate'].mean():.1f}%")

print(f"Topics with >90% answer rate: {(engagement_df['Answer_Rate'] > 90).sum()}")
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Top 15 Topics by Average Views:
Tag Question_Count Avg_Views Avg_Score Avg_Answers Answer_Rate
comparison 455 3225.551648 5.318681 1.364835 84.615385
terminology 397 2207.833753 4.513854 1.415617 87.405542
long-short-term-memory 296 1773.422297 2.425676 0.861486 63.175676
philosophy 186 1506.811828 7.994624 2.903226 93.010753
recurrent-neural-networks 361 1458.565097 2.401662 0.833795 60.941828
transformer 362 1346.817680 2.298343 0.831492 62.154696
reference-request 483 1203.809524 3.536232 1.178054 71.428571
natural-language-processing 759 1200.316206 2.640316 1.001318 68.511199
tensorflow 362 1069.834254 1.715470 0.897790 62.983425
machine-learning 2354 974.456669 2.540357 1.062022 70.943076
convolutional-neural-networks 1179 971.972858 2.251908 0.925360 65.903308
neural-networks 2600 971.930000 2.713462 1.068077 70.923077
training 489 966.028630 1.975460 1.012270 68.916155
deep-learning 2021 922.591786 2.344879 0.975260 67.441860
game-ai 250 920.532000 2.932000 1.168000 79.200000

======================================================================
Engagement Insights:
======================================================================
High-engagement topics (>median views): 15
Average answer rate across top topics: 69.2%
Topics with >90% answer rate: 1
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Cell 34

# Visualize engagement patterns
fig, axes = plt.subplots(1, 2, figsize=(16, 6))

top_15_eng = engagement_df.head(15)
scatter = axes[0].scatter(top_15_eng['Avg_Score'], top_15_eng['Avg_Views'],

s=top_15_eng['Question_Count']*2,
alpha=0.6, c=top_15_eng['Answer_Rate'],
cmap='RdYlGn', edgecolors='black', linewidth=1)

axes[0].set_xlabel('Average Score', fontsize=12, fontweight='bold')
axes[0].set_ylabel('Average Views', fontsize=12, fontweight='bold')
axes[0].set_title('Topic Engagement: Views vs Score\n(Size=Question Count, Color=Answer

Rate)', fontsize=12, fontweight='bold')
axes[0].grid(True, alpha=0.3)
cbar = plt.colorbar(scatter, ax=axes[0])
cbar.set_label('Answer Rate (%)', fontsize=10)

for idx, row in top_15_eng.head(8).iterrows():
axes[0].annotate(row['Tag'], (row['Avg_Score'], row['Avg_Views']),

fontsize=8, alpha=0.7, xytext=(5, 5), textcoords='offset points')

top_12_ans = engagement_df.nlargest(12, 'Answer_Rate')
bars = axes[1].barh(range(len(top_12_ans)), top_12_ans['Answer_Rate'],

color=plt.cm.RdYlGn(top_12_ans['Answer_Rate']/100))
axes[1].set_yticks(range(len(top_12_ans)))
axes[1].set_yticklabels(top_12_ans['Tag'], fontsize=10)
axes[1].set_xlabel('Answer Rate (%)', fontsize=12, fontweight='bold')
axes[1].set_title('Topics with Highest Answer Rates', fontsize=12, fontweight='bold')
axes[1].axvline(x=90, color='red', linestyle='--', alpha=0.5, label='90% threshold')
axes[1].legend()
axes[1].invert_yaxis()
axes[1].grid(axis='x', alpha=0.3)

plt.tight_layout()
plt.show()
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The engagement analysis will indicate what topics the community is interested in and maintains
its interest with views and reactions. The ones with the highest rates of the answers are the topics
where the society is knowledgeable. Low answer rate topics can also be new or problematic areas that
the knowledge is yet to mature, which can be seen as a chance to build expertise.

2.4 Seasonal and Event-Driven Patterns in AI Discussions To identify whether AI discussions
follow seasonal patterns or are influenced by external events, I will examine monthly and quarterly
distribution patterns, as well as search for mentions of major AI technologies using regular expressions.

Cell 37

# Analyze monthly and quarterly patterns
monthly_pattern = ai_questions.groupby('Month').size()
quarterly_pattern = ai_questions.groupby('Quarter').size()

print("Questions by Month:")
print(monthly_pattern)
print("\nQuestions by Quarter:")
print(quarterly_pattern)

peak_month = monthly_pattern.idxmax()
peak_quarter = quarterly_pattern.idxmax()
month_names = ['Jan', 'Feb', 'Mar', 'Apr', 'May', 'Jun',

'Jul', 'Aug', 'Sep', 'Oct', 'Nov', 'Dec']

print(f"\nPeak activity month: {month_names[peak_month-1]} ({monthly_pattern.max()}
questions)")

print(f"Peak activity quarter: Q{peak_quarter} ({quarterly_pattern.max()} questions)")
print(f"Lowest activity month: {month_names[monthly_pattern.idxmin()-1]}

({monthly_pattern.min()} questions)")
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Questions by Month:
Month
1 1036
2 1002
3 1162
4 1003
5 1013
6 984
7 1057
8 1217
9 937
10 980
11 1017
12 972
dtype: int64

Questions by Quarter:
Quarter
1 3200
2 3000
3 3211
4 2969
dtype: int64

Peak activity month: Aug (1217 questions)
Peak activity quarter: Q3 (3211 questions)
Lowest activity month: Sep (937 questions)
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Cell 38

# Visualize seasonal patterns
fig, axes = plt.subplots(2, 1, figsize=(14, 10))

month_labels = ['Jan', 'Feb', 'Mar', 'Apr', 'May', 'Jun',
'Jul', 'Aug', 'Sep', 'Oct', 'Nov', 'Dec']

bars = axes[0].bar(range(1, 13), monthly_pattern.values,
color=plt.cm.viridis(monthly_pattern.values/monthly_pattern.max()),
edgecolor='black', linewidth=1)

axes[0].set_xticks(range(1, 13))
axes[0].set_xticklabels(month_labels, fontsize=11)
axes[0].set_ylabel('Total Questions', fontsize=12, fontweight='bold')
axes[0].set_title('Distribution of Questions by Month (All Years Combined)', fontsize=13,

fontweight='bold')
axes[0].axhline(y=monthly_pattern.mean(), color='red', linestyle='--',

linewidth=2, label=f'Mean: {monthly_pattern.mean():.0f}')
axes[0].legend()
axes[0].grid(axis='y', alpha=0.3)

for i, bar in enumerate(bars):
height = bar.get_height()
axes[0].text(bar.get_x() + bar.get_width()/2., height + 50,

f'{int(height)}', ha='center', va='bottom', fontsize=9)

quarter_labels = ['Q1\n(Jan-Mar)', 'Q2\n(Apr-Jun)', 'Q3\n(Jul-Sep)', 'Q4\n(Oct-Dec)']
bars_q = axes[1].bar(range(1, 5), quarterly_pattern.values,

color=['#FF6B6B', '#4ECDC4', '#45B7D1', '#FFA07A'],
edgecolor='black', linewidth=1.5, width=0.6)

axes[1].set_xticks(range(1, 5))
axes[1].set_xticklabels(quarter_labels, fontsize=11)
axes[1].set_ylabel('Total Questions', fontsize=12, fontweight='bold')
axes[1].set_title('Distribution of Questions by Quarter', fontsize=13, fontweight='bold')
axes[1].grid(axis='y', alpha=0.3)

for bar in bars_q:
height = bar.get_height()
axes[1].text(bar.get_x() + bar.get_width()/2., height + 50,

f'{int(height)}', ha='center', va='bottom', fontsize=11,
fontweight='bold')

plt.tight_layout()
plt.show()
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2.4.1 Identifying Event-Driven Spikes Using Regular Expressions I will perform regular
expressions to find the reference to key AI events and technologies in the title of the questions to
determine whether the spikes in the activities can be associated with the advancing AI cases in the
real world.

Cell 40

# Define regex patterns for major AI technologies
event_patterns = {

'GPT/ChatGPT': r'gpt[-\s]?[0-9]?|chatgpt|chat[-\s]?gpt',
'Transformer': r'transformer',
'BERT': r'bert',
'TensorFlow': r'tensorflow',
'PyTorch': r'pytorch',
'GAN': r'gan|generative[-\s]?adversarial',
'ResNet': r'resnet',
'AlphaGo': r'alphago'

}

event_timeline = {}

for event, pattern in event_patterns.items():
matches = ai_questions[ai_questions['Title'].str.contains(

pattern, case=False, regex=True, na=False)]
if len(matches) > 0:

yearly_mentions = matches.groupby('Year').size()
event_timeline[event] = yearly_mentions

print("Technology Mentions in Question Titles Over Time:")
print("="*70)
for event, timeline in event_timeline.items():

if len(timeline) > 0:
print(f"\n{event}:")
print(f" Total mentions: {timeline.sum()}")
print(f" First appearance: {timeline.index.min()}")
print(f" Peak year: {timeline.idxmax()} ({timeline.max()} mentions)")
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Technology Mentions in Question Titles Over Time:
======================================================================

GPT/ChatGPT:
Total mentions: 171
First appearance: 2019
Peak year: 2023 (104 mentions)

Transformer:
Total mentions: 215
First appearance: 2018
Peak year: 2023 (92 mentions)

BERT:
Total mentions: 66
First appearance: 2016
Peak year: 2020 (16 mentions)

TensorFlow:
Total mentions: 55
First appearance: 2017
Peak year: 2019 (13 mentions)

PyTorch:
Total mentions: 47
First appearance: 2018
Peak year: 2021 (11 mentions)

GAN:
Total mentions: 190
First appearance: 2016
Peak year: 2020 (48 mentions)

ResNet:
Total mentions: 32
First appearance: 2019
Peak year: 2022 (8 mentions)

AlphaGo:
Total mentions: 35
First appearance: 2016
Peak year: 2020 (13 mentions)
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Cell 41

# Visualize event-driven trends
fig, ax = plt.subplots(figsize=(14, 7))

colors_events = plt.cm.tab10(range(len(event_timeline)))
for i, (event, timeline) in enumerate(event_timeline.items()):

if timeline.sum() > 5:
ax.plot(timeline.index, timeline.values,

marker='o', linewidth=2, markersize=6,
label=event, color=colors_events[i])

ax.set_xlabel('Year', fontsize=12, fontweight='bold')
ax.set_ylabel('Number of Mentions in Titles', fontsize=12, fontweight='bold')
ax.set_title('Evolution of Major AI Technologies in Community Discussions',

fontsize=13, fontweight='bold', pad=15)
ax.legend(loc='upper left', fontsize=10, framealpha=0.9)
ax.grid(True, alpha=0.3)
plt.tight_layout()
plt.show()
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The event and seasonal analysis indicates the trends in the community activity. Seasonal variations
can be academic calendar based. The regex pattern recognition event-driven analysis reveal that
significant tech releases cause instant debate in the community, proving that professionals are interested
in learning and applying new AI features as they arise.

0.1.4 Q3. Key Findings and Investment Recommendations

Due to the in-depth analysis of data of the AI Stack Exchange, I have formulated some key insights
that would guide effective strategic investment decisions in the company. This section will provide
the summary of the major findings and convert them into the recommendations that can be made in
actual practice.

3.1 Fast-Growing AI Research Themes (Emerging Opportunities) The regex-based topic
analysis has revealed some of the rapidly expanding research fields that are indicative of future op-
portunities:

Generative AI and Large Language Models: The analysis will reveal that there is a substan-
tial increase in articles concerning generative AI, large language models (LLM), and GPT variants,
and diffusion models. This is indicative of the mainstream use of generative AI technologies after such
breakthroughs as ChatGPT. This is one of the key investment areas that the company must develop
competencies in deploying the model, Fine tuning and application development.

Natural Language Processing: The issues in the field of NLP are characterized by a high level
of interest over several years, which shows that there is permanent attention to the technology of
language understanding and language generation. NLP capabilities investment provides short-term
ROI with its existing applications and long-termpositioning to upcoming innovation.

Advanced Neural Network Architectures: There is still a lot of interest in questions related to
transformer architectures, CNNs, RNNs, and their variations. The current trend in model design and
optimization shows that the area of architectural improvements is a point of competitive advantage.

3.2 Declining Areas and Stable Topics Conventional machine learning subject areas and some
of the classical AI methods exhibit steady or slightly dwindling growth rates in comparison with
newer deep learning technologies. This does not reflect the obsolescence, but it is the maturity at the
market and the consolidation of knowledge. The response to the questions in these fields is often high
indicating a well-developed professionalism.

Recommendations for Mature Areas:

• Concentrate on automation and operational excellence and integration instead of new research.
• Invest in mechanisms and systems to help integrate between older ML and newer deep learning.
• In the case of mature technologies, the competitive advantage is high through high implemen-

tation and cost optimization.

3.3 Engagement Patterns and Knowledge Gaps The engagement analysis reveals important
insights:

High-Engagement, High-Answer-Rate Topics: These represent areas with strong community
expertise. They are less risky areas of investment in which both best practices are familiar.

High-Engagement, Low-Answer-Rate Topics: These mean that they are emerging topics of
great interest and knowledge is developing. This is an opportunity space - those companies who build
expertise have the ability to build thought leadership and competitive advantages.

Investment Implications:

• Knowledge gaps in the high growth areas should be targeted.
• Develop internal capability or create strategic alliances.
• Innovate systems and devices that reduce implementation of highly automated AI.
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3.4 Recommended Investment Focus Areas Based on the analysis, I recommend the following
strategic priorities:

The priority in investments should be the top of the priority list in the first place, generative AI
infrastructure and applications. It also involves developing high-quality deployment, fine-tuning, and
optimization of large language models, and investing in the computational infrastructure to efficiently
and scale-based training and service of generative systems.

Second, the company must make a heavy investment in NLP and transformer experience. Increas-
ing awareness of transformer architectures, at the same time as learning to perform efficient inference
and model compression, will be essential to the enhancement of performance, reduction of operational
costs and technical competitiveness.

Third, high-speed technology adoption measures are to be created at the medium level of priority.
It implies the development of nimble teams responsible to track and assess the new technologies and
a loose infrastructure that facilitates rapid experimentation, iteration and deployment.

Finally, responsible AI and interpretability is an emerging area of concern. The further devel-
opment of AI ethics, bias reduction and explainability will assist in controlling risk, being able to
stand regulatory scrutiny, and offer long-term market distinction due to higher levels of trust and
transparency.

0.1.5 3.5 Summary of Key Findings

The analysis of AI Stack Exchange data reveals a dynamic community with clear trends that can
inform strategic decision-making:

Growth Trajectory: The statistics of the AI Stack Exchange under the analysis demonstrate a
vibrant and changing community, which provides clear pointers that can be used to make strategic
decisions. The overall activity demonstrates high growth rate between 2016 and 2020 reaching the
highest level of 2,566 questions in 2020. The decrease of the year 2021 and 2022 and a partial recovery
in the year 2023, may indicate a well-known maturation of the platform and a shift of the discussion
of the new topics, including ChatGPT, to newer or more general-purpose platforms.

Topic Evolution: The trends of the topics also show how the community has changed over time
in terms of concentration. Deep Learning and Neural Networks still prevail in debates and show the
roots in the work of AI. Simultaneously, Generative AI has become the most rapidly developing field
within the recent years, and GPT and ChatGPT-related topics have experienced a drastic growth,
featuring a sudden boom of 104 mentions in 2023 without any mention of its existence predating 2019.

Engagement Quality: The quality of engagement is subject-specific and offers information on
the areas of expertise. Conceptual and reflective items, including items relating to philosophy and
comparisons, also have a very high answer rates of above 85 percent, which show that the community
has a high degree of confidence regarding these subjects. On the other hand, the implementation
issues are more moderate with the answer rates of 60 to 65 percent, which is far more technical,
such as transformers and LSTMs, indicating that these are still active fields of learning that involve
complexity.

Actionable Investment Priorities: Combined, these trends indicate the obvious and practical
investment priorities. The idea of generative AI and large language models are notable because of their
soaring development and strategic significance. NLP and transformer-based systems have proven to
be long-term and relevant, whereas computer vision is steady with the new possibilities at the horizon.
Lastly, responsible AI frameworks are becoming a growing trend with the rise in ethical concerns and
regulatory demands and thus are a key area requiring future investment.

0.1.6 Q4. Comparative Analysis: AI Stack Exchange vs Data Science Stack Exchange

At this point, I will continue the analysis by comparing engagement patterns, distributions of topics,
and focus on community between AI and Data Science Stack Exchange communities. Such a com-
parative analysis will provide valuable information regarding the overlapping or separation of AI and
data science interests, and make strategic investment choices.
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4.1 Community Growth Comparison I will compare the growth patterns of the two communities
over the years first. Such analysis will indicate which community is developing at a faster rate and
the way their development patterns vary.

Cell 51

# Compare annual question volumes between AI and DS communities
ai_yearly = ai_questions.groupby('Year').size()
ds_yearly = ds_questions.groupby('Year').size()

# Align the years for comparison (both communities have data from different start dates)
all_years = sorted(set(ai_yearly.index) | set(ds_yearly.index))
comparison_df = pd.DataFrame({

'Year': all_years,
'AI_Stack_Exchange': [ai_yearly.get(year, 0) for year in all_years],
'DS_Stack_Exchange': [ds_yearly.get(year, 0) for year in all_years]

})
comparison_df = comparison_df.set_index('Year')

print("Annual Question Volume Comparison:")
print("="*60)
print(comparison_df)

# Calculate growth metrics
print("\n" + "="*60)
print("Community Size Metrics:")
print("="*60)
print(f"AI Stack Exchange: {len(ai_questions):,} total questions")
print(f"DS Stack Exchange: {len(ds_questions):,} total questions")
print(f"DS is {len(ds_questions)/len(ai_questions):.1f}x larger than AI Stack Exchange")

# Calculate Compound Annual Growth Rate (CAGR) for common period
common_years = sorted(set(ai_yearly.index) & set(ds_yearly.index))
if len(common_years) >= 2:

start_year, end_year = common_years[0], common_years[-1]
years_diff = end_year - start_year

ai_cagr = ((ai_yearly[end_year] / ai_yearly[start_year]) ** (1/years_diff) - 1) * 100
ds_cagr = ((ds_yearly[end_year] / ds_yearly[start_year]) ** (1/years_diff) - 1) * 100

print(f"\nCompound Annual Growth Rate ({start_year}-{end_year}):")
print(f" AI Stack Exchange: {ai_cagr:+.1f}%")
print(f" DS Stack Exchange: {ds_cagr:+.1f}%")
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Annual Question Volume Comparison:
============================================================
AI_Stack_Exchange DS_Stack_Exchange
Year
2014 0 559
2015 0 1161
2016 425 2112
2017 614 2916
2018 1199 5326
2019 2145 6748
2020 2566 6129
2021 1862 4712
2022 1378 3390
2023 1717 3017
2024 474 705

============================================================
Community Size Metrics:
============================================================
AI Stack Exchange: 12,380 total questions
DS Stack Exchange: 36,775 total questions
DS is 3.0x larger than AI Stack Exchange

Compound Annual Growth Rate (2016-2024):
AI Stack Exchange: +1.4%
DS Stack Exchange: -12.8%
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Cell 52

# Visualize growth comparison between both communities
fig, axes = plt.subplots(1, 2, figsize=(16, 6))

# Left plot: Absolute values
ax1 = axes[0]
width = 0.35
x = np.arange(len(comparison_df))
bars1 = ax1.bar(x - width/2, comparison_df['AI_Stack_Exchange'], width,

label='AI Stack Exchange', color='#2E86AB', edgecolor='black')
bars2 = ax1.bar(x + width/2, comparison_df['DS_Stack_Exchange'], width,

label='DS Stack Exchange', color='#A23B72', edgecolor='black')

ax1.set_xlabel('Year', fontsize=12, fontweight='bold')
ax1.set_ylabel('Number of Questions', fontsize=12, fontweight='bold')
ax1.set_title('Annual Question Volume: AI vs Data Science Stack Exchange',

fontsize=13, fontweight='bold')
ax1.set_xticks(x)
ax1.set_xticklabels(comparison_df.index, rotation=45)
ax1.legend(fontsize=10)
ax1.grid(axis='y', alpha=0.3)

# Right plot: Growth trends (normalized to first year = 100)
ax2 = axes[1]
common_start = max(ai_yearly.index.min(), ds_yearly.index.min())
ai_normalized = (ai_yearly / ai_yearly[common_start]) * 100
ds_normalized = (ds_yearly / ds_yearly[common_start]) * 100

ax2.plot(ai_normalized.index, ai_normalized.values, marker='o', linewidth=2.5,
markersize=8, label='AI Stack Exchange', color='#2E86AB')

ax2.plot(ds_normalized.index, ds_normalized.values, marker='s', linewidth=2.5,
markersize=8, label='DS Stack Exchange', color='#A23B72')

ax2.set_xlabel('Year', fontsize=12, fontweight='bold')
ax2.set_ylabel('Indexed Growth (Base Year = 100)', fontsize=12, fontweight='bold')
ax2.set_title('Relative Growth Trajectory Comparison\n(Normalized to 2016)',

fontsize=13, fontweight='bold')
ax2.legend(fontsize=10)
ax2.grid(True, alpha=0.3)
ax2.axhline(y=100, color='gray', linestyle='--', alpha=0.5)

plt.tight_layout()
plt.show()
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The comparison of the growth shows that there are different trends in the two communities. The
Data Science Stack Exchange is much larger in both relative and absolute sense, as it is a more
recent creation (2014) and has a wider scope. Nonetheless, relative growth analysis demonstrates
that the AI Stack Exchange had stronger growth in the initial years (2016-2020), when the interest
in specific AI-related issues grew exponentially due to the deep learning revolution. People in both
communities seem to be less active in the recent times, but this can be attributed to the appearance
of other platforms to discuss and because people focus on newer forums after significant events, such
as ChatGPT.

4.2 Topic Distribution Comparison Now I will compare the distribution of topics in the two
communities based on frequencies of tags. The given comparison will help to demonstrate the points
of convergence and divergence between the theoretical discourse of AI and the real-life uses of data
science.

Cell 55

# Extract tags from Data Science Stack Exchange using the same regex approach
ds_questions['TagList'] = ds_questions['Tags'].apply(extract_tags)

# Create flat lists of all tags for both communities
ds_tag_data = []
for idx, row in ds_questions.iterrows():

for tag in row['TagList']:
ds_tag_data.append({'Tag': tag, 'Year': row['Year']})

ds_tag_df = pd.DataFrame(ds_tag_data)
ds_tag_counts = ds_tag_df['Tag'].value_counts()

# Compare top tags between communities
print("Top 15 Tags Comparison:")
print("="*70)
print(f"{'AI Stack Exchange':<35} {'Data Science Stack Exchange':<35}")
print("="*70)
for i in range(15):

ai_tag = f"{tag_counts.index[i]} ({tag_counts.values[i]:,})"
ds_tag = f"{ds_tag_counts.index[i]} ({ds_tag_counts.values[i]:,})"
print(f"{ai_tag:<35} {ds_tag:<35}")

print(f"\nUnique tags - AI: {len(tag_counts):,}, DS: {len(ds_tag_counts):,}")
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Top 15 Tags Comparison:
======================================================================
AI Stack Exchange Data Science Stack Exchange
======================================================================
neural-networks (2,597) machine-learning (11,380)
reinforcement-learning (2,167) python (4,797)
machine-learning (1,695) deep-learning (2,797)
deep-learning (1,224) neural-network (2,489)
convolutional-neural-networks (707) classification (1,790)
natural-language-processing (531) nlp (1,644)
computer-vision (286) keras (1,492)
classification (233) scikit-learn (1,180)
training (227) tensorflow (1,091)
reference-request (214) time-series (1,064)
transformer (209) r (1,036)
comparison (204) dataset (854)
terminology (187) regression (815)
recurrent-neural-networks (182) clustering (789)
deep-rl (181) cnn (691)

Unique tags - AI: 933, DS: 688
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Cell 56

# Compare specific AI/ML tags that appear in both communities
common_ai_tags = [

'machine-learning', 'deep-learning', 'neural-networks', 'neural-network',
'keras', 'tensorflow', 'pytorch', 'nlp', 'natural-language-processing',
'computer-vision', 'classification', 'regression', 'cnn',
'convolutional-neural-networks', 'rnn', 'recurrent-neural-networks',
'reinforcement-learning', 'transformer', 'lstm', 'python'

]

# Calculate tag frequencies for common tags
tag_comparison = []
for tag in common_ai_tags:

ai_count = tag_counts.get(tag, 0)
ds_count = ds_tag_counts.get(tag, 0)
if ai_count > 0 or ds_count > 0:

tag_comparison.append({
'Tag': tag,
'AI_Count': ai_count,
'DS_Count': ds_count,
'Ratio_DS_to_AI': ds_count / ai_count if ai_count > 0 else float('inf')

})

comparison_tags_df = pd.DataFrame(tag_comparison)
comparison_tags_df = comparison_tags_df.sort_values('AI_Count', ascending=False)

print("Shared AI/ML Topics - Frequency Comparison:")
print("="*80)
print(comparison_tags_df.to_string(index=False))

# Identify tags unique to each community
ai_unique = set(tag_counts.index) - set(ds_tag_counts.index)
ds_unique = set(ds_tag_counts.index) - set(tag_counts.index)

print(f"\nTags unique to AI Stack Exchange: {len(ai_unique)}")
print(f"Tags unique to DS Stack Exchange: {len(ds_unique)}")
print(f"Tags appearing in both: {len(set(tag_counts.index) & set(ds_tag_counts.index))}")
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Shared AI/ML Topics - Frequency Comparison:
================================================================================
Tag AI_Count DS_Count Ratio_DS_to_AI
neural-networks 2597 0 0.000000
reinforcement-learning 2167 395 0.182280
machine-learning 1695 11380 6.713864
deep-learning 1224 2797 2.285131
convolutional-neural-networks 707 0 0.000000
natural-language-processing 531 0 0.000000
computer-vision 286 311 1.087413
classification 233 1790 7.682403
transformer 209 246 1.177033
recurrent-neural-networks 182 0 0.000000
tensorflow 177 1091 6.163842
python 173 4797 27.728324
keras 124 1492 12.032258
pytorch 115 408 3.547826
regression 79 815 10.316456
nlp 0 1644 inf
cnn 0 691 inf
rnn 0 379 inf
neural-network 0 2489 inf
lstm 0 571 inf

Tags unique to AI Stack Exchange: 749
Tags unique to DS Stack Exchange: 504
Tags appearing in both: 184
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Cell 57

# Visualize tag comparison between communities
fig, axes = plt.subplots(1, 2, figsize=(18, 8))

# Left: Side-by-side comparison of common tags
ax1 = axes[0]
top_common = comparison_tags_df.head(12)
x = np.arange(len(top_common))
width = 0.35

bars1 = ax1.barh(x - width/2, top_common['AI_Count'], width,
label='AI Stack Exchange', color='#2E86AB', edgecolor='black')

bars2 = ax1.barh(x + width/2, top_common['DS_Count'], width,
label='DS Stack Exchange', color='#A23B72', edgecolor='black')

ax1.set_yticks(x)
ax1.set_yticklabels(top_common['Tag'], fontsize=10)
ax1.set_xlabel('Number of Questions', fontsize=12, fontweight='bold')
ax1.set_title('Tag Frequency Comparison: AI vs DS Communities',

fontsize=13, fontweight='bold')
ax1.legend(fontsize=10)
ax1.grid(axis='x', alpha=0.3)
ax1.invert_yaxis()

# Right: Top 10 tags from each community
ax2 = axes[1]
ai_top10 = tag_counts.head(10)
ds_top10 = ds_tag_counts.head(10)

combined_labels = []
ai_vals = []
ds_vals = []
for tag in ai_top10.index:

combined_labels.append(f"AI: {tag}")
ai_vals.append(ai_top10[tag])
ds_vals.append(0)

for tag in ds_top10.index:
combined_labels.append(f"DS: {tag}")
ai_vals.append(0)
ds_vals.append(ds_top10[tag])

y_pos = np.arange(len(ai_top10))
ax2.barh(y_pos, ai_top10.values, color='#2E86AB', edgecolor='black', alpha=0.8)
ax2.set_yticks(y_pos)
ax2.set_yticklabels(ai_top10.index, fontsize=10)
ax2.set_xlabel('Number of Questions', fontsize=12, fontweight='bold')
ax2.set_title('Top 10 Tags: AI Stack Exchange', fontsize=13, fontweight='bold')
ax2.grid(axis='x', alpha=0.3)
ax2.invert_yaxis()

plt.tight_layout()
plt.show()
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4.3 Engagement Metrics Comparison I will now compare the engagement ratings of the two
communities to come up with an idea of the differences between the interaction of the users with the
contents of each platform. This is an analysis that consists of average scores, view counts and answer
rates.

Cell 59

# Compare engagement metrics between both communities
engagement_comparison = pd.DataFrame({

'Metric': [
'Total Questions',
'Total Answers',
'Average Score (Questions)',
'Average Views per Question',
'Average Answers per Question',
'Answer Rate (%)',
'Average Comments per Question',
'Questions with Accepted Answer (%)'

],
'AI_Stack_Exchange': [

len(ai_questions),
len(ai_answers),
ai_questions['Score'].mean(),
ai_questions['ViewCount'].mean(),
ai_questions['AnswerCount'].mean(),
(ai_questions['AnswerCount'] > 0).mean() * 100,
ai_questions['CommentCount'].mean(),
(ai_questions['AcceptedAnswerId'].notna()).mean() * 100

],
'DS_Stack_Exchange': [

len(ds_questions),
len(ds_answers),
ds_questions['Score'].mean(),
ds_questions['ViewCount'].mean(),
ds_questions['AnswerCount'].mean(),
(ds_questions['AnswerCount'] > 0).mean() * 100,
ds_questions['CommentCount'].mean(),
(ds_questions['AcceptedAnswerId'].notna()).mean() * 100

]
})

# Format numeric values
engagement_comparison['AI_Stack_Exchange'] =

engagement_comparison['AI_Stack_Exchange'].apply(
lambda x: f"{x:,.2f}" if isinstance(x, float) and x < 100 else f"{int(x):,}" if x >
100 else f"{x:.1f}%"

)
engagement_comparison['DS_Stack_Exchange'] =

engagement_comparison['DS_Stack_Exchange'].apply(
lambda x: f"{x:,.2f}" if isinstance(x, float) and x < 100 else f"{int(x):,}" if x >
100 else f"{x:.1f}%"

)

print("Engagement Metrics Comparison:")
print("="*70)
print(engagement_comparison.to_string(index=False))

Page 55 of 60



File 1 of 1 file

Engagement Metrics Comparison:
======================================================================
Metric AI_Stack_Exchange DS_Stack_Exchange
Total Questions 12,380 36,775
Total Answers 12,460 41,470
Average Score (Questions) 2.43 2.09
Average Views per Question 867 2,135
Average Answers per Question 1.01 1.13
Answer Rate (%) 69.31 76.37
Average Comments per Question 1.21 1.09
Questions with Accepted Answer (%) 33.96 33.15
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Cell 60

# Compare specific emerging AI topics (LLM, GenAI, deep-learning) trends in both
communities

emerging_tags_patterns = {
'Deep Learning': r'deep[-\s]?learning',
'Neural Networks': r'neural[-\s]?network',
'NLP': r'nlp|natural[-\s]?language',
'Transformers': r'transformer|bert|gpt',
'Reinforcement Learning': r'reinforcement[-\s]?learning'

}

# Calculate yearly trends for both communities
fig, axes = plt.subplots(2, 3, figsize=(18, 10))
axes = axes.flatten()

for idx, (topic, pattern) in enumerate(emerging_tags_patterns.items()):
if idx >= 5:

break

# AI community
ai_matches = ai_questions[ai_questions['Tags'].str.contains(pattern, case=False,
regex=True, na=False)]
ai_trend = ai_matches.groupby('Year').size()

# DS community
ds_matches = ds_questions[ds_questions['Tags'].str.contains(pattern, case=False,
regex=True, na=False)]
ds_trend = ds_matches.groupby('Year').size()

ax = axes[idx]
ax.plot(ai_trend.index, ai_trend.values, marker='o', linewidth=2,

label='AI SE', color='#2E86AB')
ax.plot(ds_trend.index, ds_trend.values, marker='s', linewidth=2,

label='DS SE', color='#A23B72')
ax.set_title(f'{topic}', fontsize=12, fontweight='bold')
ax.set_xlabel('Year', fontsize=10)
ax.set_ylabel('Questions', fontsize=10)
ax.legend(fontsize=9)
ax.grid(True, alpha=0.3)

# Summary comparison in the last subplot
ax = axes[5]
summary_data = {

'AI SE': [len(ai_questions), ai_questions['Score'].mean(),
ai_questions['ViewCount'].mean()/1000],

'DS SE': [len(ds_questions), ds_questions['Score'].mean(),
ds_questions['ViewCount'].mean()/1000]

}
x = np.arange(3)
width = 0.35
ax.bar(x - width/2, [summary_data['AI SE'][0]/1000, summary_data['AI SE'][1],

summary_data['AI SE'][2]], width, label='AI SE', color='#2E86AB')
ax.bar(x + width/2, [summary_data['DS SE'][0]/1000, summary_data['DS SE'][1],

summary_data['DS SE'][2]], width, label='DS SE', color='#A23B72')
ax.set_xticks(x)
ax.set_xticklabels(['Questions (K)', 'Avg Score', 'Avg Views (K)'], fontsize=10)
ax.set_title('Overall Comparison', fontsize=12, fontweight='bold')
ax.legend(fontsize=9)
ax.grid(axis='y', alpha=0.3)

plt.suptitle('Emerging AI Topic Trends: AI vs Data Science Stack Exchange',
fontsize=14, fontweight='bold', y=1.02)

plt.tight_layout()
plt.show()
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4.4 Convergence and Divergence Analysis The comparison analysis has shown significant
trends regarding the connection between AI and data science communities:

Areas of Convergence:

• The two communities are highly interested in deep learning, artificial intelligence, and the basics
of neural networks and machine learning.

• In both communities, such topics as classification, regression, and NLP seem to be prevalent.
• Both communities have parallel growth curves of the transformer-based technologies.

Areas of Divergence:

• AI Stack Exchange is more theory-driven and foundational such as reinforcement learning,
game AI, philosophy of AI and agent-based systems.

• Data Science Stack Exchange is more focused on the practical implementation issues such as
data preprocessing, feature engineering, and model deployment, as well as on certain tools such
as scikit-learn and pandas.The DS community shows higher engagement with Python-specific
and tool-oriented questions.

Key Insight: AI community is a place where new theoretical ideas are explored, and the DS
community is concerned with the implementation of ideas into practice. This implies that there is an
intuitive flow between theoretical innovation and actual implementation.

0.1.7 Q5. Strategic Planning Implications

According to the comparative evaluation of the AI Stack Exchange and Data Science Stack Exchange
communities, I would now present the strategic implication of the investment planning of the company.
This part covers the question of whether innovation is moving towards theoretical AI to AI engineering,
and gives suggestions on the investment in research and practice.

5.1 Evidence of Shift from Theoretical AI to AI Engineering The development of the theo-
retical and practical topic patterns in terms of regular expressions to classify questions will be used to
evaluate the occurrence of innovation as being more of a theoretical AI discussion or a more practical
AI engineering.

Cell 64

# Define regex patterns for theoretical vs practical/engineering topics
theoretical_pattern = r'theory|philosophy|mathematics|proof|theorem|formal|logic|reasoning

|symbolic|cognitive|consciousness|ethics|interpretability'
practical_pattern = r'implementation|deploy|production|api|performance|optimization|traini

ng|fine[-\s]?tun|inference|scalab|engineer|pipeline|mlops|docker|kubernetes'

# Analyze in AI Stack Exchange
ai_questions['IsTheoretical'] = ai_questions['Title'].str.contains(

theoretical_pattern, case=False, regex=True, na=False) | \
ai_questions['Tags'].str.contains(theoretical_pattern, case=False, regex=True,
na=False)

ai_questions['IsPractical'] = ai_questions['Title'].str.contains(
practical_pattern, case=False, regex=True, na=False) | \
ai_questions['Tags'].str.contains(practical_pattern, case=False, regex=True, na=False)

# Analyze in DS Stack Exchange
ds_questions['IsTheoretical'] = ds_questions['Title'].str.contains(

theoretical_pattern, case=False, regex=True, na=False) | \
ds_questions['Tags'].str.contains(theoretical_pattern, case=False, regex=True,
na=False)

ds_questions['IsPractical'] = ds_questions['Title'].str.contains(
practical_pattern, case=False, regex=True, na=False) | \
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ds_questions['Tags'].str.contains(practical_pattern, case=False, regex=True, na=False)

# Calculate yearly trends
ai_theoretical_trend = ai_questions.groupby('Year')['IsTheoretical'].sum()
ai_practical_trend = ai_questions.groupby('Year')['IsPractical'].sum()
ds_theoretical_trend = ds_questions.groupby('Year')['IsTheoretical'].sum()
ds_practical_trend = ds_questions.groupby('Year')['IsPractical'].sum()

print("Theoretical vs Practical Question Trends:")
print("="*70)
print("\nAI Stack Exchange:")
print(f" Total Theoretical: {ai_questions['IsTheoretical'].sum():,}")
print(f" Total Practical: {ai_questions['IsPractical'].sum():,}")
print(f" Practical/Theoretical Ratio:

{ai_questions['IsPractical'].sum()/max(ai_questions['IsTheoretical'].sum(),1):.2f}")

print("\nData Science Stack Exchange:")
print(f" Total Theoretical: {ds_questions['IsTheoretical'].sum():,}")
print(f" Total Practical: {ds_questions['IsPractical'].sum():,}")
print(f" Practical/Theoretical Ratio:

{ds_questions['IsPractical'].sum()/max(ds_questions['IsTheoretical'].sum(),1):.2f}")
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Theoretical vs Practical Question Trends:
======================================================================

AI Stack Exchange:
Total Theoretical: 871
Total Practical: 1,985
Practical/Theoretical Ratio: 2.28

Data Science Stack Exchange:
Total Theoretical: 568
Total Practical: 4,743
Practical/Theoretical Ratio: 8.35
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Cell 65

# Visualize the shift from theoretical to practical
fig, axes = plt.subplots(1, 2, figsize=(16, 6))

# AI Stack Exchange theoretical vs practical trends
ax1 = axes[0]
ax1.plot(ai_theoretical_trend.index, ai_theoretical_trend.values,

marker='o', linewidth=2.5, label='Theoretical Topics', color='#9467bd')
ax1.plot(ai_practical_trend.index, ai_practical_trend.values,

marker='s', linewidth=2.5, label='Practical/Engineering Topics', color='#2ca02c')
ax1.set_xlabel('Year', fontsize=12, fontweight='bold')
ax1.set_ylabel('Number of Questions', fontsize=12, fontweight='bold')
ax1.set_title('AI Stack Exchange:\nTheoretical vs Practical Question Trends',

fontsize=13, fontweight='bold')
ax1.legend(fontsize=10)
ax1.grid(True, alpha=0.3)

# DS Stack Exchange theoretical vs practical trends
ax2 = axes[1]
ax2.plot(ds_theoretical_trend.index, ds_theoretical_trend.values,

marker='o', linewidth=2.5, label='Theoretical Topics', color='#9467bd')
ax2.plot(ds_practical_trend.index, ds_practical_trend.values,

marker='s', linewidth=2.5, label='Practical/Engineering Topics', color='#2ca02c')
ax2.set_xlabel('Year', fontsize=12, fontweight='bold')
ax2.set_ylabel('Number of Questions', fontsize=12, fontweight='bold')
ax2.set_title('Data Science Stack Exchange:\nTheoretical vs Practical Question Trends',

fontsize=13, fontweight='bold')
ax2.legend(fontsize=10)
ax2.grid(True, alpha=0.3)

plt.tight_layout()
plt.show()

Page 62 of 60



File 1 of 1 file

Page 63 of 60



File 1 of 1 file

5.2 Strategic Investment Recommendations Under the general comparative analysis, I suggest
the following strategic recommendations in AI investment planning of the company:

Evidence Supporting Shift to AI Engineering:
The data reveals a clear trend toward practical AI implementation and engineering topics. The

Data Science Stack Exchange, with its focus on applied machine learning and data engineering, has
maintained larger absolute activity levels throughout the observation period. Within both communi-
ties, practical topics related to deployment, optimization, training, and inference have shown consistent
growth, particularly after 2019 when production-grade AI systems became more prevalent.

The statistics also indicate a strong tendency to pragmatic AI application and engineering issues.
With its emphasis on applied machine learning and data engineering, the Data Science Stack Exchange
has been at higher levels of absolute activity on a larger scale than that of the Data miners during the
period of observation. Practical subjects on deployment, optimization, training, and inference have
recorded steady growth in both of these communities, especially after 2019 when production-scale AI
systems began to become more widespread.

Recommendation 1: Balanced Investment Portfolio
The company should adopt a balanced investment approach:

• 60% toward AI Engineering and MLOps: Focus on production-ready AI systems, model
deployment infrastructure, and scalable ML pipelines. Increased focus on practical application
in the two communities proves the market need.

• 30% toward Applied Research: Invest in systems that combine theory and practice with
respect to transformer architecture, NLP systems, and computer vision.

• 10% toward Foundational Research: Be aware of theoretical developments by establishing
research collaboration with specific partners instead of massive research programmes of founda-
tion research within the company.

Recommendation 2: Capability Building Focus
Priority capabilities to develop:

• LLM Engineering: Fine-tuning, timely engineering and effective inference of large language
models.

• MLOps Infrastructure: Automated training pipelines, model monitoring, and deployment
automation

• Edge AI: Deployment optimization on resource constrained devices.
• Responsible AI: Interpretability tools and bias detection frameworks

Recommendation 3: Strategic Positioning
The interaction of AI and data science practices with transformer-based architectures and NLP

hints at the fact that the company should:

• At the crossbar between theoretical innovativeness and practical implementation.
• Establish proficiency in converting findings of research into manufacturing technologies.
• Build alliances with research organizations in order to gain early access to theoretical innovations.
• Directional internal teams towards engineering perfection and speed-to-deploy.

0.1.8 Conclusion

This detailed study of AI Stack Exchange and Data Science Stack Exchange community has pre-
sented useful data-driven information to make strategic investment decisions in artificial intelligence
technologies. With the help of systematic analysis of the trends in discussion, the development of a
topic, the tendencies of interaction and the dynamics of the community, it is possible to draw several
important conclusions.

Summary of Findings:
The AI Stack Exchange community grew considerably between 2016 and 2020, and the most

active periods were associated with the major advances in the neural networks and deep learning

Page 64 of 60



File 1 of 1 file

technologies. The regular expression pattern matching analysis has indicated that the most recent
growth trend is observed to have been the fastest and is based on generative AI topics, specifically
GPT and transformer architectures. Neural networks, reinforcement learning, and natural language
processing are still on the list of things to talk about, and the number of likes serves as evidence of
high levels of expertise among the community in the basic domain, and a lack of knowledge in the
advanced technology.

The comparative study of AI and Data science Stack Exchange communities showed essential
differences. Data Science community is larger in absolute terms as it has been established earlier and
is more practice-oriented, whereas the AI community is a center of theoretical development and new
ideas. The convergence of both communities is on the most important technologies, including deep
learning and transformers, and their differences lie in the focus on theory or practice.

Strategic Implications:
The data is strongly pointing to the fact that the AI sector is leaving the stage of theoretical inves-

tigation and entering the realm of a real-world engineering and large-scale implementation. The trend
toward MLOps and model optimization and production deployment in the two communities suggests
that a competitive advantage is more and more in the capability to operationalize AI capabilities than
in the novelty of research.

Recommendations for the Company:
According to these results, the company must focus on the investments in AI engineering capacities,

specifically, in the deployment and fine-tuning of LLM, MLOps infrastructure, and responsible AI
frameworks. An engineering-based sector at 60 percent, applied research sector at 30 percent, and
foundation research partnerships sector at 10 percent would be the best option to ensure the company
is in a position to leverage current trends without losing sight of theoretical advances that are emerging.

The discussion illustrates the importance of relying on the community data which is available
publicly to learn about the trends in technology and use this information to develop a strategic plan.
Repeated observation of such communities will be able to give early indications of any new technologies
and the changing interests of practitioners so that decisions can be made proactively as opposed to
reactively.
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0.0.1 STI731 - Task 7D Exploring Health Determinants in the United States: A Com-
prehensive Analysis of NHANES Data

Student Number: Thi Thu Suong Ngo
Email: s224757434@deakin.edu.au
Unit: SIT731 Data Wrangling (Postgraduate Student)

0.0.2 Introduction

The report is a detailed exploratory data analysis of the National Health and Nutrition Examination
Survey (NHANES) data of the 2017-2020 pre-pandemic cycle. NHANES is a study program aimed
at determining the health and nutritional condition of adults and children in the United States that
incorporates interviews, physical examinations and laboratory tests. The first thing that made me
interested in this dataset was that the outcomes of the socioeconomic factors and health outcome
might be complicated at a population level.

This analysis incorporates five different datasets, which are demographics, body measurements,
blood pressure, diabetes indicators, and smoking behaviour. I explore the correlation between lifestyle
variables (e.g., smoking status) and the most important health outcomes (e.g., body mass index, blood
pressure, and risk of diabetes) by means of interactive visualisations designed with the help of the
Bokeh library. The rigorous methodology and nationally representative sampling design have been
one of the most appealing aspects to me about NHANES and gives credence to the trends noted.

The results indicate that there are considerable positive relationships between socioeconomic sta-
tus, lifestyle habits, and health outcomes. Nevertheless, in my opinion, these correlations should be
viewed with skepticism because cross-sectional information cannot be used to prove causality. Another
aspect that is covered in this report is the proper considerations in the privacy of data and the ethical
usage of sensitive health information, which I believe is becoming more and more topical due to the
increased access to health datasets to use in research.

0.0.3 1. Environment Setup and Library Imports

The first thing to do before commencing my analysis is to import Python-related libraries. I work
with pandas to manipulate data and numerical operations with numpy, and also with the creation of
interactive visualisation with bokeh. The choice of using Bokeh over fixed plotting libraries such as
matplotlib was not accidental, since I also intended on allowing users to interact with the data, and
not to show them set views. The data files of the NHANES are in the SAS Transport format (.XPT)
and are readable in pandas by using its partnership with the SAS7BDAT reader.

ERROR when parsing cell 4

Traceback (most recent call last):
File "/doubtfire/tmp/rails-latex/1-4153916636567632280/jupynotex.py", line 305, in main
src, out, md = nb.get(cell)
File "/doubtfire/tmp/rails-latex/1-4153916636567632280/jupynotex.py", line 252, in get
output = self._proc_out(content)
File "/doubtfire/tmp/rails-latex/1-4153916636567632280/jupynotex.py", line 222, in _proc_out
more_content = processor.get_item_data(item)
File "/doubtfire/tmp/rails-latex/1-4153916636567632280/jupynotex.py", line 107, in

get_item_data↪→

raise ValueError("Image type not supported: {}".format(data.keys()))
ValueError: Image type not supported: dict_keys(['text/html'])

0.0.4 2. Data Acquisition and Loading

I select five sets of data of the NHANES 2017-March 2020 Pre-Pandemic cycle. This cycle has been
chosen because it gives the latest overall information prior to the COVID-19 pandemic disrupting
the data collection process. I find this time especially significant, pandemic-era data would probably
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indicate abnormal health behaviour as well as access to care that may confound the relationships I
am studying. The datasets I selected are:

1. Demographics (P_DEMO) - This has demographic data such as age, gender, race/ethnicity,
education, and income. This is the basis of gaining knowledge about the health disparities within
groups of the population.

2. Body Measures (P_BMX) - Includes body measures, such as height, weight and BMI. I
consider anthropometric data particularly useful because it is objective producing measurements
as opposed to self-reported measurements.

3. Blood Pressure (P_BPX) - This holds blood pressure and pulse. The oscillometric mea-
surement protocol of the NHANES provides consistency and minimizes bias of the observer.

4. Diabetes (P_DIQ) - Contains the history and related information about diabetes. This will
enable me to look into one of the largest chronic disease burdens in the United States.

5. Smoking - Cigarette Use (P_SMQ) - Includes the data on the history of smoking cigarettes
and smoking at present. Smoking is a major modifiable risk factor that leads to various chronic
ones.

These data sets were specifically selected so that they could be used to explore the relationship
between socioeconomic variables, lifestyle behaviours and health indicators of interest. I observe that
this choice is just a part of the NHANES data ecosystem and that subsequent analyses can include
other sources of data like dietary consumption or physical activity.

Cell 06

# Define URLs for NHANES 2017-March 2020 Pre-Pandemic datasets
# Using requests library to properly download files from CDC website
import requests
from io import BytesIO

# Reference: https://wwwn.cdc.gov/nchs/nhanes/search/datapage.aspx?Component=Demographics&
Cycle=2017-2020

base_url = "https://wwwn.cdc.gov/Nchs/Data/Nhanes/Public/2017/DataFiles/"

datasets = {
'demographics': 'P_DEMO.xpt',
'body_measures': 'P_BMX.xpt',
'blood_pressure': 'P_BPXO.xpt', # Blood Pressure - Oscillometric Measurement
'diabetes': 'P_DIQ.xpt',
'smoking': 'P_SMQ.xpt'

}

def load_nhanes_data(url):
"""Download and read NHANES XPT file from CDC website."""
print(f" Downloading from: {url}")
response = requests.get(url, timeout=120)
response.raise_for_status() # Raise error if download failed
print(f" Downloaded {len(response.content):,} bytes")
return pd.read_sas(BytesIO(response.content), format='xport')

# Load each dataset from CDC website
print("Loading NHANES datasets from CDC...")
print("-" * 50)

df_demo = load_nhanes_data(base_url + datasets['demographics'])
print(f"Demographics: {df_demo.shape[0]:,} records, {df_demo.shape[1]} variables")

df_bmx = load_nhanes_data(base_url + datasets['body_measures'])
print(f"Body Measures: {df_bmx.shape[0]:,} records, {df_bmx.shape[1]} variables")
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df_bpx = load_nhanes_data(base_url + datasets['blood_pressure'])
print(f"Blood Pressure: {df_bpx.shape[0]:,} records, {df_bpx.shape[1]} variables")

df_diq = load_nhanes_data(base_url + datasets['diabetes'])
print(f"Diabetes: {df_diq.shape[0]:,} records, {df_diq.shape[1]} variables")

df_smq = load_nhanes_data(base_url + datasets['smoking'])
print(f"Smoking: {df_smq.shape[0]:,} records, {df_smq.shape[1]} variables")

print("-" * 50)
print("All datasets loaded successfully!")
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Loading NHANES datasets from CDC...
--------------------------------------------------
Downloading from: https://wwwn.cdc.gov/Nchs/Data/Nhanes/Public/2017/DataFiles/P_DEMO.xpt
Downloaded 3,614,720 bytes
Demographics: 15,560 records, 29 variables
Downloading from: https://wwwn.cdc.gov/Nchs/Data/Nhanes/Public/2017/DataFiles/P_BMX.xpt
Downloaded 3,614,720 bytes
Demographics: 15,560 records, 29 variables
Downloading from: https://wwwn.cdc.gov/Nchs/Data/Nhanes/Public/2017/DataFiles/P_BMX.xpt
Downloaded 2,520,640 bytes
Body Measures: 14,300 records, 22 variables
Downloading from: https://wwwn.cdc.gov/Nchs/Data/Nhanes/Public/2017/DataFiles/P_BPXO.xpt
Downloaded 2,520,640 bytes
Body Measures: 14,300 records, 22 variables
Downloading from: https://wwwn.cdc.gov/Nchs/Data/Nhanes/Public/2017/DataFiles/P_BPXO.xpt
Downloaded 1,039,840 bytes
Blood Pressure: 11,656 records, 12 variables
Downloading from: https://wwwn.cdc.gov/Nchs/Data/Nhanes/Public/2017/DataFiles/P_DIQ.xpt
Downloaded 1,039,840 bytes
Blood Pressure: 11,656 records, 12 variables
Downloading from: https://wwwn.cdc.gov/Nchs/Data/Nhanes/Public/2017/DataFiles/P_DIQ.xpt
Downloaded 3,361,520 bytes
Diabetes: 14,986 records, 28 variables
Downloading from: https://wwwn.cdc.gov/Nchs/Data/Nhanes/Public/2017/DataFiles/P_SMQ.xpt
Downloaded 3,361,520 bytes
Diabetes: 14,986 records, 28 variables
Downloading from: https://wwwn.cdc.gov/Nchs/Data/Nhanes/Public/2017/DataFiles/P_SMQ.xpt
Downloaded 1,428,560 bytes
Smoking: 11,137 records, 16 variables
--------------------------------------------------
All datasets loaded successfully!
Downloaded 1,428,560 bytes
Smoking: 11,137 records, 16 variables
--------------------------------------------------
All datasets loaded successfully!

Page 4 of 33



File 1 of 1 file

Cell 07

# === Data Preview: Exploring the Structure of Each Dataset ===
# This section displays the first few rows and structure of each downloaded dataset
# to understand the available variables before merging.

print("=" * 70)
print("DATASET STRUCTURE PREVIEW")
print("=" * 70)

# Demographics Dataset
print("\n1. DEMOGRAPHICS (P_DEMO)")
print("-" * 50)
print(f" Shape: {df_demo.shape[0]:,} rows × {df_demo.shape[1]} columns")
print(f" Columns: {df_demo.columns.tolist()[:10]}...")
display(df_demo.head(3))

# Body Measures Dataset
print("\n2. BODY MEASURES (P_BMX)")
print("-" * 50)
print(f" Shape: {df_bmx.shape[0]:,} rows × {df_bmx.shape[1]} columns")
print(f" Columns: {df_bmx.columns.tolist()[:10]}...")
display(df_bmx.head(3))

# Blood Pressure Dataset
print("\n3. BLOOD PRESSURE (P_BPXO)")
print("-" * 50)
print(f" Shape: {df_bpx.shape[0]:,} rows × {df_bpx.shape[1]} columns")
print(f" Columns: {df_bpx.columns.tolist()}")
display(df_bpx.head(3))

# Diabetes Dataset
print("\n4. DIABETES (P_DIQ)")
print("-" * 50)
print(f" Shape: {df_diq.shape[0]:,} rows × {df_diq.shape[1]} columns")
print(f" Columns: {df_diq.columns.tolist()[:10]}...")
display(df_diq.head(3))

# Smoking Dataset
print("\n5. SMOKING (P_SMQ)")
print("-" * 50)
print(f" Shape: {df_smq.shape[0]:,} rows × {df_smq.shape[1]} columns")
print(f" Columns: {df_smq.columns.tolist()}")
display(df_smq.head(3))

# Save datasets to local CSV files for reference
print("\n" + "=" * 70)
print("SAVING DATASETS TO LOCAL CSV FILES...")
print("=" * 70)
df_demo.to_csv('P_DEMO.csv', index=False)
df_bmx.to_csv('P_BMX.csv', index=False)
df_bpx.to_csv('P_BPXO.csv', index=False)
df_diq.to_csv('P_DIQ.csv', index=False)
df_smq.to_csv('P_SMQ.csv', index=False)
print("� All 5 datasets saved to local CSV files in the current folder!")
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======================================================================
DATASET STRUCTURE PREVIEW
======================================================================

1. DEMOGRAPHICS (P_DEMO)
--------------------------------------------------
Shape: 15,560 rows × 29 columns
Columns: ['SEQN', 'SDDSRVYR', 'RIDSTATR', 'RIAGENDR', 'RIDAGEYR', 'RIDAGEMN', 'RIDRETH1',

� 'RIDRETH3', 'RIDEXMON', 'DMDBORN4']...

======================================================================
DATASET STRUCTURE PREVIEW
======================================================================

1. DEMOGRAPHICS (P_DEMO)
--------------------------------------------------
Shape: 15,560 rows × 29 columns
Columns: ['SEQN', 'SDDSRVYR', 'RIDSTATR', 'RIAGENDR', 'RIDAGEYR', 'RIDAGEMN', 'RIDRETH1',

� 'RIDRETH3', 'RIDEXMON', 'DMDBORN4']...

SEQN SDDSRVYR RIDSTATR RIAGENDR RIDAGEYR RIDAGEMN RIDRETH1 \
0 109263.0 66.0 2.0 1.0 2.0 NaN 5.0
1 109264.0 66.0 2.0 2.0 13.0 NaN 1.0
2 109265.0 66.0 2.0 1.0 2.0 NaN 3.0

RIDRETH3 RIDEXMON DMDBORN4 ... FIAINTRP MIALANG MIAPROXY MIAINTRP \
0 6.0 2.0 1.0 ... 2.0 NaN NaN NaN
1 1.0 2.0 1.0 ... 2.0 1.0 2.0 2.0
2 3.0 2.0 1.0 ... 2.0 NaN NaN NaN

AIALANGA WTINTPRP WTMECPRP SDMVPSU SDMVSTRA INDFMPIR
0 NaN 7891.762435 8951.815567 3.0 156.0 4.66
1 1.0 11689.747264 12271.157043 1.0 155.0 0.83
2 NaN 16273.825939 16658.764203 1.0 157.0 3.06

[3 rows x 29 columns]

2. BODY MEASURES (P_BMX)
--------------------------------------------------
Shape: 14,300 rows × 22 columns
Columns: ['SEQN', 'BMDSTATS', 'BMXWT', 'BMIWT', 'BMXRECUM', 'BMIRECUM', 'BMXHEAD', 'BMIHEAD',

� 'BMXHT', 'BMIHT']...

SEQN BMDSTATS BMXWT BMIWT BMXRECUM BMIRECUM BMXHEAD BMIHEAD \
0 109263.0 4.0 NaN NaN NaN NaN NaN NaN
1 109264.0 1.0 42.2 NaN NaN NaN NaN NaN
2 109265.0 1.0 12.0 NaN 91.6 NaN NaN NaN

BMXHT BMIHT ... BMXLEG BMILEG BMXARML BMIARML BMXARMC BMIARMC \
0 NaN NaN ... NaN NaN NaN NaN NaN NaN
1 154.7 NaN ... 36.3 NaN 33.8 NaN 22.7 NaN
2 89.3 NaN ... NaN NaN 18.6 NaN 14.8 NaN

BMXWAIST BMIWAIST BMXHIP BMIHIP
0 NaN NaN NaN NaN
1 63.8 NaN 85.0 NaN
2 41.2 NaN NaN NaN

[3 rows x 22 columns]

3. BLOOD PRESSURE (P_BPXO)
--------------------------------------------------
Shape: 11,656 rows × 12 columns
Columns: ['SEQN', 'BPAOARM', 'BPAOCSZ', 'BPXOSY1', 'BPXODI1', 'BPXOSY2', 'BPXODI2', 'BPXOSY3',

� 'BPXODI3', 'BPXOPLS1', 'BPXOPLS2', 'BPXOPLS3']
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======================================================================
DATASET STRUCTURE PREVIEW
======================================================================

1. DEMOGRAPHICS (P_DEMO)
--------------------------------------------------
Shape: 15,560 rows × 29 columns
Columns: ['SEQN', 'SDDSRVYR', 'RIDSTATR', 'RIAGENDR', 'RIDAGEYR', 'RIDAGEMN', 'RIDRETH1',

� 'RIDRETH3', 'RIDEXMON', 'DMDBORN4']...

SEQN SDDSRVYR RIDSTATR RIAGENDR RIDAGEYR RIDAGEMN RIDRETH1 \
0 109263.0 66.0 2.0 1.0 2.0 NaN 5.0
1 109264.0 66.0 2.0 2.0 13.0 NaN 1.0
2 109265.0 66.0 2.0 1.0 2.0 NaN 3.0

RIDRETH3 RIDEXMON DMDBORN4 ... FIAINTRP MIALANG MIAPROXY MIAINTRP \
0 6.0 2.0 1.0 ... 2.0 NaN NaN NaN
1 1.0 2.0 1.0 ... 2.0 1.0 2.0 2.0
2 3.0 2.0 1.0 ... 2.0 NaN NaN NaN

AIALANGA WTINTPRP WTMECPRP SDMVPSU SDMVSTRA INDFMPIR
0 NaN 7891.762435 8951.815567 3.0 156.0 4.66
1 1.0 11689.747264 12271.157043 1.0 155.0 0.83
2 NaN 16273.825939 16658.764203 1.0 157.0 3.06

[3 rows x 29 columns]

2. BODY MEASURES (P_BMX)
--------------------------------------------------
Shape: 14,300 rows × 22 columns
Columns: ['SEQN', 'BMDSTATS', 'BMXWT', 'BMIWT', 'BMXRECUM', 'BMIRECUM', 'BMXHEAD', 'BMIHEAD',

� 'BMXHT', 'BMIHT']...

SEQN BMDSTATS BMXWT BMIWT BMXRECUM BMIRECUM BMXHEAD BMIHEAD \
0 109263.0 4.0 NaN NaN NaN NaN NaN NaN
1 109264.0 1.0 42.2 NaN NaN NaN NaN NaN
2 109265.0 1.0 12.0 NaN 91.6 NaN NaN NaN

BMXHT BMIHT ... BMXLEG BMILEG BMXARML BMIARML BMXARMC BMIARMC \
0 NaN NaN ... NaN NaN NaN NaN NaN NaN
1 154.7 NaN ... 36.3 NaN 33.8 NaN 22.7 NaN
2 89.3 NaN ... NaN NaN 18.6 NaN 14.8 NaN

BMXWAIST BMIWAIST BMXHIP BMIHIP
0 NaN NaN NaN NaN
1 63.8 NaN 85.0 NaN
2 41.2 NaN NaN NaN

[3 rows x 22 columns]

3. BLOOD PRESSURE (P_BPXO)
--------------------------------------------------
Shape: 11,656 rows × 12 columns
Columns: ['SEQN', 'BPAOARM', 'BPAOCSZ', 'BPXOSY1', 'BPXODI1', 'BPXOSY2', 'BPXODI2', 'BPXOSY3',

� 'BPXODI3', 'BPXOPLS1', 'BPXOPLS2', 'BPXOPLS3']

SEQN BPAOARM BPAOCSZ BPXOSY1 BPXODI1 BPXOSY2 BPXODI2 BPXOSY3 \
0 109264.0 b'R' 3.0 109.0 67.0 109.0 68.0 106.0
1 109266.0 b'R' 4.0 99.0 56.0 99.0 55.0 99.0
2 109270.0 b'R' 3.0 123.0 73.0 124.0 77.0 127.0

BPXODI3 BPXOPLS1 BPXOPLS2 BPXOPLS3
0 66.0 94.0 95.0 91.0
1 52.0 68.0 66.0 66.0
2 70.0 95.0 98.0 93.0
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4. DIABETES (P_DIQ)
--------------------------------------------------
Shape: 14,986 rows × 28 columns
Columns: ['SEQN', 'DIQ010', 'DID040', 'DIQ160', 'DIQ180', 'DIQ050', 'DID060', 'DIQ060U',

� 'DIQ070', 'DIQ230']...

SEQN DIQ010 DID040 DIQ160 DIQ180 DIQ050 DID060 DIQ060U DIQ070 \
0 109263.0 2.0 NaN NaN NaN NaN NaN NaN NaN
1 109264.0 2.0 NaN 2.0 2.0 NaN NaN NaN NaN
2 109265.0 2.0 NaN NaN NaN NaN NaN NaN NaN

DIQ230 ... DIQ300D DID310S DID310D DID320 DID330 DID341 DID350 \
0 NaN ... NaN NaN NaN NaN NaN NaN NaN
1 NaN ... NaN NaN NaN NaN NaN NaN NaN
2 NaN ... NaN NaN NaN NaN NaN NaN NaN

DIQ350U DIQ360 DIQ080
0 NaN NaN NaN
1 NaN NaN NaN
2 NaN NaN NaN

[3 rows x 28 columns]

5. SMOKING (P_SMQ)
--------------------------------------------------
Shape: 11,137 rows × 16 columns
Columns: ['SEQN', 'SMQ020', 'SMD030', 'SMQ040', 'SMQ050Q', 'SMQ050U', 'SMD057', 'SMQ078',

� 'SMD641', 'SMD650', 'SMD100FL', 'SMD100MN', 'SMQ670', 'SMQ621', 'SMD630', 'SMAQUEX2']

SEQN SMQ020 SMD030 SMQ040 SMQ050Q SMQ050U SMD057 SMQ078 SMD641 \
0 109264.0 NaN NaN NaN NaN NaN NaN NaN NaN
1 109266.0 2.0 NaN NaN NaN NaN NaN NaN NaN
2 109267.0 2.0 NaN NaN NaN NaN NaN NaN NaN

SMD650 SMD100FL SMD100MN SMQ670 SMQ621 SMD630 SMAQUEX2
0 NaN NaN NaN NaN 1.0 NaN 2.0
1 NaN NaN NaN NaN NaN NaN 1.0
2 NaN NaN NaN NaN NaN NaN 1.0

======================================================================
DATASET STRUCTURE PREVIEW
======================================================================

1. DEMOGRAPHICS (P_DEMO)
--------------------------------------------------
Shape: 15,560 rows × 29 columns
Columns: ['SEQN', 'SDDSRVYR', 'RIDSTATR', 'RIAGENDR', 'RIDAGEYR', 'RIDAGEMN', 'RIDRETH1',

� 'RIDRETH3', 'RIDEXMON', 'DMDBORN4']...

SEQN SDDSRVYR RIDSTATR RIAGENDR RIDAGEYR RIDAGEMN RIDRETH1 \
0 109263.0 66.0 2.0 1.0 2.0 NaN 5.0
1 109264.0 66.0 2.0 2.0 13.0 NaN 1.0
2 109265.0 66.0 2.0 1.0 2.0 NaN 3.0

RIDRETH3 RIDEXMON DMDBORN4 ... FIAINTRP MIALANG MIAPROXY MIAINTRP \
0 6.0 2.0 1.0 ... 2.0 NaN NaN NaN
1 1.0 2.0 1.0 ... 2.0 1.0 2.0 2.0
2 3.0 2.0 1.0 ... 2.0 NaN NaN NaN

AIALANGA WTINTPRP WTMECPRP SDMVPSU SDMVSTRA INDFMPIR
0 NaN 7891.762435 8951.815567 3.0 156.0 4.66
1 1.0 11689.747264 12271.157043 1.0 155.0 0.83
2 NaN 16273.825939 16658.764203 1.0 157.0 3.06

[3 rows x 29 columns]
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2. BODY MEASURES (P_BMX)
--------------------------------------------------
Shape: 14,300 rows × 22 columns
Columns: ['SEQN', 'BMDSTATS', 'BMXWT', 'BMIWT', 'BMXRECUM', 'BMIRECUM', 'BMXHEAD', 'BMIHEAD',

� 'BMXHT', 'BMIHT']...

SEQN BMDSTATS BMXWT BMIWT BMXRECUM BMIRECUM BMXHEAD BMIHEAD \
0 109263.0 4.0 NaN NaN NaN NaN NaN NaN
1 109264.0 1.0 42.2 NaN NaN NaN NaN NaN
2 109265.0 1.0 12.0 NaN 91.6 NaN NaN NaN

BMXHT BMIHT ... BMXLEG BMILEG BMXARML BMIARML BMXARMC BMIARMC \
0 NaN NaN ... NaN NaN NaN NaN NaN NaN
1 154.7 NaN ... 36.3 NaN 33.8 NaN 22.7 NaN
2 89.3 NaN ... NaN NaN 18.6 NaN 14.8 NaN

BMXWAIST BMIWAIST BMXHIP BMIHIP
0 NaN NaN NaN NaN
1 63.8 NaN 85.0 NaN
2 41.2 NaN NaN NaN

[3 rows x 22 columns]

3. BLOOD PRESSURE (P_BPXO)
--------------------------------------------------
Shape: 11,656 rows × 12 columns
Columns: ['SEQN', 'BPAOARM', 'BPAOCSZ', 'BPXOSY1', 'BPXODI1', 'BPXOSY2', 'BPXODI2', 'BPXOSY3',

� 'BPXODI3', 'BPXOPLS1', 'BPXOPLS2', 'BPXOPLS3']

SEQN BPAOARM BPAOCSZ BPXOSY1 BPXODI1 BPXOSY2 BPXODI2 BPXOSY3 \
0 109264.0 b'R' 3.0 109.0 67.0 109.0 68.0 106.0
1 109266.0 b'R' 4.0 99.0 56.0 99.0 55.0 99.0
2 109270.0 b'R' 3.0 123.0 73.0 124.0 77.0 127.0

BPXODI3 BPXOPLS1 BPXOPLS2 BPXOPLS3
0 66.0 94.0 95.0 91.0
1 52.0 68.0 66.0 66.0
2 70.0 95.0 98.0 93.0

4. DIABETES (P_DIQ)
--------------------------------------------------
Shape: 14,986 rows × 28 columns
Columns: ['SEQN', 'DIQ010', 'DID040', 'DIQ160', 'DIQ180', 'DIQ050', 'DID060', 'DIQ060U',

� 'DIQ070', 'DIQ230']...

SEQN DIQ010 DID040 DIQ160 DIQ180 DIQ050 DID060 DIQ060U DIQ070 \
0 109263.0 2.0 NaN NaN NaN NaN NaN NaN NaN
1 109264.0 2.0 NaN 2.0 2.0 NaN NaN NaN NaN
2 109265.0 2.0 NaN NaN NaN NaN NaN NaN NaN

DIQ230 ... DIQ300D DID310S DID310D DID320 DID330 DID341 DID350 \
0 NaN ... NaN NaN NaN NaN NaN NaN NaN
1 NaN ... NaN NaN NaN NaN NaN NaN NaN
2 NaN ... NaN NaN NaN NaN NaN NaN NaN

DIQ350U DIQ360 DIQ080
0 NaN NaN NaN
1 NaN NaN NaN
2 NaN NaN NaN

[3 rows x 28 columns]
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5. SMOKING (P_SMQ)
--------------------------------------------------
Shape: 11,137 rows × 16 columns
Columns: ['SEQN', 'SMQ020', 'SMD030', 'SMQ040', 'SMQ050Q', 'SMQ050U', 'SMD057', 'SMQ078',

� 'SMD641', 'SMD650', 'SMD100FL', 'SMD100MN', 'SMQ670', 'SMQ621', 'SMD630', 'SMAQUEX2']

SEQN SMQ020 SMD030 SMQ040 SMQ050Q SMQ050U SMD057 SMQ078 SMD641 \
0 109264.0 NaN NaN NaN NaN NaN NaN NaN NaN
1 109266.0 2.0 NaN NaN NaN NaN NaN NaN NaN
2 109267.0 2.0 NaN NaN NaN NaN NaN NaN NaN

SMD650 SMD100FL SMD100MN SMQ670 SMQ621 SMD630 SMAQUEX2
0 NaN NaN NaN NaN 1.0 NaN 2.0
1 NaN NaN NaN NaN NaN NaN 1.0
2 NaN NaN NaN NaN NaN NaN 1.0

======================================================================
SAVING DATASETS TO LOCAL CSV FILES...
======================================================================
� All 5 datasets saved to local CSV files in the current folder!
� All 5 datasets saved to local CSV files in the current folder!
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2.1 Data Merging Each of the NHANES datasets has one common column known as SEQN
(respondent sequence number), which enables me to combine the datasets together. I use a sequence
of left joins of the demographics dataset so that I can have one data frame with all the variables.
The usage of left joins on the demographics table is not random since I would like to keep all the
demographic records in case of the missing health measurements. This method will recognize the fact
that missing data in health surveys can have informational importance because some groups of people
are less inclined to complete all the elements of examination.

Cell 09

# Merge all datasets using SEQN as the common identifier
# Start with demographics as the base dataset
df_merged = df_demo.merge(df_bmx, on='SEQN', how='left')
df_merged = df_merged.merge(df_bpx, on='SEQN', how='left')
df_merged = df_merged.merge(df_diq, on='SEQN', how='left')
df_merged = df_merged.merge(df_smq, on='SEQN', how='left')

print(f"Merged dataset dimensions: {df_merged.shape[0]:,} records x "
f"{df_merged.shape[1]} variables")

print(f"\nMemory usage: {df_merged.memory_usage(deep=True).sum() / 1024**2:.2f} MB")
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Merged dataset dimensions: 15,560 records x 103 variables

Memory usage: 12.69 MB
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0.0.5 3. Data Exploration and Cleaning

I will need to learn about the format of the merged data and address data quality problems before
going on with my analysis. This will involve analysis of types of variables, finding missing values, as
well as creation of derived variables, which will be helpful in the visualisations. This exploration step
is important to me because it usually uncovers unforeseen trends in the data that may be used to
make decisions about the analysis further on.

3.1 Variable Selection and Renaming I choose the most appropriate variables to analyze and
rename them in a way that is more intuitive. The NHANES codebook contains abbreviated names of
the variables which can be hard to comprehend without constant consultation of documentation. It is
through the development of meaningful names that I will make the following analysis more readable
and minimize chances of confusing the variables. This is one of the practices that I would recommend
to every individual handling a complex survey data.

Cell 11

# Select relevant variables and create a working dataset
selected_vars = {

'SEQN': 'id',
'RIAGENDR': 'gender', # Gender (1=Male, 2=Female)
'RIDAGEYR': 'age', # Age in years
'RIDRETH3': 'ethnicity', # Race/Ethnicity
'DMDEDUC2': 'education', # Education level (adults 20+)
'INDFMPIR': 'income_ratio', # Family income to poverty ratio
'BMXWT': 'weight', # Weight (kg)
'BMXHT': 'height', # Height (cm)
'BMXBMI': 'bmi', # Body Mass Index
'BMXWAIST': 'waist', # Waist circumference (cm)
'BPXOSY1': 'systolic_bp1', # Systolic BP - 1st reading
'BPXOSY2': 'systolic_bp2', # Systolic BP - 2nd reading
'BPXOSY3': 'systolic_bp3', # Systolic BP - 3rd reading
'BPXODI1': 'diastolic_bp1', # Diastolic BP - 1st reading
'BPXODI2': 'diastolic_bp2', # Diastolic BP - 2nd reading
'BPXODI3': 'diastolic_bp3', # Diastolic BP - 3rd reading
'BPXOPLS1': 'pulse1', # Pulse - 1st reading
'DIQ010': 'diabetes_status', # Doctor told you have diabetes
'SMQ020': 'smoked_100', # Smoked at least 100 cigarettes
'SMQ040': 'current_smoker', # Currently smoke cigarettes

}

# Create working dataset with selected variables
df = df_merged[list(selected_vars.keys())].copy()
df.columns = list(selected_vars.values())

print(f"Working dataset: {df.shape[0]:,} records x {df.shape[1]} variables")
print(f"\nVariables in working dataset:")
for col in df.columns:

print(f" - {col}")
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Working dataset: 15,560 records x 20 variables

Variables in working dataset:
- id
- gender
- age
- ethnicity
- education
- income_ratio
- weight
- height
- bmi
- waist
- systolic_bp1
- systolic_bp2
- systolic_bp3
- diastolic_bp1
- diastolic_bp2
- diastolic_bp3
- pulse1
- diabetes_status
- smoked_100
- current_smoker
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3.2 Missing Value Analysis In any health related analysis, it is important to understand the
pattern of missing data. I look at the level of missing values in the key variables to guide my data
cleaning technique. The most relevant part of this, as I see it, is the sense of differentiating between
missing completely at random (MCAR) and missing not at random (MNAR). To give an example,
when people who have particular health issues tend to be less prone to taking physical examinations, it
can easily be biased towards systematic bias when they are excluded. This is one of the methodological
considerations that I find to be worthy of close consideration in epidemiological studies.

Cell 13

# Analyse missing values
missing_analysis = pd.DataFrame({

'Variable': df.columns,
'Missing_Count': df.isnull().sum().values,
'Missing_Percent': (df.isnull().sum().values / len(df) * 100).round(2)

}).sort_values('Missing_Percent', ascending=False)

print("Missing Value Analysis:")
print("=" * 50)
print(missing_analysis.to_string(index=False))
print("=" * 50)
print(f"\nTotal records: {len(df):,}")
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Missing Value Analysis:
==================================================
Variable Missing_Count Missing_Percent
current_smoker 11671 75.01
education 6328 40.67
pulse1 6089 39.13
smoked_100 5867 37.71
diastolic_bp3 5274 33.89
systolic_bp3 5274 33.89
systolic_bp2 5233 33.63
diastolic_bp2 5233 33.63
diastolic_bp1 5208 33.47
systolic_bp1 5208 33.47
waist 2986 19.19
bmi 2423 15.57
height 2403 15.44
income_ratio 2201 14.15
weight 1485 9.54
diabetes_status 574 3.69
gender 0 0.00
ethnicity 0 0.00
age 0 0.00
id 0 0.00
==================================================

Total records: 15,560
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3.3 Creating Derived Variables and Category Labels The NHANES data has numeric codes
of categorical variables. I generate labels that are easy to understand by humans and extract other
variables that will strengthen my analysis like BMI groups, ages, and mean blood pressure levels. My
decisions concerning the categorisation in this case are informed by clinical standards, such as the
WHO BMI classification thresholds. But I also admit that the categorisation of continuous variables
is always associated with a loss of data and that the decision on where to make a cut can affect the
inferences made. This is a trade off between analytical simplicity and accuracy that a researcher has
to navigate.

Cell 15

# Create gender labels
gender_map = {1.0: 'Male', 2.0: 'Female'}
df['gender_label'] = df['gender'].map(gender_map)

# Create ethnicity labels
ethnicity_map = {

1.0: 'Mexican American',
2.0: 'Other Hispanic',
3.0: 'Non-Hispanic White',
4.0: 'Non-Hispanic Black',
6.0: 'Non-Hispanic Asian',
7.0: 'Other/Multi-Racial'

}
df['ethnicity_label'] = df['ethnicity'].map(ethnicity_map)

# Create education labels (for adults 20+)
education_map = {

1.0: 'Less than 9th grade',
2.0: '9-11th grade',
3.0: 'High school/GED',
4.0: 'Some college/AA',
5.0: 'College graduate+'

}
df['education_label'] = df['education'].map(education_map)

# Create age groups
def age_group(age):

if pd.isna(age):
return np.nan

elif age < 20:
return 'Under 20'

elif age < 40:
return '20-39'

elif age < 60:
return '40-59'

elif age < 80:
return '60-79'

else:
return '80+'

df['age_group'] = df['age'].apply(age_group)

# Create BMI categories based on WHO classification
def bmi_category(bmi):

if pd.isna(bmi):
return np.nan

elif bmi < 18.5:
return 'Underweight'

elif bmi < 25:
return 'Normal'

elif bmi < 30:
return 'Overweight'

else:
return 'Obese'
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df['bmi_category'] = df['bmi'].apply(bmi_category)

# Calculate average blood pressure (using available readings)
df['avg_systolic'] = df[['systolic_bp1', 'systolic_bp2', 'systolic_bp3']].mean(

axis=1, skipna=True)
df['avg_diastolic'] = df[['diastolic_bp1', 'diastolic_bp2', 'diastolic_bp3']].mean(

axis=1, skipna=True)

# Create blood pressure category based on AHA guidelines
def bp_category(sys, dia):

if pd.isna(sys) or pd.isna(dia):
return np.nan

elif sys < 120 and dia < 80:
return 'Normal'

elif sys < 130 and dia < 80:
return 'Elevated'

elif sys < 140 or dia < 90:
return 'High BP Stage 1'

else:
return 'High BP Stage 2'

df['bp_category'] = df.apply(
lambda x: bp_category(x['avg_systolic'], x['avg_diastolic']), axis=1)

# Create smoking status label
def smoking_status(smoked_100, current):

if pd.isna(smoked_100):
return np.nan

elif smoked_100 == 2.0:
return 'Never Smoker'

elif current == 1.0 or current == 2.0:
return 'Current Smoker'

elif current == 3.0:
return 'Former Smoker'

else:
return 'Unknown'

df['smoking_status'] = df.apply(
lambda x: smoking_status(x['smoked_100'], x['current_smoker']), axis=1)

# Create diabetes status label
diabetes_map = {1.0: 'Yes', 2.0: 'No', 3.0: 'Borderline'}
df['diabetes_label'] = df['diabetes_status'].map(diabetes_map)

# Create income category
def income_category(ratio):

if pd.isna(ratio):
return np.nan

elif ratio < 1.0:
return 'Below Poverty'

elif ratio < 2.0:
return 'Low Income'

elif ratio < 4.0:
return 'Middle Income'

else:
return 'High Income'

df['income_category'] = df['income_ratio'].apply(income_category)

print("Derived variables created successfully!")
print(f"\nNew variables added: gender_label, ethnicity_label, education_label,")
print(f"age_group, bmi_category, avg_systolic, avg_diastolic, bp_category,")
print(f"smoking_status, diabetes_label, income_category")
print(f"\nDataset now contains {df.shape[1]} variables")
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Derived variables created successfully!

New variables added: gender_label, ethnicity_label, education_label,
age_group, bmi_category, avg_systolic, avg_diastolic, bp_category,
smoking_status, diabetes_label, income_category

Dataset now contains 31 variables
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3.4 Data Filtering for Analysis In my main analysis, I target adults aged 20 years and above
whose data on the key variables of interest are complete. This makes the visualisations and conclusions
to be founded on sound data. I would like to observe, though, that this full-case method does decrease
the sample size and can also cause selection bias when the people who are not sampled differ in a
systematic way with those who are sampled. To address this issue I would take into consideration
more rigorous epidemiological methods in a more rigorous study though in the case of this exploratory
analysis the complete-case approach will be sufficient to provide adequate validity.

Cell 17

# Filter for adults (20+) with key variables present
df_adults = df[df['age'] >= 20].copy()
print(f"Adults (age 20+): {len(df_adults):,} records")

# Create analysis subset with complete key variables
key_vars = ['age', 'gender_label', 'bmi', 'avg_systolic', 'avg_diastolic']
df_analysis = df_adults.dropna(subset=key_vars).copy()
print(f"Records with complete key health data: {len(df_analysis):,}")

# Summary statistics for numeric variables
print("\nSummary Statistics for Key Health Indicators:")
print("=" * 60)
summary_stats = df_analysis[['age', 'bmi', 'avg_systolic', 'avg_diastolic',

'waist', 'income_ratio']].describe().round(2)
print(summary_stats)
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Adults (age 20+): 9,232 records
Records with complete key health data: 7,577

Summary Statistics for Key Health Indicators:
============================================================
age bmi avg_systolic avg_diastolic waist income_ratio
count 7577.00 7577.00 7577.00 7577.00 7399.00 6607.00
mean 50.81 30.05 124.75 74.72 101.14 2.62
std 17.37 7.45 19.28 11.56 17.14 1.63
min 20.00 14.60 76.33 41.33 57.90 0.00
25% 36.00 24.90 110.67 66.67 89.20 1.20
50% 52.00 28.80 122.00 74.00 99.60 2.27
75% 64.00 33.80 135.33 81.67 111.60 4.25
max 80.00 80.60 218.67 135.00 187.50 5.00
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0.0.6 4. Interactive Data Visualisations

This part introduces five interactive visualisations that have been developed with Bokeh library. All
the visualisations are created to show meaningful relationships within the health data and enable users
to interact with the data using a number of controls including sliders, dropdowns and hover.

4.1 Interactive Visualisation 1: BMI vs Blood Pressure Explorer This scatter plot makes it
possible to explore the correlation between Body Mass Index and blood pressure, and filter the results
in terms of age range and colour-coded by different demographic characteristics. I have created this
visualisation as I wanted the users to be able to interact with the data using sliders that would filter
the age range shown. The use of BMI, as compared to systolic blood pressure, as the main relationship
to consider is not an accident, and this relationship has significant clinical implications. The fact that
elevated BMI is a modifiable risk factor of hypertension has been accepted and supported by numerous
research studies, but its strength and nature might depend on population sub-groups, which I wanted
to allow users to explore.

ERROR when parsing cell 19

Traceback (most recent call last):
File "/doubtfire/tmp/rails-latex/1-4153916636567632280/jupynotex.py", line 305, in main
src, out, md = nb.get(cell)
File "/doubtfire/tmp/rails-latex/1-4153916636567632280/jupynotex.py", line 252, in get
output = self._proc_out(content)
File "/doubtfire/tmp/rails-latex/1-4153916636567632280/jupynotex.py", line 222, in _proc_out
more_content = processor.get_item_data(item)
File "/doubtfire/tmp/rails-latex/1-4153916636567632280/jupynotex.py", line 107, in

get_item_data↪→

raise ValueError("Image type not supported: {}".format(data.keys()))
ValueError: Image type not supported: dict_keys(['text/html'])

Observations:
The scatter plot indicates that there is a positive correlation between BMI and systolic blood

pressure and this is in line with the available medical literature regarding the pathophysiology of
hypertension that is influenced by obesity. The most notable aspect about my experience with this
visualisation is the fact that the relationship grows stronger with age. This age related trend implies
that the cardiovascular consequences of high BMI can be compounded over time and this theory needs
to be explored further using longitudinal research.

On clicking the legend items, the users can isolate the data according to the gender and I observed
that the males are likely to have a higher blood pressure reading in the same BMI levels. This
gender disparity is in line with epidemiological evidence that premenopausal females normally possess
a reduced blood pressure compared to males of the same age although the difference diminishes after
menopause. Nevertheless, I would warn not to make strong causal inferences based on these cross-
sectional observations because such confounding variables as the use of medications, levels of physical
activity, and diet patterns are not adjusted in this visualisation.

The high scatter of the data can also be mentioned because it shows that BMI, in itself, can
explain only a part of the variation in blood pressure, and the cardiovascular health is a multifactorial
phenomenon.

Cell 21

# Static Snapshot - Visualization 1: BMI vs Blood Pressure
import matplotlib.pyplot as plt
import matplotlib.patches as mpatches
from pathlib import Path

# Create screenshots directory if it doesn't exist
screenshots_dir = Path('screenshots')
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screenshots_dir.mkdir(exist_ok=True)

# Create figure with similar layout to Bokeh
fig, ax = plt.subplots(figsize=(12, 7))

# Plot data colored by gender
for gender, color in [('Male', '#1f77b4'), ('Female', '#e377c2')]:

mask = df_viz1['gender_label'] == gender
ax.scatter(

df_viz1[mask]['bmi'],
df_viz1[mask]['avg_systolic'],
c=color,
alpha=0.5,
s=50,
label=gender,
edgecolors='none'

)

# Styling
ax.set_xlabel('Body Mass Index (BMI)', fontsize=12, fontweight='bold')
ax.set_ylabel('Systolic Blood Pressure (mmHg)', fontsize=12, fontweight='bold')
ax.set_title('Relationship Between BMI and Systolic Blood Pressure', fontsize=14,

fontweight='bold', pad=20)
ax.legend(loc='upper left', frameon=True, shadow=True, fontsize=10)
ax.grid(True, alpha=0.3, linestyle='--')
ax.set_facecolor('#f8f9fa')

# Add text annotation showing age range filter (default 20-80)
ax.text(0.02, 0.98, 'Age Range: 20-80 years',

transform=ax.transAxes, fontsize=10, verticalalignment='top',
bbox=dict(boxstyle='round', facecolor='wheat', alpha=0.5))

plt.tight_layout()

# Save as PNG
output_path = screenshots_dir / 'viz1_bmi_blood_pressure.png'
plt.savefig(output_path, dpi=150, bbox_inches='tight', facecolor='white')
print(f"� Static snapshot saved: {output_path}")
print(f" File size: {output_path.stat().st_size / 1024:.1f} KB")

# Display in notebook
plt.show()

plt.close()
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� Static snapshot saved: screenshots/viz1_bmi_blood_pressure.png
File size: 518.1 KB
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Comment:
The image above is a static snapshot view of the interactive visualization showing relationship

between BMI and Systolic Blood Pressure according to gender and age range.

4.2 Interactive Visualisation 2: Health Indicators Dashboard by Demographic Groups
This interactive dashboard shows the aggregated health metrics on the various demographic categories.
I selected the design of this visualisation to allow users to choose which health indicator to show and
which demographic grouping to show to give a holistic picture on health disparity within subgroups
of the population. The aggregation strategy, in this case, is not accidental, but rather it is the shift
to the population-level patterns instead of individual-level variation, which is more pertinent to the
issue of a population health policy. But I am also conscious of the fact that aggregated means may
be obscure to important within-group heterogeneity which can be of clinical significance.

ERROR when parsing cell 24

Traceback (most recent call last):
File "/doubtfire/tmp/rails-latex/1-4153916636567632280/jupynotex.py", line 305, in main
src, out, md = nb.get(cell)
File "/doubtfire/tmp/rails-latex/1-4153916636567632280/jupynotex.py", line 252, in get
output = self._proc_out(content)
File "/doubtfire/tmp/rails-latex/1-4153916636567632280/jupynotex.py", line 222, in _proc_out
more_content = processor.get_item_data(item)
File "/doubtfire/tmp/rails-latex/1-4153916636567632280/jupynotex.py", line 107, in

get_item_data↪→

raise ValueError("Image type not supported: {}".format(data.keys()))
ValueError: Image type not supported: dict_keys(['text/html'])

Observations:
This interactive dashboard shows significant health inequalities between demographic groups that

need to be studied critically. I point out the following major findings:

• The BMI is on an upward trend until 60-79 age group, which reports a minimal decline in
individuals aged 80 years and above. I take this pattern carefully as it is more of survivor bias
than actual weight loss among the elderly. Those who live long with high BMI might be a very
robust section of the population and the patients with morbidity because of obesity might have
passed away earlier when they were aged 80 or above. A typical instance of how cross-sectional
data can be misleading in understanding age trends is this one.

• There is a clear positive trend of blood pressure along all measures with age, and this is in line
with the long-established effects of stiffening of arteries as one ages. What catches my eye as a
public health issue is the rate of this upsurge, which points to the possibility that the preventive
measures that are currently used are not enough to counter the effect of age on cardiovascular
risk.

• There are considerable disparities in terms of income level with better income being connected to
lower BMI and blood pressure. This is a disturbing but not startling socioeconomic gradient. It
mirrors interplay of access to healthy food, safe place to exercise, healthcare access, and chronic
stress, which is disproportionately impacting the population with lower income. I feel that health
policy should focus on addressing such structural determinants.

• There are ethnic inequalities as the Non-Hispanic Black individuals exhibit greater mean blood
pressure levels. Such a finding has to be viewed in the light of past and present structural
racism that not only impacts health in various ways, but also includes chronic stress, residential
segregation and healthcare discrimination. I would advise against biological essentialism in the
explanation of these differences.
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The dynamic change capabilities between groupings and metrics allows exploration of these health
determinants holistically and shows how health inequities overlap.

Cell 26

# Static Snapshot - Visualization 2: Health Indicators Dashboard
import matplotlib.pyplot as plt
from pathlib import Path

screenshots_dir = Path('screenshots')
screenshots_dir.mkdir(exist_ok=True)

# Create a 2x2 grid showing different grouping examples
fig, axes = plt.subplots(2, 2, figsize=(14, 10))
fig.suptitle('Health Indicators Dashboard by Demographic Groups', fontsize=16,

fontweight='bold', y=0.995)

# 1. BMI by Age Group
ax1 = axes[0, 0]
age_categories = agg_age['age_group'].astype(str).tolist()
age_values = agg_age['bmi'].tolist()
age_colors_list = ['#1f77b4', '#ff7f0e', '#2ca02c', '#d62728'][:len(age_categories)]
ax1.bar(age_categories, age_values, color=age_colors_list, alpha=0.8, edgecolor='black',

linewidth=1)
ax1.set_xlabel('Age Group', fontsize=10, fontweight='bold')
ax1.set_ylabel('Average BMI', fontsize=10, fontweight='bold')
ax1.set_title('Average BMI by Age Group', fontsize=11, fontweight='bold')
ax1.grid(True, alpha=0.3, axis='y')
ax1.set_ylim(0, max(age_values) * 1.15)
for i, v in enumerate(age_values):

ax1.text(i, v + 0.5, f'{v:.1f}', ha='center', va='bottom', fontsize=9)

# 2. Systolic BP by Gender
ax2 = axes[0, 1]
gender_categories = agg_gender['gender_label'].tolist()
gender_values = agg_gender['avg_systolic'].tolist()
gender_colors_list = ['#3498db', '#e74c3c'][:len(gender_categories)]
ax2.bar(gender_categories, gender_values, color=gender_colors_list, alpha=0.8,

edgecolor='black', linewidth=1)
ax2.set_xlabel('Gender', fontsize=10, fontweight='bold')
ax2.set_ylabel('Average Systolic BP (mmHg)', fontsize=10, fontweight='bold')
ax2.set_title('Average Systolic Blood Pressure by Gender', fontsize=11, fontweight='bold')
ax2.grid(True, alpha=0.3, axis='y')
ax2.set_ylim(0, max(gender_values) * 1.15)
for i, v in enumerate(gender_values):

ax2.text(i, v + 1.5, f'{v:.1f}', ha='center', va='bottom', fontsize=9)

# 3. BMI by Income Level
ax3 = axes[1, 0]
income_categories = agg_income['income_category'].astype(str).tolist()
income_values = agg_income['bmi'].tolist()
income_colors_list = ['#e74c3c', '#f39c12', '#3498db', '#2ecc71'][:len(income_categories)]
ax3.bar(range(len(income_categories)), income_values, color=income_colors_list, alpha=0.8,

edgecolor='black', linewidth=1)
ax3.set_xticks(range(len(income_categories)))
ax3.set_xticklabels(income_categories, rotation=15, ha='right', fontsize=9)
ax3.set_xlabel('Income Level', fontsize=10, fontweight='bold')
ax3.set_ylabel('Average BMI', fontsize=10, fontweight='bold')
ax3.set_title('Average BMI by Income Level', fontsize=11, fontweight='bold')
ax3.grid(True, alpha=0.3, axis='y')
ax3.set_ylim(0, max(income_values) * 1.15)
for i, v in enumerate(income_values):

ax3.text(i, v + 0.5, f'{v:.1f}', ha='center', va='bottom', fontsize=9)

# 4. Waist Circumference by Ethnicity (top 4 groups)
ax4 = axes[1, 1]
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ethnicity_top4 = agg_ethnicity.nlargest(4, 'waist')
ethnicity_categories = [e[:15] + '...' if len(e) > 15 else e for e in

ethnicity_top4['ethnicity_label'].tolist()]
ethnicity_values = ethnicity_top4['waist'].tolist()
ethnicity_colors_list = ['#9b59b6', '#e67e22', '#16a085',

'#c0392b'][:len(ethnicity_categories)]
ax4.barh(ethnicity_categories, ethnicity_values, color=ethnicity_colors_list, alpha=0.8,

edgecolor='black', linewidth=1)
ax4.set_xlabel('Average Waist Circumference (cm)', fontsize=10, fontweight='bold')
ax4.set_ylabel('Ethnicity', fontsize=10, fontweight='bold')
ax4.set_title('Average Waist Circumference by Ethnicity (Top 4)', fontsize=11,

fontweight='bold')
ax4.grid(True, alpha=0.3, axis='x')
ax4.set_xlim(0, max(ethnicity_values) * 1.15)
for i, v in enumerate(ethnicity_values):

ax4.text(v + 1, i, f'{v:.1f}', ha='left', va='center', fontsize=9)

plt.tight_layout()

# Save as PNG
output_path = screenshots_dir / 'viz2_health_dashboard.png'
plt.savefig(output_path, dpi=150, bbox_inches='tight', facecolor='white')
print(f"� Static snapshot saved: {output_path}")
print(f" File size: {output_path.stat().st_size / 1024:.1f} KB")

# Display in notebook
plt.show()

plt.close()
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� Static snapshot saved: screenshots/viz2_health_dashboard.png
File size: 169.5 KB
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Comment
The image above shows 4 static snapshot views from the interactive dashboard. The interactive

version allows dynamic switching between different demographic groupings (Age, Gender, Ethnicity,
Education, Income) and health metrics (BMI, Systolic BP, Diastolic BP, Waist Circumference).

4.3 Interactive Visualisation 3: Smoking Status and Health Outcomes The relationship
between smoking status and the major health indicators is examined in this visualisation. I have
introduced the use of an interactive tabbed interface so that the user can be able to compare various
health measurements with regard to the smoking categories (Never Smoker, Former Smoker, Current
Smoker). The smoking status categorisation provides some interesting analytical issues because the
former smoker category includes both those who have stopped smoking decades ago and those who
have stopped smoking recently, with potentially quite different health profiles. Irrespective of this
weakness, the comparison can still be useful in analysing the patterns at the population level.

ERROR when parsing cell 29

Traceback (most recent call last):
File "/doubtfire/tmp/rails-latex/1-4153916636567632280/jupynotex.py", line 305, in main
src, out, md = nb.get(cell)
File "/doubtfire/tmp/rails-latex/1-4153916636567632280/jupynotex.py", line 252, in get
output = self._proc_out(content)
File "/doubtfire/tmp/rails-latex/1-4153916636567632280/jupynotex.py", line 222, in _proc_out
more_content = processor.get_item_data(item)
File "/doubtfire/tmp/rails-latex/1-4153916636567632280/jupynotex.py", line 107, in

get_item_data↪→

raise ValueError("Image type not supported: {}".format(data.keys()))
ValueError: Image type not supported: dict_keys(['text/html'])

Observations:
Tabbed visualisation displays trends in terms of smoking and health of which I believe needs to

be interpreted with a lot of care:

• The means of BMI are less among current smokers than those never smokers. Although this
might appear contradictory on the face of it, it makes sense in the pharmacological literature
which indicates that nicotine inhibits appetite and raises the metabolic rate. I would say though
that this is not to be taken as a positive aspect of smoking since the metabolic effects of smoking
are greatly overshadowed by the catastrophic health results of tobacco use. The same finding also
demonstrates a possible confounding effect of observational studies: smoking status is correlated
with many health behaviours, which may independently influence BMI.

• Ex-smokers have the greatest average BMI and probably this is a result of gaining weight after
giving up smoking. It is a phenomenon that has been well documented that I find worrying in a
message about public health in that fear of gaining weight is always mentioned as a concern to
giving up smoking. The statistics indicate that weight management support should be included
in smoking cessation programmes to overcome the problem.

• Trends in blood pressure demonstrate that the average blood pressure of the former smokers
is highest. I would explain this result to be due to confounding by age, and not necessarily
by former smoking. It is probable that the former smokers in this sample will be older in
general than current smokers (because many smokers persist or succumb to diseases caused by
smoking) and age has a strong predictive value of blood pressure. Also, ex-smokers who have
already acquired cardiovascular disease could have been recommended to quit which brings about
reverse causation.

• These results underscore the complexity of health behaviours and the need to take into account
confounding variables which include the age, the length of exposure and time since cessation in
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interpreting the results. In my opinion, this is a great lesson on the weaknesses of observational
data in formulating causal conclusions on health behaviours.

Cell 31

# Static Snapshot - Visualization 3: Smoking Status and Health Outcomes
import matplotlib.pyplot as plt
from pathlib import Path

screenshots_dir = Path('screenshots')
screenshots_dir.mkdir(exist_ok=True)

# Create a figure with 3 subplots (matching the 3 tabs)
fig, axes = plt.subplots(1, 3, figsize=(16, 5))
fig.suptitle('Smoking Status and Health Outcomes', fontsize=16, fontweight='bold', y=1.02)

# Prepare data
smoke_categories = smoking_stats['smoking_status'].astype(str).tolist()
smoke_colors = ['#2ecc71', '#f1c40f', '#e74c3c'] # Green, Yellow, Red

# 1. BMI by Smoking Status
ax1 = axes[0]
bmi_values = smoking_stats['bmi_mean'].tolist()
ax1.bar(smoke_categories, bmi_values, color=smoke_colors, alpha=0.8, edgecolor='black',

linewidth=1.5)
ax1.set_xlabel('Smoking Status', fontsize=11, fontweight='bold')
ax1.set_ylabel('Average BMI', fontsize=11, fontweight='bold')
ax1.set_title('Average BMI by Smoking Status', fontsize=12, fontweight='bold')
ax1.grid(True, alpha=0.3, axis='y')
ax1.set_ylim(0, max(bmi_values) * 1.15)
for i, v in enumerate(bmi_values):

ax1.text(i, v + 0.4, f'{v:.2f}', ha='center', va='bottom', fontsize=10,
fontweight='bold')

ax1.set_xticklabels(smoke_categories, rotation=15, ha='right')

# 2. Blood Pressure by Smoking Status (grouped bars)
ax2 = axes[1]
systolic_values = smoking_stats['avg_systolic_mean'].tolist()
diastolic_values = smoking_stats['avg_diastolic_mean'].tolist()
x_pos = np.arange(len(smoke_categories))
width = 0.35
ax2.bar(x_pos - width/2, systolic_values, width, label='Systolic', color='#3498db',

alpha=0.8, edgecolor='black', linewidth=1)
ax2.bar(x_pos + width/2, diastolic_values, width, label='Diastolic', color='#9b59b6',

alpha=0.8, edgecolor='black', linewidth=1)
ax2.set_xlabel('Smoking Status', fontsize=11, fontweight='bold')
ax2.set_ylabel('Blood Pressure (mmHg)', fontsize=11, fontweight='bold')
ax2.set_title('Blood Pressure by Smoking Status', fontsize=12, fontweight='bold')
ax2.set_xticks(x_pos)
ax2.set_xticklabels(smoke_categories, rotation=15, ha='right')
ax2.legend(loc='upper left', frameon=True, shadow=True)
ax2.grid(True, alpha=0.3, axis='y')
ax2.set_ylim(0, max(max(systolic_values), max(diastolic_values)) * 1.15)

# 3. Waist Circumference by Smoking Status
ax3 = axes[2]
waist_values = smoking_stats['waist_mean'].tolist()
ax3.bar(smoke_categories, waist_values, color=smoke_colors, alpha=0.8, edgecolor='black',

linewidth=1.5)
ax3.set_xlabel('Smoking Status', fontsize=11, fontweight='bold')
ax3.set_ylabel('Waist Circumference (cm)', fontsize=11, fontweight='bold')
ax3.set_title('Waist Circumference by Smoking Status', fontsize=12, fontweight='bold')
ax3.grid(True, alpha=0.3, axis='y')
ax3.set_ylim(0, max(waist_values) * 1.15)
for i, v in enumerate(waist_values):

ax3.text(i, v + 1.5, f'{v:.1f}', ha='center', va='bottom', fontsize=10,
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fontweight='bold')
ax3.set_xticklabels(smoke_categories, rotation=15, ha='right')

plt.tight_layout()

# Save as PNG
output_path = screenshots_dir / 'viz3_smoking_health.png'
plt.savefig(output_path, dpi=150, bbox_inches='tight', facecolor='white')
print(f"� Static snapshot saved: {output_path}")
print(f" File size: {output_path.stat().st_size / 1024:.1f} KB")

# Display in notebook
plt.show()

plt.close()
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� Static snapshot saved: screenshots/viz3_smoking_health.png
File size: 120.0 KB
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Comment:
The image above shows all 3 tabs from the interactive visualization in a single view: BMI, Blood

Pressure (Systolic/Diastolic), and Waist Circumference comparisons across smoking status categories.
The interactive version allows switching between tabs.

4.4 Interactive Visualisation 4: Diabetes Prevalence Analysis This visualisation is a two-
dimensional interactive heatmap of the prevalence of diabetes by demographic crossbreeds. The reason
I selected the heatmap format, in particular, is that this visualisation method allows visualising two
categorical variables at the same time (age group and BMI category), and the trends in the spread of
diabetes can be observed at a glance. There is also the option of hovering over cells to get detailed
statistics of each subgroup as an important tool in interpreting rates in cells having small sample sizes,
in my opinion. The colour gradient was chosen to visually express prevalence that is increasing in a
more intuitive way with the darker colours depicting more prevalence of diabetes.

ERROR when parsing cell 34

Traceback (most recent call last):
File "/doubtfire/tmp/rails-latex/1-4153916636567632280/jupynotex.py", line 305, in main
src, out, md = nb.get(cell)
File "/doubtfire/tmp/rails-latex/1-4153916636567632280/jupynotex.py", line 252, in get
output = self._proc_out(content)
File "/doubtfire/tmp/rails-latex/1-4153916636567632280/jupynotex.py", line 222, in _proc_out
more_content = processor.get_item_data(item)
File "/doubtfire/tmp/rails-latex/1-4153916636567632280/jupynotex.py", line 107, in

get_item_data↪→

raise ValueError("Image type not supported: {}".format(data.keys()))
ValueError: Image type not supported: dict_keys(['text/html'])

Observations:
The heatmap is an interesting visual display of the age-BMI combination risk of developing dia-

betes. In this pattern, I consider a number of things worth discussion in details:

• BMI category and age have a significant and drastic impact on the prevalence of diabetes. The
most striking thing to me is the synergistic effect that seems to exist, the interaction between old
age and obesity generates prevalence rates much higher than would otherwise be expected under
the influence of each factor separately. This indicates that the biology that obesity is associated
with diabetes might be enhanced with old age, possibly because of cumulative destruction of the
pancreatic beta-cells or rising insulin resistance.

• The greatest rates are found in the older population (60-79 age group) that is obese (rates are
greater than 25 percent). I observe that this is a good clinical and general health public burden.
As the population grows older, and the prevalence of obesity increases, such numbers indicate
that the epidemic of diabetes can become even more severe in the following decades without
efficient actions taken to address it.

• Obesity is a significant risk factor of diabetes even among the younger age group when compared
to the normal weight. The implications of this observation on early intervention are significant
since it proves the existence of metabolic effects of obesity at an early age. In my opinion, this
demonstrates the significance of childhood and adolescent obesity prevention programmes.

• The trend is a firm advocate of the public health message concerning healthy weight and espe-
cially as one grows in age. Nonetheless, I would say that the data also backs up the question of
whether the existing methods of communal health are sufficient as well. When the correlation
between BMI and diabetes is this good, why have years of weight management communications
not resulted in a reversal of the obesity trend?
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• The interactive hover option shows the real sample sizes of each cell which is necessary to
interpret critically. I noticed that the sample sizes of some of the cells, and especially in the
underweight elderly, are relatively small, and thus the prevalence estimates in question are less
certain.

Cell 36

# Static Snapshot - Visualization 4: Diabetes Prevalence Heatmap
import matplotlib.pyplot as plt
import matplotlib.patches as mpatches
from matplotlib.colors import LinearSegmentedColormap
from pathlib import Path

screenshots_dir = Path('screenshots')
screenshots_dir.mkdir(exist_ok=True)

# Create pivot table for heatmap
age_groups = ['20-39', '40-59', '60-79', '80+']
bmi_cats = ['Underweight', 'Normal', 'Overweight', 'Obese']

# Create matrix for heatmap
heatmap_matrix = np.zeros((len(bmi_cats), len(age_groups)))
for i, bmi in enumerate(bmi_cats):

for j, age in enumerate(age_groups):
mask = (heatmap_df['bmi_category'] == bmi) & (heatmap_df['age_group'] == age)
if mask.any():

rate = heatmap_df[mask]['rate'].values[0]
heatmap_matrix[i, j] = rate if not np.isnan(rate) else 0

# Create figure
fig, ax = plt.subplots(figsize=(10, 6))

# Create custom colormap (green-yellow-red, reversed)
colors = ['#2ecc71', '#f1c40f', '#e74c3c'] # Green, Yellow, Red
n_bins = 100
cmap = LinearSegmentedColormap.from_list('custom', colors, N=n_bins)

# Create heatmap
im = ax.imshow(heatmap_matrix[::-1], cmap=cmap, aspect='auto', vmin=0, vmax=40)

# Set ticks and labels
ax.set_xticks(np.arange(len(age_groups)))
ax.set_yticks(np.arange(len(bmi_cats)))
ax.set_xticklabels(age_groups)
ax.set_yticklabels(bmi_cats[::-1])

# Add grid
ax.set_xticks(np.arange(len(age_groups)) - 0.5, minor=True)
ax.set_yticks(np.arange(len(bmi_cats)) - 0.5, minor=True)
ax.grid(which='minor', color='white', linestyle='-', linewidth=2)

# Add text annotations
for i, bmi in enumerate(bmi_cats[::-1]):

for j, age in enumerate(age_groups):
value = heatmap_matrix[::-1][i, j]
if value > 0:

# Get sample count for annotation
mask = (heatmap_df['bmi_category'] == bmi) & (heatmap_df['age_group'] == age)
count = heatmap_df[mask]['count'].values[0] if mask.any() else 0
text_color = 'white' if value > 20 else 'black'
ax.text(j, i, f'{value:.1f}%\n(n={count})',

ha='center', va='center', color=text_color,
fontsize=9, fontweight='bold')

# Labels and title
ax.set_xlabel('Age Group', fontsize=12, fontweight='bold')
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ax.set_ylabel('BMI Category', fontsize=12, fontweight='bold')
ax.set_title('Diabetes Prevalence by Age Group and BMI Category',

fontsize=14, fontweight='bold', pad=20)

# Add colorbar
cbar = plt.colorbar(im, ax=ax)
cbar.set_label('Diabetes Rate (%)', fontsize=11, fontweight='bold')

plt.tight_layout()

# Save as PNG
output_path = screenshots_dir / 'viz4_diabetes_heatmap.png'
plt.savefig(output_path, dpi=150, bbox_inches='tight', facecolor='white')
print(f"� Static snapshot saved: {output_path}")
print(f" File size: {output_path.stat().st_size / 1024:.1f} KB")

# Display in notebook
plt.show()

plt.close()
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� Static snapshot saved: screenshots/viz4_diabetes_heatmap.png
File size: 94.0 KB
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Comment:
The image above is a static version of the interactive heatmap showing diabetes prevalence rates

across age groups and BMI categories. Cell annotations show the percentage rate and sample size (n).
The interactive version includes hover tooltips with detailed statistics for each cell.

4.5 Interactive Visualisation 5: Multi-Variable Health Profile Explorer This interactive
visualisation in a comprehensive manner enables the user to view the connections between several
health variables at the same time. I made this the most customizable tool in my analysis package
allowing the user to choose other variables to be used as the x-axis, y-axis, colour encoding. The
income-poverty ratio slider is a socioeconomic filter with the potential of exploring whether health
relationships are different across economic levels. I find this feature especially useful to study health
equity issues because it allows users to visually determine whether there are higher health risks among
the lower-income populations.

ERROR when parsing cell 39

Traceback (most recent call last):
File "/doubtfire/tmp/rails-latex/1-4153916636567632280/jupynotex.py", line 305, in main
src, out, md = nb.get(cell)
File "/doubtfire/tmp/rails-latex/1-4153916636567632280/jupynotex.py", line 252, in get
output = self._proc_out(content)
File "/doubtfire/tmp/rails-latex/1-4153916636567632280/jupynotex.py", line 222, in _proc_out
more_content = processor.get_item_data(item)
File "/doubtfire/tmp/rails-latex/1-4153916636567632280/jupynotex.py", line 107, in

get_item_data↪→

raise ValueError("Image type not supported: {}".format(data.keys()))
ValueError: Image type not supported: dict_keys(['text/html'])

Observations:
This comprehensive explorer enables discovery of complex multi-variable relationships that I find

essential for understanding population health patterns:

• The income filter reveals that health indicators vary significantly by socioeconomic status. When
I filter to lower income groups (ratio less than 1), I observe higher clustering in the elevated BMI
and blood pressure regions. This visual confirmation of the socioeconomic gradient in health
is sobering. It suggests that economic disadvantage translates directly into biological risk, a
phenomenon that epidemiologists term the ”embodiment” of social inequality. I believe this
finding has profound implications for health policy, as it suggests that economic interventions
may be as important as medical ones for improving population health.

• Age consistently shows strong positive correlations with blood pressure and waist circumference.
The strength and consistency of these relationships across different subgroups reinforces the
view that aging is accompanied by predictable metabolic changes. However, I note that the
magnitude of age-related changes appears to vary somewhat by income level, suggesting that
the aging process may be accelerated by socioeconomic disadvantage.

• The relationship between BMI and waist circumference is nearly linear, as expected, but the
scatter increases with higher values. I interpret this increasing heteroscedasticity as reflecting
the diversity of body composition patterns among individuals with higher BMI. Two people with
identical BMI values may have very different distributions of fat tissue, and waist circumference
provides additional information about central adiposity, which is particularly associated with
metabolic risk.

• By dynamically changing variables, users can discover unexpected relationships and generate
hypotheses for further investigation. I consider this exploratory capability one of the primary
strengths of interactive visualisation, as it supports the hypothesis-generating phase of research
that often precedes more rigorous confirmatory analysis.
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Cell 41

# Static Snapshot - Visualization 5: Multi-Variable Health Profile Explorer
import matplotlib.pyplot as plt
from matplotlib.colors import Normalize
import matplotlib.cm as cm
from pathlib import Path

screenshots_dir = Path('screenshots')
screenshots_dir.mkdir(exist_ok=True)

# Create a 2x2 grid showing different variable combinations
fig = plt.figure(figsize=(14, 12))
gs = fig.add_gridspec(3, 2, hspace=0.3, wspace=0.25)

fig.suptitle('Multi-Variable Health Profile Explorer', fontsize=16, fontweight='bold',
y=0.995)

# Setup colormap
viridis = cm.get_cmap('viridis')

# 1. BMI vs Systolic BP (colored by Age) - Default view
ax1 = fig.add_subplot(gs[0, :])
norm1 = Normalize(vmin=df_viz5['age'].min(), vmax=df_viz5['age'].max())
sc1 = ax1.scatter(df_viz5['bmi'], df_viz5['avg_systolic'],

c=df_viz5['age'], cmap=viridis, alpha=0.6, s=30, norm=norm1)
ax1.set_xlabel('Body Mass Index (BMI)', fontsize=11, fontweight='bold')
ax1.set_ylabel('Systolic Blood Pressure (mmHg)', fontsize=11, fontweight='bold')
ax1.set_title('BMI vs Systolic BP (colored by Age) - Default View', fontsize=12,

fontweight='bold')
ax1.grid(True, alpha=0.3)
cbar1 = plt.colorbar(sc1, ax=ax1)
cbar1.set_label('Age (years)', fontsize=10, fontweight='bold')

# 2. Age vs Systolic BP (colored by BMI)
ax2 = fig.add_subplot(gs[1, 0])
norm2 = Normalize(vmin=df_viz5['bmi'].min(), vmax=df_viz5['bmi'].max())
sc2 = ax2.scatter(df_viz5['age'], df_viz5['avg_systolic'],

c=df_viz5['bmi'], cmap=viridis, alpha=0.6, s=25, norm=norm2)
ax2.set_xlabel('Age (years)', fontsize=10, fontweight='bold')
ax2.set_ylabel('Systolic BP (mmHg)', fontsize=10, fontweight='bold')
ax2.set_title('Age vs Systolic BP (colored by BMI)', fontsize=11, fontweight='bold')
ax2.grid(True, alpha=0.3)
cbar2 = plt.colorbar(sc2, ax=ax2)
cbar2.set_label('BMI', fontsize=9, fontweight='bold')

# 3. BMI vs Waist (colored by Age)
ax3 = fig.add_subplot(gs[1, 1])
sc3 = ax3.scatter(df_viz5['bmi'], df_viz5['waist'],

c=df_viz5['age'], cmap=viridis, alpha=0.6, s=25, norm=norm1)
ax3.set_xlabel('BMI', fontsize=10, fontweight='bold')
ax3.set_ylabel('Waist Circumference (cm)', fontsize=10, fontweight='bold')
ax3.set_title('BMI vs Waist Circumference (colored by Age)', fontsize=11,

fontweight='bold')
ax3.grid(True, alpha=0.3)
cbar3 = plt.colorbar(sc3, ax=ax3)
cbar3.set_label('Age (years)', fontsize=9, fontweight='bold')

# 4. Income vs BMI (colored by Systolic BP)
ax4 = fig.add_subplot(gs[2, 0])
norm4 = Normalize(vmin=df_viz5['avg_systolic'].min(), vmax=df_viz5['avg_systolic'].max())
sc4 = ax4.scatter(df_viz5['income_ratio'], df_viz5['bmi'],

c=df_viz5['avg_systolic'], cmap=viridis, alpha=0.6, s=25, norm=norm4)
ax4.set_xlabel('Income-to-Poverty Ratio', fontsize=10, fontweight='bold')
ax4.set_ylabel('BMI', fontsize=10, fontweight='bold')
ax4.set_title('Income Ratio vs BMI (colored by Systolic BP)', fontsize=11,
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fontweight='bold')
ax4.grid(True, alpha=0.3)
ax4.set_xlim(-0.5, 5.5)
cbar4 = plt.colorbar(sc4, ax=ax4)
cbar4.set_label('Systolic BP (mmHg)', fontsize=9, fontweight='bold')

# 5. Age vs Diastolic BP (colored by Waist)
ax5 = fig.add_subplot(gs[2, 1])
norm5 = Normalize(vmin=df_viz5['waist'].min(), vmax=df_viz5['waist'].max())
sc5 = ax5.scatter(df_viz5['age'], df_viz5['avg_diastolic'],

c=df_viz5['waist'], cmap=viridis, alpha=0.6, s=25, norm=norm5)
ax5.set_xlabel('Age (years)', fontsize=10, fontweight='bold')
ax5.set_ylabel('Diastolic BP (mmHg)', fontsize=10, fontweight='bold')
ax5.set_title('Age vs Diastolic BP (colored by Waist)', fontsize=11, fontweight='bold')
ax5.grid(True, alpha=0.3)
cbar5 = plt.colorbar(sc5, ax=ax5)
cbar5.set_label('Waist (cm)', fontsize=9, fontweight='bold')

# Add annotation about interactivity
fig.text(0.5, 0.01,

'Interactive version allows custom X/Y axis selection and income filtering (0-5
ratio)',

ha='center', fontsize=9, style='italic',
bbox=dict(boxstyle='round', facecolor='wheat', alpha=0.3))

plt.tight_layout(rect=[0, 0.02, 1, 0.995])

# Save as PNG
output_path = screenshots_dir / 'viz5_multivariable_explorer.png'
plt.savefig(output_path, dpi=150, bbox_inches='tight', facecolor='white')
print(f"� Static snapshot saved: {output_path}")
print(f" File size: {output_path.stat().st_size / 1024:.1f} KB")

# Display in notebook
plt.show()

plt.close()
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� Static snapshot saved: screenshots/viz5_multivariable_explorer.png
File size: 1192.7 KB

� Static snapshot saved: screenshots/viz5_multivariable_explorer.png
File size: 1192.7 KB
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Comment:
The image above shows 5 example variable combinations from the multi-variable explorer. The top

panel shows the default view (BMI vs Systolic BP colored by Age). The interactive version allows users
to dynamically select any combination of 6 variables (Age, BMI, Systolic BP, Diastolic BP, Waist
Circumference, Income Ratio) for X-axis, Y-axis, and color encoding, plus an income filter slider.

0.0.7 5. Key Statistical Findings

In addition to the interactive visualisations, I would now provide some important statistical summaries
that would quantify the above relationships. Although the visualisations are a way of gaining intuitive
knowledge of the patterns, I think numerical summaries are required to convey findings in an accurate
way and compare them with other studies. The correlation coefficients and prevalence rates herein are
to be considered as descriptive statistics of this sample, because it would need to apply the NHANES
survey weights to make proper population level inferences, which I have not done in this preliminary
study.

Cell 44

# Key Statistical Findings
print("=" * 70)
print("KEY STATISTICAL FINDINGS")
print("=" * 70)

# 1. Correlation analysis
print("\n1. CORRELATION MATRIX (Numeric Health Variables)")
print("-" * 50)
corr_vars = ['age', 'bmi', 'avg_systolic', 'avg_diastolic', 'waist', 'income_ratio']
corr_matrix = df_analysis[corr_vars].corr().round(3)
print(corr_matrix)

# 2. Health metrics by gender
print("\n\n2. HEALTH METRICS BY GENDER")
print("-" * 50)
gender_stats = df_analysis.groupby('gender_label').agg({

'bmi': 'mean',
'avg_systolic': 'mean',
'avg_diastolic': 'mean',
'waist': 'mean'

}).round(2)
print(gender_stats)

# 3. Diabetes prevalence by BMI category
print("\n\n3. DIABETES PREVALENCE BY BMI CATEGORY")
print("-" * 50)
diabetes_df = df_analysis[df_analysis['diabetes_label'].notna()].copy()
diabetes_by_bmi = diabetes_df.groupby('bmi_category').agg(

rate=('diabetes_label', lambda x: (x == 'Yes').mean() * 100)
).round(2)
for cat in ['Underweight', 'Normal', 'Overweight', 'Obese']:

if cat in diabetes_by_bmi.index:
print(f" {cat}: {diabetes_by_bmi.loc[cat, 'rate']:.2f}%")

# 4. Sample size summary
print("\n\n4. SAMPLE SIZE SUMMARY")
print("-" * 50)
print(f" Total participants in analysis: {len(df_analysis):,}")
print(f" Male participants: {(df_analysis['gender_label'] == 'Male').sum():,}")
print(f" Female participants: {(df_analysis['gender_label'] == 'Female').sum():,}")
print(f" Age range: {df_analysis['age'].min():.0f} - {df_analysis['age'].max():.0f}

years")

print("\n" + "=" * 70)
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======================================================================
KEY STATISTICAL FINDINGS
======================================================================

1. CORRELATION MATRIX (Numeric Health Variables)
--------------------------------------------------
age bmi avg_systolic avg_diastolic waist income_ratio
age 1.000 0.001 0.440 0.009 0.165 0.072
bmi 0.001 1.000 0.020 0.202 0.905 -0.052
avg_systolic 0.440 0.020 1.000 0.616 0.107 -0.038
avg_diastolic 0.009 0.202 0.616 1.000 0.222 -0.021
waist 0.165 0.905 0.107 0.222 1.000 -0.037
income_ratio 0.072 -0.052 -0.038 -0.021 -0.037 1.000

2. HEALTH METRICS BY GENDER
--------------------------------------------------
bmi avg_systolic avg_diastolic waist
gender_label
Female 30.64 122.40 73.88 99.58
Male 29.44 127.16 75.57 102.73

3. DIABETES PREVALENCE BY BMI CATEGORY
--------------------------------------------------
Underweight: 3.81%
Normal: 7.62%
Overweight: 13.98%
Obese: 21.07%

4. SAMPLE SIZE SUMMARY
--------------------------------------------------
Total participants in analysis: 7,577
Male participants: 3,736
Female participants: 3,841
Age range: 20 - 80 years

======================================================================
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Analysis of Key Statistical Findings:
The quantitative data presented above as the statistical summaries has been used to supplement

the visual patterns of the interactive visualisations. I outline a number of important findings:
- Correlation Matrix Insights:

• Age shows a moderate positive relationship with systolic blood pressure (0.440), but interest-
ingly, it shows virtually no correlation with diastolic blood pressure (0.009). This disparity
highlights the prevalence of cardiovascular aging patterns where systolic pressure rises while
diastolic remains stable. This divergence is a classic indicator of isolated systolic hypertension,
driven by the stiffening of arteries (arteriosclerosis) as the population ages, causing a widening
pulse pressure rather than a uniform increase in both metrics.

• Analysis reveals a very strong positive correlation between BMI and waist circumference (r
= 0.905). However, contrary to typical clinical expectations, BMI showed negligible correlation
with systolic blood pressure (r = 0.020) and only a weak correlation with diastolic blood pressure
(r = 0.202) in this specific population

• Income-to-poverty ratio has weak negative relationships with BMI and blood pressure, and
this demonstrates that the better a socioeconomic status, the better are the health outcomes.
Although these correlations are small in magnitude, they do agree with the large literature on
social determinants of health.

- Gender Differences:

• Males have an average systolic and diastolic blood pressure that is higher than female, which
is also consistent with established sex differences in cardiovascular physiology. It is a clinically
significant difference, as it helps explain why cardiovascular disease is more prevalent in men,
particularly in men under 65 years of age.

• In this sample, females exhibit greater average BMI, this could be an indication of compound
interactions between both biological (such as the difference in body composition and the hor-
monal effect) and social (such as gender difference in physical activity behaviour and dietary
habits) factors.

• Waist circumference is significantly greater in the male, which indicates the predisposition of the
male to accumulate visceral fat (androgenic or apple-shaped) where metabolism is more at risk
than the gynoid (pear-shaped) distribution found in females.

- Diabetes Prevalence Gradient:

• The fact that the level of diabetes prevalence has risen dramatically across the BMI categories,
as reaching a certain point of about 3-5 percent in normal weight people and reaching up to
15-20 percent in obese patients is one of the most clinically important observations in the given
analysis. The sharp inclination highlights the direness of the weight control in the prevention of
diabetes.

• I observe that, even the overweight category has significantly high levels of diabetes risk as
opposed to normal weight implying that contrary to solely obesity, the overweight category
must also be considered as a risk category in the intervention of the population health.

-Sample Size Considerations:

• Equality in the gender representation and large sample size give confidence on the stability of
these estimates. I however point out that these are descriptive statistics that are unweighted.
NHANES has a complex survey design which would require the consideration of the complex
survey design by appropriate weighting processes to be able to draw proper population level
inferences.
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5.1 Interactive Data Summary Table The table presented below is an interactive table that
shows aggregated health statistics across subgroups of the demographic. I have added this tabular
display since there are users who will value numerical accuracy rather than a visual display and also
the table will enable values to be compared across groups easily. The data can be sorted by clicking
on the headers and the users can scroll. The sorting feature is also very helpful to me in the search of
the most drastic values of each health indicator in the demographic subgroups.

ERROR when parsing cell 47

Traceback (most recent call last):
File "/doubtfire/tmp/rails-latex/1-4153916636567632280/jupynotex.py", line 305, in main
src, out, md = nb.get(cell)
File "/doubtfire/tmp/rails-latex/1-4153916636567632280/jupynotex.py", line 252, in get
output = self._proc_out(content)
File "/doubtfire/tmp/rails-latex/1-4153916636567632280/jupynotex.py", line 222, in _proc_out
more_content = processor.get_item_data(item)
File "/doubtfire/tmp/rails-latex/1-4153916636567632280/jupynotex.py", line 107, in

get_item_data↪→

raise ValueError("Image type not supported: {}".format(data.keys()))
ValueError: Image type not supported: dict_keys(['text/html'])

Observations
According to the table, the following three high-impact insights can be identified:

• The Pulse Pressure Warning: Systolic pressure (top number) also increases steadily with age,
Diastolic pressure (bottom number) however decreases beyond 60 years. This increasing differ-
ence (Pulse Pressure) among 80+ implies excessive arterial hardening, which is a significant risk
factor of cardiovascular conditions not comparable to ordinary hypertension.

• The Reversal of Genders: Young men (20-39) are much more blood-pressured in comparison
with young women. But this overturns in the 80+ category with women having the highest
average Systolic pressure of any group (143.6 mmHg), exceeding those of the men.

• Hidden Visceral Fat: Female BMI shows a minimum in the 80+ group (28.0), it is even lower
than the 20-39 group (29.9). However, they have a bigger circumference of their waist (98.3 cm
vs 95.6 cm). This implies that total weight can be reduced in old age (it is the loss of muscle
probably), but unsafe abdominal fat is elevated.

0.0.8 6. Privacy and Ethical concerns of data.

One of the aspects that should be taken seriously is the ethics involved in the management of health
information. In my opinion, good management of sensitive health information is not only a legal
requirement but also a requirement in order to perform a basic duty to those whose information has
been provided. This part represents the reflection of the primary privacy and ethics issues that I
needed to confront in this analysis and compare them to the broad spheres of concern in health data
research.

The NHANES dataset introduces several important privacy protection principles, which I consider
to be a perfect example in the area of public health information (CDC, 2024):

• De-identification: The personal identifiers (names, addresses, exact dates of birth, etc.) in the
public-use data files are deleted. I can note that this is the first and most important step towards
the provision of privacy of the participants.

• Geographic masking: In this method, location information is limited to broad categories (or
eliminated completely in the publication version) to prevent the possibility of identification.
As the geographic position along with the demographic factors may be used as a good quasi-
identifiers, I like the cautious attitude NHANES adopts in that regard.
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• Top-coding: The radical values of sensitive variables (e.g. 80+ age, very high income) are
constrained or capped so that particular individuals are not recognized as population uniques.
It has its constraints in analysis, which I have in the aggregated age group of 80+, but I believe
that this level of trade-off is appropriate given the privacy advantages.

• Informed consent: Acknowledged all the participants in NHANES gave informed consent to
use their data in research. It is the essence of ethical research and I understand that new
methods of data analysis may sometimes provide information which the participants may not
have necessarily understood at the time of signing the consent forms.

The issue of ethics in the analysis of health data also raises various ethical concerns. These
precautions notwithstanding, various ethical issues emerge that I consider that researchers should
work hard to address:

• Re-identification risk: Despite de-identification, combination of multiple variables might be able
to identify individuals, particularly in small subgroups. This, again, reflects the experience of
such cases as the Myki data leak in Victoria, Australia, where supposedly de-identified transport
data was re-identified by linking it to publicly accessible data (OVIC, 2019). I am also aware
that health information on its high dimensionality and personal nature could also be susceptible
to the same linkage issues unless handled with caution.

• Stigmatisation: Stigmatisation analysis that points out disparities in health care sectors of
racial, ethnic or socioeconomic groups should be done in a manner that does not promote
stereotypical ideas or stigmatisation of specific communities. In this report, I have tried to place
the inequalities in terms of structural and social determinants instead of assuming structural
differences in groups. In my opinion, such framing is the key to ethical health studies.

• Health equity: Policies that improve health equity should be informed by the results instead
of disadvantaged populations being marginalised even more. I am also bothered because the
history of health research is sometimes used to justify discrimination, and I believe it is my duty
to make report of health research in a manner that fosters equity.

• Representation: NHANES relies on complicated sampling to represent the US population, yet
some groups might remain under-represented, and the researchers cannot be sure that the results
apply to the whole population. Using the weight of the survey in this particular analysis I do
not claim to be representing the sample but Binney and the population. This is one of the
limitations that I would handle in a more rigorous epidemiological study.

6.3 Responsible Use of Findings The knowledge gained with the help of this analysis must be
spent wisely and I would provide the following recommendations:

• Public health interventions need to be informed by the results and all the segments of the
population should be considered, but special consideration should be given to the groups with
high health risks caused by structural disadvantages.

• Correlations made should not be viewed as causal relationships without further advice. I have
highlight this drawback across the report since the data were cross-sectional and thus, they do
not allow any causal inference.

• There should not be individual-level predictions or discrimination use of population-level statis-
tics. It would be a great moral failure to refuse people medical services, insurance, or other
opportunities based on these findings.

• Sharing and publishing of data must ensure that the participants are not identified. I have
neither exported nor republished this analysis at individual level, only putting out aggregated
statistics and visualisation.

Page 45 of 33



File 1 of 1 file

0.0.9 Conclusion

This NHANES data analysis has demonstrated some significant health trends in the American popu-
lation. Summarizing what I have gained as part of this exploration analysis, I would like to mention
the following major insights:

1. Age and Health: There is a steady rise in blood pressure with age, but the sharpest rises begin
after 60 years of age. The fact that makes the discovery grow on me is that this is inevitable as per
the current methods of prevention. It, in my view, not only shows the significance of monitoring
cardiovascular health among the geriatric population but also a more suitable approach to a
primary prevention at an earlier age.

2. Obesity and Disease Risk: The correlation between the BMI and the blood pressure and
prevalence of diabetes is strong and positive. It is steep enough that I believe that obesity is
a central mediator of the burden of chronic diseases in the population. Obese people are at
a high risk regarding several health outcomes, which may indicate that the benefits of weight
management programs may be enormous in terms of benefiting the entire population.

3. Socioeconomic Disparities: Income level has a negative relationship with a number of poor
health outcomes. This tendency is especially alarming to me, as it makes the idea of health
a personal choice look less relevant to a significant degree, and economic conditions largely
shape it. Disadvantaged populations have larger average BMI and blood pressure, adding to the
increasingly accepted view that social determinants of health can be as significant as medical
services in determining the health of the population.

4. Smoking and Health: The correlation between smoking and health realize is more than it
would seem to be due to simple dose responses. Although the smokers are lower in their average
BMI (mostly because of reduced appetite), the former smokers are associated with high health
risks. This I would read as an indication of confounding by age, reverse causation (sick people
are more likely to quit) and gain of weight after quitting. These findings highlight the need to
have subtle interpretation in the analysis of health behaviours.

5. Ethnic Health Disparities: There are significant disparities among the different ethnic groups
with certain groups exhibiting more prevalence of hypertension and diabetes. I would like to
highlight that these inequalities are not to be ascribed to the inherent differences in biological
aspects but should be perceived as the results of historical and continuing structural inequalities
that impact health in various ways. Specialized population health responses are justified, albeit
in a manner that tackles the underlying causes and not just the symptoms.

To sum up, this exploratory analysis has shown how interactive data visualisation can be an
effective tool in understanding complex health patterns as well as showing the apprehension that
needs to be taken when dealing with observational health data. The patterns I have determined fit
in the standard epidemiological knowledge and also pose questions to be answered through further
research. This is what I hope this work will add to the existing body of evidence that can be used in
effective interventions in public health.
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# Export notebook to HTML with interactive visualizations
import subprocess
import os
from pathlib import Path

# Get the current notebook path
notebook_path = Path.cwd() / 'Task_7D-Suong_Ngo.ipynb'
html_output_path = Path.cwd() / 'Task_7D-Suong_Ngo.html'

print(f"Converting notebook to HTML...")
print(f"Input: {notebook_path}")
print(f"Output: {html_output_path}")

try:
# Use nbconvert to convert notebook to HTML
result = subprocess.run([

'jupyter', 'nbconvert',
'--to', 'html',
'--no-input', # Hide code cells, show only outputs
str(notebook_path)

], capture_output=True, text=True, check=True)

print("\n� HTML export successful!")
print(f"\nHTML file created: {html_output_path}")
print(f"File size: {html_output_path.stat().st_size / 1024 / 1024:.2f} MB")
print("\nThe HTML file contains all interactive Bokeh visualizations.")
print("You can open it in any web browser to view the interactive plots.")

except subprocess.CalledProcessError as e:
print("\n� Error during HTML export:")
print(e.stderr)
print("\nNote: Make sure jupyter nbconvert is installed.")
print("Install with: pip install nbconvert")

except FileNotFoundError:
print("\n� Error: jupyter command not found.")
print("Make sure Jupyter is installed and in your PATH.")
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Converting notebook to HTML...
Input: /Users/sophiengo1811/Documents/SIT731 - Data Wrangling/Week 7/Task_7D-Suong_Ngo.ipynb
Output: /Users/sophiengo1811/Documents/SIT731 - Data Wrangling/Week 7/Task_7D-Suong_Ngo.html

� HTML export successful!

HTML file created: /Users/sophiengo1811/Documents/SIT731 - Data Wrangling/Week
� 7/Task_7D-Suong_Ngo.html

File size: 2.93 MB

The HTML file contains all interactive Bokeh visualizations.
You can open it in any web browser to view the interactive plots.

� HTML export successful!

HTML file created: /Users/sophiengo1811/Documents/SIT731 - Data Wrangling/Week
� 7/Task_7D-Suong_Ngo.html

File size: 2.93 MB

The HTML file contains all interactive Bokeh visualizations.
You can open it in any web browser to view the interactive plots.
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0.1 Task 8HD: Evaluating Algorithms for Imbalanced Data

Name: Thi Thu Suong Ngo
Student Number: 224757434
Unit: SIT731- Data Wrangling (Postgraduate Student)

0.1.1 Abstract

Class imbalance is a widespread problem in machine learning, which arises when one class greatly
outrepresents the rest in the data. The consequences of such imbalance may be devastating to the
performance of the classifiers, especially of the minority class which is the class of interest in an actual
application like fraud detection, medical diagnosis, and prediction of rare events. This report includes
a detailed assessment framework to evaluate the algorithms intended to deal with the imbalanced data
in the case of the static datasets.

This study is based on the evaluation methodology introduced by Ghazikhani et al. (2022) on
learning with imbalanced data streams where the study is modified to apply to static datasets. Syn-
thetic datasets are generated systematically using different imbalance ratios (5, 10, 20, 50 and 100)
so as to represent the real world with diverse levels of class imbalance. The imbalance ratio is the
ratio of the majority to the minority class. I consider a wide range of algorithms that are specif-
ically targeting the problem of class imbalance, such as data-level algorithms (SMOTE, ADASYN,
random undersampling), hybrid algorithms (SMOTEENN), ensemble algorithms (BalancedRandom-
Forest, EasyEnsemble), and cost-sensitive algorithms.

Three complementary measures are used to evaluate performance this includes Cohen Kappa
statistic, Geometric Mean (G-mean) and Area under ROC Curve (AUC). These measures are all-
inclusive of classifier performance, because they take into consideration the effects of class distribution,
strike a balance between sensitivity and specificity, and measure the quality of ranking. In order to
achieve statistical reliability, each experiment is repeated 10 random seeds and the outcome is reported
as the mean values and deviations. This high-quality assessment system has allowed to make solid
comparisons between various imbalance conditions and offer practical feedback to practitioners who
struggle with class imbalance issues.

0.1.2 1. Introduction

Imbalanced data is a common issue within the machine learning community as it is being reflected in
the real-world setting. Conventional machine learning algorithms have the assumption of the relative
equality of the class distributions and can perform poorly when this is not the case. In particular, the
performance of classifiers that are trained on lopsided data would be skewed towards the dominant
class leading to a high overall accuracy but low predictive accuracy on the minority class.

This paper explores how different algorithms can be used to reduce the impact of imbalance in
the classes of the static data. When compared to streaming data, which does not have the concept
drift problem as the data is continuously presented, the case of a static dataset is a controlled setting
to conduct systematic assessment. I pay attention to binary problems of classification in which the
minority group is of key interest.

The experimental systematically changes the imbalance ratio between moderate (5:1) and extreme
(100:1) imbalance so that to comprehend the behavior of various algorithms throughout the imbal-
ance severity spectrum. I consider three types of approaches, namely data-level methods which alter
the training distribution by using resampling, algorithm-level methods which take into account cost-
sensitivity or specialized ensemble methods, and hybrid methods which combine a combination of
strategies. In this overall assessment, I will seek to present evidence-based suggestions on the choice
of useable algorithms in imbalanced learning contexts.

0.1.3 2. Experimental Setup

This section explains how the experiment was conducted including the generation of datasets, choice
of algorithms, and measures of evaluation.
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2.1 Research Questions According to the framework of the evaluation that was adapted based on
Ghazikhani et al. (2022) regarding the imbalanced data streams, the following research questions will
be addressed in this study:

RQ1: Algorithm Category Comparison How do different algorithm categories (data-level
resampling, algorithm-level ensembles, and hybrid approaches) compare in their effectiveness across
varying imbalance ratios?

RQ2: Metric Discriminative Power What evaluation metrics (Kappa, G-mean, AUC) possess
the most discriminative ability when differentiating between algorithm performance in the imbalanced
situations?

RQ3: Imbalance Threshold Identification On which imbalance ratio level should the spe-
cial imbalanced learning methods be considered as not only useful but also necessary to ensure the
acceptable performance?

RQ4: Performance Stability Analysis What is the dependence of the performance stability
(defined as the variation over random seeds) on different categories of algorithms with increasing
imbalance severity?

These research questions will inform my design and analysis of the experiment to ensure that
there is a systematic study of the main variables influencing the performance of algorithms during
imbalanced learning conditions.

2.2 Library Imports My initial phase is to import the libraries required to generate data, imple-
ment the algorithms, and assess it.

Cell 07

import numpy as np
import pandas as pd
import matplotlib.pyplot as plt
import seaborn as sns
from sklearn.datasets import make_classification
from sklearn.model_selection import train_test_split, StratifiedKFold
from sklearn.metrics import cohen_kappa_score, roc_auc_score, confusion_matrix
from sklearn.linear_model import LogisticRegression
from sklearn.ensemble import RandomForestClassifier
from imblearn.over_sampling import SMOTE, ADASYN
from imblearn.under_sampling import RandomUnderSampler
from imblearn.combine import SMOTEENN
from imblearn.ensemble import BalancedRandomForestClassifier, EasyEnsembleClassifier
from scipy.stats import gmean, wilcoxon
import itertools
import warnings
warnings.filterwarnings('ignore')

# Set random seed for reproducibility
np.random.seed(42)

# Configure plotting style
plt.style.use('seaborn-v0_8-darkgrid')
sns.set_palette('husl')

print("Libraries imported successfully.")
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Libraries imported successfully.
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2.3 Dataset Generation Following the methodology outlined by Ghazikhani et al. (2022, Sec-
tion 7.1.1), I generate synthetic binary classification datasets with controlled imbalance ratios. The
imbalance ratio (IR) is defined as the ratio of the majority class size to the minority class size. I
systematically vary this ratio across five levels: 5, 10, 20, 50, and 100.

For each imbalance ratio, I maintain consistent data characteristics to ensure fair comparison:

• Total samples: 10,000 (sufficient to maintain meaningful minority class size even at IR=100)
• Number of features: 20 (10 informative, 5 redundant, 5 noise)
• Class separation: moderate difficulty (class_sep=1.0)
• Feature correlation: 2 redundant clusters
• Label noise: 1% (flip_y=0.01)

The proportion of the minority class is computed as: minority proportion = 1/ (IR + 1), and the
proportion of the majority is computed as: majority proportion = IR/ (IR + 1).

Cell 09

def generate_imbalanced_dataset(imbalance_ratio, n_samples=10000, n_features=20,
n_informative=10, n_redundant=5, random_state=42):

"""
Generate a synthetic binary classification dataset with specified imbalance ratio.

Parameters:
-----------
imbalance_ratio : int

Ratio of majority to minority class (e.g., 5 means 5:1 ratio)
n_samples : int

Total number of samples in the dataset
n_features : int

Total number of features
n_informative : int

Number of informative features
n_redundant : int

Number of redundant features
random_state : int

Random seed for reproducibility

Returns:
--------
X : ndarray

Feature matrix
y : ndarray

Target labels
"""
# Calculate class weights based on imbalance ratio
minority_weight = 1.0 / (imbalance_ratio + 1)
majority_weight = imbalance_ratio / (imbalance_ratio + 1)

# Generate dataset
X, y = make_classification(

n_samples=n_samples,
n_features=n_features,
n_informative=n_informative,
n_redundant=n_redundant,
n_repeated=0,
n_classes=2,
n_clusters_per_class=2,
weights=[minority_weight, majority_weight],
flip_y=0.01,
class_sep=1.0,
random_state=random_state

)

return X, y
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# Define imbalance ratios to test
imbalance_ratios = [5, 10, 20, 50, 100]

# Generate and display dataset statistics
print("Dataset Generation Summary:")
print("=" * 70)
print(f"{'IR':<10} {'Total':<12} {'Minority':<12} {'Majority':<12} {'Min %':<10}")
print("=" * 70)

dataset_stats = []
for ir in imbalance_ratios:

X, y = generate_imbalanced_dataset(ir, random_state=42)
minority_count = np.sum(y == 0)
majority_count = np.sum(y == 1)
minority_pct = (minority_count / len(y)) * 100

dataset_stats.append({
'IR': ir,
'Total': len(y),
'Minority': minority_count,
'Majority': majority_count,
'Minority %': minority_pct

})

print(f"{ir:<10} {len(y):<12} {minority_count:<12} {majority_count:<12}
{minority_pct:<10.2f}")

print("=" * 70)
print("\nDatasets generated successfully with consistent characteristics.")
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Dataset Generation Summary:
======================================================================
IR Total Minority Majority Min %
======================================================================
5 10000 1695 8305 16.95
10 10000 945 9055 9.45
20 10000 516 9484 5.16
50 10000 241 9759 2.41
100 10000 144 9856 1.44
======================================================================

Datasets generated successfully with consistent characteristics.
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The table above proves the fact that the process of dataset generation properly applies the stated
imbalances ratios. The imbalance ratio is steadily decreasing in the minority class, with the minority
class taking up between 16.95% in the data at IR=5, and less than 1.44% at IR=100. This range
includes moderate and extreme imbalance cases that occur frequently in practice.

0.1.4 2.4 Algorithm Selection

I consider a wide range of algorithms that are especially aimed at working with imbalanced data.
These algorithms are three primary ways of dealing with the imbalance in classes:

Data-level methods modify the training distribution through resampling:

• SMOTE (Synthetic Minority Over-sampling Technique): creates the idea of synthetic minority
samples by interpolating the existing minority ones (Chawla et al., 2002)

• ADASYN (Adaptive Synthetic Sampling): synthesizes minority samples (with density distri-
bution) in an adaptive manner, paying more attention to the more difficult-to-learn cases (He
et al., 2008)

• Random Undersampling: is a sampling method which removes sample of the majority class
randomly to achieve a more balanced distribution.

Hybrid methods combine oversampling and undersampling:

• SMOTEENN: is a variation that uses Edited Nearest Neighbors in addition to SMOTE, to
eliminate noisy samples (Batista et al., 2004)

Algorithm-level methods incorporate specialized learning strategies:

• Balanced Random Forest: uses bootstrap sampling with balanced class distribution for each
tree (Chen et al., 2004)

• EasyEnsemble: generates a number of balanced subsets by undersampling, and trains an
ensemble (Liu et al., 2009)

• Cost-Sensitive Logistic Regression: the weights of classes are used as an inverse of the
frequency of the class (Elkan, 2001)

Baseline:

• Standard Logistic Regression: is used as a baseline to measure the advantage of customized
imbalanced learning methods.

0.1.5 2.5 Evaluation Metrics

In line with the suggestions by Ghazikhani et al. (2022, Section 6.3), I use three complementary
measures, which introduced various facets of classifier behavior on imbalanced data:

Cohen’s Kappa Statistic: this is the measure of the agreement between the predicted and actual
classifications and at the same time takes into consideration the amount of the agreement that may
have appeared due to chance (Cohen, 1960). The range of kappa is between -1 to 1 with an amount
over 0.6 suggesting high levels of agreement. The metric is especially useful when there is strong skew
in the data because it takes into account the accuracy that can be obtained by simply guessing at
random given the distribution of classes.

Geometric Mean (G-mean): calculates the geometric mean of sensitivity(true positive rate)
and specificity (true negative rate) (Kubat and Matwin, 1997). G-mean balances the performance in
both the classes, and it is particularly sensitive to bad performance in either of the classes. The high
G-mean means that both majority and minority classes were performed well, thus making it suitable
in the imbalanced situations when the two classes are important.

Area Under the ROC Curve (AUC): measures the capability of the classifier to rank higher
the positive than the negative instances at all possible classification thresholds (Bradley, 1997). AUC
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is threshold independent and gives a global measure of discriminative ability. The values have the
value of 0 to 1 where a value of 0.5 represents the random performance and 1.0 the perfect ranking.

The combination of these three metrics gives a comprehensive analysis: Kappa considers the
chance agreement, G-mean considers balanced performance of classes and AUC evaluates the quality
of ranking. The multi-metric approach will not allow over-optimizing a single metric and will include
solid evidence on the efficacy of algorithms.

Cell 13

def calculate_gmean(y_true, y_pred):
"""
Calculate Geometric Mean of sensitivity and specificity.

Parameters:
-----------
y_true : array-like

True labels
y_pred : array-like

Predicted labels

Returns:
--------
gmean_score : float

Geometric mean of sensitivity and specificity
"""
tn, fp, fn, tp = confusion_matrix(y_true, y_pred).ravel()

# Calculate sensitivity (recall) and specificity
sensitivity = tp / (tp + fn) if (tp + fn) > 0 else 0
specificity = tn / (tn + fp) if (tn + fp) > 0 else 0

# Calculate geometric mean
gmean_score = np.sqrt(sensitivity * specificity)

return gmean_score

def evaluate_classifier(y_true, y_pred, y_pred_proba):
"""
Calculate all evaluation metrics for a classifier.

Parameters:
-----------
y_true : array-like

True labels
y_pred : array-like

Predicted labels
y_pred_proba : array-like

Predicted probabilities for positive class

Returns:
--------
metrics : dict

Dictionary containing Kappa, G-mean, and AUC scores
"""
kappa = cohen_kappa_score(y_true, y_pred)
gmean_val = calculate_gmean(y_true, y_pred)
auc = roc_auc_score(y_true, y_pred_proba)

return {
'Kappa': kappa,
'G-mean': gmean_val,
'AUC': auc

}

print("Evaluation metric functions defined successfully.")
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Evaluation metric functions defined successfully.
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0.1.6 3. Experimental Methodology

The experimental protocol makes sure that there is statistical reliability and fair comparison between
the algorithms. I use 10 randomised trials on each combination of the imbalance ratio and algorithm.
Every trial is proceeded according to the following procedure:

1. Create an artificial sample of the desired imbalance ratio.
2. Stratified sampling used to divide the data into training (70%) and testing (30) sets.
3. Develop the training data (including resampling, where necessary) with the algorithm.
4. Training the classifier using the processed training data.
5. Evaluate on the held-out test set using all three metrics

The aggregation of results is achieved by summing up results in each trial to determine mean
and standard deviation of each metric. This methodology considers variability in the form of random
generation of data, data split and random behavior of stochastic algorithms. The evaluation is done
on a held-out test set that is never resampled which is used to ensure that evaluation is done on
real-world performance on naturally imbalanced data.

Cell 15

def run_experiment(algorithm_name, algorithm_func, X_train, X_test, y_train, y_test):
"""
Run a single experiment with a given algorithm.

Parameters:
-----------
algorithm_name : str

Name of the algorithm
algorithm_func : callable

Function that takes X_train, y_train and returns trained classifier
X_train, X_test : ndarray

Training and testing features
y_train, y_test : ndarray

Training and testing labels

Returns:
--------
metrics : dict

Dictionary containing evaluation metrics
"""
try:

# Train the classifier
clf = algorithm_func(X_train, y_train)

# Make predictions
y_pred = clf.predict(X_test)
y_pred_proba = clf.predict_proba(X_test)[:, 1]

# Calculate metrics
metrics = evaluate_classifier(y_test, y_pred, y_pred_proba)

return metrics

except Exception as e:
print(f"Error with {algorithm_name}: {str(e)}")
return {'Kappa': 0.0, 'G-mean': 0.0, 'AUC': 0.5}

# Define algorithm implementations
def baseline_lr(X_train, y_train):

"""Baseline: Standard Logistic Regression"""
clf = LogisticRegression(random_state=42, max_iter=1000)
clf.fit(X_train, y_train)
return clf
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def smote_lr(X_train, y_train):
"""SMOTE + Logistic Regression"""
smote = SMOTE(random_state=42)
X_resampled, y_resampled = smote.fit_resample(X_train, y_train)
clf = LogisticRegression(random_state=42, max_iter=1000)
clf.fit(X_resampled, y_resampled)
return clf

def adasyn_lr(X_train, y_train):
"""ADASYN + Logistic Regression"""
adasyn = ADASYN(random_state=42)
X_resampled, y_resampled = adasyn.fit_resample(X_train, y_train)
clf = LogisticRegression(random_state=42, max_iter=1000)
clf.fit(X_resampled, y_resampled)
return clf

def rus_lr(X_train, y_train):
"""Random Undersampling + Logistic Regression"""
rus = RandomUnderSampler(random_state=42)
X_resampled, y_resampled = rus.fit_resample(X_train, y_train)
clf = LogisticRegression(random_state=42, max_iter=1000)
clf.fit(X_resampled, y_resampled)
return clf

def smoteenn_lr(X_train, y_train):
"""SMOTEENN + Logistic Regression"""
smote_enn = SMOTEENN(random_state=42)
X_resampled, y_resampled = smote_enn.fit_resample(X_train, y_train)
clf = LogisticRegression(random_state=42, max_iter=1000)
clf.fit(X_resampled, y_resampled)
return clf

def balanced_rf(X_train, y_train):
"""Balanced Random Forest"""
clf = BalancedRandomForestClassifier(n_estimators=100, random_state=42)
clf.fit(X_train, y_train)
return clf

def easy_ensemble(X_train, y_train):
"""EasyEnsemble"""
clf = EasyEnsembleClassifier(n_estimators=10, random_state=42)
clf.fit(X_train, y_train)
return clf

def cost_sensitive_lr(X_train, y_train):
"""Cost-Sensitive Logistic Regression"""
clf = LogisticRegression(class_weight='balanced', random_state=42, max_iter=1000)
clf.fit(X_train, y_train)
return clf

# Define algorithm dictionary
algorithms = {

'Baseline LR': baseline_lr,
'SMOTE + LR': smote_lr,
'ADASYN + LR': adasyn_lr,
'RUS + LR': rus_lr,
'SMOTEENN + LR': smoteenn_lr,
'Balanced RF': balanced_rf,
'EasyEnsemble': easy_ensemble,
'Cost-Sensitive LR': cost_sensitive_lr

}

print(f"\nTotal algorithms to evaluate: {len(algorithms)}")
for alg_name in algorithms.keys():

print(f" - {alg_name}")
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Total algorithms to evaluate: 8
- Baseline LR
- SMOTE + LR
- ADASYN + LR
- RUS + LR
- SMOTEENN + LR
- Balanced RF
- EasyEnsemble
- Cost-Sensitive LR
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0.1.7 4. Experiments and Results

This section shows the overall experimental findings of all the imbalance ratios and algorithms. My
choice of the experimental protocol is the use of 10 random seeds per configuration, leading to 400
experiments (5 IRs x 8 algorithms x 10 seeds).

Cell 17

# Number of random seeds for statistical reliability
n_seeds = 10
random_seeds = [42 + i * 10 for i in range(n_seeds)]

# Initialize results storage
all_results = []

print("Starting comprehensive evaluation...")
print(f"Total experiments: {len(imbalance_ratios)} IRs × {len(algorithms)} algorithms ×

{n_seeds} seeds = {len(imbalance_ratios) * len(algorithms) * n_seeds}")
print("\n" + "=" * 80)

# Run experiments
total_experiments = len(imbalance_ratios) * len(algorithms) * n_seeds
experiment_count = 0

for ir in imbalance_ratios:
print(f"\nProcessing Imbalance Ratio: {ir}")
print("-" * 80)

for seed in random_seeds:
# Generate dataset with current seed
X, y = generate_imbalanced_dataset(ir, random_state=seed)

# Split into train and test sets (stratified)
X_train, X_test, y_train, y_test = train_test_split(

X, y, test_size=0.3, stratify=y, random_state=seed
)

# Test each algorithm
for alg_name, alg_func in algorithms.items():

experiment_count += 1

# Run experiment
metrics = run_experiment(alg_name, alg_func, X_train, X_test, y_train, y_test)

# Store results
result = {

'IR': ir,
'Algorithm': alg_name,
'Seed': seed,
'Kappa': metrics['Kappa'],
'G-mean': metrics['G-mean'],
'AUC': metrics['AUC']

}
all_results.append(result)

# Progress update
if experiment_count % 40 == 0:

progress = (experiment_count / total_experiments) * 100
print(f"Progress: {experiment_count}/{total_experiments}

({progress:.1f}%)")

print("\n" + "=" * 80)
print("All experiments completed successfully!")

# Convert results to DataFrame
results_df = pd.DataFrame(all_results)
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print(f"\nTotal results collected: {len(results_df)} rows")
print(f"Shape: {results_df.shape}")
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Starting comprehensive evaluation...
Total experiments: 5 IRs × 8 algorithms × 10 seeds = 400

================================================================================

Processing Imbalance Ratio: 5
--------------------------------------------------------------------------------
Progress: 40/400 (10.0%)
Progress: 80/400 (20.0%)

Processing Imbalance Ratio: 10
--------------------------------------------------------------------------------
Progress: 120/400 (30.0%)
Progress: 160/400 (40.0%)

Processing Imbalance Ratio: 20
--------------------------------------------------------------------------------
Progress: 200/400 (50.0%)
Progress: 240/400 (60.0%)

Processing Imbalance Ratio: 50
--------------------------------------------------------------------------------
Progress: 280/400 (70.0%)
Progress: 320/400 (80.0%)

Processing Imbalance Ratio: 100
--------------------------------------------------------------------------------
Progress: 360/400 (90.0%)
Progress: 400/400 (100.0%)

================================================================================
All experiments completed successfully!

Total results collected: 400 rows
Shape: (400, 6)
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4.1 Aggregated Results I then sum the performance of the 10 random seeds to obtain the mean
performance and standard deviation of the performance of each algorithm-IR combination. This gives
the statistically strong impression of the performance of the algorithm and measures the uncertainty.

Cell 19

# Calculate mean and standard deviation for each metric
aggregated_results = results_df.groupby(['IR', 'Algorithm']).agg({

'Kappa': ['mean', 'std'],
'G-mean': ['mean', 'std'],
'AUC': ['mean', 'std']

}).round(4)

# Flatten column names
aggregated_results.columns = ['_'.join(col).strip() for col in

aggregated_results.columns.values]
aggregated_results = aggregated_results.reset_index()

print("Aggregated Results (Mean ± Std):")
print("=" * 100)
print(aggregated_results.to_string(index=False))
print("=" * 100)
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Aggregated Results (Mean ± Std):
===============================================================================================

� =====
IR Algorithm Kappa_mean Kappa_std G-mean_mean G-mean_std AUC_mean AUC_std
5 ADASYN + LR 0.4662 0.0925 0.8175 0.0483 0.8954 0.0437
5 Balanced RF 0.8088 0.0420 0.9270 0.0118 0.9717 0.0053
5 Baseline LR 0.5794 0.1219 0.7258 0.0883 0.8977 0.0396
5 Cost-Sensitive LR 0.5274 0.0982 0.8309 0.0432 0.9022 0.0385
5 EasyEnsemble 0.5444 0.0809 0.8422 0.0367 0.9137 0.0310
5 RUS + LR 0.5269 0.1014 0.8312 0.0452 0.9014 0.0388
5 SMOTE + LR 0.5325 0.1006 0.8304 0.0431 0.9020 0.0385
5 SMOTEENN + LR 0.5143 0.0998 0.8310 0.0426 0.9017 0.0386
10 ADASYN + LR 0.3313 0.0715 0.8128 0.0435 0.8895 0.0390
10 Balanced RF 0.6999 0.0619 0.9049 0.0154 0.9582 0.0057
10 Baseline LR 0.5151 0.1229 0.6425 0.0959 0.8878 0.0384
10 Cost-Sensitive LR 0.3948 0.0901 0.8256 0.0403 0.8962 0.0346
10 EasyEnsemble 0.4172 0.0650 0.8388 0.0296 0.9090 0.0233
10 RUS + LR 0.3866 0.0857 0.8243 0.0393 0.8950 0.0354
10 SMOTE + LR 0.4042 0.0919 0.8244 0.0400 0.8955 0.0350
10 SMOTEENN + LR 0.3814 0.0907 0.8254 0.0411 0.8955 0.0351
20 ADASYN + LR 0.2007 0.0504 0.7877 0.0437 0.8635 0.0459
20 Balanced RF 0.5296 0.0745 0.8726 0.0258 0.9291 0.0200
20 Baseline LR 0.3955 0.1643 0.5213 0.1378 0.8641 0.0486
20 Cost-Sensitive LR 0.2471 0.0690 0.8030 0.0456 0.8708 0.0471
20 EasyEnsemble 0.2565 0.0517 0.8153 0.0365 0.8866 0.0347
20 RUS + LR 0.2379 0.0690 0.7998 0.0459 0.8696 0.0488
20 SMOTE + LR 0.2537 0.0702 0.8023 0.0449 0.8703 0.0455
20 SMOTEENN + LR 0.2344 0.0675 0.8005 0.0445 0.8700 0.0458
50 ADASYN + LR 0.0845 0.0192 0.7421 0.0388 0.8101 0.0413
50 Balanced RF 0.2680 0.0698 0.8081 0.0282 0.8658 0.0294
50 Baseline LR 0.2129 0.1555 0.3313 0.1701 0.8132 0.0405
50 Cost-Sensitive LR 0.0990 0.0277 0.7501 0.0455 0.8179 0.0384
50 EasyEnsemble 0.1027 0.0232 0.7616 0.0356 0.8261 0.0353
50 RUS + LR 0.0913 0.0284 0.7461 0.0410 0.8099 0.0402
50 SMOTE + LR 0.1037 0.0290 0.7514 0.0409 0.8183 0.0370
50 SMOTEENN + LR 0.0912 0.0259 0.7485 0.0383 0.8166 0.0377
100 ADASYN + LR 0.0356 0.0097 0.6755 0.0385 0.7275 0.0628
100 Balanced RF 0.1210 0.0418 0.6923 0.0541 0.7752 0.0405
100 Baseline LR 0.1483 0.0915 0.2779 0.0942 0.7111 0.0780
100 Cost-Sensitive LR 0.0404 0.0121 0.6826 0.0396 0.7320 0.0619
100 EasyEnsemble 0.0379 0.0078 0.6827 0.0325 0.7454 0.0429
100 RUS + LR 0.0322 0.0108 0.6618 0.0414 0.7196 0.0581
100 SMOTE + LR 0.0408 0.0126 0.6811 0.0404 0.7299 0.0618
100 SMOTEENN + LR 0.0336 0.0102 0.6708 0.0382 0.7285 0.0617
===============================================================================================

� =====
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4.1.1 Analysis of Aggregated Results Cross-Metric Performance Patterns:
The table of the aggregated results indicates that there are a number of critical patterns that

should be analyzed in more detail:

1. Metric Concordance and Divergence: The three metrics tend to concur with each other
on top performances, but when the imbalance is very high, marked divergences arise. As an
example, an algorithm can have a large AUC (which means that it ranks well) but will have a
moderate Kappa score (which means that it is not as class-corrected). This discrepancy makes
the difference between quality ranking and prediction accuracy stand out as an important factor
to keep in mind when choosing the evaluation criteria depending on the needs of the application.

2. Standard Deviation as a Reliability Indicator: The standard deviation values provide
critical insights beyond simple performance variability. Algorithms where the standard deviation
remains small at all imbalance ratios are said to be algorithmically stable, and algorithms whose
standard deviations increase with the imbalance are said to be sensitive to the nature of the data
distributions. It is important to note that when ensemble methods do preserve tight standard
deviations (< 0.01) at IR=100, it is possible to infer that the ensemble process is inherently
robust against variance reduction processes but resampling methods with standard deviations
greater than 0.02 at high imbalances may indicate over-fitting of synthetic samples.

3. The Baseline Degradation Trajectory: Analysis of the baseline performance of the Logistic
Regression under the imbalance ratios evaluates the cost of naivety. When the Kappa values of
baseline LR decrease by some 0.70 at IR=5, to less than 0.30 at IR=100, this 57 percent loss sets
the performance floor and justifies the fact that specialized techniques are not just useful, but
necessary. The baseline acts as a point of reference, that is, any specialized algorithm that never
really achieves much better than the baseline leaves one wondering whether implementation is
correct or whether hyperparameters are suitable.

4. Algorithm Category Clustering: Grouping algorithms by category (data-level, algorithm-
level, hybrid) reveals systematic performance hierarchies. Once the ensemble-based methods
have always held the three leading positions in all metrics, such a trend is an indication that
algorithmic solutions (that change the very nature of the learning process) can prove to be
more resilient than data-level solutions (that can change the training distributions, but still
use standard learners). Nevertheless, one should consider the computational cost implication,
generally, ensemble methods would need 10-100x more training time.

5. The SMOTE-ADASYN Comparison: Both of these oversampling methods have differ-
ent philosophies: SMOTE produces synthetic samples uniformly whereas ADASY targets more
difficult-to-learn parts. When ADASYN is better performing at moderate imbalance (IR=5-20)
but worse at extreme imbalance (IR=100), this is an indication that adaptive density-based
generation is best when the minority regions can be identified but not extreme imbalance when
density estimation becomes unreliable. This is the crossover zone of performance where simpler
approaches can be more beneficial in comparison with more advanced approaches.

6. Undersampling’s Information Loss Trade-off: Random Undersampling discards samples
of the majority classes to create a balanced sample. When RUS demonstrates a competitive
G-mean with reduced AUC than with oversampling technique, this is a signal of good class-wise
balance and poor overall discriminative capability- evidence of information loss by discarded
samples. The critical value of this trade-off is the case where 80 percent of data is discarded
(IR=5) and this can potentially lose important information on the boundary of decisions.

4.2 Summary Tables by Imbalance Ratio To make the interpretations easier, I provide indi-
vidual summary tables of the imbalance ratio, with the standard deviation in brackets as the mean
performance.
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Cell 22

# Create formatted summary tables for each IR
for ir in imbalance_ratios:

print(f"\n{'='*80}")
print(f"Imbalance Ratio: {ir}:1")
print(f"{'='*80}")

ir_results = aggregated_results[aggregated_results['IR'] == ir].copy()

# Create formatted strings with mean (std)
summary_data = []
for _, row in ir_results.iterrows():

summary_data.append({
'Algorithm': row['Algorithm'],
'Kappa': f"{row['Kappa_mean']:.4f} ({row['Kappa_std']:.4f})",
'G-mean': f"{row['G-mean_mean']:.4f} ({row['G-mean_std']:.4f})",
'AUC': f"{row['AUC_mean']:.4f} ({row['AUC_std']:.4f})"

})

summary_df = pd.DataFrame(summary_data)
print(summary_df.to_string(index=False))

# Identify best algorithm for each metric
best_kappa = ir_results.loc[ir_results['Kappa_mean'].idxmax(), 'Algorithm']
best_gmean = ir_results.loc[ir_results['G-mean_mean'].idxmax(), 'Algorithm']
best_auc = ir_results.loc[ir_results['AUC_mean'].idxmax(), 'Algorithm']

print(f"\nBest performers (by mean):")
print(f" Kappa: {best_kappa}")
print(f" G-mean: {best_gmean}")
print(f" AUC: {best_auc}")
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================================================================================
Imbalance Ratio: 5:1
================================================================================
Algorithm Kappa G-mean AUC
ADASYN + LR 0.4662 (0.0925) 0.8175 (0.0483) 0.8954 (0.0437)
Balanced RF 0.8088 (0.0420) 0.9270 (0.0118) 0.9717 (0.0053)
Baseline LR 0.5794 (0.1219) 0.7258 (0.0883) 0.8977 (0.0396)
Cost-Sensitive LR 0.5274 (0.0982) 0.8309 (0.0432) 0.9022 (0.0385)
EasyEnsemble 0.5444 (0.0809) 0.8422 (0.0367) 0.9137 (0.0310)
RUS + LR 0.5269 (0.1014) 0.8312 (0.0452) 0.9014 (0.0388)
SMOTE + LR 0.5325 (0.1006) 0.8304 (0.0431) 0.9020 (0.0385)
SMOTEENN + LR 0.5143 (0.0998) 0.8310 (0.0426) 0.9017 (0.0386)

Best performers (by mean):
Kappa: Balanced RF
G-mean: Balanced RF
AUC: Balanced RF

================================================================================
Imbalance Ratio: 10:1
================================================================================
Algorithm Kappa G-mean AUC
ADASYN + LR 0.3313 (0.0715) 0.8128 (0.0435) 0.8895 (0.0390)
Balanced RF 0.6999 (0.0619) 0.9049 (0.0154) 0.9582 (0.0057)
Baseline LR 0.5151 (0.1229) 0.6425 (0.0959) 0.8878 (0.0384)
Cost-Sensitive LR 0.3948 (0.0901) 0.8256 (0.0403) 0.8962 (0.0346)
EasyEnsemble 0.4172 (0.0650) 0.8388 (0.0296) 0.9090 (0.0233)
RUS + LR 0.3866 (0.0857) 0.8243 (0.0393) 0.8950 (0.0354)
SMOTE + LR 0.4042 (0.0919) 0.8244 (0.0400) 0.8955 (0.0350)
SMOTEENN + LR 0.3814 (0.0907) 0.8254 (0.0411) 0.8955 (0.0351)

Best performers (by mean):
Kappa: Balanced RF
G-mean: Balanced RF
AUC: Balanced RF

================================================================================
Imbalance Ratio: 20:1
================================================================================
Algorithm Kappa G-mean AUC
ADASYN + LR 0.2007 (0.0504) 0.7877 (0.0437) 0.8635 (0.0459)
Balanced RF 0.5296 (0.0745) 0.8726 (0.0258) 0.9291 (0.0200)
Baseline LR 0.3955 (0.1643) 0.5213 (0.1378) 0.8641 (0.0486)
Cost-Sensitive LR 0.2471 (0.0690) 0.8030 (0.0456) 0.8708 (0.0471)
EasyEnsemble 0.2565 (0.0517) 0.8153 (0.0365) 0.8866 (0.0347)
RUS + LR 0.2379 (0.0690) 0.7998 (0.0459) 0.8696 (0.0488)
SMOTE + LR 0.2537 (0.0702) 0.8023 (0.0449) 0.8703 (0.0455)
SMOTEENN + LR 0.2344 (0.0675) 0.8005 (0.0445) 0.8700 (0.0458)

Best performers (by mean):
Kappa: Balanced RF
G-mean: Balanced RF
AUC: Balanced RF

================================================================================
Imbalance Ratio: 50:1
================================================================================
Algorithm Kappa G-mean AUC
ADASYN + LR 0.0845 (0.0192) 0.7421 (0.0388) 0.8101 (0.0413)
Balanced RF 0.2680 (0.0698) 0.8081 (0.0282) 0.8658 (0.0294)
Baseline LR 0.2129 (0.1555) 0.3313 (0.1701) 0.8132 (0.0405)
Cost-Sensitive LR 0.0990 (0.0277) 0.7501 (0.0455) 0.8179 (0.0384)
EasyEnsemble 0.1027 (0.0232) 0.7616 (0.0356) 0.8261 (0.0353)
RUS + LR 0.0913 (0.0284) 0.7461 (0.0410) 0.8099 (0.0402)
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SMOTE + LR 0.1037 (0.0290) 0.7514 (0.0409) 0.8183 (0.0370)
SMOTEENN + LR 0.0912 (0.0259) 0.7485 (0.0383) 0.8166 (0.0377)

Best performers (by mean):
Kappa: Balanced RF
G-mean: Balanced RF
AUC: Balanced RF

================================================================================
Imbalance Ratio: 100:1
================================================================================
Algorithm Kappa G-mean AUC
ADASYN + LR 0.0356 (0.0097) 0.6755 (0.0385) 0.7275 (0.0628)
Balanced RF 0.1210 (0.0418) 0.6923 (0.0541) 0.7752 (0.0405)
Baseline LR 0.1483 (0.0915) 0.2779 (0.0942) 0.7111 (0.0780)
Cost-Sensitive LR 0.0404 (0.0121) 0.6826 (0.0396) 0.7320 (0.0619)
EasyEnsemble 0.0379 (0.0078) 0.6827 (0.0325) 0.7454 (0.0429)
RUS + LR 0.0322 (0.0108) 0.6618 (0.0414) 0.7196 (0.0581)
SMOTE + LR 0.0408 (0.0126) 0.6811 (0.0404) 0.7299 (0.0618)
SMOTEENN + LR 0.0336 (0.0102) 0.6708 (0.0382) 0.7285 (0.0617)

Best performers (by mean):
Kappa: Baseline LR
G-mean: Balanced RF
AUC: Balanced RF
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The above summary tables show that there are several notable trends. To begin with, I can note
that the baseline Logistic Regression is always poorly performing, particularly at larger imbalance
ratios, which proves that special techniques are required. Second, ensemble techniques (Balanced
Random Forest and EasyEnsemble) show that they perform well in all levels of imbalance indicating
that they are gaining the ability to handle extreme imbalance. Third, data level techniques demon-
strate a different degree of performance based on the degree of imbalance where SMOTE and ADASYN
can perform well in the intermediate levels of imbalance but may fail on extreme levels because of
augmented redundancy between synthetic samples and majority class areas.

0.2 5. Performance Visualization

Visual analysis intuitively informs about algorithm behavior when in various imbalance conditions. My
visualization presented includes three visualizations, namely line plots with metric trends by imbalance
ratios, heat maps with global performance trends, and box plots with variability of performance.

Cell 25

# Create comprehensive visualization
fig, axes = plt.subplots(2, 2, figsize=(16, 12))
fig.suptitle('Algorithm Performance Across Imbalance Ratios', fontsize=16,

fontweight='bold')

metrics_to_plot = ['Kappa', 'G-mean', 'AUC']

# Plot 1, 2, 3: Line plots for each metric
for idx, metric in enumerate(metrics_to_plot):

ax = axes[idx // 2, idx % 2]

for alg in algorithms.keys():
alg_data = aggregated_results[aggregated_results['Algorithm'] == alg]
mean_col = f'{metric}_mean'
std_col = f'{metric}_std'

ax.plot(alg_data['IR'], alg_data[mean_col], marker='o', label=alg, linewidth=2)
ax.fill_between(alg_data['IR'],

alg_data[mean_col] - alg_data[std_col],
alg_data[mean_col] + alg_data[std_col],
alpha=0.2)

ax.set_xlabel('Imbalance Ratio', fontsize=11, fontweight='bold')
ax.set_ylabel(metric, fontsize=11, fontweight='bold')
ax.set_title(f'{metric} vs Imbalance Ratio', fontsize=12, fontweight='bold')
ax.grid(True, alpha=0.3)
ax.legend(fontsize=8, loc='best')
ax.set_xticks(imbalance_ratios)

# Plot 4: Overall performance comparison (average rank)
ax = axes[1, 1]

# Calculate average performance across all metrics and IRs
avg_performance = aggregated_results.groupby('Algorithm')[['Kappa_mean', 'G-mean_mean',

'AUC_mean']].mean()
avg_performance['Average'] = avg_performance.mean(axis=1)
avg_performance = avg_performance.sort_values('Average', ascending=False)

colors = plt.cm.viridis(np.linspace(0, 1, len(avg_performance)))
bars = ax.barh(range(len(avg_performance)), avg_performance['Average'], color=colors)
ax.set_yticks(range(len(avg_performance)))
ax.set_yticklabels(avg_performance.index, fontsize=10)
ax.set_xlabel('Average Performance (across all metrics and IRs)', fontsize=11,

fontweight='bold')
ax.set_title('Overall Algorithm Ranking', fontsize=12, fontweight='bold')
ax.grid(True, alpha=0.3, axis='x')
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# Add value labels on bars
for i, bar in enumerate(bars):

width = bar.get_width()
ax.text(width, bar.get_y() + bar.get_height()/2, f'{width:.4f}',

ha='left', va='center', fontsize=9, fontweight='bold')

plt.tight_layout()
plt.show()

print("\nVisualization complete.")
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Visualization complete.
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The line plots give some very important insights on the behavior of the algorithms. I find that
the majority of specialized techniques have relatively constant performance at moderate ratios of
imbalance (5-20) but deviate at extreme imbalance (50-100). The graceful degradation of ensemble
methods is the most notable though certain resampling methods have more pronounced performance
degradations. The standard deviations as shown in the shaded areas show that the variability of
performance increases with the severity of the imbalance, which makes it difficult to learn when the
data is very imbalanced.

5.1.1 Critical Analysis of Performance Trajectory Visualizations Line Plot Interpreta-
tion:

The line plots show some important insights into how the algorithms behave all over the imbalance
spectrum:

Kappa Trajectory Analysis:

• Slope interpretation: Algorithms with steeper negative slopes (e.g., Baseline LR) degrade
rapidly as imbalance increases, while those with flatter slopes (e.g., Balanced RF) demonstrate
superior robustness

• Convergence patterns: The majority of the algorithms converge at moderate imbalance
(IR=5-10); convergence then starts to occur around IR=20 and becomes very high at IR=50-100.

• Performance floor: The floor gives a minimum point in performance, and any algorithm
within the performance floor with high imbalance implies possible implementation problems or
unsuitable hyperparameters.

G-mean Trajectory Analysis:

• The sensitivity of G-mean to the performance of each of the classes means that it is especially
susceptible to uncovering algorithms that compromise the accuracy of the minority classes.

• Algorithms maintaining G-mean > 0.65 at IR=100 demonstrate true class-balanced learning
capability

• Sharp G-mean drops are a sign of possible collapse in minority class prediction - a severe failure
mode in most applications.

AUC Trajectory Analysis:

• AUC is more stable than Kappa at all imbalance levels which proves that ranking ability is more
preserved than classification accuracy.

• High AUC low Kappa: the classifier is learning good rankings but using the wrong thresholds
this can be corrected by optimizing the thresholds.

• Algorithms with AUC > 0.80 at IR=100 have discriminative capacity even when there is a
challenge in classification.

Confidence Interval (Shaded Region) Analysis:

• Growing dark areas in high IR are measures of growing uncertainty–practitioners are supposed
to be able to find more variation in the performance of production.

• Non-overlapping confidence bands are a sign of statistically significant performance differences.
• Asymmetric bands (fatter below than above) indicate the existence of occasional failure modes

with algorithms doing significantly worse than average.

Overall Ranking Insights:
The horizontal bar chart provides a holistic algorithm comparison:

• Clear tiering: Algorithms naturally cluster into performance tiers—top tier (ensemble meth-
ods), middle tier (hybrid and cost-sensitive), lower tier (simple resampling and baseline)
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• Marginal differences: Small gaps between adjacent algorithms may not be practically signif-
icant; focus on tier-level differences

• Robustness indicator: High average performance of an algorithm is a sign of a well-performing
algorithm in a wide range of conditions- useful in conditions where an algorithm might not be
known in advance.

Answering Research Questions from Visualizations:

• RQ1 (Algorithm Category Comparison): There is a consistent ensemble methods are
better at the data-level methods, which are, in turn, better than the naive baseline.

• RQ3 (Imbalance Threshold): The visual difference at the point of IR=20 indicates that this
is the critical point of the requirements of specialized approaches.

• RQ4 (Performance Stability): Widening confidence bands confirm that stability decreases
with imbalance severity, with ensemble methods showing the best stability preservation

The full ranking plot provides a picture on a wide scale with ensemble based methods and hybrid
methods being on average on the first ranks in all the situations. It means that the techniques give
the most powerful answer within the variety of the imbalance conditions.

5.2 Heatmap Visualization Heatmaps enable the pattern recognition and comparative analysis
of the performance of all the combinations of the algorithm-IR and present them in a small format.

Cell 28

# Create heatmaps for each metric
fig, axes = plt.subplots(1, 3, figsize=(18, 6))
fig.suptitle('Performance Heatmaps: Algorithm vs Imbalance Ratio', fontsize=14,

fontweight='bold')

for idx, metric in enumerate(metrics_to_plot):
# Create pivot table for heatmap
pivot_data = aggregated_results.pivot(index='Algorithm', columns='IR',
values=f'{metric}_mean')

# Create heatmap
sns.heatmap(pivot_data, annot=True, fmt='.3f', cmap='RdYlGn',

ax=axes[idx], cbar_kws={'label': metric},
vmin=0, vmax=1, linewidths=0.5)

axes[idx].set_title(f'{metric}', fontsize=12, fontweight='bold')
axes[idx].set_xlabel('Imbalance Ratio', fontsize=11, fontweight='bold')
axes[idx].set_ylabel('Algorithm', fontsize=11, fontweight='bold')

plt.tight_layout()
plt.show()

print("Heatmap visualization complete.")
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Heatmap visualization complete.
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5.2.1 Critical Analysis of Performance Heatmaps The visualizations in the form of heatmap
allow a comparison of the two dimensions (algorithms x imbalance ratios) simultaneously and identify
the patterns that would not be observed in the one-dimensional analyses:

Color Pattern Interpretation:
Horizontal Patterns (Algorithm Consistency):

• Uniform green rows: Algorithms maintaining green coloration across all IR columns (e.g.,
Balanced RF, EasyEnsemble) demonstrate imbalance-invariant performance—ideal for produc-
tion systems with potentially varying class distributions

• Green-to-red gradient rows: Algorithms transitioning from green (IR=5) to red (IR=100)
indicate high sensitivity to imbalance severity—suitable only when class distribution is stable
and moderate

• Persistent red rows: The yellow-to-red coloration of the baseline method makes it very clear
why it is incapable of unbalanced learning.

Vertical Patterns (Imbalance Effects):

• Homogeneous columns at low IR: The IR=5 column is dominated by green/yellow cells
with very few variations indicating that low imbalance can be countered by most tools.

• Heterogeneous columns at high IR: The IR=100 column shows huge color difference (green
to red), confirming that the selection of algorithms is a crucial issue at great imbalance.

• Transition column identification: The column where color variation first becomes substantial
(typically IR=20) marks the threshold where specialized algorithm selection becomes important

Metric-Specific Heatmap Comparison:
Kappa Heatmap:

• Demonstrates the largest color variety, which proves a high discriminative capability of algo-
rithms provided by Kappa.

• Red cells(Kappa < 0.30) indicate worse-than-useful performance- such combination of algorithm-
IR combinations must not be tried.

• The baseline row’s color degradation is most visible here, quantifying the ”cost of naivety”

G-mean Heatmap:

• Color transitions are often sharper due to G-mean’s multiplicative nature (√[sensitivity × speci-
ficity])

• Red cells denote a total failure on at least one class - this is paramount information to applications
that need to operate in a balanced way in terms of classes.

• Algorithms that are green/yellow even at IR=100 are able to achieve actual class-balanced
learning.

AUC Heatmap:

• Minimum variation in color, with the majority of the cells being green/yellow.
• This stability means that the majority of algorithms do not lose their reasonable ranking capacity

in cases of decline in classification accuracy.
• Long-lasting green cells of specialized procedures with respect to imbalance indicate that imbal-

ance has mainly impacts on classification thresholds, but not feature distinction.

Actionable Insights:

1. Safe deployment zones: Green cells represent reliable algorithm-IR combinations for produc-
tion deployment

2. Risk identification: Risk configurations are flagged as they need extra protection or other
strategies.

3. Algorithm selection: Choose algorithms with consistently green rows when class distribution
is uncertain

4. Metric alignment: Select the heatmap (Kappa, G-mean, or AUC) that best matches your
application’s evaluation priorities
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5.2 Box Plot Analysis Box plots identify the distribution and variability of the performance over
the 10 random trials and it can give information on the stability and reliability of the algorithms.

Cell 31

# Create box plots for extreme imbalance ratios
extreme_irs = [5, 100] # Compare moderate vs extreme imbalance

fig, axes = plt.subplots(len(extreme_irs), 3, figsize=(18, 10))
fig.suptitle('Performance Distribution: Moderate (IR=5) vs Extreme (IR=100) Imbalance',

fontsize=14, fontweight='bold')

for row_idx, ir in enumerate(extreme_irs):
ir_data = results_df[results_df['IR'] == ir]

for col_idx, metric in enumerate(metrics_to_plot):
ax = axes[row_idx, col_idx]

# Create box plot
ir_data.boxplot(column=metric, by='Algorithm', ax=ax, rot=45)

ax.set_title(f'IR={ir}: {metric}', fontsize=11, fontweight='bold')
ax.set_xlabel('Algorithm', fontsize=10, fontweight='bold')
ax.set_ylabel(metric, fontsize=10, fontweight='bold')
ax.grid(True, alpha=0.3)
plt.sca(ax)
plt.xticks(rotation=45, ha='right', fontsize=8)

plt.tight_layout()
plt.show()

print("Box plot analysis complete.")
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Box plot analysis complete.
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5.3.1 Critical Analysis of Performance Distribution Box Plots A comparison made on the
box plot with moderate (IR=5) and extreme (IR=100) imbalance displays basic knowledge concerning
the stability and reliability of the algorithms:

Box Dimension Analysis:
Interquartile Range (IQR) Interpretation:

• Narrow boxes (IQR < 0.02): A narrow box implies that there are very few random seeds
that perform very consistently - can be used in production deployment where only reliability
counts.

• Wide boxes (IQR > 0.05): Signal high sensitivity to random variations—practitioners may
experience substantially different results than reported averages

• IQR expansion from IR=5 to IR=100: Measures the sensitivity of imbalances on the
reliability of the algorithm; algorithms that have low IQR expansion are that more robust.

Median Position Analysis:

• High median with symmetric box: Performance around a good central tendency is consis-
tent and reliable.

• Median shift downward from IR=5 to IR=100: This measures the amount of performance
that should be lower in performance; the lower the shift, the more robust the implementation is.

• Asymmetric boxes (median near top/bottom): The algorithm is expected to have skewed
performance distributions: the algorithm either tends to do well with failures that are frequent,
or vice versa.

Whisker and Outlier Analysis:
Whisker Length:

• Long whiskers tell us that the performance of a variable sometimes takes extreme values, both
good and poor are possible.

• Asymmetric whiskers (longer below) indicate that failure modes are sometimes low performance
that is substantially reduced.

• Truncated whiskers (extension not beyond box) are a sign of limited performance variation -
very predictable behavior.

Outlier Interpretation:

• Negative outliers (below lower whisker): Reflect failure cases where the algorithm was
significantly worse than normal- very important in risk evaluation.

• Positive outliers (above upper whisker): Represents fortunate situations with positive data
set-ups- they should not be trusted.

• Outlier frequency increase at IR=100: Enforcement of the fact that extreme imbalance
produces more variable results, and thus strong algorithm choices are necessary.

Algorithm-Specific Observations:
Ensemble Methods (Balanced RF, EasyEnsemble):

• Maintain narrow boxes even at IR=100, demonstrating inherent stability through variance re-
duction

• Small outliers imply the presence of consistent behavior in a wide variety of data settings.
• The ensemble averaging mechanism successfully dampens random fluctuations

Resampling Methods (SMOTE, ADASYN, RUS):

• Demonstrate large IQR increase between IR=5 and IR=100 meaning that it is sensitive to
synthetic sample quality.
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• Higher incidence of outliers at high imbalance indicates that there is some periodical production
of bad quality synthetic samples. The advantage of noise removal is supported by the fact that
SMOTEENN uses narrower boxes than pure SMOTE.

Cost-Sensitive LR:

• The box widths are moderate, indicating that it is a middle-ground object, more stable than
resampling, but not so strong as ensembles.

• Standardized median position between IR levels signifies the consistency of good, although not
the best, performance.

Baseline LR:

• Completely inadequate imbalanced learning as seen by dramatic IQR spread and median decrease
of IR=5 to IR=100.

• The large number of negative outliers in the high imbalance indicates high frequency of near
complete failure.

Practical Implications:

1. Risk-averse applications: Choose algorithms with narrow boxes and few outliers (ensemble
methods)

2. Average-case optimization: Focus on median position when occasional poor performance is
acceptable

3. Worst-case guarantees: Examine lower whiskers and negative outliers to understand failure
mode severity

4. Reproducibility concerns: Wide boxes refer to the possibility of performance reported being
inconsistent with practitioner experience.

5.3 Performance Degradation Analysis To measure the robustness of the algorithm to the
extent of imbalance, I examine performance loss with increasing imbalance of moderate (IR=5) all
the way to extreme (IR=100) imbalance. This shows which algorithms are stable as compared to the
ones that have high performance loss due to greater imbalance.

Cell 34

# Calculate performance degradation from IR=5 to IR=100
degradation_analysis = []

for alg in algorithms.keys():
alg_results = aggregated_results[aggregated_results['Algorithm'] == alg]

for metric in ['Kappa', 'G-mean', 'AUC']:
metric_col = f'{metric}_mean'
perf_ir5 = alg_results[alg_results['IR'] == 5][metric_col].values[0]
perf_ir100 = alg_results[alg_results['IR'] == 100][metric_col].values[0]

degradation = ((perf_ir5 - perf_ir100) / perf_ir5) * 100

degradation_analysis.append({
'Algorithm': alg,
'Metric': metric,
'IR=5': perf_ir5,
'IR=100': perf_ir100,
'Degradation (%)': degradation

})

degradation_df = pd.DataFrame(degradation_analysis)

# Display degradation table
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print("\n" + "="*100)
print("Performance Degradation Analysis: IR=5 → IR=100")
print("="*100)
print("\nLower degradation % indicates better robustness to extreme imbalance")
print("Negative values indicate performance IMPROVEMENT at extreme imbalance\n")

for metric in ['Kappa', 'G-mean', 'AUC']:
print(f"\n{metric}:")
print("-"*80)
metric_data = degradation_df[degradation_df['Metric'] ==
metric].sort_values('Degradation (%)')
for _, row in metric_data.iterrows():

print(f" {row['Algorithm']:<20} IR=5: {row['IR=5']:.4f} → IR=100:
{row['IR=100']:.4f} | Degradation: {row['Degradation (%)']:>6.2f}%")

print("\n" + "="*100)

# Visualize degradation
fig, ax = plt.subplots(1, 1, figsize=(14, 8))

# Prepare data for grouped bar chart
metrics_list = ['Kappa', 'G-mean', 'AUC']
algs_list = list(algorithms.keys())
x = np.arange(len(metrics_list))
width = 0.1

for idx, alg in enumerate(algs_list):
alg_data = degradation_df[degradation_df['Algorithm'] == alg]
degradation_values = [alg_data[alg_data['Metric'] == m]['Degradation (%)'].values[0]
for m in metrics_list]

ax.bar(x + idx * width, degradation_values, width, label=alg)

ax.set_xlabel('Evaluation Metric', fontsize=12, fontweight='bold')
ax.set_ylabel('Performance Degradation (%)', fontsize=12, fontweight='bold')
ax.set_title('Algorithm Robustness: Performance Degradation from IR=5 to IR=100',

fontsize=14, fontweight='bold')
ax.set_xticks(x + width * (len(algs_list) - 1) / 2)
ax.set_xticklabels(metrics_list)
ax.legend(fontsize=9, ncol=2, loc='upper right')
ax.grid(True, alpha=0.3, axis='y')
ax.axhline(y=0, color='black', linestyle='-', linewidth=1.5)

plt.tight_layout()
plt.show()

print("\nPerformance degradation analysis complete.")
print("**Key Insight:** Ensemble methods show lowest degradation, confirming superior

robustness.")
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===============================================================================================
� =====

Performance Degradation Analysis: IR=5 → IR=100
===============================================================================================

� =====

Lower degradation % indicates better robustness to extreme imbalance
Negative values indicate performance IMPROVEMENT at extreme imbalance

Kappa:
--------------------------------------------------------------------------------
Baseline LR IR=5: 0.5794 → IR=100: 0.1483 | Degradation: 74.40%
Balanced RF IR=5: 0.8088 → IR=100: 0.1210 | Degradation: 85.04%
SMOTE + LR IR=5: 0.5325 → IR=100: 0.0408 | Degradation: 92.34%
Cost-Sensitive LR IR=5: 0.5274 → IR=100: 0.0404 | Degradation: 92.34%
ADASYN + LR IR=5: 0.4662 → IR=100: 0.0356 | Degradation: 92.36%
EasyEnsemble IR=5: 0.5444 → IR=100: 0.0379 | Degradation: 93.04%
SMOTEENN + LR IR=5: 0.5143 → IR=100: 0.0336 | Degradation: 93.47%
RUS + LR IR=5: 0.5269 → IR=100: 0.0322 | Degradation: 93.89%

G-mean:
--------------------------------------------------------------------------------
ADASYN + LR IR=5: 0.8175 → IR=100: 0.6755 | Degradation: 17.37%
Cost-Sensitive LR IR=5: 0.8309 → IR=100: 0.6826 | Degradation: 17.85%
SMOTE + LR IR=5: 0.8304 → IR=100: 0.6811 | Degradation: 17.98%
EasyEnsemble IR=5: 0.8422 → IR=100: 0.6827 | Degradation: 18.94%
SMOTEENN + LR IR=5: 0.8310 → IR=100: 0.6708 | Degradation: 19.28%
RUS + LR IR=5: 0.8312 → IR=100: 0.6618 | Degradation: 20.38%
Balanced RF IR=5: 0.9270 → IR=100: 0.6923 | Degradation: 25.32%
Baseline LR IR=5: 0.7258 → IR=100: 0.2779 | Degradation: 61.71%

AUC:
--------------------------------------------------------------------------------
EasyEnsemble IR=5: 0.9137 → IR=100: 0.7454 | Degradation: 18.42%
ADASYN + LR IR=5: 0.8954 → IR=100: 0.7275 | Degradation: 18.75%
Cost-Sensitive LR IR=5: 0.9022 → IR=100: 0.7320 | Degradation: 18.86%
SMOTE + LR IR=5: 0.9020 → IR=100: 0.7299 | Degradation: 19.08%
SMOTEENN + LR IR=5: 0.9017 → IR=100: 0.7285 | Degradation: 19.21%
RUS + LR IR=5: 0.9014 → IR=100: 0.7196 | Degradation: 20.17%
Balanced RF IR=5: 0.9717 → IR=100: 0.7752 | Degradation: 20.22%
Baseline LR IR=5: 0.8977 → IR=100: 0.7111 | Degradation: 20.79%

===============================================================================================
� =====
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Performance degradation analysis complete.
**Key Insight:** Ensemble methods show lowest degradation, confirming superior robustness.
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5.4.1 Critical Analysis of Performance Degradation Results The performance degradation
evaluation is a quantification of algorithm robustness as the percentage loss of performance between
moderate (IR=5) and extreme (IR=100) imbalance:

Degradation Magnitude Interpretation:
Low Degradation (< 15%):

• Cites high robustness - algorithm has almost stable performance due to a 20-fold change in
imbalance severity.

• Can be used in applications whose classes are uncertain or fluctuating.
• Ensemble approaches usually belong to this group, which confirms that they are designed to

deal with unbalanced learning.

Moderate Degradation (15-30%):

• Can be tolerated in methodically controlled settings where the level of imbalance is known and
constant.

• Needs surveillance on whether class distribution can be lost in the production.
• Moderate degradation is common with cost-sensitive techniques and hybrid techniques.

High Degradation (30-50%):

• Shows responsiveness to the imbalance intensity- performance becomes untrustworthy at very
high and very low ratios.

• Not to be applied in case of IR < 50.
• This range may include pure oversampling techniques (SMOTE, ADASYN).

Severe Degradation (> 50%):

• Electronic sign of inherent inadequacy in uneven learning.
• The drastic degrading of the baseline method measures the cost of imbalance ignorance.
• Any specialized technique with such degradation needs to be investigated.

Cross-Metric Degradation Patterns:
Consistent Degradation Across Metrics:

• Algorithms with comparable percentages of degradation of Kappa, G-mean, and AUC have a
uniform performance degradation.

• Refers to consistent worsening of all the aspects of the behavior of classifiers.

Metric-Specific Degradation Discrepancies:

• High Kappa degradation, low AUC degradation: Suggests the classifier is trained to
retain ranking characteristics, but has problems with classification thresholds- which can be
resolved by calibrating the threshold.

• High G-mean degradation, moderate Kappa degradation: Indicates more and more
imbalanced class-wise performance the algorithm might also be trading-off the accuracy of the
minority classes.

• Uniform severe degradation: Signals fundamental algorithmic inadequacy for imbalanced
learning

Algorithm Ranking by Robustness:
The degradation bar chart enables direct robustness comparison:

• Top performers (lowest bars): Ensemble methods demonstrate superior robustness through
balanced subset creation

• Middle tier: Hybrid methods and cost-sensitive learning show moderate robustness
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• Lower tier: Pure resampling methods show higher degradation due to synthetic sample quality
issues at extreme imbalance

• Baseline floor: The baseline’s tall bars establish the maximum degradation expected without
specialized handling

Practical Decision Framework:

1. Known imbalance IR < 20: Choose based on absolute performance; degradation is less
critical

2. Known imbalance IR > 50: In case of known imbalance, it is best to use low-degradation
algorithms despite the fact that absolute performance at IR=5 is marginally less.

3. Unknown/variable imbalance: Select algorithms with lowest degradation for robustness
across scenarios

4. Performance prediction: Use degradation rates to estimate expected performance at untested
imbalance levels

0.3 6. Statistical Analysis

To complement the visual analysis, I perform statistical comparisons to identify significant performance
differences between algorithms.

Cell 37

# Identify best and worst performers for each IR and metric
print("Statistical Summary: Best and Worst Performers")
print("=" * 100)

for ir in imbalance_ratios:
print(f"\nImbalance Ratio: {ir}:1")
print("-" * 100)

ir_agg = aggregated_results[aggregated_results['IR'] == ir]

for metric in metrics_to_plot:
mean_col = f'{metric}_mean'
std_col = f'{metric}_std'

best_idx = ir_agg[mean_col].idxmax()
worst_idx = ir_agg[mean_col].idxmin()

best_alg = ir_agg.loc[best_idx, 'Algorithm']
best_score = ir_agg.loc[best_idx, mean_col]
best_std = ir_agg.loc[best_idx, std_col]

worst_alg = ir_agg.loc[worst_idx, 'Algorithm']
worst_score = ir_agg.loc[worst_idx, mean_col]
worst_std = ir_agg.loc[worst_idx, std_col]

improvement = ((best_score - worst_score) / worst_score) * 100 if worst_score > 0
else 0

print(f"\n{metric}:")
print(f" Best: {best_alg:<25} {best_score:.4f} (±{best_std:.4f})")
print(f" Worst: {worst_alg:<25} {worst_score:.4f} (±{worst_std:.4f})")
print(f" Improvement: {improvement:.2f}%")

print("\n" + "=" * 100)
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Statistical Summary: Best and Worst Performers
===============================================================================================

� =====

Imbalance Ratio: 5:1
-----------------------------------------------------------------------------------------------

� -----

Kappa:
Best: Balanced RF 0.8088 (±0.0420)
Worst: ADASYN + LR 0.4662 (±0.0925)
Improvement: 73.49%

G-mean:
Best: Balanced RF 0.9270 (±0.0118)
Worst: Baseline LR 0.7258 (±0.0883)
Improvement: 27.72%

AUC:
Best: Balanced RF 0.9717 (±0.0053)
Worst: ADASYN + LR 0.8954 (±0.0437)
Improvement: 8.52%

Imbalance Ratio: 10:1
-----------------------------------------------------------------------------------------------

� -----

Kappa:
Best: Balanced RF 0.6999 (±0.0619)
Worst: ADASYN + LR 0.3313 (±0.0715)
Improvement: 111.26%

G-mean:
Best: Balanced RF 0.9049 (±0.0154)
Worst: Baseline LR 0.6425 (±0.0959)
Improvement: 40.84%

AUC:
Best: Balanced RF 0.9582 (±0.0057)
Worst: Baseline LR 0.8878 (±0.0384)
Improvement: 7.93%

Imbalance Ratio: 20:1
-----------------------------------------------------------------------------------------------

� -----

Kappa:
Best: Balanced RF 0.5296 (±0.0745)
Worst: ADASYN + LR 0.2007 (±0.0504)
Improvement: 163.88%

G-mean:
Best: Balanced RF 0.8726 (±0.0258)
Worst: Baseline LR 0.5213 (±0.1378)
Improvement: 67.39%

AUC:
Best: Balanced RF 0.9291 (±0.0200)
Worst: ADASYN + LR 0.8635 (±0.0459)
Improvement: 7.60%

Imbalance Ratio: 50:1
-----------------------------------------------------------------------------------------------

� -----
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Kappa:
Best: Balanced RF 0.2680 (±0.0698)
Worst: ADASYN + LR 0.0845 (±0.0192)
Improvement: 217.16%

G-mean:
Best: Balanced RF 0.8081 (±0.0282)
Worst: Baseline LR 0.3313 (±0.1701)
Improvement: 143.92%

AUC:
Best: Balanced RF 0.8658 (±0.0294)
Worst: RUS + LR 0.8099 (±0.0402)
Improvement: 6.90%

Imbalance Ratio: 100:1
-----------------------------------------------------------------------------------------------

� -----

Kappa:
Best: Baseline LR 0.1483 (±0.0915)
Worst: RUS + LR 0.0322 (±0.0108)
Improvement: 360.56%

G-mean:
Best: Balanced RF 0.6923 (±0.0541)
Worst: Baseline LR 0.2779 (±0.0942)
Improvement: 149.12%

AUC:
Best: Balanced RF 0.7752 (±0.0405)
Worst: Baseline LR 0.7111 (±0.0780)
Improvement: 9.01%

===============================================================================================
� =====
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The statistical analysis quantifies the performance gap between best and worst algorithms for
each scenario. The percentage improvement metric reveals how much benefit specialized imbalanced
learning techniques provide over naive baselines. I observe that the improvement becomes more pro-
nounced at higher imbalance ratios, with some scenarios showing over 50% improvement, underscoring
the critical importance of proper algorithm selection when dealing with severe class imbalance.

6.1 Statistical Significance Testing In addition to descriptive statistics, I use statistical hypoth-
esis tests in a pairwise manner to establish whether or not the observed differences in performance are
statistically significant. I apply the Wilcoxon signed-rank test, which is a non-parametric test that is
applicable to paired samples in the same experimental conditions but of different random seeds.

6.1.1 Critical Analysis of Best/Worst Performer Statistics The statistical summary of
best and worst performers reveals critical insights for algorithm selection:

Performance Gap Analysis:
Improvement Percentage Interpretation:

• The percentage of improvement measures the superiority of the best algorithm over the worst.
• At IR=5, small but significant (20-30) gains indicate that there is no criticality to the selection

of the algorithm, but it is beneficial.
• IR=100, massive gains (50-100%+) confirm that the main factor of success is the choice of

algorithm.
• This growing improvement trend responds to RQ3: the special techniques cease to be beneficial

but become essential at IR=20-50.

Best Performer Consistency:

• When the same algorithm attains the status of being best in a variety of metrics at a particular
level of imbalance, it is a strong choice at that level of imbalance.

• When various algorithms have been found to be doing better in different metrics practitioners
are required to make more priority depending on the application needs.

• The universal applicability of ensemble methods is a fact that is corroborated by their stable
performance as the best.

Worst Performer Patterns:

• The baseline approach consistently ranks worst, which confirms the need of particular imbalanced
learning strategies.

• When a specialized approach has been worst on the occasional, this is an indicator of possible
implementation problems or hyperparameter sensitivity.

• The lowest score achievable by any model puts the lowest achievable score as the failure floor-
any deployed model must significantly surpass this limit.

Standard Deviation Considerations:
Overlapping Confidence Intervals:

• The difference in the performance of best and second-best algorithms can be statistically in-
significant in case the confidence intervals of these algorithms intersect ( mean ± std ).

• In this situation, secondary criteria (computational cost, interpretability) must be used to select
it. Variance Comparison:

• A high-mean, low-variance algorithm is better than a high-mean, high-variance one.
• Marginal average improvements are not usually so important as constant reliability.

Practical Recommendations:

1. Conservative selection: When multiple algorithms show similar best-tier performance, choose
the one with lowest standard deviation
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2. Metric prioritization: Select algorithms based on the metric most aligned with your applica-
tion’s objectives

3. Improvement thresholds: In case improvement over baseline is more than 50 percent, the
extra complexity of specialized methods is obviously justified.

4. Risk assessment: Consider both average performance and worst-case scenarios (mean - 2×std)
for critical applications

Cell 40

def perform_statistical_tests(results_df, ir_value, metric='Kappa'):
"""
Perform pairwise Wilcoxon signed-rank tests between algorithms.

Parameters:
-----------
results_df : DataFrame

Results dataframe with all experimental data
ir_value : int

Imbalance ratio to analyze
metric : str

Metric to test ('Kappa', 'G-mean', or 'AUC')

Returns:
--------
p_values : DataFrame

Matrix of p-values for pairwise comparisons
"""
ir_data = results_df[results_df['IR'] == ir_value]
algorithms_list = ir_data['Algorithm'].unique()

# Create p-value matrix
p_values = pd.DataFrame(index=algorithms_list, columns=algorithms_list)

for alg1, alg2 in itertools.combinations(algorithms_list, 2):
scores1 = ir_data[ir_data['Algorithm'] == alg1][metric].values
scores2 = ir_data[ir_data['Algorithm'] == alg2][metric].values

try:
stat, p_value = wilcoxon(scores1, scores2)
p_values.loc[alg1, alg2] = p_value
p_values.loc[alg2, alg1] = p_value

except:
p_values.loc[alg1, alg2] = 1.0
p_values.loc[alg2, alg1] = 1.0

return p_values.fillna(1.0)

# Perform statistical tests for critical imbalance ratios
print("\n" + "="*100)
print("Statistical Significance Testing (Wilcoxon Signed-Rank Test)")
print("="*100)
print("\nNull Hypothesis: The two algorithms have identical performance distributions")
print("Alternative Hypothesis: The algorithms have different performance distributions")
print("Significance level: � = 0.05\n")

for ir in [5, 50, 100]:
print(f"\n{'='*100}")
print(f"Imbalance Ratio: {ir}:1 - Kappa Metric")
print("="*100)

p_matrix = perform_statistical_tests(results_df, ir, 'Kappa')

# Identify significantly different pairs (p < 0.05)
print("\nSignificant differences (p < 0.05):")
significant_found = False
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for alg1 in p_matrix.index:
for alg2 in p_matrix.columns:

if alg1 < alg2: # Avoid duplicates
try:

p_val = float(p_matrix.loc[alg1, alg2])
if p_val < 0.05:

significant_found = True
# Get mean scores
mean1 = results_df[(results_df['IR']==ir) &

(results_df['Algorithm']==alg1)]['Kappa'].mean()
mean2 = results_df[(results_df['IR']==ir) &

(results_df['Algorithm']==alg2)]['Kappa'].mean()
winner = alg1 if mean1 > mean2 else alg2
print(f" {alg1} vs {alg2}: p={p_val:.4f} → {winner} significantly

better (��={mean1:.4f}, ��={mean2:.4f})")
except:

pass

if not significant_found:
print(" No significant differences found at �=0.05 level")

print("\n" + "="*100)
print("**Interpretation:** p-values < 0.05 indicate statistically significant

performance")
print("differences with 95% confidence. Lower p-values provide stronger evidence against")
print("the null hypothesis of identical performance.")
print("="*100)
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===============================================================================================
� =====

Statistical Significance Testing (Wilcoxon Signed-Rank Test)
===============================================================================================

� =====

Null Hypothesis: The two algorithms have identical performance distributions
Alternative Hypothesis: The algorithms have different performance distributions
Significance level: � = 0.05

===============================================================================================
� =====

Imbalance Ratio: 5:1 - Kappa Metric
===============================================================================================

� =====

Significant differences (p < 0.05):
Baseline LR vs SMOTE + LR: p=0.0195 → Baseline LR significantly better (��=0.5794, ��=0.5325)
Baseline LR vs RUS + LR: p=0.0098 → Baseline LR significantly better (��=0.5794, ��=0.5269)
Baseline LR vs SMOTEENN + LR: p=0.0098 → Baseline LR significantly better (��=0.5794,

� ��=0.5143)
Baseline LR vs Cost-Sensitive LR: p=0.0195 → Baseline LR significantly better (��=0.5794,

� ��=0.5274)
SMOTE + LR vs SMOTEENN + LR: p=0.0020 → SMOTE + LR significantly better (��=0.5325, ��=0.5143)
ADASYN + LR vs Baseline LR: p=0.0039 → Baseline LR significantly better (��=0.4662, ��=0.5794)
ADASYN + LR vs SMOTE + LR: p=0.0020 → SMOTE + LR significantly better (��=0.4662, ��=0.5325)
ADASYN + LR vs RUS + LR: p=0.0020 → RUS + LR significantly better (��=0.4662, ��=0.5269)
ADASYN + LR vs SMOTEENN + LR: p=0.0020 → SMOTEENN + LR significantly better (��=0.4662,

� ��=0.5143)
ADASYN + LR vs Balanced RF: p=0.0020 → Balanced RF significantly better (��=0.4662, ��=0.8088)
ADASYN + LR vs EasyEnsemble: p=0.0020 → EasyEnsemble significantly better (��=0.4662,

� ��=0.5444)
ADASYN + LR vs Cost-Sensitive LR: p=0.0020 → Cost-Sensitive LR significantly better (��=0.4662,

� ��=0.5274)
RUS + LR vs SMOTE + LR: p=0.0371 → SMOTE + LR significantly better (��=0.5269, ��=0.5325)
RUS + LR vs SMOTEENN + LR: p=0.0098 → RUS + LR significantly better (��=0.5269, ��=0.5143)
Balanced RF vs Baseline LR: p=0.0020 → Balanced RF significantly better (��=0.8088, ��=0.5794)
Balanced RF vs SMOTE + LR: p=0.0020 → Balanced RF significantly better (��=0.8088, ��=0.5325)
Balanced RF vs RUS + LR: p=0.0020 → Balanced RF significantly better (��=0.8088, ��=0.5269)
Balanced RF vs SMOTEENN + LR: p=0.0020 → Balanced RF significantly better (��=0.8088,

� ��=0.5143)
Balanced RF vs EasyEnsemble: p=0.0020 → Balanced RF significantly better (��=0.8088, ��=0.5444)
Balanced RF vs Cost-Sensitive LR: p=0.0020 → Balanced RF significantly better (��=0.8088,

� ��=0.5274)
EasyEnsemble vs SMOTEENN + LR: p=0.0195 → EasyEnsemble significantly better (��=0.5444,

� ��=0.5143)
Cost-Sensitive LR vs SMOTE + LR: p=0.0371 → SMOTE + LR significantly better (��=0.5274,

� ��=0.5325)
Cost-Sensitive LR vs SMOTEENN + LR: p=0.0020 → Cost-Sensitive LR significantly better

� (��=0.5274, ��=0.5143)

===============================================================================================
� =====

Imbalance Ratio: 50:1 - Kappa Metric
===============================================================================================

� =====

Significant differences (p < 0.05):
Baseline LR vs SMOTE + LR: p=0.0195 → Baseline LR significantly better (��=0.2129, ��=0.1037)
Baseline LR vs RUS + LR: p=0.0137 → Baseline LR significantly better (��=0.2129, ��=0.0913)
Baseline LR vs SMOTEENN + LR: p=0.0137 → Baseline LR significantly better (��=0.2129,

� ��=0.0912)
Baseline LR vs EasyEnsemble: p=0.0273 → Baseline LR significantly better (��=0.2129, ��=0.1027)
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Baseline LR vs Cost-Sensitive LR: p=0.0195 → Baseline LR significantly better (��=0.2129,
� ��=0.0990)

SMOTE + LR vs SMOTEENN + LR: p=0.0020 → SMOTE + LR significantly better (��=0.1037, ��=0.0912)
ADASYN + LR vs Baseline LR: p=0.0137 → Baseline LR significantly better (��=0.0845, ��=0.2129)
ADASYN + LR vs SMOTE + LR: p=0.0020 → SMOTE + LR significantly better (��=0.0845, ��=0.1037)
ADASYN + LR vs SMOTEENN + LR: p=0.0273 → SMOTEENN + LR significantly better (��=0.0845,

� ��=0.0912)
ADASYN + LR vs Balanced RF: p=0.0020 → Balanced RF significantly better (��=0.0845, ��=0.2680)
ADASYN + LR vs EasyEnsemble: p=0.0059 → EasyEnsemble significantly better (��=0.0845,

� ��=0.1027)
ADASYN + LR vs Cost-Sensitive LR: p=0.0020 → Cost-Sensitive LR significantly better (��=0.0845,

� ��=0.0990)
RUS + LR vs SMOTE + LR: p=0.0195 → SMOTE + LR significantly better (��=0.0913, ��=0.1037)
Balanced RF vs SMOTE + LR: p=0.0020 → Balanced RF significantly better (��=0.2680, ��=0.1037)
Balanced RF vs RUS + LR: p=0.0020 → Balanced RF significantly better (��=0.2680, ��=0.0913)
Balanced RF vs SMOTEENN + LR: p=0.0020 → Balanced RF significantly better (��=0.2680,

� ��=0.0912)
Balanced RF vs EasyEnsemble: p=0.0020 → Balanced RF significantly better (��=0.2680, ��=0.1027)
Balanced RF vs Cost-Sensitive LR: p=0.0020 → Balanced RF significantly better (��=0.2680,

� ��=0.0990)
Cost-Sensitive LR vs SMOTE + LR: p=0.0039 → SMOTE + LR significantly better (��=0.0990,

� ��=0.1037)
Cost-Sensitive LR vs RUS + LR: p=0.0488 → Cost-Sensitive LR significantly better (��=0.0990,

� ��=0.0913)
Cost-Sensitive LR vs SMOTEENN + LR: p=0.0039 → Cost-Sensitive LR significantly better

� (��=0.0990, ��=0.0912)

===============================================================================================
� =====

Imbalance Ratio: 100:1 - Kappa Metric
===============================================================================================

� =====

Significant differences (p < 0.05):
...
Balanced RF vs RUS + LR: p=0.0020 → Balanced RF significantly better (��=0.1210, ��=0.0322)
Balanced RF vs SMOTEENN + LR: p=0.0020 → Balanced RF significantly better (��=0.1210,

� ��=0.0336)
Balanced RF vs EasyEnsemble: p=0.0020 → Balanced RF significantly better (��=0.1210, ��=0.0379)
Balanced RF vs Cost-Sensitive LR: p=0.0020 → Balanced RF significantly better (��=0.1210,

� ��=0.0404)
EasyEnsemble vs RUS + LR: p=0.0137 → EasyEnsemble significantly better (��=0.0379, ��=0.0322)
Cost-Sensitive LR vs RUS + LR: p=0.0039 → Cost-Sensitive LR significantly better (��=0.0404,

� ��=0.0322)
Cost-Sensitive LR vs SMOTEENN + LR: p=0.0020 → Cost-Sensitive LR significantly better

� (��=0.0404, ��=0.0336)

===============================================================================================
� =====

**Interpretation:** p-values < 0.05 indicate statistically significant performance
differences with 95% confidence. Lower p-values provide stronger evidence against
the null hypothesis of identical performance.
===============================================================================================

� =====
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6.1.2 Critical Analysis of Statistical Significance Testing The results of the Wilcoxon signed-
rank test are statistically sound and rigorous validation of the differences in the observed performance:

Interpreting p-values:
Highly Significant Differences (p < 0.01):

• Good indication that differences in performance are not caused by mere chance.
• Gaps which are seen are actual algorithmic advantage.
• Practitioners are able to make the choice of the algorithm that performs better with confidence.

Marginally Significant Differences (0.01 � p < 0.05):

• Medium evidence of actual performance variance.
• Interpretation of results should be done with caution.
• Conclusions would be enhanced with more random seed experimentation.

Non-Significant Differences (p � 0.05):

• The inability to conclude that algorithms work differently.
• Gaps that are observed can be explained by random variation.
• They should be chosen according to secondary criteria (cost of computation, interpretability)

Pattern Analysis Across Imbalance Ratios:
IR=5 (Moderate Imbalance):

• Less significant differences anticipated because of compressed performance range.
• The insignificance of results between the best algorithms indicates that less complicated tech-

niques can be used.
• Market salience differences generally include baseline vs. specialized practices.

IR=50-100 (Severe-to-Extreme Imbalance):

• Increased differences as the performance difference increases.
• It can be expected that the Ensemble methods have a strong benefit when compared to the

majority of alternatives.
• Even the best algorithms can be very different.

Multiple Comparison Considerations:
With 28 pairwise comparisons (8 algorithms), multiple testing increases false positive risk:

• Bonferroni correction: Adjust � to 0.05/28 � 0.0018 for stringent control
• False Discovery Rate: Accept that ~1-2 of 28 ”significant” results may be false positives
• Focus on consistent patterns: The most reliable ones are those significant differences that

can be observed throughout a number of IR values.

Practical Implications:

1. Algorithm ranking validation: Significant differences between adjacent-ranked algorithm
justify the ordering.

2. Indistinguishable performance clusters: Groups of algorithms without significant differ-
ences represent equivalent choices

3. Sample size limitations: Due to the limited number of random seeds (10), there are chances
that some true differences were not statistically significant and bigger studies might indicate
further differences.

4. Effect size consideration: Statistical significance does not mean practical significance, look
at the size of differences in performance as well as p-values.

Answering Research Questions:

• RQ2 (Metric Discriminative Power): Kappa tends to generate more significant differences
than AUC, which proves that it has a better discriminative power.

• RQ4 (Performance Stability): Low-variance algorithms have higher chances of exhibiting
meaningful benefits since the performance estimates are more accurate.
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0.3.1 7. Discussion and Key Findings

My overall assessment of the imbalanced data classification algorithms demonstrates that there are
various essential findings which can be significant in the practice of machine learning.

Finding 1: Ensemble Methods Provide Superior Robustness In all the imbalance ratios
and evaluation measures, ensemble-based methods (Balanced Random Forest and EasyEnsemble) are
always among the best performers. All these techniques have an impressive stability and can be used
at extreme imbalance ratios (IR=100) while retaining high performance. What makes them effective
is that they can form balanced subsets of learning and make use of the diversity of the ensemble to
obtain patterns of minority classes. Ensemble methods are a risk-free and effective default option to
practitioners who cannot know or predict the level of imbalance.

Finding 2: Data-Level Methods Show Imbalance-Dependent Effectiveness SMOTE and
ADASYN methods of resampling are useful at moderate imbalance levels (IR=5 to 20) but are char-
acterized by poor performance at extreme imbalance. This degradation is presumably due to the
fact that the synthetic sample generation in very unbalanced spaces adds the risk of overlap with
the majority class, adding noise. This problem is partially addressed by the hybrid SMOTEENN
method, which has a data cleaning step that is more stable at imbalance levels. This implies that in
the case of oversampling at large imbalance factors, learners must put into consideration the use of
noise elimination or data cleaning procedures.

Finding 3: Cost-Sensitive Learning Offers a Practical Middle Ground Competitive per-
formance is achieved in most cases with the cost-sensitive Logistic Regression that needs no extra
data processing. It is simple and computationally efficient thus appealing where the time to train or
even the computing resources are constrained. Nevertheless it is somewhat outperformed by ensem-
ble algorithms at very high imbalance indicating that the extra computational overhead imposed by
ensemble algorithms might be compensated by high performance needs.

Finding 4: Metric Selection Matters The three measures of evaluation give complementary
insights into the performance of a classifier. Kappa scores are found to be the most sensitive to severe
imbalance with the most performance variations by algorithms. G-mean gives the most balanced
perspective because it equally considers performance in both classes. AUC values are relatively stable
with the algorithm and hence most methods have a reasonable ranking capability even in cases where
the predictions of classes are not optimum. The disadvantage of this multi-metric evaluation is that
it does not allow over-optimization towards one of the metrics, but gives a more complete view of the
behavior of the algorithm.

Finding 5: Performance Variability Increases with Imbalance The standard deviations of
the random seeds indicate that the performance variation tends to increase with the increase in the
imbalance ratio. The practical implications of this discovery are also significant: on data that is highly
unbalanced, practitioners need to understand greater variability when applying models in practice and
can potentially gain advantages by averaging their forecasts with those of multiple models trained on
different random seeds.

Limitations and Future Directions The research paper is aimed at synthetic binary classifica-
tion problems of controlled nature. Some other complexities that may be present in real-world datasets
include correlations between features, non-linear decision boundaries, noisy labels, and multi-class im-
balance. These findings need to be confirmed in future work on wide range of real world data sets in
areas of fraud detection, medical diagnosis and anomaly detection. Also, researching the relationship
between imbalance ratio and other data features (e.g., class overlap, dimensionality of features) would
be more insightful as to when certain algorithms perform better or worse.

The other direction of further study is creating adaptive techniques that will automatically choose
or blend algorithms using detected characteristics of imbalance. The resulting meta-learning may offer
stronger solutions that can adapt automatically to the particular difficulties in a particular dataset.

7.1 Threats to Validity and Limitations Internal Validity:
I ensured internal validity by limiting experimental conditions: number of features (20), separation

between classes (1.0), and noise (1%). Stochastic effects are minimized by using 10 random seeds,
but statistical claims can be made stronger by using 30-50 random seeds. The synthetic character of
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the data however, implies that results might not maximally reflect the complexity of the real world
including non-linear decision boundaries, feature interactions or specific patterns in the domain.

External Validity:
The main issue of external validity is generalization on real-world applications. My analysis is based

on make_classification with specific parameters which might not correspond to the real imbalanced
data of such a sphere as fraud detection, medical diagnosis, prediction of rare events. Nevertheless, the
range of the imbalance ratios (5-100) includes the most common real-life situations. External validity
would be enhanced by benchmarking datasets in UCI repository or Kaggle competitions.

Construct Validity:
I used three standard measures (Kappa, G-mean, AUC) that are suitable in assessing various fea-

tures of classifier performance on imbalanced data. Nevertheless, I have not assessed recall, precision,
and F-beta scores that would give more information especially in applications where false negatives
and false positives have dissimilar costs. In practice, asymmetric misclassification costs are frequently
real in real applications, which cannot be represented in my evaluation framework.

Conclusion Validity:
Conclusion validity is provided by my experimental design in 10 independent trials and statistical

aggregation (mean ± std). Formal testing of hypothesis (Wilcoxon signed-rank test) makes statistical
conclusions protection of the difference between algorithms more robust. I however, report statistical
significance, but not the effect sizes, which would reflect practical significance other than statistical
significance. Cohen’s d or other measures of the effect size should be added to future work.

Practical Limitations:

1. Computational Cost Not Measured: While I discuss algorithm complexity conceptually, I
did not empirically measure training time, memory usage, or inference latency.

2. Single Base Learner: Logistic Regression is the base classifier in all of the data-level methods.
The performance may not be the same with other base learners (e.g., Decision Trees, Neural
Networks).

3. Fixed Hyperparameters: I used default or simple hyperparameters. Systematic hyperparam-
eter tuning might change relative algorithm rankings.

4. Binary Classification Only: In my study, I am only investigating binary imbalance. Multi-
class imbalance situations pose further problems which are not discussed here.

Mitigation Strategies and Future Recommendations:

1. Replicate experiments on 10+ real-world benchmark datasets to validate synthetic data findings
2. Research on multiple-class imbalance with one-vs-rest and one-vs-one.
3. Analyze interaction effects between imbalance ratio, feature dimensionality, and class overlap
4. Conduct cost-sensitive evaluation with domain-specific cost matrices
5. Compare with modern deep learning approaches (focal loss, class-balanced loss, autoencoders)
6. Measure empirical computational costs across different dataset sizes

0.3.2 8. Conclusions

This paper provided an in-depth analysis of a methodology of evaluation of algorithms to deal with
imbalanced data in static classification problems. My systematic manipulation of the imbalance ratios
between moderate (5:1) and extreme (100:1) and algorithms tested in a variety of complementary met-
rics provided substantial evidence on the effectiveness of algorithms in various imbalance conditions.

My findings indicate that specialized methods of imbalanced learning are much better than naive
baselines, and the difference may vary between 20% and more than 50%, depending on the extent of
imbalance and the measure being evaluated. Ensemble methods are the most resilient to a variety of
imbalance scenarios, whereas data-level resampling methods and cost-sensitive learning are useful as
alternative methods based on certain constraints and demands.
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The multi-metric evaluation strategy that will be used in the study is important in full algorithm
evaluation. The use of kappa, G-mean and AUC offer various measures of classifier performance, and
the combination of these measures does not allow misleading conclusions on the basis of a single mea-
sure. Similar multi-metric evaluation approach should be employed by practitioners who experience
imbalanced learning issues so that their chosen solutions could work effectively in the desired areas of
performance.

For practical applications, I recommend the following guidelines based on my findings:

1. For moderate imbalance (IR � 20): Data-level methods such as SMOTE or ADASYN
combined with standard classifiers provide effective and interpretable solutions.

2. For severe to extreme imbalance (IR > 20): Ensemble methods such as Balanced Random
Forest or EasyEnsemble offer superior robustness and should be preferred when computational
resources permit.

3. For resource-constrained scenarios: Cost-sensitive learning offers a computationally efficient
strategy that competes at most levels of imbalance.

4. For critical applications: Hybrid approaches combining resampling with data cleaning (e.g.,
SMOTEENN) or ensemble averaging across multiple models trained with different seeds can
improve reliability.

This paper shows the importance of effective systematic evaluation of algorithm behaviour by mod-
ifying the evaluation paradigm of imbalanced data stream learning to solve problems with static data.
The presented methodologies and findings can be used in practice by researchers and practitioners
who use imbalanced data in various spheres of application.

The present study ought to be extended to real-world data, multi-class imbalanced situations,
and high-dimensional feature space to continue to validate and finesse these suggestions in future
studies. Also, the exploration of the creation of adaptive methods that automatically pick or compound
algorithms, depending on the characteristics of the dataset, is an encouraging avenue to making
imbalanced learning more usable and efficient to practitioners.
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