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[bookmark: _Toc185069474]
[bookmark: _Toc185070035]Introduction
[bookmark: _Toc185069475][bookmark: _Toc184762843]This document outlines a data analysis project conducted by an intern at a reputable research institution, concentrating on the "USA Housing Dataset." The goal of this analysis was to identify trends and insights concerning housing prices and the number of bedrooms in different properties. The intern carefully examined the dataset using Microsoft Excel and SPSS software.

[bookmark: _Toc185069476]Excel was utilised primarily for data visualisation and performing crucial calculations, while SPSS was employed for more sophisticated statistical modelling. This work involved computing significant metrics, such as the mean, median, mode, standard deviation, and variance. Additionally, the report addresses the advantages and disadvantages of the tools employed, emphasising the importance of the Data Mining Cycle in obtaining valuable results. Overall, this analysis seeks to clarify the dynamics of the housing market and offer meaningful insights. 
[bookmark: _Toc185069477]Part 1
[bookmark: _Toc185069478][bookmark: _Toc185070036][bookmark: _Toc184762844]Dataset 
[bookmark: _Toc185069479][bookmark: _Toc184762845]The USA Housing Dataset is a valuable collection of information about homes all across the United States. It contains over 4.1K entries and 18 different details about each home. Some of the key information includes home prices, the number of bedrooms and bathrooms, and the size of the living spaces and lots. You can also find details such as how many stories a house had when it was built and special features like whether it’s close to water or has a nice view, as well as its condition after any renovations.

[bookmark: _Toc185069480]In this dataset, home prices vary widely, from as low as 0 to more than $26 million for some luxurious properties. The size of the homes and the number of bedrooms are particularly important factors, and the year a house was built or renovated helps provide historical context. There are also categorical details that add interest, such as street names, cities, and ZIP codes. Overall, this dataset gives a detailed look at the housing situation in the United States. 
[bookmark: _Toc185069481][bookmark: _Toc185070037]Data Preprocessing
[bookmark: _Toc185069482][bookmark: _Toc184762846]To ensure our analysis was as accurate as possible, we took the time to address the missing values in the price variable. We opted for the Median of Nearby Points method in SPSS, where we filled in these gaps with the median values from neighbouring data points. This approach helped us replace a total of 49 missing values, bumping our valid count up to 4,140 for the price variable.
[bookmark: _Toc185069483]Maintaining the integrity of our dataset was important at this point—missing values can throw off our statistical results and lead to unreliable interpretations. By using this technique, we were able to keep the structure and variability of the dataset intact, allowing the imputed values to fit naturally within the existing data. It was a careful balance, but we wanted to ensure our findings would be both robust and meaningful. 
[bookmark: _Toc185069484][bookmark: _Toc185070038]Mean Price
[image: ]
The average price of houses in the dataset came out to be $559,550.42, based on a sample of 4,140 properties. This average gives us a glimpse into what it typically costs to buy a house within this group. However, it is worth noting, as Black (2019) points out, that while the mean is a commonly used way to understand price levels, it can be significantly affected by very high or very low values, known as outliers. This means that if there are a few extremely expensive or cheap houses, they can skew the average, making it seem higher or lower than what most buyers might encounter in the market dataset range greatly from $0 to over $26 million, the mean may not represent the typical property price for many properties. However, it provides a baseline for analysis and policy-making (Field, 2018).
[bookmark: _Toc184762847][bookmark: _Toc185069485]Median Price
[image: ]
[bookmark: _Toc185069486][bookmark: _Toc184762848]The median price of houses in the dataset is $466,225. This means that half of the houses are priced above this amount while the other half are priced below it. The median is often a better way to understand typical prices in situations where prices can vary widely, as it is less influenced by very high or very low values compared to the average price. In this housing dataset, the median price can be seen as a standard reference point. It helps us understand what a typical housing price looks like, which can give us insights into how affordable homes are and whether current market conditions are typical or unusual. 
[bookmark: _Toc185069487][bookmark: _Toc185070039]Mode Price
[bookmark: _Toc184762849][image: ]
In the study of house prices from our dataset, we found that the most common price is $559,550.42, based on 4,141 sales. This means that this specific price is the one that appears more often than any other in our list of house prices. 
Understanding this “mode” helps us see which price range is the most popular among buyers. It’s different from the average price or the middle price; instead, it highlights where most houses are priced. Having this information can be useful for anyone looking to understand standard pricing patterns in the housing market. It suggests that many houses are clustered around this particular price, giving us insights into what buyers typically pay for homes in this area. Standard Deviation: No. of Bedrooms
[image: ]
In our analysis of the number of bedrooms in houses from a large dataset, we found that the average difference from the typical number of bedrooms is about 0.9. This means that most homes have several bedrooms that are very close to the average, indicating limited variation. In simpler terms, you'll often find that houses in this area tend to have a similar number of bedrooms, reflecting common housing preferences among buyers. This is different from other areas where there might be a wider range of bedroom counts in homes.
[bookmark: _Toc184762850][bookmark: _Toc185069488][bookmark: _Toc185070040]Largest Variance in Variables
[image: ]
[bookmark: _Toc184762851]Variance is a way to measure how much the values in a dataset differ from the average value. In this case, when looking at housing prices, we see that they vary a lot more compared to other factors. This makes sense because the dataset includes both very affordable homes and high-end luxury properties, leading to a wide range of prices. Understanding this variation is crucial for grasping the real estate market, as it reflects the differences in property values based on aspects like location, size, and features (Gujarati & Porter, 2020).
[bookmark: _Toc185070041]Largest Standard Deviation in Variables

[image: ]
The prices for homes can vary greatly, which is highlighted by the large differences in the data. This range shows how diverse the housing market is, influenced by things like the size of the home, its location, and special features it may have. Recognising these differences is important for spotting trends in the market and understanding the variations in property values.
[bookmark: _Toc185069489][bookmark: _Toc185070042][bookmark: _Toc184762853]Understanding Recent Findings in Housing Data

[bookmark: _Toc185069490]The recent analysis of housing data has shown some interesting trends. First, the number of bedrooms in these homes is fairly consistent, with only slight variations. This means that most of the houses in the dataset have a similar size in terms of bedrooms. 

[bookmark: _Toc185069491]On the other hand, home prices vary significantly. There is a wide range of prices—from affordable options to luxury homes—which indicates a lot of fluctuation in the market. This variation is influenced by various factors such as location, the specific features of a property, and market demand. While the number of bedrooms remains stable, how much homes cost can differ greatly based on these other aspects. Using Pivot Tables to Professionally
[bookmark: _Toc185069492][bookmark: _Toc185070043]Submit  Data
[bookmark: _Toc185069493]Pivot Tables are a very useful feature in Excel that helps you make sense of large amounts of data. Think of them as a flexible way to look at your information. Instead of changing your original data, you can use Pivot Tables to rearrange and summarise it, which makes it easier to see patterns and trends.
[bookmark: _Toc185069494]With Pivot Tables, you can group data in different ways, filter out what you don’t need, and perform calculations like finding averages or totals. This helps create clear and professional presentations of complicated data. In this section, we will use a Pivot Table to explore the average housing prices in different cities, allowing us to see how housing costs vary by region. 
[bookmark: _Toc185069495][bookmark: _Toc185070044]Objective: Summarizing Average Housing Price by City Using Pivot Tables
The goal is to find and show the average housing prices in different cities using a special table that organises this information. This analysis will also point out the differences in prices across regions, helping us understand how people decide what homes they can afford and what trends are emerging in the housing market. The goal is to find and show the average housing prices in different cities using a special table that organises this information. This analysis will also point out the differences in prices across regions, helping us understand how people decide what homes they can afford and what trends are emerging in the housing market.
[bookmark: _Toc185069496][bookmark: _Toc185070045]How to Create a Pivot Table in Excel
Insert a Pivot Table:
[image: ]
Open the dataset in Excel and ensure the data is well-structured 
Select the all dataset (Ctrl + A) and go to the Insert tab on the ribbon.
Click  PivotTable and, in the dialog box, select New Worksheet, the destination. Click OK.
Set Up the Pivot Table
[image: ]
In the Pivot Table field pane, drag the city column to the Rows area.
Drag the price column to the Values area.
Excel will automatically sum the prices by default. Change this setting to compute the average instead:
Click the dropdown arrow next to Sum of price in the Values field pane.
Select Value Field Settings, select Average, and click OK.
Format the Data
[image: ]
To enhance the appearance of the table, display the average prices in a currency format.:
Right-click the column including the averages, select Format Cells, and choose Currency.
Professional Presentation
[image: ]
Rename the Pivot Table to something meaningful, such as "Average Housing Prices by City."
Modify the widths of the columns for better clarity, and if necessary, include borders or shading to improve readability..
[bookmark: _Toc185069497]Interpretation of the Pivot Table
We'll create a table that shows the average housing prices for each city. This will help us see how prices vary in different areas and identify the highest and lowest prices for homes. This summary makes it easier for everyone involved to understand the housing market and use this information to make better decisions.
[bookmark: _Toc185069498][bookmark: _Toc185070046]Relationship Between Cost and Bedroom Count
[bookmark: _Toc185069499]Working
Step 1: Import the Dataset
[image: ]
Step 2: On Analyse, go to Correlate and select Bivariate.
[image: ]
Step 3: Place the Price variable and the Number of Bedrooms variable in the Variables section.
Step 4: Select the boxes for the correlation analysis you want and click OK.
[bookmark: _Toc185069500]Results
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[bookmark: _Toc185069501][bookmark: _Toc184762855]A study looked at the relationship between the price of homes and the number of bedrooms they have. The results showed a positive connection, with a value of 0.197, which suggests that there’s a slight tendency for house prices to increase as the number of bedrooms increases. However, this relationship is pretty weak, meaning that while prices may go up with more bedrooms, it's not by a significant amount. 
[bookmark: _Toc185069502]The results were statistically significant, which means it’s unlikely that this connection happened by accident. Nevertheless, since the correlation is weak, it indicates that other important factors, like the location of the house, its size, and available amenities, are likely much more influential in determining home prices. 
[bookmark: _Toc185069503][bookmark: _Toc185070047]Scatter Plot: Price vs Number of Bedrooms
[bookmark: _Toc185069504]How to Create a Scatterplot in SPSS -> Open the Dataset -> Load the dataset into    -> SPSS.
[bookmark: _Toc185070048]Access the Scatterplot Tool
[image: ]
Go to Graphs > Chart Builder.
Go to Chart Builder window, select Scatter/Dot from the window.
Define the Axes
[image: ]
Drag price to the X-Axis 
Drag number of bedrooms to the Y-Axis 
Customize the Scatterplot
[image: ]
Click OK to generate the scatterplot.
Double-click the graph to open the Chart Editor to add a trendline,
In the Chart Editor, click Elements > Fit Line at Total to add a regression line.
[bookmark: _Toc185069505]Results

A scatterplot was created to examine the relationship between housing prices and the number of bedrooms in homes. The results show a weak positive trend, meaning that as housing prices go up, there’s a slight tendency for the number of bedrooms to increase as well. The mathematical formula derived from this trend suggests a very small correlation, as indicated by an R² value of just 0.039. This means that only about 3.9% of the differences in the number of bedrooms can be explained by housing prices. 

Overall, the relationship is quite weak, with a correlation coefficient (r) of 0.0197. This suggests that there are many other factors at play that likely affect both housing prices and the number of bedrooms in a home. The data points on the scatterplot show a lot of variability, and there are several outliers—homes priced very differently from others—which heavily influence the trend. This reinforces the idea that housing prices are influenced by a combination of factors, rather than just the number of bedrooms alone.
[bookmark: _Toc184762856][bookmark: _Toc185069506]Part 2
[bookmark: _Toc184762857][bookmark: _Toc185069507][bookmark: _Toc185070049]Advantages and Disadvantages of SPSS and Excel
	Feature
	SPSS Advantage
	SPSS Disadvantage
	Excel Advantage
	Excel Disadvantage

	Ease of Use
	An intuitive interface simplifies statistical analysis, minimizing effort (Field, 2018).




	Mastering advanced features like multivariate analysis requires significant training (Pallant, 2020).



	The interface is user-friendly and well-suited for basic data analysis and visualization (Winston, 2019).



	The software's limited advanced statistical analysis capabilities necessitate workarounds for many tasks (Benninga, 2014).





	Cost
	N/A
	High licensing fees make it less accessible to individuals or small organizations (Levine, 2021).
	Affordable and often included in Microsoft Office subscriptions (Winston, 2019).
	N/A

	Data Size Capacity
	Efficiently handles moderately sized datasets, making it suitable for research and academic use (Pallant, 2020).




	Performance may suffer when analysing extremely large datasets (millions of rows) (Black, 2019).




	Suitable for basic operations on moderately sized datasets without significant performance issues (Winston, 2019).




	Very large datasets cause performance problems, including frequent crashes and slow response times (Benninga, 2014).





	Statistical Analysis
	Includes a comprehensive suite of pre-programmed statistical functions, including regression and ANOVA (Black, 2019).
	Limited flexibility for custom algorithms; lacks programmability compared to Python or R (Levine, 2021).
	Provides support for basic descriptive statistics, 
including averages, medians, and standard deviations.
	Complex statistical tests (e.g., multivariate regression or ANOVA) require external add-ins or manual calculations (Benninga, 2014).

	Visualization
	Provides built-in visualization tools like scatterplots, boxplots, and histograms (Field, 2018).
	Charts lack flexibility and are visually less appealing compared to Excel (Pallant, 2020).
	Highly customizable and extensive charting options make it well-suited for professional-quality reports (Winston, 2019).
	Limited ability to handle large, complex visualizations; lacks built-in support for statistical overlays (Benninga, 2014).

	Data Cleaning and Preprocessing
	Efficiently manages missing values, outliers, and categorical data. The Median of Nearby Points method simplifies imputation (Pallant, 2020).
	Performance with non-numerical or string-heavy datasets is inferior to that of text-focused tools such as Python (Field, 2018).
	Supports basic data cleaning with features like filtering, sorting, and conditional formatting (Winston, 2019).
	Requires extensive manual intervention for advanced data cleaning tasks, such as handling missing data or outliers (Benninga, 2014).

	Integration
	N/A
	Poor integration with modern data science tools like Python and SQL, limiting workflows (Field, 2018).
	Its seamless integration with Microsoft Power BI, SQL, and other Office tools enhances its value in professional applications (Benninga, 2014).




	Integration with specialized statistical packages like SPSS or advanced machine learning libraries is not natively supported (Levine, 2021).




[bookmark: _Toc184762858][bookmark: _Toc185069508][bookmark: _Toc185070050] Data Mining Cycle: Significance and Value
[bookmark: _Toc185069509]Data Mining Cycle: Overview

[bookmark: _Toc185069510]The data mining cycle is a process that helps us make sense of large amounts of data by finding important patterns and trends. By using various techniques from areas like statistics and computer science, this cycle aims to turn raw data into useful information that can guide decision-making in different fields. It offers a clear and organized approach to analysing data, making it easier for people to understand and act on the insights gained. The Data Mining Cycle: An Overview

[bookmark: _Toc185069511]The data mining cycle is a process that helps us make sense of large amounts of data by finding important patterns and trends. By using various techniques from areas like statistics and computer science, this cycle aims to turn raw data into useful information that can guide decision-making in different fields. It offers a clear and organized approach to analysing data, making it easier for people to understand and act on the insights gained.
[bookmark: _Toc185069512]Data Mining Cycle
[bookmark: _Toc185070051]Data Collection
The first step in the data mining process is to collect information from different places. This information can come in several forms: it might be well-organized data like what you'd find in a database, somewhat organized data like logs from websites, or even messy data like texts and images. Getting accurate and helpful information is crucial because it helps us understand important patterns and insights.
For example, if we are interested in real estate, we can gather data on property prices, sizes, locations, and features from various listing services or government records. The quality and amount of information we collect play a big role in how successful we will be in the following steps.
[bookmark: _Toc185070052]Data Preprocessing
When dealing with data, we often find that the information we've collected needs some preparation before it can be analyzed. This process is known as data cleaning, and it addresses issues such as missing information, inconsistencies, and unusual outliers—data points that don’t fit the general pattern.

The key steps in this process include:

1. Addressing Missing Values: This involves filling in any gaps. For instance, if there are missing prices in a housing dataset, we can estimate those prices based on surrounding data.

2. Normalization: This step standardizes the data, allowing us to compare different values more effectively. It’s like putting all the data on the same level so that we can make meaningful comparisons.

3. Categorical Transformation: This is the process of converting text data into numerical form so that it can be analyzed more easily.

In general, by following these steps, we prepare our data to be clean and ready for more in-depth analysis, ultimately leading to better insights and decisions.
Exploratory Data Analysis (EDA)
[bookmark: _Toc185069513][bookmark: _Toc184762860]Understanding Data Analysis in Real Estate

[bookmark: _Toc185069514]Exploratory Data Analysis  
[bookmark: _Toc185069515]Data analysis often begins with exploring the data to understand its main features. This part involves using various statistical methods and visual tools to see patterns, relationships, and unusual points in the data. For example, looking at a scatterplot (a type of graph) might reveal that homes with more bedrooms generally have higher prices. Summary statistics, like the average and median prices, help us grasp where most prices tend to fall.

[bookmark: _Toc185069516][bookmark: _Toc185070053]Modeling  
[bookmark: _Toc185069517]Once we have a good grasp of the data, we can build models to make predictions. There are several common types of models we use:
[bookmark: _Toc185069518]- Regression Analysis: This helps us predict things like house prices based on certain features, such as the size of the home.
[bookmark: _Toc185069519]- Classification Models: These are used to categorize items, like deciding whether a property is "affordable" or "luxury."
[bookmark: _Toc185069520]- Clustering Algorithms: These help to group similar data points together, like identifying cities with comparable real estate trends.

[bookmark: _Toc185069521]For example, a regression model can help estimate how much a house might sell for based on its size and location.

[bookmark: _Toc185069522][bookmark: _Toc185070054]Evaluation
[bookmark: _Toc185069523]After building our models, it's crucial to check how well they work. This means comparing the predictions from our models to actual outcomes. We use measures like:
[bookmark: _Toc185069524]- R² (Coefficient of Determination): This indicates how well our model explains the differences in the data. 
[bookmark: _Toc185069525]- RMSE (Root Mean Squared Error): This measures the average difference between predicted and actual values.

[bookmark: _Toc185069526]For instance, if a regression model predicting housing prices has an R² of 0.85, this means the model accounts for 85% of the variability in prices.

[bookmark: _Toc185069527][bookmark: _Toc185070055]Deployment  
[bookmark: _Toc185069528]The final step is taking our insights into real-world applications. This could mean using a predictive model to help set property prices or applying customer behavior insights in marketing strategies. For example, data-driven recommendations can assist investors in making informed property investment decisions.

[bookmark: _Toc185069529][bookmark: _Toc185070056]The Importance of the Data Mining Cycle  
[bookmark: _Toc185069530]- Transforming Data into Insights: The data mining cycle helps convert raw data into actionable insights. In retail, analyzing customer purchases can reveal buying habits, which in turn allows businesses to target promotions effectively and boost sales.
[bookmark: _Toc185069531]- Supporting Data-Driven Decisions: This structured approach helps developers in the housing market identify high-demand neighborhoods, enabling them to make wise investment choices based on historical price patterns.
[bookmark: _Toc185069532]- Predicting Future Trends: By looking at past data, organizations can forecast future trends. For example, a bank can estimate loan default risks using records from previous customers, and a real estate agency can anticipate price changes in specific markets.
[bookmark: _Toc185069533]- Improving Operational Efficiency: Data mining can help uncover inefficiencies. For example, analyzing delivery routes in logistics can reveal ways to cut transportation costs and delivery times.

[bookmark: _Toc185069534][bookmark: _Toc185070057]Examples of Data Mining in Action  
[bookmark: _Toc185069535]- Real Estate: Data mining is used to predict property prices based on factors like location and size. Cluster analysis can reveal areas with similar price trends, which assists investors in decision-making.
[bookmark: _Toc185069536]- Healthcare: Hospitals analyze patient records to identify risks associated with various diseases. Predictive models can help detect early signs of conditions like diabetes, leading to better patient outcomes and reduced healthcare costs.
[bookmark: _Toc185069537]- Retail: Retailers analyze transaction data to understand customer preferences and manage inventory effectively, stockpiling popular items during peak seasons.

[bookmark: _Toc185069538][bookmark: _Toc185070058]Conclusion  
[bookmark: _Toc185069539]This report examined the “USA Housing Dataset” using tools like Excel and SPSS to explore key statistics, visualize data, and interpret relationships. It discussed how housing prices vary across the country, the limited impact of bedroom data, and the importance of preprocessing data to extract valuable insights. Using structured data analysis through the data mining cycle enables informed and actionable decisions.
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