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[bookmark: _Toc185114523]Introduction
This report presents a data analysis done by a data analyst intern of a reputable research centre on the "USA Housing Dataset" to find out key trends and patterns. Microsoft Excel and SPSS Software were used to analyse the dataset consisting of housing price, and number of bedrooms. Data was visualized in Excel for basic calculations and advanced statistical modelling of data was also done in SPSS with metrics like mean, median, mode, standard deviation, and variance. In addition, the report considers the pros and cons of these tools, and emphasizes the importance of the Data Mining Cycle in advancing the quality of results.

[bookmark: _Toc185114524]Part A
[bookmark: _Toc185114525]Overview of Dataset
The 'USA Housing Dataset‘ contains 4,140 records and 18 variables showing variety of housing characteristics across the United States. The variables for consideration in this model are price, number of bedrooms, bathrooms, square footage (both living area and lot size), number of floors, year of construction, and many other additional variables that include having waterfront presence, having good view quality, and being renovated. Such dataset also consists of categorical data such as street, city and state zip code. Housing prices are wildly different from $0 for large properties to more than $26 million. Square footage and bedroom count have very real statistical significance, and temporal variables, such as construction year and renovation year, tell us ‘historical facts’.
[bookmark: _Toc185114526]Preprocessing of Data
Missing values were imputed and preprocessing performed on the price variable to prepare input for analysis. The missing values were replaced using the Median of Nearby Points method applied using SPSS. This is a technique that fills in missing value by finding the median in the adjacent data points of the dataset. There were 49 missing values, which were replaced, and 4,140 number of all the valid cases for this price variable. The process created a critical consideration during this, the integrity of the dataset, as missing values could skew statistical outcomes and decrease reliability of analysis and interpretation. This method preserved the dataset's structure and variability.
[bookmark: _Toc185114527]Mean of Price Variable
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The mean price of houses in the dataset was $559,550.42 (N = 4,140). The mean value is an average cost of buying a house within the sampled dataset. Manikandan (2011) states that although the mean has become a very common measure of central tendency, extreme values (outliers) are very sensitive to the mean. It might not be particularly useful to have the mean given that property prices in this dataset range from $0 up around $26 million. However, it provides an interesting baseline from which to further analyse and develop policy (Giesecke & Madden, 2013).
[bookmark: _Toc185114528]Median of Price Variable
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The median house price in the dataset is $466,225 (N = 4,140) which means that half of the homes are under this value and half are over. The median is not as sensitive to extreme values as the mean, and is therefore a more reliable measure of central tendency in a skewed distribution. In the case of housing data, the median serves as a better image than the arithmetic mean of typical market prices, and used as a baseline on which to evaluate housing affordability and market conditions (Groeneveld & Meeden, 1984). 
[bookmark: _Toc185114529]Mode of Price Variable
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It was found that the mode of the house prices was $559,550.42 (N = 4,141), which was the most common house price point. Unlike the mean and median, the mode highlights the most common value within a dataset and provides a clue into which pricing tier is most common in the housing market. This concentration points to an inverted price pattern in the market, where homes are positioned around this price as a standard market pricing practice. Nevertheless, in skewed distributions, the mode can be quite disparate from the mean and median, for the mode as opposed to the central tendency of the data is the peak frequency.
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In the dataset, the number of bedrooms deviates from the mean by about 0.904 bedrooms, thus its standard deviation is SD = 0.904 (N = 4,140). The relatively low standard deviation indicates most properties have a number of bedrooms very close to the mean of the mean is more or less fixed. If such clustering around the mean occurs it may suggest that there are widespread housing preferences or norms in the geographic area of the dataset. This is evidenced by for instance, data from the English Housing Survey for which the average number of bedrooms per household is 2.7 with a standard deviation of 1.005 similar trends in bedroom distribution (Ministry of Housing, Communities and Local Government, 2020).
[bookmark: _Toc185114531]Greatest Variance
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Variance tells how much of the data points are spread around the mean, and is measuring the average squared deviation from the mean. Variance describes the range of property values within that context — between the low cost and high cost, end market for housing prices. This substantial dispersion is also explained by various market dynamics, including geographical dispersion, size at which the property was placed, and its distinctive nature. For example, glitches in time series UK house prices are indicated by structural breaks and volatility in regions and property types (Stevenson et al., 2018).
[bookmark: _Toc185114532]Greatest Standard Deviation
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Data shows a wide range of housing market prices, which is shown by high standard deviation of the dataset. This varying market emphasises the diversity of the market based on property size, location and features. Brown & Rossi (2018) have shown how such variations are conditioned by geographic and economic conditions, while Nguyen et al. (2020) draw attention to the way in which regional economic factors shape property valuation.
[bookmark: _Toc185114533]Last Three Outcomes Interpretation
Number of bedrooms has a low standard deviation indicating uniformity in house sizes in dataset (standard deviation = 0.904). Whereas the price variable has the highest variance (3.371×10¹¹) and standard deviation (580,603.99), due to the presence of such an range of expensive to affordable properties. This then shows another aspect of the diverse housing market influenced by location, features and market demand (Cheshire & Sheppard, 1995; Malpezzi, 2002).
[bookmark: _Toc185114534]Pivot Charts for Data Presentation
Excel Pivot Charts are powerful visual summaries, analyses, and presentation of large datasets. Dynamic and interactive visual representations of data provide a way to successfully uncovering patterns and trends. Pivot Charts link directly to Pivot Tables, linking with data in a visually intuitive way to explore relationships between variables. In this section, we show how to take advantage of the PivotChart to show the average housing price by city to demonstrate differences in regional housing prices.
Visualizing Average Housing Prices by City Using a Pivot Chart
The aim is to find and show the average housing price per city using a Pivot Chart. The analysis presented here will focus on regional price variation and trends in order to understand the variances of affordability and the dynamics of the market.
How to Create a Pivot Chart in Excel
Set Up the Data
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· Open the dataset in Excel, ensuring it has column headers (e.g., price, city, etc.).
· Select the dataset (Ctrl + A), navigate to the Insert tab, and click PivotTable.
· In the dialog box, choose New Worksheet as the destination and click OK.
Configuring Pivot Table Fields
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· Drag the City column to the Rows area.
· Drag the Price column to the Values area.
· Set the calculation to Average:
· Click the dropdown next to "Sum of Price" in the Values field pane, select Value Field Settings, choose Average, and click OK.
Inserting a Pivot Chart
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· With the Pivot Table selected, navigate to the Insert tab and choose a Pivot Chart.
· Select a chart type suitable for the analysis, such as a Column Chart or Bar Chart.
· Click OK to insert the chart.
Customizing the Pivot Chart
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· Add a descriptive title, such as "Average Housing Prices by City."
· Format the axes:
· Label the vertical axis as "Average Price" and the horizontal axis as "City."
· Format data points for clarity:
· Right-click on data bars and choose Format Data Series to adjust colors, sizes, or effects.
· Add data labels if necessary for precise values.
Enhancing the Chart Presentation

· Use the Design tab to apply a professional style or theme to the chart.
· Adjust the layout to ensure readability, such as repositioning the legend or resizing the chart area.
Meaning of the Pivot Chart
The Pivot Chart shows the average of housing price for cities with colors shows which price is in which city. This allows stakeholders to quickly see which cities have the highest and lowest average prices, finding patterns that help us understand market dynamics. For stakeholders this analysis helps by identifying affordable areas and understanding market trends associated with location and other housing factors.
[bookmark: _Toc185114535]Price and Number of Bedrooms Correlation
Steps
First Step: Load the dataset into the software.
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Second Step: Navigate to the Analyze menu, select Correlate, and then choose Bivariate.
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Third Step: Add the Price variable and Number of Bedrooms variable to the Variables section.
Fourth Step: Select the desired options for the correlation analysis, then click OK.
Analysis Results
[image: ]
Pearson correlation coefficient was calculated between price and number of bedrooms as 0.19 (p<0.001, N=4,140). This value tells us of a weak positive linear relationship between number of bedrooms and housing prices, i.e. housing prices slightly increase with an increase in number of bedrooms, but the impact is sufficiently small to be ignored. We find that the correlation is statistically significant (p < 0.001), which indicates that it is not due to chance. However, the weak correlation implies that other attributors such as property location, square footage and amenities dominate in the determination of the prices of the housing (Tabachnick & Fidell, 2019; Brace et al., 2016).
[bookmark: _Toc185114536]Price vs Number of Bedrooms Scatter-Graph
Steps Involved
Load the Dataset
· Import the dataset into SPSS.
Access the Scatterplot Tool
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Description automatically generated]
· Navigate to Graphs and select Chart Builder.
· In the Chart Builder window, choose the Scatter/Dot option.
Define the Axes
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Description automatically generated]
· Assign Price to the X-Axis (horizontal axis).
· Assign Number of Bedrooms to the Y-Axis (vertical axis).
Customize the Scatterplot
[image: A screenshot of a computer

Description automatically generated]
· Press OK to make the scatterplot.
· To add a trendline, double-click the graph to open the Chart Editor.
· In the Chart Editor, go to Elements > Fit Line at Total to overlay a regression line.
Scatter-Graph Analysis Results
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A weak positive linear trend was established on a scatterplot with price on x and the number of bedrooms on y. The value of the equation for the trendline is y = 3.23 + 3.07 × 10−7x and R2 = 0.039. The low R2 of 0.039 implies that as little as 3.9 % of the variability in the number of bedrooms is explained in housing price. This is congruent with the Pearson correlation coefficient (r = 0.0197), that shows that there is little relationship between the variables of the system.
The wide dispersion of points in the scatterplot indicates that its two variables are highly variable but weakly dependent. However, these results imply that location, square footage and property features may have a much larger effect on housing prices (Kutner et al., 2005; Hair et al., 2020).
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Advantages of Using Excel
Cost-Effectiveness and Accessibility
General data analysis lends itself fairly well to excel as it is both very cheap and quite accessible. It’s usually bundled with Microsoft Office, making it available to corporate and individual users. For example, small organizations like mine use Excel to do simple financial analysis and fast pivot charting (Powell & Baker, 2017).
Versatile Data Visualization
There are many customizable charts, graphs, and pivot charts available for Excel users to graphically communicate data. An example of such use is pivot charts in Excel real estate analysts use to dynamically compare housing prices among different regions (Alexander, 2016).
Ease of Use for Simple Analysis
Basic analyses, such as averages, variances, and using conditional logic (e.g. IF functions) are easy using Excel. For instance, it can easily find outliers within a housing dataset through conditional formatting.
Compatibility and Integration
Other software like Power BI and Google Sheets, facilitates easy data import and export, allowing it to be sent to other software for further analysis (Bovey et al., 2009).
Disadvantages of Using Excel
Limited Advanced Statistical Tools
For basic statistical tasks, Excel is enough, but Excel does not have sophisticated tools that support such advanced analysis as regression diagnostics or factor analysis. For example, if a greater statistical function is desired, the user must rely on other premium software (Berk & Carey, 2009).
Error-Prone for Large Datasets
With large datasets, there is a high risk of entering errors manually or calculating errors formula based. An example is the cases when using thousands of records in a housing dataset, inaccuracies might present misleading insights (Panko, 2013).
Performance Limitations with Big Data
With large datasets, Excel struggles and often has to take its time or even crash. Big data involves so much data that using Excel is not a good idea, instead tools like R or Python are more convenient in such cases to analyse big data.
Lack of Automation for Complex Analyses
Unlike SPSS, Excel lacks automation for most analyses of iterative statistical tasks, for which manual setup is required (Alexander, 2016).
Advantages of Using SPSS
Comprehensive Statistical Functions
SPSS has a variety of statistical tools, including simple descriptive statistics and the most complex multivariate analyses. It is, for example, capable of already proficient ANOVA and regression model generation on housing price data (Green & Salkind, 2016).
Efficient Data Management
Transforming and cleaning of datasets are easily done through SPSS. For example, robust imputation of missing values in the data of a housing price dataset is handled in SPSS (Norušis, 2012).
Professional-Quality Outputs
Tables and charts created by SPSS save precious time for researchers since they get well formatted tables and charts ready to be included in reports. For example, a regular correlation matrix and a scatter plot with regression lines are possible to make from SPSS by real estate analysts.
User-Friendly for Non-Programmers
For the beginners in the statistical analysis, this menu driven interface for SPSS reduces the need of knowing coding (Vogt & Johnson, 2016).
Disadvantages of Using SPSS
High Licensing Costs
SPSS is a top tier software solution, and as such is out of reach for small organizations and individual users. There are free comparable alternatives such as R or Python (Cronk, 2017).
Limited Visualization Customization
Although SPSS offers fairly basic available charting tools, it is not as flexible with respect to visualization as Excel or dedicated visualization software such as Tableau (Green & Salkind, 2016).
Performance Constraints with Very Large Datasets
Handle extremely large datasets or real time data analytics, SPSS is less ideal than scalable tools - such as Python or SAS (Norušis, 2012).
Steep Learning Curve for Advanced Features
Basic tasks are not difficult but SPSS’s more complicated ones, such as structural equation modelling, are very dependent on a strong background in statistics (Vogt & Johnson, 2016).
[bookmark: _Toc185114539]The Meaning and Importance of the Data Mining Cycle
Data Mining is the process of extracting useful information or insight from dug up huge amounts of data with the help of the computational, statistical and machine learning techniques. The Data Mining Cycle offers a systematic way to go through such an analysis so that raw data is turned into actionable insights. Decision making and forecasting is widely used across industries, such as retail, finance, transportation, and healthcare, to improve (Tan et al., 2019).
Steps in the Data Mining Cycle
Data Collection
Raw data comes from many sources, such as databases, web logs or IoT sensors then it starts with. One example is a ride sharing company that collects on ride times, driver performance and customer ratings to enhance service.
Data Cleaning and Preprocessing
Cleaning is integrating missing values, inconsistent values, duplicates, and outliers. For example, a healthcare dataset might be incomplete patient records which can be corrected with imputation (Zaki & Meira, 2014).
Data Transformation
Data is standardized or reformatted in order to be easier for analysis. One of the examples that could do it — a logistics company can convert shipment times into standardized time zones to find out how delivery is getting done inefficiently.
Data Analysis and Modelling
Patters are discovered or outcomes are predicted, through use of statistical and machine learning algorithms. For example, in the banking sector, classification algorithms can detect customers who maybe default on the loans, based on their financial behaviour.
Evaluation and Interpretation
The accuracy and the relevance of the results are evaluated. For example, in the case of validating a recommendation system for a retailer, it might validate a recommendation system by comparing the purchases predicted by the system with actual sales (Provost & Fawcett, 2013).
Deployment and Decision-Making
Insight is used to change processes or the strategy. For example, an airline might predict-demand using the model to best price tickets during the holidays.
Importance of the Data Mining Cycle
Improved Decision-Making
Data Mining Cycle allows businesses to make data driven decisions by deriving insights from it. They can, for instance, help grocery chains optimize the inventory as they start to analyse seasonal purchase trends (Tan et al., 2019).
Revealing Hidden Patterns
Data mining finds the trends at a level that does not stand out right away. Some examples of that include mobile app developers discovering behaviour patterns of users to increase user engagement and improve user retention rates.
Predictive Analytics
The cycle provides the capacity for forecasting upcoming trends and behaviors. For instance, urban planners can predict population growth trends for resource allocation effectiveness (Hastie et al., 2009).
Operational Efficiency
Reduced costs and time are achieved through automating data processing. Manufacturers for example, can do predictive maintenance on equipment to monitor for potential unexpected breakdowns (Zaki & Meira, 2014).
Examples of Data Mining Cycle Applications
Retail
The use of the Data Mining Cycle for retailers to analyse point of sale data and predict demand for products. For instance, a supermarket chain may find that certain products work together better, and such bundling can be derived.
Energy Sector
Data mining is applied by energy companies to keep tabs on energy consumption patterns, and optimize energy distribution. For instance, smart meter data mining can uncover peak use time, which guide pricing strategy.
Agriculture
Data mining helps farmers find the best way to grow crops, optimizing the use of soil, weather and pest conditions. Predictive models can then calculate the best time to plant, or harvest.

[bookmark: _Toc185114540]Conclusion
In conclusion, this report shows how statistical tools and data analysis techniques can be used to draw insights from a housing dataset and also points at the relevance of tools such as SPSS and Excel in contemporary data driven decision making. Analysis by key metrics such as correlation, variance, and trendlines showed how housing market dynamics are difficult to grasp due to complexity in response to multiple factors. The report also noted the significance of the Data Mining Cycle in the way of structuring analytic process and turning raw data into actionable information, a foundation for making informed decisions within all industries.
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