[image: A close-up of a sign

Description automatically generated]








Assignment 2










Name: Paul-Silvian Vornicescu
Student ID: 2246785
Module code: LCBB5000
Module name: Data Handling & Business Intelligence
Lecturer: Dr Sadeque Shaikh


TABLE OF CONTENT






	
	Introduction
	3

	
	Section 1 
	

	
	Part (a)
	3

	
	Part (b)
	10

	
	Part (c)
	12

	
	Section 2
	

	
	Part (a)
	13

	
	Part (b)
	14

	
	Conclusion
	16

	
	References
	17













Introduction

The housing market is a vital component of economic and social structures, influencing and reflecting broader societal trends. In this context, using the research study ‘USA Housing Dataset’ we will look into the housing market trends and characteristics within a specific date. The dataset, compiled over an extended period, captures essential housing variables, including the number of bedrooms and bathrooms, property price, size, and renovation status. These variables provide a comprehensive foundation for understanding the dynamics of housing choices, market valuation, and potential influencing factors.
By leveraging Excel’s accessibility and SPSS’s advanced statistical modelling capabilities, this study aims to uncover meaningful patterns and relationships within the housing market data. Insights from this analysis could inform housing policies, market forecasts, and decision-making processes for stakeholders in the real estate sector. Through a collaborative approach and rigorous exploration of the dataset, this study aspires to contribute valuable findings to the ongoing discourse on housing market trends and determinants.


Section 1

Part (a)
1. The mean value of property prices is a key statistical measure used to determine the average cost of homes in the dataset. It is computed by summing up all individual property prices and dividing the total by the number of properties included in the study. This metric acts as a central point of reference, offering a concise way to summarize the dataset and understand overall pricing trends. By providing a snapshot of the typical property price, the mean is instrumental in evaluating market dynamics and comparing price patterns across different categories or timeframes.
[image: ]Despite its simplicity and utility, the mean is sensitive to extreme values, such as exceptionally high-priced luxury homes or unusually low-cost properties, which can distort the overall average. For instance, a few outliers in the dataset could raise or lower the mean significantly, making it less reflective of the majority of housing prices. To address this limitation, the mean is often analysed alongside other statistical measures, like the median, to present a balanced view of the data. Nevertheless, the mean remains an essential tool for uncovering general trends in property pricing, aiding analysts, policymakers, and stakeholders in making data-driven decisions about the housing market.

	*Please note that I have deleted all the rows that have the price as 0, because the result would be corrupted, so this result is based on 4092 rows instead of 4141.

2. The median value for property prices serves as a key indicator of the central point in a dataset, offering a balanced perspective on the housing market. It is determined by arranging all prices in order and identifying the middle value, effectively dividing the dataset into two equal halves—half of the properties fall below the median, and the other half are above it. Unlike the mean, the median is resilient to extreme values, such as ultra-luxury homes or highly undervalued properties, making it particularly useful when analysing data with significant variability.
This measure is especially important in real estate markets, where price ranges can vary dramatically due to factors like location, property size, and renovation status. The median provides a realistic reflection of the "typical" property price, avoiding the distortions that can occur with averages in skewed datasets. For instance, in areas with a mix of high-end and affordable properties, the median captures the midpoint of the market, offering a clearer view of housing affordability.
[image: ]			By focusing on the central value, the median helps policymakers, investors, and buyers understand market trends more accurately. It is an invaluable tool for ensuring that analyses reflect genuine market conditions rather than being swayed by outliers.


	*Please note that I have deleted all the rows that have the price as 0, because the result would be corrupted, so this result is based on 4092 rows instead of 4141.

3. The mode is a key statistical measure that identifies the value appearing most frequently in a dataset. Unlike the mean or median, which summarize data based on central tendency, the mode highlights the most common or recurring value. This makes it particularly insightful for identifying dominant trends or patterns. For instance, in a housing market dataset, the mode could reveal the most frequently occurring property price, providing valuable information about the price range most properties fall into.
One of the significant advantages of the mode is its versatility, as it applies to both numerical and categorical data. In the context of real estate, the mode might indicate the most common number of bedrooms or bathrooms, offering a snapshot of typical property features. If a dataset includes multiple values occurring with the same highest frequency, it is described as multimodal, while datasets with no repeating values are considered to lack a mode.
The mode is especially valuable when analysing datasets with uneven distributions or when outliers significantly affect other measures like the mean. By identifying the most frequently observed value, the mode serves as a practical tool for understanding dominant characteristics in datasets, aiding decision-making in areas such as housing analysis, consumer behaviour, and market research.
[image: ]

	*Please note that I have deleted all the rows that have the price as 0, because the result would be corrupted, so this result is based on 4092 rows instead of 4141.

4. The standard deviation is a vital statistical measure used to understand the variability in the number of bedrooms within a dataset. It quantifies how much individual data points deviate from the average (mean) number of bedrooms, providing a clear picture of the dataset's spread. A low standard deviation in this context indicates that most properties have a similar number of bedrooms, reflecting consistency. Conversely, a high standard deviation suggests significant variation, with properties having widely differing numbers of bedrooms.
For instance, if a dataset contains homes primarily with two or three bedrooms and only a few with five or six, the standard deviation helps capture this spread. A small value would imply that the majority of homes fall within a close range of the average number of bedrooms. On the other hand, a larger [image: ]standard deviation could reveal a mix of smaller apartments and larger family homes, indicating diverse housing types in the dataset.

5. Variance is a fundamental statistical measure used to assess the spread or dispersion of a dataset. In Excel, variance quantifies how much individual data points deviate from the mean by calculating the average of the squared differences between each value and the mean. This measure is pivotal for understanding the consistency of a dataset, providing insight into whether values are closely grouped or widely scattered.
[image: ]In our case the number of bedrooms in the dataset have the largest variance of 0.81, which indicates a moderate level of variability. Variance measures how far the data points deviate from the mean. Since the variance is not excessively high, it suggests that while there is some variation in the number of bedrooms across properties, the majority of homes likely have a number of bedrooms relatively close to the average.

6. The largest standard deviation in the dataset is 0.90 for bedrooms, indicating that the number of bedrooms shows the highest variability among the variables analysed. This means that the number of bedrooms in the dataset varies more widely compared to bathrooms, floors, waterfront status, view, or condition. Properties in the dataset likely range significantly in terms of bedroom count, from smaller homes or apartments with fewer bedrooms to larger houses with many bedrooms.
[image: ]In comparison, variables such as waterfront (with a standard deviation of 0.08) show minimal variability, indicating consistent characteristics, likely because the majority of properties either have or do not have waterfront access. Similarly, variables like bathrooms (0.78), view (0.79), and condition (0.67) show moderate variability but less than bedrooms.

7. Results have been interpreted at each point earlier.

Analysis conclusion
The statistical analysis of the housing dataset offers critical insights into market trends and characteristics. The mean property price, calculated as the average, provides a foundational understanding of overall pricing trends. It acts as a central reference point for evaluating market dynamics and serves as a tool for comparing different categories or timeframes. However, the mean is highly sensitive to outliers, such as ultra-luxury homes or deeply undervalued properties, which can skew the results. This limitation highlights the importance of pairing the mean with other measures, like the median, to paint a more accurate picture of typical property prices.
The median property price complements the mean by offering a robust indicator of the central value in the dataset. By identifying the middle value when prices are arranged in order, the median provides a balanced perspective, unaffected by extreme values. This makes it particularly useful in real estate markets where prices vary widely due to factors like location, size, or condition. The median captures the midpoint of affordability and market conditions, making it an invaluable metric for policymakers and buyers looking for realistic housing insights.
The mode, on the other hand, highlights the most frequently occurring property price, uncovering dominant trends in the dataset. Unlike the mean and median, the mode focuses on frequency, making it an excellent tool for identifying common price ranges or popular property features. This measure is particularly versatile, as it applies to both numerical and categorical data, offering unique insights into market preferences, such as the typical number of bedrooms or bathrooms in homes.
The variability in housing features is quantified through measures like standard deviation and variance. For the number of bedrooms, a standard deviation of 0.90 and a variance of 0.81 indicate moderate diversity. While most properties cluster around the average number of bedrooms, the dataset also reflects a range of smaller apartments and larger family homes. This variability is key to understanding the diversity of housing types available in the market. In contrast, features like waterfront status show minimal variability, with a standard deviation of 0.08, reflecting a consistent characteristic where most properties either have or lack waterfront access.
The price category distribution, as illustrated in the pie chart, reveals a well-defined segmentation of the housing market, with properties spanning affordable, mid-range, and expensive tiers. Affordable homes, priced below $300,000, account for 857 properties (21%) and represent options likely geared toward budget-conscious buyers or first-time homeowners. The majority of the market, however, lies in the mid-range category, comprising 2,036 properties (50%) priced between $300,000 and $600,000. This tier underscores the market's core, offering a balance of affordability and desirable features such as size or location. Meanwhile, 1,247 properties (29%) fall into the expensive category, exceeding $600,000, likely encompassing luxury residences or premium properties in high-demand areas. This distribution highlights the housing market's diversity, meeting the needs of varied socioeconomic groups while emphasizing the prominence of mid-range properties as the backbone of market activity.
These insights collectively enable stakeholders to make informed decisions. Policymakers can design housing policies that cater to diverse market needs, while investors can identify promising segments based on pricing trends and property features. Buyers, too, benefit from understanding the variability and typical characteristics of properties, helping them navigate the market more effectively.
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Part (c)

1. Correlations
	

	
	price
	bedrooms

	price
	Pearson Correlation
	1
	.189**

	
	Sig. (2-tailed)
	
	<.001

	
	N
	4140
	4140

	bedrooms
	Pearson Correlation
	.189**
	1

	
	Sig. (2-tailed)
	<.001
	

	
	N
	4140
	4140

	**. Correlation is significant at the 0.01 level (2-tailed).



2. [image: A graph with blue dots and numbers

Description automatically generated]Scatterplot



Section 2

Part (a)

Microsoft Excel is a widely used tool for data analysis, offering numerous advantages that make it a preferred choice for professionals across various fields. One of its primary strengths is its user-friendly interface, which simplifies data organization and analysis for users of all expertise levels. For instance, arranging a dataset of housing information, including bedrooms, bathrooms, and property prices, is straightforward. The intuitive design allows users to quickly sort, filter, and manipulate data, making it accessible for beginners and efficient for experienced users. Moreover, Excel's built-in functions, such as AVERAGE, STDEV.S, and COUNTIF, enable users to perform essential statistical calculations with minimal effort. These tools are particularly useful in scenarios like calculating the average property price or counting the frequency of properties with specific characteristics.
Another significant advantage of Excel is its visualization capabilities. It provides a variety of charts, such as bar graphs, scatter plots, and pie charts, which are invaluable for presenting data in a clear and engaging manner. For example, creating a scatter plot to display the relationship between property size and price can help identify trends and correlations. Additionally, Excel's pivot tables allow users to summarize large datasets quickly, making it easier to derive insights without needing advanced technical skills. This makes Excel a practical choice for tasks like summarizing sales data for housing developments or comparing regional market trends.
However, despite its versatility, Excel has notable limitations that may restrict its effectiveness for certain types of data analysis. One of its major drawbacks is its limited capacity to handle large datasets. For example, when analysing millions of property records with detailed variables, Excel can become slow, crash, or fail to process the data efficiently. In such cases, more robust tools like SQL databases or Python are better suited to manage and analyse large-scale data. Excel’s performance issues with big data highlight its lack of scalability for extensive or complex analyses.
Another disadvantage is Excel’s limited support for advanced statistical analysis. While it can perform basic tasks such as linear regression through the Analysis ToolPak, it lacks the depth and flexibility of specialized software like SPSS or Python. For instance, conducting a multivariate regression to predict housing prices based on several factors—such as bedrooms, location, and renovation status—requires manual setup in Excel and lacks the streamlined, advanced features available in dedicated statistical tools (Salkind, 2015).
Error management is another concern with Excel. The reliance on manual data entry and formula creation increases the likelihood of errors, which can compromise the analysis. For example, an accidental change in a formula could lead to incorrect calculations, especially in large, interconnected workbooks. Additionally, automating repetitive tasks in Excel often requires programming knowledge in VBA, which may be a barrier for some users (Blayney, 2019). Tools like Python or Tableau offer more accessible and efficient automation options.
In summary, Excel is a powerful and accessible tool for data analysis, ideal for small to medium datasets and basic tasks such as summarization, visualization, and simple statistical analysis. However, its limitations in handling large datasets, performing advanced analyses, and automation highlight the need for complementary tools for more complex or large-scale projects. Despite these challenges, Excel remains a practical choice for many everyday data analysis tasks due to its versatility and user-friendly nature.

Part (b)

The Data Mining Cycle refers to the systematic process of extracting valuable patterns, trends, and insights from large datasets. It plays a crucial role in decision-making across industries by uncovering hidden relationships and providing actionable knowledge. The cycle involves several stages, each contributing to a structured approach to analysing and interpreting data. Its importance lies in enabling businesses and organizations to make data-driven decisions, optimize processes, and predict future trends effectively (Vercellis, 2009).
The first stage of the data mining cycle is data collection, where raw data is gathered from various sources such as databases, sensors, or online systems. For example, in the retail sector, transactional data from sales records can be collected to understand customer purchasing behaviour. This step ensures that the data required for analysis is available and comprehensive, forming the foundation for the subsequent stages.
Next is data preprocessing, which involves cleaning and transforming the raw data to make it suitable for analysis. This step addresses inconsistencies such as missing values, duplicates, or irrelevant information. For instance, in a healthcare dataset, patient records may need to be standardized and filtered to include only relevant attributes such as age, diagnosis, and treatment history. Proper preprocessing enhances the quality and accuracy of the analysis.
The data exploration and transformation stage follows, where analysts examine the data to identify patterns, relationships, or anomalies. Techniques like summary statistics and visualizations help to understand the dataset’s structure. For example, in the housing market, scatter plots of property prices versus square footage can reveal trends and outliers. This stage often includes feature selection or engineering to enhance the data's relevance to the mining objectives.
The heart of the data mining cycle is the modelling phase, where algorithms and techniques are applied to the processed data to identify patterns and relationships. This could involve clustering, classification, regression, or association rule mining, depending on the objective. For example, in e-commerce, classification models might predict whether a customer is likely to make a purchase based on their browsing history. This step requires selecting the right techniques and fine-tuning parameters to ensure the best results (Maheshwari, 2015).
Once a model is developed, the evaluation phase assesses its performance and accuracy. Metrics like precision, recall, or error rates are used to determine the model's reliability. For example, a predictive model for fraud detection in banking might be evaluated for how well it identifies fraudulent transactions without flagging legitimate ones. This stage ensures that the findings are valid and applicable to real-world scenarios.
The final step, deployment, involves integrating the insights or models into practical applications. In marketing, this might mean using clustering results to segment customers and tailor campaigns to specific groups. Deployment ensures that the results of the data mining process are actionable and drive tangible outcomes.
The importance of the data mining cycle lies in its ability to structure complex analytical tasks, ensuring that insights are accurate and relevant. By applying this cycle to various fields such as healthcare, retail, or finance, organizations can uncover valuable knowledge, improve decision-making, and gain a competitive edge. For example, predictive analytics based on data mining helps businesses anticipate customer needs, streamline operations, and adapt to market trends effectively.

Conclusion

The analysis of housing market data using statistical tools and visualization techniques provides valuable insights into property trends, pricing, and influential factors. Leveraging tools such as Excel, this study explored essential housing variables including price, size, bedrooms, and additional features like waterfront and condition. Through techniques like mean, median, mode, and standard deviation calculations, combined with data categorization and visual representation, the dataset's characteristics were effectively summarized and interpreted.
The findings emphasize the diversity in housing attributes, with metrics such as the standard deviation and variance highlighting variability in bedrooms and price ranges. Visualizations, including pie charts, bar graphs, and scatter plots, provided intuitive representations of key patterns. 
While Excel proved to be a robust tool for initial exploration and visualization, its limitations in handling complex statistical modelling and large datasets were evident. These insights underscore the importance of combining Excel with advanced tools like SPSS or Python for comprehensive analysis in larger-scale studies.
In conclusion, the integration of statistical methods and visualization techniques is pivotal in uncovering actionable insights. These findings can inform stakeholders such as policymakers, real estate developers, and investors, enhancing decision-making in a dynamic housing market. The approach demonstrated in this report provides a solid foundation for further exploration and innovation in data-driven housing research.
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