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[bookmark: _Toc184559339]Introduction
In the present world where there is a vast amount of data available, it has become compulsory to analyze these big data and draw useful information for decision making in many fields. Out of all the software, SPSS (Statistical Package for the Social Sciences) is one of the most effective tools for statistical analysis that have a good interface and a great number of statistical options. Together with Excel and data mining techniques, it can be useful for researchers and analysts to have such information. This paper examines the applicability of SPSS for housing data analysis, the strengths and weaknesses of the tool as well as the data mining cycle for extracting valuable knowledge from big data.
[bookmark: _Toc184559340]Section 1: Analysis of USA Housing Data
[bookmark: _Toc184559341](a) Data Analysis Using SPSS
[bookmark: _Toc184559342]Mean, Median and Mode value for Price
	Price

	N
	Valid
	4140

	
	Missing
	0

	Mean
	553062.8773

	Median
	460000.000

	Mode
	0.000



[bookmark: _Toc184559343]Standard Deviation for Number of Bedrooms
	Bedrooms

	N
	Valid
	4140

	
	Missing
	0

	Std. Deviation
	0.904



[bookmark: _Toc184559344]Which variable has Larger Variance 
	

	
	bedrooms
	price
	bathrooms
	sqft_living
	sqft_lot
	floors

	N
	Valid
	4140
	4140
	4140
	4140
	4140
	4140

	
	Missing
	0
	0
	0
	0
	0
	0

	Variance
	.817
	340689874533.503
	0.616
	916771.055
	1287147513.704
	0.286



[bookmark: _Toc184559345]Which one of the variables has a larger standard deviation
	

	
	bedrooms
	price
	bathrooms
	sqft_living
	sqft_lot
	floors

	N
	Valid
	4140
	4140
	4140
	4140
	4140
	4140

	
	Missing
	0
	0
	0
	0
	0
	0

	Std. Deviation
	.904
	583686.4522443
	.78473
	957.482
	35876.838
	.5349



[bookmark: _Toc184559346]Interpretation of the last three outcomes (Standard deviation, larger variance, larger standard deviation)
Standard Deviation
The standard deviation for the number of bedrooms is 0.904 which means that the number of bedrooms of the properties considered are less than one from the mean. This relatively low value means that a majority of homes in the dataset are likely to have similar number of bedrooms implying that there is a number of standard styles of homes. Although it will be easier to compare the results from one year to another if the number of bedrooms is constant, it raises a question of whether the data set contains a diverse mix of property types. This means that if the dataset is dominated mostly by properties with two or three numbers of bedrooms the result may show little variation between big or small properties. It can be useful when modeling or forecasting, but it does not allow for the study of properties of outliers.
Which variable has larger variance
According to the amount of variability, the price variable consists of a very large variability (340,689,874,533.503) than the variability of any other variables such as the number of bedrooms, number of bathrooms, or size of the house in number of square footages. This large disparity means that property is heterogeneously priced, and this means that there is a wide range of housing in terms of price. Such high variability could stem from factors like: 
· Variations in property location (such as urban or suburban). 
· Differences in the size of the property, or the services and amenities offered or the standard of the properties. 
However, the variance for such variables as the number of bedrooms (0.817) or the number of bathrooms (0.616) is much smaller, indicating that there is not much choice in such characteristics. High variance in price could also be a problem for property valuation models because many external factors could have an impact on the range of prices not captured within the database. It also means that the dataset contains both low-priced and high-priced properties, which if not filtered, can affect the results of any analysis.
Which variable has larger Standard Deviation
Like variance, the largest standard deviation (583,686.452) is observed in the price. This implies that property prices have more variability in the distribution than the other variables. The high standard deviation is due to the fact that the dataset contains properties at very different price levels. This is in line with high volatility of prices due to differences in property markets and different socioeconomic environment in different regions. On the other hand: 
· Features such as floors (0.5349) and bathrooms (0.78473) have a much lower standard deviation implying that these features are more consistent with properties. 
· The standard deviation for sqft_lot (35,876.838), but it is slightly lower than that of price, which suggests that the size of the lots can vary greatly, probably due to the difference between the city and the countryside. 
The high standard deviation for price is quite high while the standard deviations for the features such as the number of bedrooms or number of floors are rather low, which means that while the structural characteristics of homes are more homogeneous in terms of price, the price itself is rather heterogeneous. This has implications for housing affordability, suggesting a potentially dual market where properties are suited to very different types of buyers.

[bookmark: _Toc184559347](b). Analysis of Data Using One Excel Function
[bookmark: _Toc184559348]Pivot Table Function
	City
	Average of price

	Algona
	196440

	Auburn
	296657.2094

	Beaux Arts Village
	745000

	Bellevue
	861636.4985

	Black Diamond
	366928.5714

	Bothell
	479669.4167

	Burien
	347224.9436

	Carnation
	530085.7222

	Clyde Hill
	1343140

	Covington
	301920.696

	Des Moines
	308802.2637

	Duvall
	408406.4957

	Enumclaw
	307614.5833

	Fall City
	778833.3333

	Federal Way
	287813.2076

	Issaquah
	599950.0912

	Kenmore
	440744.9425

	Kent
	453864.1453

	Kirkland
	658193.8596

	Lake Forest Park
	441730.303

	Maple Valley
	337193.7948

	Medina
	2046559.091

	Mercer Island
	1111306.362

	Milton
	285000

	Newcastle
	673142.4194

	Normandy Park
	504485.9375

	North Bend
	405773.2296

	Pacific
	225233.3333

	Preston
	562450

	Ravensdale
	557125

	Redmond
	662916.2329

	Renton
	371186.9852

	Sammamish
	677730.8678

	SeaTac
	245290.6207

	Seattle
	577681.2311

	Shoreline
	419659.0248

	Skykomish
	282500

	Snoqualmie
	539902.7077

	Snoqualmie Pass
	525000

	Tukwila
	311121.8571

	Vashon
	480326.7857

	Woodinville
	606881.8204

	Yarrow Point
	1194837.5

	Grand Total
	553062.8773



[bookmark: _Toc184559349]Graph based on Pivot Table
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[bookmark: _Toc184559350]c). Analysis of Correlation and Scatterplot using SPSS
[bookmark: _Toc184559351]1. Correlation between price and number of bedrooms
	Correlations

	
	price
	bedrooms

	price
	Pearson Correlation
	1
	.189**

	
	Sig. (2-tailed)
	
	.000

	
	N
	4140
	4140

	bedrooms
	Pearson Correlation
	.189**
	1

	
	Sig. (2-tailed)
	.000
	

	
	N
	4140
	4140

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



The value of Pearson correlation coefficient for property price and no of bedrooms registered a poor positive relationship with the value 0.189. This implies that while the number of bedrooms is positively and weakly related to the price of the property, the higher the number of bedrooms the higher the price of the property. Even though the correlation coefficient is statistically significant at 0.01 level (p = 0.000), which means that the observed relationship is unlikely to be due to chance, its coefficient of determination of 0.0284, which indicates that the number of bedrooms is not a strong predictor of property prices.
These findings point to the conclusion that in fact, the specified factors are not the most important determining the price of a property; other factors might include the size of the property in terms of square footage, size of the lots, location of the property, or other amenities. Two additional bedrooms in a home may make the homes larger or simply more desirable, which can help to explain any increase in prices but is not systematically so across the entire set. However, draws of causality where causality does not exist in interdependence data can be confounded by variables such as property type, geographic market conditions and the like.
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[bookmark: _Toc184559352]2. Scatterplot of the two variables 
Use price on the horizontal axis and number of bedrooms on the vertical axis and comment on the graph. 
[image: ]

The depicted scatter plot presents the prices of properties on the horizontal axis and the number of bedrooms on the vertical axis. From the above graph, most of the data points fall in the lower end of the price scale and number of bedrooms. Many properties in the dataset contain between 2 and 5 bedrooms, and the price is mostly under $1,000,000. From this clustering, it can be deduced that most of the properties are medium in terms of price and number of bedrooms. Nevertheless, there are several remarkable exceptions, with some properties being sold for as much as $30,000,000, while being equipped with what could be considered an average number of bedrooms, 4 to 6. These outliers are most probably the luxurious houses where many other parameters apart from the number of bedrooms determines the price. The scatter plot is in agreement with the previous conclusion of a positive relationship between price and number of bedrooms, but a very small one (r = 0.189). 
However, there is a slightly positive trend – meaning that properties with more bedrooms cost more – but the trend is not very clear or consistent. However, many data points are out of this trend, which indicates that the number of bedrooms alone cannot determine the price. The fact that the number of bedrooms varies vertically from 1 to 8 also underlines the fact that the number of bedrooms does not determine the price of properties. 
In sum, the scatter plot supports the notion that although, properties with more bedrooms are just a bit expensive, other attributes like the position, size, and the conveniences are perhaps more vital in decoding the price densities of the properties than the number of bedrooms. Due to the low level of association and the fact that the data points are dispersed, other variables should be introduced to make a better prediction or explanation of property pricing.
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[bookmark: _Toc184559353]Section 2: Report
In today’s world data means everything and people are more inclined towards using computer software for any kind of data analysis. Data analysis software should have all the basic features that an analyst requires. There are several computer software packages available for quantitative data analysis, but SPSS stands out due to its usability and superlative features that bound a researcher to use it even after having some free alternatives available in the market. Excel are commonly used for handling complex datasets, performing statistical tests, and generating insights. Both tools have their unique features, but for this discussion, SPSS will be explored in-depth to understand its advantages and disadvantages, especially in comparison with Excel. Additionally, the Data Mining Cycle is crucial for extracting useful patterns and knowledge from large datasets. This section will explore the meaning, importance, and practical applications of the Data Mining Cycle, supported by relevant examples.
[bookmark: _Toc184559354]Statistical Package for the Social Sciences (SPSS)
[bookmark: _Toc184559355]Advantages of SPSS
1. User-Friendly Interface: The user interface of SPSS allows nonprogrammers to perform complex statistical analyses (Pallant, 2020). With the help of menus, researchers can easily start and modify the data quickly. This feature is most useful to non-technical users. Survey data can be easily input and SPSS can be used to do descriptive statistics (mean, standard deviation) and hypothesis test without writing any script (Muijs, 2022).
2. Comprehensive Range of Statistical Procedures SPSS gives a wide range of statistical analyses like the regression analysis, factor analysis, ANOVA, t- test and chi-square test (Almquist, Kvart and Brännström, 2020). These tools are important for researchers who require an analysis of data from different angles, to provide strong and versatile analysis.
3. Efficient Data Management and Cleaning Besides variable recoding, the software can deal with missing values and join datasets (Pallant, 2020). These features enable users to pre-process data for analysis in the sense of cleaning the data. A market researcher may use SPSS to sort the survey results, change the variable such as ‘age group’ and ‘education level’ for analysis and merge information from many places for comparison purposes.
4. Graphical Output for Data Visualization The tool that is available in SPSS is capable of producing high quality graphs and charts like bar charts, histogram and scatter plot. They assist the researchers to show the findings of data analysis in a most efficient manner.
5. Robust Documentation and Support SPSS is popular and well-documented, with many tutorials, guidelines, and community forums (Rahman and Muktadir, 2021). New users may benefit from this robust support system.
[bookmark: _Toc184559356]Disadvantages of SPSS
1. Cost: A major downside of SPSS is its cost. Compared to free, open-source competitors like R or Python, SPSS licensing prices might be excessively costly for individual users and small organisations (Rahman and Muktadir, 2021).
2. Limited Flexibility for Advanced Users: SPSS has most common statistical tests, however, it does not offer the level of coding as R or Python (Arkkelin, 2014). The program may also be slightly limiting for advanced users when the program’s algorithms are used to execute bespoke algorithms or complex statistical methods. Python provides great flexibility and vast libraries (Scikit-learn, TensorFlow) that propose a wide range of complex data modelling techniques unavailable in SPSS, which makes Python interesting for machine learning data scientists.
3. Handling Large Datasets: It also has a problem with handling large datasets, more so those that contain millions of records. Analysis of big data could be inefficient (Pallant, 2020). Big data analytics and other computationally intensive applications may be limited by this constraint.
4. Limited Customization: Open-source tools like R and Python enable users to install custom packages and develop scripts to construct statistical models, whereas SPSS is less customisable (Rafique, 2019).
5. Steep Learning Curve for Advanced Features: SPSS is easy to use for fundamental tasks, although syntactic programming and multivariate analysis demand practice (Arkkelin, 2014). Users inexperienced with these methods may find the learning curve severe.
[bookmark: _Toc184559357]2. Data Minning Cycle
Data mining involves examining and analysing enormous amounts of raw data to find patterns and relevant information. Data mining employs algorithms and other methods to make massive data sets usable. Association rules, classification, clustering, decision trees, K-Nearest Neighbour, neural networks, and predictive analysis are prominent data mining methods (Ortmeier et al., 2021). Data analysts usually follow a precise data mining workflow to be most productive. Without this framework, an analyst may face a problem mid-analysis that may have been avoided with more preparation. The data mining method typically involves these phases.
Step 1: Understand the Business
Before contacting, extracting, cleaning, or analysing data, understand the entity and project. What data mining aims does the firm have? Their present business situation? SWOT analysis results? Understanding success criteria before mining data (Romero and Ventura, 2020) is the first step.
Step 2: Understand the Data
After the business problem has been identified, data consideration may begin. This includes the available sources, the methods for obtaining and storing them, the process for analysing the data, and the final product (Ortmeier et al., 2021). At this point, we also figure out what limitations data mining would face in terms of storage, security, data, and collection.
Step 3: Prepare the Data
Data is collected, uploaded, extracted, or computed. Clean, standardise, remove outliers, check for errors, and verify reasonableness. During data mining, the data may be verified for size, since a large collection may hinder calculations and analysis (Moore et al., 2022).
Step 4: Build the Model
The moment has come to use clean data for number crunching. In order to discover patterns, trends, correlations, and links, data scientists use data mining techniques (Romero and Ventura, 2020). Incorporating data into prediction models might help us understand the impact of prior knowledge on future outcomes.
Step 5: Evaluate the Results
Data model assessment concludes the data-centered portion of data mining. It is possible to compile and assess the analytical findings before sharing them with decision-makers who have not been involved in data mining (Moore et al., 2022). Organisations may now base their choices on findings at this level.
Step 6: Implement Change and Monitor
Data mining culminates with management acting on the analysis. The corporation may determine the information was weak or irrelevant, or it may strategically pivot depending on results. Management evaluates the firm's overall influence and produces new data mining loops by finding new business issues or opportunities (Ortmeier et al., 2021).
[bookmark: _Toc184559358]Importance of Data Minning Cycle
The Data Mining Cycle is important because it offers an organised and systematic way to extract meaningful insights from massive volumes of data that would be impossible to analyse manually. It helps in conducting the data mining exercise more systematically without compromising on the quality of results and minimizing on oversights that may be costly (Moore et al., 2022). The advantage of following a planned cycle is that organisations are able to identify patterns, correlations and trends in data sets that may not be easily discernible from traditional analysis. Perhaps with these insights informing company decisions, customer behaviour, market trends and operational inefficiencies may be more comprehensible. The cycle transforms data and models in recurring steps to improve the understanding. Data cleaning and data transformation make the data ready for analysis while pattern assessment validates results relevance and accuracy. In the long run, this cyclic process enhances the result and the dependability of the analysis. Data users in businesses may gain useful information and enhance model performance and reliability and hence, increase on the outcomes and decrease on the mistakes.
Also important is efficiency. Big data requires organisations to focus on the relevant data. The cycle helps. Without this strategy, organisations may end up using time and resources to analyze data that is irrelevant or has been analyzed before. By routinely applying data mining tools and methodologies, businesses might uncover relationships or patterns, which include the ones between customers and products that are likely to be purchased or customers’ behaviours that make them loyal or churn. Data Mining Cycle facilitates continuous improvement. It is because iterative procedures provide organisations an opportunity to update their models and processes based on feedback and new data (Sreejit Ramakrishnan, 2023). This is the reason for the fact that data mining operations remain viable and pertinent, as they are adaptable and optimised for success within any turbulent industry. Companies might make more precise predictions as models advance, leading to improving decision-making that leads to increased profits, reduced cost, and risks, as well as efficiency in the organization.
For example, a bank planning to predict loan defaults will start by gathering data from loan applications, credit scores and transactions. The bank would have thereafter format data for effective analysis with data elimination of data duplicates and missing values and then use data mining techniques such as decision trees or logistic regression to analyze for loan defaults. The model would be tested and depending on the outcome, it would be used to identify high risk customers, so the bank would take proactive measures such as providing financial advice or changing the credit terms of the loan. This approach enables the business organizations to understand their data in detail and be in a position to make correct decisions based on the data available.
[bookmark: _Toc184559359]Conclusion
In conclusion, despite the benefits of using SPSS within the contexts of this course for ease of use and statistical procedures and data management, it has its limitations; particularly befitting the use of large datasets and lack of flexibility for more experienced data analyst. While the data mining cycle helps address large datasets in a more organized manner and dramatically minimize errors, as well as make patterns more apparent that would not otherwise be obvious. Therefore, by knowing their advantages and disadvantages, such tools as SPSS, and acknowledging the fact that data mining is an iterative process, organizations will be in possession of useful insights on changing the business revolving around them for the better.
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