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Introduction 
Data Mining (DM) is a way of processing massive amounts of data that combines standard data analysis methods with advanced algorithms. The key problem is determining which DM approach can estimate the challenges engaged in the given datasets and be capable of being additional explored methodically with an optimization method.
[bookmark: _Toc101659759]Part 1 	
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Librarians may use PivotTables and Pivot Charts to summarise, analyze, explore, illustrate, and present data from Excel files. They can spot similarities, trends, and developments. As a result, individuals have the skill to make decisions with educated information-gathering strategies (Mahashwari, 2015).
Crime rate
 Figure 1. Total Crime rate

Figure. 2. Total Crime rate per 1000 million

The crime rate per million population is 4832/1000 = 0.00483 as shown in Fig.2. above
Figure 3. Crime rate as per Youth
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Fig.3 above presented the crime rate per youth. With increasing the age crime rate is slightly reduced, as well as in the early year stage the crime rate is not as high as shown in the fig above. The crime rate is significantly high for people in the middle age. 


		Figure 4. Crime rate as per Education	

Fig4 presents the crime rate as per education.

Figure 5. Crime rate as per Youth, Mature, and High unemployment
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Fig 5. shows the numbers of crime rate per youth unemployment, mature and high youth unemployment. People with less employment have a higher crime rate.
Figure 6. Crime rate as per gender
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Fig 6. shows the number of crime rates per gender. Males have a significantly high crime rate.
Figure 7. Crime rate as per youth, gender, and education
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Fig 7. shows the number of crime rates per youth, gender, and education. This indicates young males are less educated has an impact on the crime rate as high.

Lookup	
The lookup table is used to identify and find data easily when we have a large amount of information. It can allow us to see a great and better picture of the selected item or product, and this is a significant help in analyzing.
=VLOOKUP (A4, C4,3, FALSE)


[bookmark: _Toc101659761]Evaluate the use of Excel

Microsoft Excel can help quantify the effect of initiatives in your community. Also, Excel can at the very least compute the mean responses to each question on your assessment instrument, whether it is delivered once or twice during the evaluation process of your program This enables a teacher to report the average response among program participants. Furthermore, when both a before and post-test are done, Excel may compute both the difference in mean scores across participants and test whether the differences in mean scores for each item are significant, rather than through coincidence (Mahashwari, 2015).
[bookmark: _Toc101659762]Decision making 
Decision-making may be described as the procedure of selecting an option from a set of choices. These abilities are essential for efficient decision-making. Before any decision can be taken in any business, data analysis is critical (Reinschmidt & Francoise, 2000). The movement of data in the actual world may be depicted in figure 3.
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Source: (Vercellis, 2009)
The Data Analysis phase included data knowledge discovery as well as prediction or forecasting of probable outcomes. The forecaster will offer an estimate of the likely future outcome, which may lead to alternate courses of action. As a result, each choice gives the final rationale for projecting and developing actions to achieve a preferred potential goal. Optimization and Data mining (DM) are distinct techniques. Therefore, synergies across optimizing and DM techniques can emerge only if a possible the model cannot be discovered. The challenges in establishing an appropriate decision model may be because either the available hypotheses do not allow for the construction of a judgment structural model or the system models at hand cannot be converted into a great decision model. In both cases, optimization is pointless, but a decision may be reached with the aid of DM (Vercellis, 2009).
[bookmark: _Toc101659763]Data mining (DM)

A data analysis strategy is a method for better comprehending the data in a database. DM techniques are one approach for analyzing vast amounts of data. A decision is described as DM assisting the analytical process in identifying buried corporate knowledge data and providing insight to business professionals. Varied types of DM procedures provide different outcomes. These methods include classification, association, grouping, and so on, as well as prediction, estimation, and deviation analysis. DM gave the ability to handle a wide range of data types, including quantitative and qualitative information received from a variety of sources, and it was customized for knowledge extraction and decision making. According to, data mining models may be utilized to create effectiveness by improving forecast accuracy and decision-making performance (Haris, et al., 2014).
Although, DM is viewed as a strong tool for analyzing and interpreting huge amounts of data, which may aid in decision making. DM implements are able to obtain predictive information and perform mathematical and statistical computations on huge amounts of data stored in a database to find patterns and correlations. The DM approach may reap the benefits of automation on current software and hardware platforms while also being used on new systems (Flair, 2021).
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Before concluding, another method of grasping the studied datasets is optimization. The goal of optimization is to find the minimum and greatest values of the objective function to be optimized.
Furthermore, optimization is a scientific discipline concerned with the development of optimal solutions to problems from a set of alternatives. The optimality of solutions is determined by one or more criteria that are typically issue and user dependent. As a result, optimization-based decision-making will include issues with no uncertainty, decision analysis for problems with uncertainty, and structured sensitivity analysis. It has introduced a few strategies for search optimization algorithms (Sherman, 2015). The two main forms are continuous optimization strategy and discrete optimization strategy, which are further broken into smaller search methods, as shown in the figure.
Figure 9. Optimization Strategy Hierarchy
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Source: (Sherman, 2015)
The authors developed a conceptual framework for examining DM tasks, algorithms, models, data sets, processes, and performance indicators, as well as their interactions. Some of these optimization methods have been investigated to create meaningful information in conjunction with the DM algorithms.
The technique of detecting patterns in a database is known as data mining. The data that is available in significant vast numbers might be important when there is a need to examine the data's performance pattern, which can lead to the solutions to existing difficulties Data mining is the process of discovering patterns in a database. When there is a need to evaluate the performance pattern of the data, which can lead to the resolution of present problems, the data that is accessible in substantial enormous quantities may be relevant. Collaboration of Ant Colony Optimization (ACO) with DM methods such as classification and clustering has proven tremendously effective in better comprehending unlabeled data, often known as unsupervised learning. Furthermore, rule development is an important subject in DM, and a generic Apriority technique is accessible (Agrawal & Gupta, 2013).
In addition, rule generation is an important aspect of DM; a generic Association rule may be used to generate the rules, and a Genetic algorithm is used to optimize the rule mining using a new fitness function that provides the optimal output. Another rule that is critical to the implementation is Association Rule Mining. The ACO technique for optimization association rule is developed using the Method to reduce the number of frequent patterns. This method is advantageous in terms of minimizing the amount of data sets scanned and boosting the accuracy of database operations for decision making (Martino, 1993).
Fraud protection, security devices, internet service assessment, HIV analytics, antigen and antibody informatics, and personal credit management are just a few of the research fields that have been discovered to benefit from the combined DM and optimizing method. Financial Analysis and Planning in a Business Potential opportunities include creating strategies for preparing data to increase the performance of eCRM models and creating enhancements based on active knowledge and feature extraction approaches (Thurasingham, 2000).
The use of Excel in making a decision, specifically data gathering and optimization, has been investigated, as has the integration of optimization and DM for decision making. The practice of studying information from many viewpoints and synthesizing them into relevant knowledge is known as data mining. It is difficult for database-based DM results to incorporate all data sources. Management should use a variety of methods to accelerate the transformation of information at various stages of the decision-making process (Famili, et al., 1997).
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In this part will be an analyst assisting a local firm in analyzing the findings of a survey of 200 high school students as well as their performance on a range of exams, including a video game and a puzzle. The result of this analysis is the student's favorite ice cream flavor – vanilla, chocolate, or strawberry – from which we will determine if there were any relationships with video game scores (video), puzzle scores (puzzle), and gender.
[bookmark: _Toc101659766]Students’ preferences of ice cream type
Fig. 10. Students’ preferences of ice cream type
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The Frequency column in Fig 10. The above shows how many students like strawberry- 58, chocolate – 47, and 95 of the students like vanilla ice cream.
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[bookmark: _Toc101659767]Male and Female students 
Figure 11. Male and Female students 
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On the horizontal axis, the quantitative quantities of the variable (0: male; 1: female) are listed, and on the vertical axis, the frequencies (how many instances of each sex) are shown in fig 11. Above. With the two bars of the chart having the same height, this visual representation of the findings displays fewer men than females.
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[bookmark: _Toc101659768]Mean and Median of participants who like chocolate and strawberry flavor 
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[bookmark: _Toc101659769]SPSS example of clustering (ex. K-means) with results shown with screenshots
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The size of these clusters is represented in figure 20. Is as shown Cluster 1 for video is 95,000 and Cluster 2 represents a much larger group of 105.000
The average value for all the people in cluster 1 is 45 and the average value for all the people in cluster 2 is 58, and those are significantly different from one to another, as shown in the Anova table above as well- Sig. <0.001
If we investigate puzzles for cluster 1, we have an average value of people choosing puzzles – 44 and in cluster two we have an average number of people of 60.
It can be concluded that cluster two is much more deserving.
As shown in Appendix 1. person 24 is the most representative in cluster 2



The person 30.04578 who is far away from the middle cluster in cluster 1 is the closest person to cluster 2 as shown above (see App2 and 3).
Hieratical cluster analysis and K-means Cluster analysis are very powerful analysis tools for groups or individuals.
Having examined the preferences of students’ ice cream and their scores with video and puzzle. It has been found that females are more than male students and they impact the number of students like vanilla ice cream. It also indicates that there is no significant connection between students’ ice cream flavor preferences to their game and puzzle scores.
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Figure. 12 Examples of companies using text mining can be online car review 
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Source:  (Kim & Chun, 2019).
Consumer evaluations on the internet have quickly become a significant source of information. Reading user evaluations allows marketers to listen in on their customers. This article analyses user ratings of three competing automotive brands and discusses the benefits and drawbacks of each vehicle. The data were scraped from Edmunds.com, an online car information resource, using the scraping application "ParseHub," and then processed in R software for statistical computation and visualization (Kim & Chun, 2019).
Text mining has emerged as a significant research area. A vast amount of information is kept in several locations in an unstructured structure. Unstructured text accounts for over 80% of the world's data. This unorganized text cannot be easily processed by a machine. As a result, there is a need for a technology that can extract valuable data from a different text.
Information retrieval (IR) is a subset of document retrieval in which the returned documents are processed to extract valuable information for the user. In its broadest definition, information retrieval (IR) encompasses the entire spectrum of information processing, from information retrieval to knowledge retrieval. It is a relatively new scientific field, with the first attempts at automated indexing done in 1975 (Grimes, 2005).
The extraction of relevant information from text is the purpose of information extraction (IE) technologies. IE may be defined as the creation of an unstructured picture of relevant information extracted from texts. Most useful information, such as a person's name, location, and organization, is retrieved without a thorough knowledge of the text.
Clustering is a fascinating and significant issue in textual data. Its goal is to identify constructs that include in data and organize them into meaningful subgroups for future study and analysis. It is an unsupervised technique that categorizes items into groupings known as clusters. Also, clustering is beneficial in a variety of fields, including biology, data mining, pattern classification, data retrieval, image segmentation, pattern classification, safety, data analytics, and Web search. Cluster analysis can be used as a standalone text mining technique to distribute data or as a which was before step for those other text mining techniques that operate on the found clusters (Dang & Ahmad, 2014).
The technique of automatically constructing a compressed version of a given text that gives helpful information to the user is known as text summarising. A summary is a text created from one or more texts that contain a substantial percentage of the material but is shorter in length and retains the main sense of the original writings. Text summarization approaches include neural networks, decision trees, regression models, fuzzy logic, and swarm intelligence (Dang & Ahmad, 2014).
Text categorization is the process of determining the correct subject or themes for each text document in a collection of text documents. The learning of automatic text classification began in the early 1960s and is still a hot issue in today's machine learning research field. It is used in a range of applications, ranging from traditional automated or semiautomatic text indexing to tailored commercial distribution, spam screening, and Web page classification using hierarchical libraries (Dang & Ahmad, 2014).
Text mining incorporates several methodologies, each of which plays an important role. The procedures are not the same. The information retrieval strategy obtains usable information from unstructured text, whereas the information extraction technique obtains information from a structured database. The Summarization technique is used to summarise a text, shortening it while retaining its value. The categorization is a supervised technique that uses a current collection of documents to classify them based on their contents (Grimes, 2005).
Because a category is created by a human instead of a structure, the comment system's responsiveness and adaptability efficiently reduce the establishment of meaningful relationships. Clustering, on the other hand, is used to find intrinsic data structures and group them into comparable subgroups for future investigation and analysis. It is an unsupervised method for categorizing objects into groups known as clusters. Clustering is focused on dealing with high-dimensional data and uncovering fascinating patterns that are associated with it. Another feature is that it is a collection of data that is similar and has a link between them (Agrawal & Batra, 2013).
[bookmark: _Toc101659771]Advantages and disadvantages of using SPSS and Excel for business
Statistical data analysis for research purposes has been possible in recent years because of developments in computer technology and the usage of various software programs. SPSS, STATA, Minitab, and other software products that aid in analyzing and understanding massive volumes of data and simply presenting the results are examples of these software packages. The initial version of SPSS, created by Norman Nie, Dale Bent, and Hadlai Hull, was launched in 1968. The SPSS Inc. was established in 1975. Earlier versions of the program were intended for tasks like batch processing (McCullough & Heiser, 2008).
The advantages of adopting SPSS as a software application over others include the following. SPSS is a complete statistical program. Many difficult evaluation measures are built-in, and analyzing outcomes is reasonably straightforward. Other features include readily and rapidly showing data tables and the capability to enlarge data tables.
There are several constraints, such as the cost of purchasing SPSS for students. It normally needs additional training to fully leverage all the available capabilities, and the graph features are not as straightforward as those of Microsoft Excel (Knott & Steube, 2010).
Fig 13. The company currently uses IBM SPSS Statistics
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Source: (HG Insights, 2022)
The table above shows some of the companies using SPSS for business purposes and this research is according to HG Insights research 72.820 company is using SPSS at this current moment.  (HG Insights, 2022).
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Appendix 3 
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Total Crime rate - 4832
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