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Title: Data Mining

[bookmark: _Toc227882268]Introduction 
I am the General Manager of Ndubuisi Exploration Consultancy Limited, specialising in Data warehousing and mining. The Stroke Foundation has approached us with its datasets to predict stroke occurrences in patients. The Foundation’s dataset contains details of demography, medical conditions and lifestyles [1].
Our tasks are to dissect, analyse and predict stroke patterns with given classification methods and tools, based on lifestyle and health conditions [1].
[bookmark: _Toc227882269]1.1: Concept of data mining and how it can be applied  
Data mining is a method of analysing large, complex datasets to find correlations, hidden patterns, and insights that can be used to forecast future outcomes and improve decision-making. It is sometimes called ‘knowledge discovery in databases (KDD)’. It involves using machine learning, artificial intelligence, and statistics to turn raw data into useful and actionable information [2]. The raw data can be of different dimensions and data types, poor quality, located in different devices, evolving in nature and lacking structure [2].
The purpose is to enable actionable insight in a colossal dataset, often called ‘big data’, to increase quality, efficiency, profitability and improved decision-making. The strategy includes classification or categorisation of data, grouping or clustering similar data, association rules to identify relationships, and anomaly detection, descriptive, prescriptive, and predictive analytics [2]. 
The process involves cleansing data, building models, exploratory analysis, and validating results [2]. 
This application will enable healthcare to predict low and high seasons and plan accordingly. For example, elderly patients suffer from colds more in the winter months. The management can plan capacity based on the analysis and ensure sufficient facilities [3]. 
 

    [image: ][3].

[bookmark: _Toc227882270]1.2: Dataset Description and Exploration. 
[bookmark: _Toc227882271] Attributes and data types 
Attributes and data types define the structure of a dataset, the rows and columns. It will also determine the algorithm and processing steps.
[image: ]
An attribute can be nominal, and the value labelled in no inherent order – gender – male/female. Ordinal attributes are ordered, but the differences are not measurable. Binary or Boolean attributes use yes/no or 0/1 – for example, ever married. Weighted symmetrically. Numeric attributes are integers and support mathematical operations – id. Continuous attributes like age are constantly changing. Attributes can be categorised by their role such as input data and output to target the stroke. Data can also be scaled like the BMI  [4].

 

 [5].
A numeric data type can be an integer (0-9), real, floating point or decimal without rounding errors [5]. 

Description of Attributes
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Unformatted BMI with missing data.
[image: ]

The formatted BMI dataset with the recovered data.
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[bookmark: _Toc227882272]Number of instances
Indicates the number of times an event occurred. Instances are 5110 [6].
[image: ]
[6].


[bookmark: _Toc227882273]Missing values 
Missing values are the absence of a value in a particular observation of a dataset. Sometimes it is left empty, 0, none, NULL, or NaN. Missing values can significantly impact the result of a dataset analysis. Reasons for missing values are human issues due to bad data collection and collection errors, withholding sensitive data due to privacy concerns, data corruption and processing errors [7]. 
Data can be missing completely at random (MCAR) without any relationship with a variable, missing at Random with a relationship to the observed variable (MAR) and Missing Not at Random (MNAR) but related to the value in question. Deletion of a column, row or part thereof can cause data to be missing [7].		
[bookmark: _Toc227882274] Summary statistics and distributions.  

[bookmark: _Toc227882275]Data Balance
 Out of a 5110 population, there were 2994 ladies [8], representing 58.6 per cent of the population, while 2115 are men, representing 41.4 per cent. However, one person is of an unknown gender [8].
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[8].
This is the same analysis represented in Tableau.
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Visualisation analysis of strokes, gender and smoking status
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Visualisation analysis of strokes, gender, smoking status and work type
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[9].


 
[bookmark: _Toc227882276]1.3: Data Pre-processing and Post-processing.   
The process of preprocessing the Stroke Foundation dataset is to open Weka, Explorer, Preprocess, click Open file and load a healthcare-stroke-dataset in CSV format. I clicked on each attribute for summary statistics, which presented a histogram with any missing values, irrelevant attributes and outliers. However, the attribute types are nominal, numeric and string.
The Foundation gathers data from different sources for preparation, such as APIs, databases, web scraping, surveys or public datasets like Kaggle. Data is cleansed, checked for missing values, formatted, improved readability and accuracy, and duplicates are removed [10].
[bookmark: _Toc227882277]Handling missing values 
Missing data vary in nature. It can be blank, null or NaN. One can measure the amount of missing data in the column. Such rows or columns can be removed depending on the number of missing data. Alternatively, impute mean, median or mode values. However, use advance model like KNN or regression to substitute missing data  [11].
There are built-in tools in Weka to handle missing values. We use the Filter, Unsupervised, Attributes and ReplaceMissingValues. This will then replace Numerical with mean and Nominal with mode. Alternatively, one can also remove instances with many missing values with Filter, Unsupervised, Instances and RemoveWithValues. In the same manner, one can equally remove unwanted attributes with ‘Remove’ or Filter -> Unsupervised -> Attribute -> Remove. You can remove any redundant or duplicate features, such as the ID or any such attributes.  I could not remove the ID because there could be similar instances separated by ID. Ambiguity will emerge if the ID is removed  [11].
However, I checked all attributes and found no missing data in the healthcare stroke dataset, except for the BMI, but converted the string to nominal and reverted the missing values [11].

[bookmark: _Toc227882278]Encoding categorical variables 
Enables models to recognise patterns in the dataset, particularly where categories correlate strongly with certain outcomes, improving accuracy in prediction [12].
Encode categorical variables converts categorical variables into numbers. It uses one-hot encoding for nominal data, label/ordinal encoding for ordered data and advanced methods for high-cardinality data.
In Weka, nominal attributes are handled directly, but sometimes you may have to transform it by going to Filter, Unsupervised, Attribute and NominalToBinary. Often used in algorithms that need numeric input  [12].

 
[bookmark: _Toc227882279]Balancing the dataset 
For imbalanced classes, you go to Supervised, Instance and Resample or SMOTE filter -> SMOTE.
[image: ]
Data not balanced because of more women than men  [12].   .
[image: ]
Residence types are balanced for urban and rural dwellers  [12].   .
[bookmark: _Toc227882280]Feature selection or engineering.   
Feature engineering is a means of transforming raw data into useful information that can enhance machine learning performance. It is the construction, optimisation, and selection of input variables that can be interpretable and relevant in the model [13].
.You select the attributes tab and use evaluators such as InfoGainAttributeEval or CfsSubsetEval. You can also choose the search method, like Ranker and BestFirst as they help you to remove irrelevant features [13].
Post-processing involves checking accuracy, precision, recall, F1-score and ROC-AUC to ensure model reliability. Interpret and translate into patterns, trends, decision trees and feature importance. Convert results into graphs, charts, dashboards and a confusion matrix. Retain only meaningful insights, integrate into applications, automate prediction and monitor performance. Monitor and update the model with new data and accuracy [13].
Post-proposing methodology enables management to gain valuable insights into future outcomes and the key factors affecting performance [13].
 
 
[bookmark: _Toc227882281]1.4: Sample Runs and Analysis Methods  
Decision Tree
Predicts whether a person is likely to have a stroke based on medical conditions and lifestyle.
Percentage split test
 Only 1737 instances were used, representing 34 per cent of the population [14].
[image: ]
[14].
Cross Validation
[image: ]
[14].
\Correctly classified instances were 4861, representing 95.1 accuracy, while the incorrectly classified instances were 249, representing 4.9 per cent accuracy [14].
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Sample of Visualise Tree
[image: ]
[14].

Area Under Curve - AUC
AUC indicates a measure of performance of the model. It has a range of between 0 and 1, with 1 meaning perfect performance and 0 being guessing. I chose this methodology because it is easy to understand and interpret [15].
Range 0
Indicates that the stroke guess was accurate – Cost 4861 – Random 4861 = Gain 0 [15].
[image: ]
[15].
Range 1: Indicating accuracy of prediction – Cost 249 – Random 249 = Gain 0.
[image: ]
[15].

[bookmark: _Toc227882282]logistic regression
The model assigns weights or coefficients to each factor, creates a formula and applies the logistic function, producing a probability between 0 and 1. If the output turns out to be close to 1, there is a higher probability of a stroke. If the result is 0 or close to 0, the chance is low. The model is based on P(Stroke)=1/1+e−(b0​+b1​⋅Age+b2​⋅BP+…)​. It helps detect stroke early [15].
 
[bookmark: _Toc227882283]Random forest
The model uses an algorithm to create decision trees based on these attributes, using patients’ data to predict yes or no. The result will be based on the majority decision of the trees [15].
[image: ]
 [15].
 


Tree Random Forest with training set
[image: ]
[16]
The Random Forest is giving the same result as J48. Correctly classified instances were 4861, representing 95.1 accuracy, while the incorrectly classified instances were 249, representing 4.9 per cent accuracy. Their prediction of stroke is a = 4861 + 249 = 5110 while b =0 + 0 = 0. Personal interpretation is 100 per cent accurate [16].

Tree Random Forest (Class 0)
Like J48, there is no difference between the predicted and the outcome [16].
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[16]

Random Forest using Cross Validation
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[16].

Random Forest using percentage split
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[16].
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[16].


 
[bookmark: _Toc227882284]1.5: Business Recommendations   

Implementation of data mining in the healthcare sector will require the transformation of complex, enormous electronic healthcare and public records, including imaging, sensor records, into intelligent, actionable information for enhanced patient care, performance/ operational efficiency, disease monitoring and detection. This will involve the implementation of privacy enhancement technologies, effective data governance and an improved operational workforce [17].
Actionable strategies will be a strategic policy of developing and implementing secure data storage, secure frameworks for data acquisition, effective data governance, secure means of sharing patients’ data, and access control to minimise data exposure. Ensure transparency, algorithmic fairness, and remove bias when it comes to gender, race, and social status, especially when dealing with historical data. Adopt SMOTE-IPF for imbalanced data and the implementation of fairness constraints in data processing to reduce disparate error rate [17].
Create a data warehouse to store and manage unstructured data from diverse sources such as pharmacy records, merging EHRs and wearable sensors. Implement Context Specific Models as a predictive model tailored to clinical settings, rather than relying on generalised models [17]. 
Deploy clinical support systems that can detect patients at risk from the electronic records and predict patients with high risks of stroke, leading to timely diagnosis and treatment. Public health and infection control through social media (infoveillance) to identify symptoms and predict trends. Improve operational effectiveness through prediction and efficient allocation of resources like beds, doctors, etc.  The model should also be able to detect fraud in the system, such as unpaid bills and insurance claims [17].
Be mindful of high cybersecurity threats, including encryption-at-rest and unauthorised intrusion, phishing and other cyber crimes. Data are often unstructured, dirty and rigorous to implement, which would require skilled professionals to implement and train operators. It will be a strategic policy which must flow from the board, tactical teams, down to the operational level [17].

 
[bookmark: _Toc227882285]1.6: Reflection 
[bookmark: _Toc227882286]How the models performed
The project went well, as it highlights how the healthcare authority can extract hidden data from huge datasets and uncover hidden patterns, anomalies, and correlations. Transform raw data into actionable information. It highlights all the steps to be followed to convert healthcare electronic records into a data warehouse and for data mining, and the necessary security and governance concerns, including legal, ethical, moral, and professional concerns [18]. 
[bookmark: _Toc227882287]Strengths and Limitations
Data mining uncovers patterns in large datasets, predicts trends, offers a substantial competitive advantage, and automates decision-making. Transforms raw data from large datasets into actionable insights, identifies operational bottlenecks, and hidden trends. Analyse historical datasets and understand current trends to predict future outcomes such as strokes, cancers, and pandemics. Fraud detection in payment systems [18].
Anomaly detection, regression analysis, choice modelling, association learning, clustering analysis, rule induction, neural networks and classification analysis. More competitive advantage by applying these strategies [18].
Will require extensive data collection. Initial infrastructural costs include software, equipment, skilled engineers and training. Issue of data quality due to noisy, incomplete or inaccurate data. Risk of misinterpretation, as the machine can give the wrong meaning to a dataset and produce wrong results. Tools are highly complex and require experts and specialised training. Also consider cyberthreats from big brothers, spyware and mineware, and mining cookies  [18].
 
[bookmark: _Toc227882288]To do differently                        
There is a shift from siloed and reactive analysis to integrated, proactive and personalised move towards leveraging emerging technologies such as IoT, AI, and real-time data streaming. Predictive risk modelling, where risk can be predicted in advance, real-time surveillance, where anomalies can be detected instantly, unlock insight into (NLP), Natural Language Processing for clinical notes, IoT – monitoring from homes and smartwatches, personalised/precision medicine and advanced operational demand prediction [18].
 
 
[bookmark: _Toc227882289]Summary and conclusion
Good analysis, presentation and visualisation of strokes from the Stroke Foundation. Will enable the foundation to forecast performance and improve efficiency [19].  With increasing data generation in the public and healthcare sectors, knowledge extraction is increasing [19].
ML and AI will continue to facilitate these activities [19].
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