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Course Description: In today’s digital landscape, virtually all organizations heavily depend on information systems. Efficient utilization of these systems requires navigating complex challenges related to the management of people, processes, and technologies. As Advanced Machine Learning (AML) continues to revolutionize industries, mastering its applications and implications is essential for driving innovation and strategic decision-making.
This course synthesizes and applies your acquired knowledge to examine managerial and technical issues related to Advanced Machine Learning. Through this exploration, we will analyze several award-winning real-world cases, gaining insights into how machine learning models optimize operations, enhance predictive analytics, and create intelligent automation solutions. Additionally, students will engage in two collaborative group projects, applying advanced machine learning techniques to solve complex business problems.
By the end of this course, students will develop a deep understanding of cutting-edge ML algorithms, model optimization strategies, ethical considerations, and real-world deployment challenges. Through discussions, case studies, and hands-on projects, students will be equipped with the knowledge and skills to leverage Advanced Machine Learning effectively in organizational settings.

Prerequisite: QMB4402 – Business Statistics, ISM 4462 – Business Analytics

Course Syllabus
Week 1-2: Introduction and Clustering Techniques
· Overview of Machine Learning Paradigms: Differentiating between supervised, unsupervised, and reinforcement learning.
· Clustering Fundamentals: 
· K-Means Clustering: Algorithm mechanics, distance metrics, initialization methods, and practical applications.
· Evaluation Metrics: Silhouette score, Davies-Bouldin index, and methods to determine the optimal number of clusters.
Week 3-5: Advanced Clustering Methods
· Hierarchical Clustering: 
· Agglomerative vs. Divisive Approaches: Strategies and use-cases for each method.
· Linkage Criteria: Single, complete, average, and ward linkage methods.
· Dendrogram Analysis: Construction, interpretation, and cutting techniques to form clusters.
· Density-Based Clustering: Introduction to DBSCAN and OPTICS algorithms.
Week 6-7: Bayesian Classification
· Bayesian Theorem Refresher: Foundational principles and their implications in machine learning.
· Naive Bayes Classifier: 
· Assumptions and Variants: Gaussian, Multinomial, and Bernoulli models.
· Practical Applications: Spam detection, sentiment analysis, and text classification.
· Bayesian Networks: 
· Structure Learning: Techniques for constructing network structures from data.
· Inference Techniques: Exact methods (variable elimination) and approximate methods (Monte Carlo simulations).
Week 8-9: Support Vector Machines and Decision Trees
· Support Vector Machines (SVMs): 
· Concept of Hyperplanes and Margins: Understanding decision boundaries.
· Kernel Trick: Linear vs. non-linear separability and kernel functions.
· Applications: Image classification, text categorization, and bioinformatics.
· Decision Trees: 
· Tree Construction: Entropy, information gain, and Gini index.
· Pruning Techniques: Overfitting prevention strategies.
· Applications: Customer segmentation, credit risk modeling, and recommendation systems.
Week 10-11: Convolutional Neural Networks (CNNs)
· CNN Fundamentals: Specialization for spatial data and image processing.
· Core Components: 
· Convolutional Layers: Filters, kernels, strides, padding, and feature maps.
· Pooling Layers: Max pooling, average pooling, and their roles in dimensionality reduction.
· Fully Connected Layers: Transition from feature extraction to classification.
· Advanced Topics: 
· Architectures: Study of LeNet, AlexNet, VGG, ResNet, and their innovations.
· Regularization in CNNs: Techniques to prevent overfitting and improve generalization.
· Transfer Learning: Utilizing pre-trained models for new tasks.
Week 12-13: Recurrent Neural Networks (RNNs)
· RNN Essentials: Handling sequential and temporal data.
· Variants of RNNs: 
· Standard RNNs: Architecture, unfolding, and challenges like vanishing gradients.
· Long Short-Term Memory (LSTM): Gates, cell states, and capability to capture long-term dependencies.
· Gated Recurrent Units (GRU): Simplified gating mechanisms and comparison with LSTMs.
· Applications: 
· Natural Language Processing: Language modeling, machine translation, and sentiment analysis.
· Time-Series Forecasting: Financial data prediction, stock market analysis, and anomaly detection.

Assessment and Evaluation:
· Projects (50%): Two group projects applying AML techniques to business challenges.
· Case Study Analysis (20%): Critical analysis of award-winning ML cases.
· Participation & Discussions (10%): Engaged participation in class discussions and case studies.
· Final Exam (20%): Assessment of core concepts, model applications, and ethical considerations.
Course Materials:
· Required readings and supplementary materials will be provided in class.
· Open-source machine learning libraries such as TensorFlow, PyTorch, and Scikit-learn will be used.

This syllabus provides a structured pathway to mastering advanced machine learning techniques while bridging the gap between theory and real-world applications. The hands-on projects and discussions will enable students to implement ML models effectively in business and technology domains.

