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1. Introduction to Data Science Exams
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CHAPTER 01 / DATA MANAGEMENT




1.1 What is Data Science?

Data Science is an interdisciplinary field that leverages scientific methods, algorithms, processes, and systems to extract knowledge and insights from structured and unstructured data. It combines principles from statistics, computer science, mathematics, and domain-specific knowledge to turn raw data into actionable information for decision-making, prediction, and automation.


Why Data Science Matters

Data Science has become central to modern organizations for several reasons:


	Informed Decision-Making: Data-driven insights help organizations optimize operations, improve products, and understand customers.

	Competitive Advantage: Companies that harness data effectively can innovate faster and outperform competitors.

	Automation and Efficiency: Machine learning and AI techniques automate repetitive tasks and enable predictive analytics.

	Problem Solving: Data Science provides tools to tackle complex business, scientific, and societal challenges.




🔎 Did You Know? The term “Data Science” was first coined in the 1960s, but the field gained prominence in the 21st century with the explosion of big data and advances in computational power.





Core Components of Data Science

Data Science integrates several key disciplines and steps:


	Data Collection & Acquisition: Gathering data from various sources (databases, APIs, sensors, web scraping).

	Data Preparation & Cleaning: Ensuring data quality by handling missing values, outliers, and inconsistencies.

	Exploratory Data Analysis (EDA): Summarizing main characteristics, often with visual methods.

	Statistical Analysis & Modeling: Applying statistical techniques and machine learning to identify patterns and build predictive models.

	Interpretation & Communication: Translating technical results into actionable insights for stakeholders.

	Deployment & Monitoring: Integrating models into production systems and monitoring their performance.





How Data Science Works: A Typical Workflow

A standard Data Science workflow involves the following steps:


	Define the Problem: Understand the business or research question.

	Acquire Data: Collect relevant data from internal or external sources.

	Prepare Data: Clean and preprocess data for analysis.

	Explore Data: Use statistical and visualization tools to uncover patterns and anomalies.

	Model Data: Select and train appropriate algorithms (e.g., regression, classification, clustering).

	Validate Model: Evaluate model performance using metrics such as accuracy, precision, recall, or RMSE.

	Deploy Solution: Integrate the model into business processes or applications.

	Monitor & Update: Continuously monitor model performance and retrain as necessary.






	Step
	Example Tools/Technologies





	Data Collection
	SQL, Python (requests, pandas), APIs



	Data Cleaning
	Python (pandas, NumPy), R (dplyr, tidyr)



	EDA
	Jupyter Notebook, matplotlib, seaborn, Tableau



	Modeling
	scikit-learn, TensorFlow, R (caret)



	Deployment
	Flask, Docker, AWS SageMaker, Azure ML



	Monitoring
	Prometheus, Grafana, custom scripts







Real-World Examples


	Retail: Predicting customer churn using transaction data and machine learning models.

	Healthcare: Analyzing patient records to identify risk factors for disease.

	Finance: Detecting fraudulent transactions through anomaly detection algorithms.

	Manufacturing: Optimizing supply chain operations using predictive analytics.





Edge Cases and Challenges

Data Science projects often encounter challenges such as:


	Poor Data Quality: Incomplete, inconsistent, or biased data can affect model accuracy.

	Scalability: Handling large volumes of data may require distributed computing frameworks (e.g., Apache Spark).

	Interpretability: Complex models (like deep neural networks) may be difficult to explain to stakeholders.

	Ethical Issues: Ensuring privacy, fairness, and transparency in data use.




⚠️ Common Pitfall: Jumping straight into modeling without thoroughly understanding the problem or cleaning the data can result in misleading conclusions and poor model performance.





Key Figures and Standards


	Notable Figures: DJ Patil (coined the term “Data Scientist”), Hilary Mason, Jeff Hammerbacher.

	Standards: CRISP-DM (Cross-Industry Standard Process for Data Mining) is a widely adopted methodology for structuring Data Science projects.





Summary

Data Science is a powerful, multidisciplinary field that transforms raw data into strategic value. Mastery of its concepts, tools, and methodologies is essential for success in data-driven roles and certification exams.


📝 Exam Tip: Be able to clearly define Data Science, outline its workflow, and cite at least two real-world applications and common challenges.






1.2 Overview of Data Science Certification Exams

Data science certification exams are designed to assess and validate a candidate’s proficiency in the core concepts, tools, and methodologies essential for effective data science practice. These certifications are offered by a variety of organizations—ranging from industry leaders like Microsoft, Google, and IBM to professional bodies such as the Data Science Council of America (DASCA) and the Institute for Operations Research and the Management Sciences (INFORMS). Understanding the landscape of these exams is crucial for selecting the right certification pathway, preparing efficiently, and ultimately advancing your career in data science.


Why Certification Matters

Certification serves several important purposes: - Skill Validation: Provides objective proof of your competence in data science concepts and practical skills. - Career Advancement: Many employers use certifications to screen candidates or determine promotions. - Standardization: Certifications are mapped to industry standards, ensuring a well-rounded knowledge base. - Confidence and Credibility: Earning a certification demonstrates commitment and expertise to peers and employers.


💡 Pro Tip: Research job postings in your target field or region to identify which certifications are most valued by employers.





Major Data Science Certifications

Here’s a comparison of some of the most recognized data science certifications:











	Certification Name
	Provider
	Focus Areas
	Prerequisites
	Format





	Microsoft Certified: Azure Data Scientist
	Microsoft
	ML, Azure ML, Data Engineering
	Basic ML/Cloud knowledge
	MCQs, Case Studies



	Google Professional Data Engineer
	Google
	ML, Cloud, Data Engineering
	None (recommended exp.)
	MCQs, Scenarios



	IBM Data Science Professional Certificate
	IBM/Coursera
	Python, SQL, ML, Data Viz
	None
	Project-based, Quizzes



	Certified Analytics Professional (CAP)
	INFORMS
	Analytics process, Business Problem
	Bachelor’s + experience
	MCQs, Essays



	DASCA Senior Data Scientist (SDS)
	DASCA
	Data Science, Big Data, ML
	Bachelor’s + experience
	MCQs







Exam Content and Domains

While each certification has its unique structure, most cover the following domains: - Data Preparation: Data cleaning, preprocessing, feature engineering. - Exploratory Data Analysis (EDA): Statistical analysis, visualization. - Modeling: Algorithm selection, training, validation, evaluation metrics. - Deployment: Model operationalization, monitoring, and maintenance. - Ethics and Communication: Responsible AI, data privacy, stakeholder communication.

For example, the Microsoft Azure Data Scientist exam (DP-100) focuses on designing and implementing data science solutions on Azure, including data ingestion, feature selection, model training, and deployment.



Exam Formats

Data science exams typically use a mix of the following question types: - Multiple-Choice Questions (MCQs): Single or multiple correct answers. - Scenario-Based Questions: Real-world case studies requiring problem-solving. - Practical/Hands-On Tasks: Coding exercises or labs (especially in IBM or Databricks exams). - Short Answer/Essay Questions: For certifications like CAP.

Exam durations range from 90 minutes to 3 hours, with passing scores typically set between 60-75%. Exams may be proctored online or at testing centers.


📝 Exam Tip: Familiarize yourself with the exam blueprint or skills outline provided by the certifying body; it details the weight of each topic and guides your study plan.





Real-World Examples


	Google Professional Data Engineer: Candidates must design data processing systems, build and operationalize ML models, and ensure solution quality.

	DASCA SDS: Focuses on big data analytics, machine learning, and data management, with scenario-based MCQs reflecting real business challenges.





Step-by-Step Guidance for Certification Preparation


	Select a Certification: Match your career goals and experience to the certification’s focus and prerequisites.

	Review Exam Objectives: Study the official skills outline or blueprint.

	Gather Study Materials: Use official guides, online courses, practice exams, and community forums.

	Hands-On Practice: Work on real datasets and projects using relevant tools (Python, R, SQL, cloud platforms).

	Take Practice Exams: Identify weak areas and adjust your study plan accordingly.

	Schedule and Take the Exam: Register with the provider and follow all exam-day protocols.





Edge Cases and Considerations


	Prerequisite Experience: Some certifications (e.g., CAP, DASCA SDS) require documented work experience or education.

	Language and Accessibility: Exams are mostly in English, but some offer translations or accommodations.

	Recertification: Many certifications require periodic renewal to stay current.




⚠️ Common Pitfall: Underestimating the importance of hands-on labs and scenario-based questions—practical skills are as critical as theoretical knowledge.








1.3 Exam Formats and Scoring Methods

Understanding exam formats and scoring methods is crucial for effective preparation and success in data science certification exams. These exams are designed to assess a candidate’s breadth and depth of knowledge, practical skills, and ability to apply data science concepts to real-world scenarios. This subsection covers the primary exam types, question formats, delivery modes, and the scoring mechanisms commonly used in leading data science certifications (such as the Microsoft Certified: Data Scientist Associate, IBM Data Science Professional Certificate, and the Certified Analytics Professional).


Common Exam Formats

Data science exams typically employ one or more of the following formats:


	Multiple-Choice Questions (MCQs): The most prevalent format. Candidates select the correct answer(s) from a list of options. Questions may be single-answer or multiple-select.

	True/False Questions: Simple binary choice to quickly assess conceptual understanding.

	Short Answer / Fill-in-the-Blank: Requires candidates to provide concise responses, often testing knowledge of terminology, formulas, or code snippets.

	Case Studies: Present real-world scenarios requiring analysis and recommendations. These assess problem-solving and application of data science methodologies.

	Hands-On Labs / Performance-Based Tasks: Candidates complete practical tasks in a live or simulated environment (e.g., writing code, running analyses, or configuring tools).

	Essay Questions: Less common, but used in some advanced or professional-level exams to evaluate depth of reasoning and communication skills.




💡 Pro Tip: Always review the official exam guide or blueprint for your specific certification to understand the exact mix of question types and their weighting.





Exam Delivery Modes

Data science exams are delivered in several ways:


	Online Proctored: Taken remotely with a live or AI proctor monitoring via webcam and screen sharing. Common for certifications from Microsoft, IBM, and Coursera.

	Test Center: Administered at authorized physical locations, often for high-stakes or professional certifications.

	Unproctored/Practice Exams: Used for self-assessment and preparation, not for official certification.





Scoring Methods

Scoring methods vary across exams and organizations but generally fall into these categories:


	Raw Score: The total number of correct answers. May be converted to a scaled score for reporting.

	Scaled Score: Raw scores are mapped to a standardized scale (e.g., 100–1000 or 0–100), accounting for slight variations in exam difficulty across versions. Passing thresholds are set on the scaled score.

	Weighted Scoring: Some questions or sections carry more weight based on their complexity or importance. For example, case study sections may contribute more to the final score than individual MCQs.

	Partial Credit: In multiple-select or performance-based tasks, partial credit may be awarded for partially correct answers or steps.

	Negative Marking: Rare in data science exams, but some may deduct points for incorrect answers (mainly in academic or international settings).




Example: Microsoft DP-100 Exam (Designing and Implementing a Data Science Solution on Azure)


	Format: 40–60 questions; MCQs, drag-and-drop, case studies, and labs.

	Scoring: Scaled from 100–1000, with 700 as the passing score. No negative marking; partial credit may be awarded.





Example: IBM Data Science Professional Certificate


	Format: Multiple courses with quizzes, peer-graded assignments, and a capstone project.

	Scoring: Each component has a minimum passing grade (typically 70%); the capstone is graded on project deliverables.






Step-by-Step: Preparing for Exam Formats


	Review the Official Exam Guide: Identify the types and distribution of questions.

	Practice with Sample Questions: Use official or reputable third-party practice tests to familiarize yourself with the format and timing.

	Simulate the Exam Environment: Take full-length practice exams under timed conditions.

	Develop Test-Taking Strategies: For MCQs, learn to eliminate obviously incorrect answers; for case studies, practice structured problem-solving.





Common Edge Cases


	Adaptive Testing: Some exams adjust question difficulty based on earlier responses (e.g., GRE). Rare in data science but possible in future formats.

	Exam Updates: Certification providers periodically update exams to reflect new technologies or best practices. Always check for the latest version.

	Accessibility Accommodations: Most providers offer accommodations (extra time, screen readers) for candidates with documented needs.




⚠️ Common Pitfall: Focusing only on MCQs—neglecting hands-on labs or case studies can be detrimental, as these often carry significant weight in scoring.





Tools and Technologies


	Testing Platforms: Pearson VUE, PSI, Coursera, edX.

	Proctoring Solutions: ProctorU, Examity.

	Practice Tools: Exam simulators, interactive labs (e.g., DataCamp, Microsoft Learn Sandbox).



Understanding exam formats and scoring methods allows candidates to tailor their preparation, optimize their study time, and approach each question type with confidence.




1.4 Key Concepts and Terminology

A thorough understanding of key data science concepts and terminology is essential for success on any data science certification exam. These foundational terms form the language of the discipline, underpin exam questions, and are critical for effective communication in real-world data science roles. This section provides clear definitions, context, and practical examples of the most important concepts you are likely to encounter.


Core Data Science Concepts


	Data: Raw facts and figures, often in the form of numbers, text, images, or audio, collected for analysis.

	Dataset: A structured collection of data, typically organized in rows (records) and columns (features/variables).

	Feature (Variable, Attribute): An individual measurable property or characteristic of a phenomenon being observed. For example, “age” or “salary” in a personnel dataset.

	Label (Target, Output Variable): The variable you are trying to predict or classify, such as “will purchase” (yes/no) in a marketing model.

	Sample (Observation, Instance): A single data point or row in a dataset.





Data Processing and Analysis


	Data Cleaning: The process of correcting or removing inaccurate records, handling missing values, and resolving inconsistencies in data.

	Data Transformation: Modifying data into a suitable format for analysis, e.g., normalization, standardization, encoding categorical variables.

	Feature Engineering: Creating new features or modifying existing ones to improve model performance. This might involve combining features or extracting new variables from raw data.




💡 Pro Tip: Feature engineering often provides greater model improvement than switching algorithms. Prioritize deep understanding of your data and domain.





Statistical and Machine Learning Terms


	Training Set: Subset of data used to fit/train a model.

	Test Set: Data reserved to evaluate the model’s performance.

	Validation Set: Optional data used to fine-tune model parameters during development.

	Overfitting: When a model learns noise or random fluctuations in the training data, resulting in poor generalization to new data.

	Underfitting: When a model is too simple to capture underlying patterns in the data.





Modeling and Evaluation


	Algorithm: A set of rules or procedures for solving a problem—in data science, often refers to a method for learning patterns from data (e.g., linear regression, decision trees).

	Model: The output of an algorithm trained on data; it represents learned patterns and can make predictions.

	Metric: A quantitative measure used to evaluate model performance, such as accuracy, precision, recall, F1 score, RMSE (Root Mean Square Error), or AUC (Area Under the Curve).





Data Science Tools and Technologies


	Python, R: The two most widely used programming languages in data science. Python is known for its readability and vast ecosystem (NumPy, pandas, scikit-learn, TensorFlow). R is preferred for statistical analysis and visualization.

	Jupyter Notebook: An interactive environment for writing and running code, visualizing data, and documenting analysis.

	SQL (Structured Query Language): Used for querying and manipulating relational databases.





Data Science Lifecycle Stages


	Problem Definition: Understanding the business or research question.

	Data Collection: Gathering relevant data from various sources.

	Data Preparation: Cleaning and transforming data for analysis.

	Exploratory Data Analysis (EDA): Summarizing main characteristics using statistics and visualization.

	Modeling: Selecting and applying algorithms to extract patterns or make predictions.

	Evaluation: Assessing model performance using appropriate metrics.

	Deployment: Integrating the model into production environments.

	Monitoring & Maintenance: Ensuring ongoing model performance and updating as needed.





Real-World Example

Suppose a retailer wants to predict which customers are likely to respond to a marketing campaign:


	Features: Age, purchase history, browsing behavior.

	Label: Response to campaign (yes/no).

	Dataset: All customer records for the past year.

	Algorithm: Logistic regression.

	Metric: Precision and recall to balance true positives and false positives.

	Tool: Python with pandas for data manipulation, scikit-learn for modeling, Jupyter Notebook for analysis.





Common Edge Cases


	Imbalanced Classes: When one class appears far more frequently than others (e.g., fraud detection). Use metrics like F1 score or AUC instead of accuracy.

	Missing Data: Can bias results if not handled properly; strategies include imputation, removal, or using algorithms that handle missing values.

	Data Leakage: Occurs when information from outside the training dataset is used to create the model, leading to overly optimistic results.




⚠️ Common Pitfall: Confusing features with labels or failing to separate training and test data can invalidate model evaluation and lead to misleading conclusions.










2. Foundations of Data Science
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CHAPTER 02 / DATA MANAGEMENT




2.1 Core Principles of Data Science

Data science is built on a foundation of core principles that guide practitioners in extracting meaningful insights from data. Understanding these principles is essential for both real-world data science projects and for success on certification exams. This section explores the key tenets, their significance, and how they are implemented in practice.


1. Data-Driven Decision Making

At its heart, data science is about enabling evidence-based decisions. This principle emphasizes using quantitative data—rather than intuition or anecdote—to inform actions.


	Why it matters: Data-driven organizations consistently outperform those that rely on gut feeling, as decisions are grounded in objective analysis.

	How it works: Data scientists gather, preprocess, analyze, and interpret data to provide actionable recommendations. Tools like SQL, Python (pandas, NumPy), and BI platforms (Tableau, Power BI) are commonly used.

	Example: An e-commerce company uses customer purchase data to optimize its recommendation engine, thereby increasing sales.





2. Reproducibility and Transparency

Reproducibility ensures that analyses can be independently verified and results can be regenerated. Transparency means documenting methods and assumptions so others can understand and trust the work.


	Why it matters: Without reproducibility, findings cannot be validated or built upon. Transparency fosters trust and collaboration.

	How it works: Use of version control (Git), Jupyter notebooks, code comments, and detailed documentation are standard practices.

	Example: Publishing a Jupyter notebook alongside a research paper allows peers to replicate the analysis step-by-step.




💡 Pro Tip: Always use version control (e.g., Git) for code and data workflows to ensure reproducibility and facilitate collaboration.





3. Statistical Rigor

Sound statistical practices are at the core of reliable data science. This involves careful sampling, hypothesis testing, and model validation.


	Why it matters: Statistical rigor prevents false discoveries and ensures that insights are valid and generalizable.

	How it works: Applying correct statistical tests (e.g., t-tests, chi-square tests), using cross-validation, and checking assumptions (normality, independence) are key. Libraries like scipy.stats and statsmodels are widely used.

	Example: Before concluding that a new marketing strategy increases sales, a data scientist performs A/B testing and validates results with appropriate statistical significance levels.





4. Ethical Use of Data

Ethical considerations are fundamental, especially when dealing with sensitive or personal data. This includes privacy, fairness, and avoidance of bias.


	Why it matters: Unethical use of data can lead to legal issues, reputational harm, and unfair outcomes.

	How it works: Adhering to regulations (GDPR, HIPAA), anonymizing data, and checking models for bias are essential. Tools like IBM AI Fairness 360 and Google’s What-If Tool help assess fairness.

	Example: A credit scoring model is audited to ensure it does not discriminate against protected groups.




⚠️ Common Pitfall: Ignoring data privacy regulations can lead to severe penalties and loss of stakeholder trust.





5. Iterative and Experimental Approach

Data science is inherently iterative. Solutions are refined through cycles of hypothesis, experimentation, and learning.


	Why it matters: Initial models or analyses are rarely perfect. Iteration allows for continual improvement.

	How it works: Employing agile methodologies, running experiments, and using feedback loops are standard. Tools like MLflow and DVC help track experiments.

	Example: A data scientist iteratively tunes a machine learning model, adjusting features and hyperparameters based on validation performance.





6. Communication and Collaboration

Effective data science requires clear communication of findings and collaboration with domain experts, stakeholders, and team members.


	Why it matters: Insights are only valuable if they drive action. Collaboration ensures solutions are relevant and adopted.

	How it works: Data scientists use visualization tools (Matplotlib, Seaborn, Tableau) and storytelling techniques to present results. Regular meetings and cross-functional teams are common.

	Example: Presenting model outcomes to business leaders using dashboards that highlight actionable metrics.





Summary Table: Core Principles









	Principle
	Key Tools/Practices
	Real-World Example





	Data-Driven Decisions
	SQL, Python, BI tools
	Product recommendations in e-commerce



	Reproducibility
	Git, Jupyter, documentation
	Publishing notebooks with research



	Statistical Rigor
	scipy, statsmodels, cross-validation
	A/B testing for marketing campaigns



	Ethics
	GDPR, AI Fairness 360, anonymization
	Bias audits in credit scoring



	Iteration
	MLflow, DVC, agile methods
	Model tuning in predictive analytics



	Communication
	Tableau, storytelling, dashboards
	Presenting insights to stakeholders






📝 Exam Tip: Be prepared to identify which core principle is being applied in a scenario-based question and to select appropriate tools or methods for each principle.






2.2 The Data Science Lifecycle

The Data Science Lifecycle is a structured, iterative framework that guides data science projects from conception to deployment and beyond. Mastery of this lifecycle is essential for data scientists, as it ensures systematic problem-solving, reproducibility, and successful delivery of actionable insights. Understanding each phase, the activities involved, and the tools used is critical for both real-world practice and certification exams.


Key Phases of the Data Science Lifecycle

While models such as CRISP-DM (Cross-Industry Standard Process for Data Mining) and OSEMN (Obtain, Scrub, Explore, Model, Interpret) offer slightly different perspectives, most lifecycles include the following core stages:


	Problem Definition

	Data Acquisition

	Data Preparation

	Exploratory Data Analysis (EDA)

	Modeling

	Model Evaluation

	Deployment

	Monitoring and Maintenance



Let’s examine each phase in detail.





1. Problem Definition


	Objective: Clearly articulate the business or research problem.

	Tasks: Stakeholder consultation, defining success criteria, scoping project feasibility.

	Tools: Project management tools (Jira, Trello), documentation (Confluence).




💡 Pro Tip: Spend adequate time clarifying the problem; a poorly defined objective leads to wasted effort and misaligned results.







2. Data Acquisition


	Objective: Gather relevant data from internal or external sources.

	Tasks: Identify data sources (databases, APIs, web scraping, sensors), collect raw data.

	Tools: SQL, Python (requests, BeautifulSoup), data connectors (ODBC/JDBC), cloud services (AWS S3, Google BigQuery).







3. Data Preparation


	Objective: Clean, transform, and structure data for analysis.

	Tasks: Handling missing values, correcting inconsistencies, data normalization, feature engineering.

	Tools: Python (pandas, numpy), R (dplyr, tidyr), ETL tools (Talend, Apache NiFi).







4. Exploratory Data Analysis (EDA)


	Objective: Understand data distributions, detect patterns, spot anomalies.

	Tasks: Summary statistics, data visualization, correlation analysis.

	Tools: Python (matplotlib, seaborn), R (ggplot2), Tableau, Power BI.







5. Modeling


	Objective: Build predictive or descriptive models.

	Tasks: Select algorithms, train models, tune hyperparameters.

	Tools: Python (scikit-learn, TensorFlow, PyTorch), R (caret, randomForest).







6. Model Evaluation


	Objective: Assess model performance using appropriate metrics.

	Tasks: Split data (train/test/validation), calculate metrics (accuracy, precision, recall, RMSE), cross-validation.

	Tools: scikit-learn metrics, confusion matrix, ROC curves.




⚠️ Common Pitfall: Evaluating models only on training data leads to overfitting. Always use unseen data for assessment.







7. Deployment


	Objective: Integrate the model into production environments for real-world use.

	Tasks: Model serialization (pickle, joblib), API creation (Flask, FastAPI), containerization (Docker), cloud deployment (AWS SageMaker, Azure ML).

	Tools: CI/CD pipelines (Jenkins, GitHub Actions), REST APIs.







8. Monitoring and Maintenance


	Objective: Ensure ongoing model validity and performance.

	Tasks: Monitor data drift, retrain models, handle model decay, update documentation.

	Tools: Model monitoring platforms (Evidently AI, Prometheus), logging tools (ELK stack).







Real-World Example

Predicting Customer Churn for a Telecom Company: - Problem Definition: Reduce customer churn by identifying at-risk clients. - Data Acquisition: Extract customer records from CRM and usage databases. - Data Preparation: Clean missing demographic fields, engineer features like tenure and usage frequency. - EDA: Visualize churn rates by segment, analyze correlation between service issues and churn. - Modeling: Train logistic regression and random forest classifiers. - Evaluation: Compare models using ROC-AUC on holdout data. - Deployment: Serve the best model via a REST API for integration with the call center dashboard. - Monitoring: Track model accuracy monthly; retrain quarterly as customer behavior evolves.





Step-by-Step Guidance for a Typical Data Science Project


	Meet with stakeholders to define goals.

	Inventory available data sources and secure access.

	Clean and preprocess data, documenting all steps.

	Conduct EDA and iterate with stakeholders.

	Prototype and select models using cross-validation.

	Validate on unseen data; select the best model based on business metrics.

	Deploy using appropriate infrastructure.

	Set up automated monitoring and schedule retraining.







Lifecycle Standards and Best Practices


	CRISP-DM: Industry-standard, six-phase methodology.

	Agile Data Science: Iterative, collaborative approach.

	Documentation: Maintain clear records at each phase for reproducibility and auditability.






📝 Exam Tip: Be prepared to map real-world scenarios to lifecycle stages and recommend appropriate tools or techniques for each phase.







Summary Table: Lifecycle Phases and Key Tools




	Phase
	Key Tools/Technologies





	Problem Definition
	Jira, Confluence, Google Docs



	Data Acquisition
	SQL, Python, APIs, AWS S3



	Data Preparation
	pandas, numpy, Talend



	EDA
	matplotlib, seaborn, Tableau



	Modeling
	scikit-learn, TensorFlow, caret



	Evaluation
	scikit-learn metrics, ROC curves



	Deployment
	Flask, Docker, AWS SageMaker



	Monitoring
	Evidently AI, Prometheus, ELK










2.3 Roles and Responsibilities in Data Science

The field of data science is inherently multidisciplinary, requiring collaboration between professionals with diverse skill sets. Understanding the distinct roles and responsibilities within a data science team is crucial for effective project execution, clear communication, and successful outcomes. This section details the primary positions, their core functions, and how they work together throughout the data science lifecycle.


Key Roles in Data Science


	Data Scientist

	Primary Responsibilities:

	Formulate business problems as analytical tasks.

	Select and implement appropriate machine learning/statistical models.

	Interpret, visualize, and communicate results to stakeholders.




	Tools/Technologies: Python (pandas, scikit-learn, matplotlib), R, SQL, Jupyter Notebooks.




	Data Analyst

	Primary Responsibilities:

	Explore, clean, and analyze data to uncover actionable insights.

	Generate reports and dashboards for business users.

	Perform descriptive and diagnostic analytics.




	Tools/Technologies: Excel, Tableau, Power BI, SQL, Python (pandas, seaborn).




	Data Engineer

	Primary Responsibilities:

	Design, build, and maintain data pipelines and infrastructure.

	Ensure data quality, integrity, and availability.

	Optimize data storage and retrieval for analysis and modeling.




	Tools/Technologies: Apache Spark, Hadoop, SQL, ETL tools (Airflow, Talend), cloud platforms (AWS, Azure, GCP).




	Machine Learning Engineer

	Primary Responsibilities:

	Productionize machine learning models for scalable deployment.

	Optimize model performance and monitor in live environments.

	Collaborate with data scientists and engineers for end-to-end solutions.




	Tools/Technologies: TensorFlow, PyTorch, Docker, Kubernetes, MLflow, REST APIs.




	Data Architect

	Primary Responsibilities:

	Design and oversee data management frameworks and architectures.

	Define data standards, policies, and governance protocols.

	Ensure compliance with data security and privacy regulations.




	Tools/Technologies: ER modeling tools, SQL, NoSQL databases, metadata management platforms.




	Business Analyst/Product Owner

	Primary Responsibilities:

	Bridge the gap between business stakeholders and technical teams.

	Gather requirements, define project scope, and prioritize features.

	Ensure deliverables align with business objectives and KPIs.




	Tools/Technologies: Jira, Confluence, Excel, requirements management tools.







💡 Pro Tip: In small organizations, a single individual may cover multiple roles. In larger enterprises, responsibilities are often specialized and distributed across dedicated professionals.





Role Collaboration Across the Data Science Lifecycle









	Lifecycle Stage
	Primary Roles Involved
	Key Responsibilities





	Problem Definition
	Business Analyst, Data Scientist
	Define objectives, KPIs, and analytical approach



	Data Collection
	Data Engineer, Data Analyst
	Source, ingest, and validate data



	Data Preparation
	Data Engineer, Data Analyst
	Clean, transform, and structure data



	Modeling
	Data Scientist, ML Engineer
	Develop, train, and validate models



	Deployment
	ML Engineer, Data Engineer
	Deploy models, monitor performance



	Communication
	Data Scientist, Business Analyst
	Visualize results, present findings, drive adoption







Real-World Example

Scenario: A retail company wants to implement a recommendation system.


	Business Analyst gathers requirements from marketing and sales teams.

	Data Engineer builds ETL pipelines to aggregate customer and product data from multiple sources.

	Data Scientist explores the data, selects a collaborative filtering algorithm, and trains the model.

	ML Engineer packages the model using Docker and deploys it as an API for integration with the e-commerce platform.

	Data Analyst monitors user engagement and reports on A/B testing results.





Step-by-Step: Defining Team Roles for a Data Science Project


	Identify Project Goals: Clarify the business problem and desired outcomes.

	Assess Data Needs: Determine data sources, volume, and required transformations.

	Assign Responsibilities:

	Data Engineer for acquisition and infrastructure.

	Data Scientist for modeling and analysis.

	ML Engineer for deployment and scaling.

	Data Analyst for reporting and insight generation.

	Business Analyst for stakeholder communication.




	Establish Collaboration Protocols: Set up regular meetings, shared documentation, and version control (e.g., Git).

	Monitor and Adjust: Review responsibilities as the project evolves, reallocating tasks as needed.




⚠️ Common Pitfall: Failing to clearly define roles can lead to duplicated efforts, overlooked tasks, or miscommunication—jeopardizing project success.





Edge Cases and Considerations


	Startups/Small Teams: Roles may be blended (e.g., “full-stack” data scientists).

	Highly Regulated Industries: Data Architects and Governance Officers may play a larger role in compliance and auditability.

	Model Ops/DevOps Integration: ML Engineers increasingly collaborate with IT/DevOps for CI/CD pipelines and model monitoring.



Understanding and respecting the boundaries and overlaps of these roles is essential for data science project efficiency, scalability, and success.




2.4 Ethical Considerations in Data Science

Ethics is a cornerstone of responsible data science practice. As data-driven decisions increasingly impact individuals, organizations, and society, understanding and applying ethical principles is essential for any data scientist. This subsection will explore the importance of ethics in data science, key frameworks and standards, common ethical challenges, and practical steps to ensure ethical conduct throughout the data science lifecycle.


Why Ethics Matter in Data Science

Data science projects often involve sensitive personal information, automated decision-making, and large-scale societal impact. Unethical practices can lead to privacy violations, discrimination, loss of trust, legal consequences, and reputational damage. For example, biased algorithms in hiring or lending can perpetuate social inequalities, while mishandling health data can result in privacy breaches with severe consequences.


🔎 Did You Know? The European Union’s General Data Protection Regulation (GDPR) imposes strict requirements on data processing, with fines up to €20 million or 4% of global revenue for serious violations.





Core Ethical Principles

Several foundational principles guide ethical data science:


	Respect for Privacy: Protect individuals’ personal data and ensure informed consent for data collection and processing.

	Fairness and Non-Discrimination: Avoid biases that can lead to unfair treatment of individuals or groups.

	Transparency: Make data processes and algorithmic decisions understandable and explainable.

	Accountability: Take responsibility for data handling, model outcomes, and unintended consequences.

	Beneficence and Non-maleficence: Maximize societal benefit and minimize harm.





Frameworks and Standards

Several organizations provide ethical frameworks for data science: - ACM Code of Ethics and IEEE Code of Ethics: Broad professional guidelines. - EU GDPR: Legal standard for data protection and privacy. - Fairness, Accountability, and Transparency in Machine Learning (FAT/ML): Community-driven best practices. - ISO/IEC 27001: Standards for information security management.



Common Ethical Challenges


	Bias and Discrimination: Data or algorithms may reflect and amplify historical or societal biases (e.g., facial recognition systems with lower accuracy for minority groups).

	Privacy Invasion: Collecting or sharing more data than necessary, or re-identifying anonymized data.

	Lack of Consent: Using data without clear user permission or understanding.

	Opaque Algorithms: Deploying black-box models that cannot be explained to affected individuals.

	Data Security Breaches: Inadequate protection leading to unauthorized access or leaks.





Practical Steps for Ethical Data Science


	Data Collection and Consent

	Collect only necessary data (“data minimization”).

	Obtain informed consent, specifying how data will be used.

	Use anonymization or pseudonymization where possible.




	Bias Detection and Mitigation

	Audit datasets for representativeness and fairness.

	Use statistical tests (e.g., disparate impact analysis) to detect bias.

	Apply bias-mitigation techniques (re-sampling, re-weighting, algorithmic fairness constraints).




	Transparency and Explainability

	Document data sources, preprocessing steps, and modeling choices.

	Use interpretable models or explainability tools (e.g., LIME, SHAP) for black-box models.

	Provide clear documentation and user-facing explanations of decisions.




	Security and Access Control

	Implement robust data security measures (encryption, access restrictions).

	Follow standards such as ISO/IEC 27001 for information security.




	Continuous Monitoring and Accountability

	Regularly review models for performance and unintended impacts.

	Set up feedback mechanisms for affected users.

	Maintain audit trails and data lineage documentation.








Real-World Example

A large bank deploys a machine learning model to automate loan approvals. After deployment, it is discovered that minority applicants are disproportionately denied loans. Investigation reveals historical biases in training data. The bank addresses this by: - Auditing and rebalancing the dataset. - Implementing fairness-aware algorithms. - Providing applicants with clear explanations for decisions. - Establishing an appeals process for rejected applications.


⚠️ Common Pitfall: Ignoring ethical considerations during early project stages can lead to costly retroactive fixes, regulatory penalties, and loss of stakeholder trust.





Tools and Technologies


	Bias Detection: IBM AI Fairness 360, Fairlearn (Python)

	Explainability: LIME, SHAP, ELI5

	Data Privacy: Differential privacy libraries (OpenDP, Google’s DP library), encryption tools





Exam-Relevant Figures and Standards









	Standard/Framework
	Purpose
	Key Points





	GDPR
	Data protection & privacy (EU)
	Consent, data rights, penalties



	FAT/ML Principles
	Fairness/accountability/transp.
	Bias, explainability, auditing



	ISO/IEC 27001
	Information security management
	Risk assessment, controls












3. Data Collection and Acquisition
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CHAPTER 03 / DATA MANAGEMENT




3.1 Data Types and Sources

Understanding data types and sources is foundational for any data science project. The ability to identify, acquire, and work with diverse data is critical for effective analysis, model building, and generating actionable insights. This section covers the main data types, common data sources, and practical considerations for data collection.


1. Data Types: Structured, Semi-Structured, and Unstructured

a. Structured Data - Definition: Data organized into a fixed schema, typically in rows and columns (e.g., relational databases). - Examples: SQL databases (MySQL, PostgreSQL), Excel spreadsheets. - Characteristics: Easily searchable, well-defined data types (integer, float, string, date), supports SQL queries.

b. Semi-Structured Data - Definition: Data that does not conform to a rigid structure but contains tags or markers to separate elements. - Examples: JSON, XML, NoSQL databases (MongoDB, Cassandra). - Characteristics: Flexible schema, supports nested data, requires parsing.

c. Unstructured Data - Definition: Data without a predefined format or organization. - Examples: Text documents, emails, images, audio files, videos, social media posts. - Characteristics: Requires advanced processing (NLP, image analysis), not directly queryable.


💡 Pro Tip: For most data science exams, be ready to identify data type from a sample and suggest appropriate storage or processing tools.





2. Data Sources

Data can be acquired from a multitude of sources, each with specific access methods, reliability, and quality considerations:

a. Internal Data Sources - Enterprise Databases: Transaction records, CRM data, HR systems. - Data Warehouses: Aggregated data from multiple departments (e.g., Amazon Redshift, Google BigQuery). - Log Files: System logs, application logs, web server logs.

b. External Data Sources - Public Datasets: Government repositories (data.gov, Eurostat), open research datasets (UCI ML Repository, Kaggle). - APIs: Social media (Twitter API, Facebook Graph API), financial data (Alpha Vantage, Quandl). - Web Scraping: Extracting data from websites using tools like BeautifulSoup (Python), Scrapy, Selenium.

c. Streaming Data Sources - IoT Devices: Sensor data, smart devices. - Real-Time Feeds: Stock market tickers, live social media streams. - Message Queues: Apache Kafka, AWS Kinesis.



3. Practical Steps for Data Source Identification and Acquisition


	Define Business Problem and Data Requirements

	Clarify objectives and the types of data needed (historical, real-time, transactional, etc.).




	Inventory Available Data

	List internal sources first for data privacy and reliability.

	Explore external sources to supplement or validate internal data.




	Assess Data Accessibility

	Determine if data is open, restricted, or requires permissions.

	Check for API availability, licensing, or scraping feasibility.




	Evaluate Data Quality

	Review sample data for completeness, accuracy, and timeliness.

	Identify potential biases or gaps.




	Plan Data Ingestion

	For structured data: Use SQL queries or ETL tools (e.g., Apache NiFi, Talend).

	For semi-structured data: Use parsers (e.g., json or xml.etree.ElementTree in Python).

	For unstructured data: Apply text mining, image processing, or speech-to-text tools.








4. Real-World Example

Suppose a retail company wants to predict product demand: - Structured: Sales transactions from their SQL database. - Semi-Structured: Customer reviews in JSON format from their e-commerce platform. - Unstructured: Images of products posted on social media. - External: Weather data via API to correlate with sales trends.

Each source requires different collection and preprocessing strategies, emphasizing the need for expertise in handling diverse data types.



5. Tools and Technologies








	Data Type
	Common Tools/Technologies





	Structured
	SQL, pandas, Microsoft Excel, RDBMS (PostgreSQL, MySQL)



	Semi-Structured
	MongoDB, Apache Drill, Python (json, xml modules)



	Unstructured
	NLTK, spaCy (text), OpenCV (images), TensorFlow (audio/video)






📝 Exam Tip: Know which tools are best suited for each data type and be able to match typical data sources to their formats in scenario-based questions.





6. Edge Cases and Considerations


	Hybrid Data: Some sources (e.g., emails with attachments) combine multiple data types.

	Data Licensing: Not all external data is free or legal to use—always check terms.

	Data Refresh Rates: Streaming and real-time data require different handling than static datasets.

	Data Volume and Velocity: Big data sources might need distributed storage (Hadoop, Spark).




⚠️ Common Pitfall: Ignoring data provenance or licensing can result in legal or ethical issues—always document data sources and permissions.








3.2 Data Gathering Techniques

Effective data science begins with robust data gathering. The methods used to collect data directly impact the quality, reliability, and relevance of subsequent analyses. Understanding the landscape of data gathering techniques is essential for both practical work and certification exams.


Why Data Gathering Matters


	Data Quality: The integrity and usefulness of analysis depend on how accurately and comprehensively data is collected.

	Reproducibility: Proper documentation of data collection methods ensures results can be replicated and validated.

	Ethical Compliance: Certain techniques must adhere to privacy, legal, and ethical standards (e.g., GDPR, HIPAA).





Major Data Gathering Techniques

Data gathering can be broadly categorized as primary (original data collected for a specific purpose) or secondary (pre-existing data sourced from elsewhere). Below are the key techniques:


1. Surveys and Questionnaires


	Description: Structured forms used to collect specific information from individuals or groups.

	Tools: Google Forms, SurveyMonkey, Qualtrics.

	Best Practices: Ensure questions are unbiased, clear, and relevant. Pilot test before deployment.

	Example: Collecting customer satisfaction data after a service interaction.





2. Interviews


	Description: Direct, often qualitative, data collection through structured or unstructured conversations.

	Types: In-person, phone, video, or chat-based.

	Recording Tools: Zoom (with transcription), Otter.ai, Microsoft Teams.

	Example: Gathering in-depth feedback from subject matter experts for a healthcare analytics project.





3. Observational Methods


	Description: Recording behaviors or events as they occur naturally, often used in field studies.

	Manual Tools: Notebooks, voice recorders, cameras.

	Automated Tools: IoT sensors, video analytics software.

	Example: Monitoring foot traffic in a retail store using surveillance cameras.





4. Web Scraping


	Description: Automated extraction of data from websites.

	Technologies: Python (BeautifulSoup, Scrapy, Selenium), R (rvest).

	Considerations: Respect robots.txt, terms of service, and legal constraints.

	Example: Collecting product prices from e-commerce sites for competitive analysis.





5. APIs (Application Programming Interfaces)


	Description: Programmatic access to data offered by platforms or services.

	Common APIs: Twitter API, Google Maps API, OpenWeatherMap API.

	Tools: Python’s requests library, Postman.

	Example: Downloading real-time tweets for sentiment analysis.





6. Sensor and IoT Data Acquisition


	Description: Automated collection from physical devices.

	Technologies: MQTT, AWS IoT Core, Azure IoT Hub.

	Example: Gathering temperature and humidity data from environmental sensors.





7. Database Extraction


	Description: Pulling data from structured databases.

	Technologies: SQL (SELECT statements), NoSQL queries (MongoDB, Cassandra).

	Tools: DBeaver, SQL Workbench, Python’s sqlalchemy.

	Example: Extracting sales transactions from a company’s ERP system.





8. Public Datasets and Open Data Repositories


	Description: Utilizing datasets made publicly available by governments, research institutions, or organizations.

	Sources: Kaggle, UCI Machine Learning Repository, data.gov, World Bank Open Data.

	Format Considerations: CSV, JSON, XML, Parquet.

	Example: Using census data for demographic analysis.










Step-by-Step: Web Scraping with Python


	

	

	

	Install libraries: pip install requests beautifulsoup4




	


	


	









Edge Cases and Special Considerations


	Dynamic Content: Some websites load data using JavaScript. Use Selenium or Puppeteer to handle these cases.

	Rate Limiting: APIs and websites may block excessive requests. Implement delays and handle HTTP 429 responses.

	Data Consistency: Data from APIs or sensors may arrive out of order or be incomplete; implement validation and error handling.

	Non-Standard Formats: Data may be in PDFs, images, or proprietary formats; use OCR tools (Tesseract), PDF parsers, or custom scripts.





Summary Table: Data Gathering Techniques










	Technique
	Typical Tool/Tech
	Use Case Example
	Key Consideration





	Surveys
	Qualtrics
	Customer feedback
	Question design, sampling bias



	Web Scraping
	BeautifulSoup
	Price monitoring
	Legal/ethical constraints



	API Access
	requests, Postman
	Social media analytics
	Rate limits, authentication



	Observational
	Cameras, IoT
	Retail analytics
	Privacy, data volume



	Public Datasets
	Kaggle, UCI
	Demographic research
	Data freshness, documentation












3.3 Data Quality and Integrity



Key Dimensions of Data Quality



	Accuracy: Data correctly represents the real-world values it is intended to describe.

	Completeness: All required data is present; there are no missing values where data is expected.

	Consistency: Data is the same across different databases or datasets (e.g., customer IDs match across systems).

	Validity: Data conforms to the defined formats, types, and business rules (e.g., dates are valid, emails follow proper syntax).

	Uniqueness: No duplicate records exist within the dataset.

	Timeliness: Data is up-to-date and available when needed.









Why Data Quality and Integrity Matter


	Model Performance: Machine learning models are only as good as the data they are trained on. Garbage in, garbage out.

	Business Decisions: Inaccurate or incomplete data can result in poor strategic choices.

	Compliance: Regulatory standards (e.g., GDPR, HIPAA) often mandate data integrity and quality.

	Reproducibility: High-quality, well-documented data ensures that analyses can be reliably reproduced.





Ensuring Data Quality: Tools and Techniques













	Tool/Technology
	Use Case
	Example Command/Functionality





	pandas (Python)
	Profiling, cleaning
	df.describe(), df.drop_duplicates()



	SQL
	Auditing, consistency
	SELECT COUNT(*), JOIN, constraints



	Great Expectations
	Automated validation
	Data quality tests in pipeline



	Apache Airflow
	Workflow automation
	Schedule and monitor ETL/data checks



	dbt
	Data transformation/validation
	Test assertions on data models







Data Integrity: Mechanisms and Standards


	Checksums and Hashing: Use MD5, SHA-256 hashes to detect data corruption during transfer/storage.

	Audit Trails: Maintain logs of data creation, modification, and deletion.

	Access Controls: Limit who can view or modify data using role-based access (RBAC) in databases.

	Database Constraints: Enforce data integrity using primary keys, foreign keys, and unique constraints.









Real-World Example




Common Edge Cases


	Mixed Data Types: Columns containing both numeric and string data due to entry errors.

	Time Zone Inconsistencies: Timestamps stored in different time zones, causing confusion in time-based analyses.

	Partial Duplicates: Records that are not exact duplicates but represent the same entity (e.g., “John Smith” vs. “J. Smith”).









Step-by-Step Guidance: Data Quality Assessment


	Profile the Data: Use summary statistics and visualizations.

	Validate Against Business Rules: Check formats, ranges, and referential integrity.

	Clean Data: Address missing, duplicate, and invalid values.

	Document Issues and Actions: Maintain a data quality log.

	Monitor Continuously: Automate checks in data pipelines.







3.4 Data Privacy and Security



Why Data Privacy and Security Matter


	Legal Compliance: Regulations such as GDPR (General Data Protection Regulation), HIPAA (Health Insurance Portability and Accountability Act), and CCPA (California Consumer Privacy Act) impose strict requirements on how personal data is handled. Non-compliance can result in severe penalties.

	Trust and Reputation: Mishandling data can erode trust with customers, stakeholders, and the public, damaging brand reputation and business viability.

	Ethical Responsibility: Data scientists have a duty to respect individuals’ privacy and prevent harm caused by data misuse or leaks.









Key Principles of Data Privacy


	Data Minimization: Collect only the data necessary for your analysis.

	Purpose Limitation: Use data strictly for the purposes specified at the time of collection.

	Consent: Obtain explicit, informed consent from data subjects where required.

	Data Subject Rights: Allow individuals to access, correct, or request deletion of their data.

	Transparency: Clearly communicate data collection, usage, and sharing practices.





Data Security Fundamentals



	Authentication and Authorization: Ensuring only authorized users can access data. Techniques include multi-factor authentication (MFA), role-based access control (RBAC), and least privilege principles.

	Encryption: Protecting data at rest and in transit using cryptographic algorithms (e.g., AES-256, RSA, TLS).

	Auditing and Monitoring: Logging access and monitoring for suspicious activity.

	Data Masking and Anonymization: Obscuring or removing personally identifiable information (PII) to reduce risk.





Real-World Examples


	Healthcare Analytics: When handling patient data, HIPAA mandates encryption, strict access controls, and audit trails.

	E-commerce Data: GDPR requires that European customers’ data be stored securely, with explicit consent for marketing uses and the right to be forgotten.

	Cloud Data Storage: Cloud providers like AWS, Azure, and Google Cloud offer tools such as AWS Key Management Service (KMS), Azure Active Directory, and Google Cloud IAM to manage security and privacy.





Step-by-Step: Implementing Data Privacy and Security


	Identify Sensitive Data:

	Use data classification tools to label PII, financial data, or proprietary information.




	Establish Access Controls:

	Configure RBAC in your database (e.g., using SQL GRANT/REVOKE statements).

	Implement MFA for user accounts.




	Encrypt Data:

	Use built-in database encryption (e.g., Transparent Data Encryption in SQL Server, pgcrypto in PostgreSQL).

	Enable TLS/SSL for data in transit.




	Monitor and Audit:

	Set up logging (e.g., AWS CloudTrail, Azure Monitor) to track data access.

	Regularly review logs for anomalies.




	Apply Data Anonymization:

	Use hashing, tokenization, or k-anonymity techniques to protect identities in datasets.




	Document Policies:

	Maintain clear documentation of data handling procedures and privacy notices.














	Tool/Standard
	Purpose
	Example Usage





	GDPR, HIPAA, CCPA
	Regulatory compliance
	Privacy policies, consent forms



	AES-256, RSA, TLS
	Encryption (at rest/in transit)
	Securing files, network traffic



	RBAC, MFA
	Access control
	Database user permissions



	Data Masking Tools
	Anonymization/de-identification
	Scrubbing PII in datasets



	Cloud IAM/KMS
	Key management and identity management
	Managing access to cloud resources











Common Edge Cases and Pitfalls


	Re-identification Risk: Even anonymized datasets can sometimes be re-identified by linking with external data sources. Use advanced anonymization (e.g., differential privacy) for high-risk data.

	Shadow Data: Data stored in backups or logs may not be protected by primary security controls. Ensure all copies are secured or purged as necessary.

	Third-Party Risk: Data shared with vendors or partners must be protected by contracts (Data Processing Agreements) and technical controls.
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