
DATA SCIENCE BASICS
Foundations of Data-Driven Decision Making

1. INTRODUCTION TO DATA SCIENCE

1.1 What is Data Science?

Data science is an interdisciplinary field that combines statistics, computer science, and
domain expertise to extract meaningful insights from data. It encompasses the entire
process of collecting raw data, cleaning and preparing it, analyzing it, building models, and
communicating findings to drive decision-making. Data scientists blend technical skills in
programming and statistics with business acumen and communication abilities. The field
emerged from the convergence of big data, computational power, and advanced
algorithms. Data science is broader than analytics or business intelligence; it includes
predictive and prescriptive modeling, not just descriptive reporting. In today's data-driven
world, data science skills are increasingly valuable across industries as organizations
seek competitive advantage through data utilization.

1.2 The Data Science Lifecycle

The data science lifecycle includes multiple phases that iterate until desired outcomes are
achieved. The process begins with problem definition and understanding business
objectives. Data collection and exploration follows, where data scientists gather relevant
data and conduct initial analysis to understand its characteristics. Data cleaning and
preparation, often the most time-consuming phase, handles missing values, outliers, and
data integration. Feature engineering creates meaningful variables from raw data. Model
selection and training involves choosing appropriate algorithms and training them on data.
Model evaluation assesses performance using appropriate metrics. Finally, deployment
and monitoring integrates the model into production systems and tracks its performance
over time. This process is iterative; learnings from each phase inform adjustments to
previous phases.

1.3 Tools and Technologies

Modern data science relies on various tools and technologies. Python and R are the most
popular programming languages for data science. Python has broader applicability and is
widely used for end-to-end data science workflows. Libraries like pandas for data
manipulation, NumPy for numerical computing, and Scikit-learn for machine learning are
essential. SQL is critical for querying databases. Visualization tools like Tableau and
Power BI communicate findings. Cloud platforms like AWS, Google Cloud, and Azure
provide scalable infrastructure. Version control using Git is essential for collaboration.
Jupyter notebooks provide interactive environments for exploratory analysis. Familiarity
with multiple tools is valuable as different tools serve different purposes.

1.4 Ethics in Data Science

Data science raises important ethical considerations. Data privacy is critical; organizations
must protect personal information and comply with regulations like GDPR. Algorithmic
bias can perpetuate or amplify existing societal biases if models are trained on biased
historical data or incomplete features. Model interpretability and transparency are



important, especially for high-stakes decisions. Data scientists have responsibility to
ensure their work benefits society and considers stakeholder interests. Informed consent
about data collection and use is essential. Organizations should establish ethical
guidelines and review processes for data science projects. Understanding ethical
implications of data science is as important as technical skills.

2. DATA COLLECTION & PREPARATION

2.1 Data Collection Methods

Data can come from various sources. First-party data is collected directly from customers
and owned sources. Examples include website analytics, transaction data, customer
surveys, and user profiles. Second-party data is obtained directly from other
organizations. Third-party data is aggregated data purchased from data providers. Public
datasets are freely available from government agencies, research institutions, and open
data initiatives. APIs provide programmatic access to data. Web scraping extracts data
from websites. IoT devices generate continuous streams of data. Each data source has
different characteristics in terms of reliability, completeness, and freshness. Data quality
begins with thoughtful collection; well-designed collection processes reduce issues
downstream.

2.2 Data Cleaning and Preprocessing

Real-world data is messy and requires extensive cleaning. Missing values are handled
through deletion, imputation, or advanced techniques. Outliers are identified and either
removed or transformed depending on their nature. Duplicate records are identified and
removed. Data type issues are corrected. Inconsistencies in formatting (e.g., date formats,
categorical values) are standardized. Text data requires cleaning including lowercasing,
removing punctuation, and tokenization. Normalization and scaling ensure variables are
on comparable scales, important for many algorithms. Data profiling helps understand
data characteristics and identify issues. This phase is often called data wrangling and
typically consumes 50-80% of data science project time.

2.3 Feature Engineering

Feature engineering is the art of creating meaningful variables from raw data that improve
model performance. Domain expertise is critical for identifying relevant features.
Numerical features can be transformed through scaling, binning into categories, or
mathematical transformations. Categorical features can be encoded as dummy variables
or ordinal values. Interaction features combine multiple variables to capture non-linear
relationships. Temporal features extract time-based information like day of week or
season. Domain-specific features leverage business understanding. Feature selection
identifies the most important features, reducing dimensionality and improving model
interpretability. Good features make the difference between mediocre and excellent
models; feature engineering is where domain expertise has the greatest impact on model
performance.

3. EXPLORATORY DATA ANALYSIS



3.1 Descriptive Statistics

Descriptive statistics summarize key characteristics of data. Measures of central tendency
(mean, median, mode) indicate typical values. Measures of dispersion (standard
deviation, variance, range, interquartile range) indicate data spread. Skewness measures
asymmetry; kurtosis measures tail heaviness. Percentiles divide data into groups;
quartiles divide into fourths. Correlation measures linear relationships between variables.
Descriptive statistics provide quick insights into data distribution and relationships.
Comparing descriptive statistics across groups (e.g., by customer segment or time period)
reveals patterns. Summary statistics form the foundation for deeper analysis. Many
insights can be gained from careful examination of descriptive statistics.

3.2 Data Visualization

Visualization is powerful for understanding data patterns and communicating findings.
Histograms show distribution of numerical variables. Box plots compare distributions
across groups. Scatter plots reveal relationships between two numerical variables. Line
charts show trends over time. Bar charts compare values across categories. Heatmaps
show patterns in large datasets. Geographic maps show spatial patterns. Network
diagrams show relationships and connections. The goal of exploratory visualization is to
understand what the data reveals, not to create publication-quality graphics. Visualization
often reveals outliers, patterns, and relationships that are difficult to detect in raw
numbers. Different visualizations suit different data types and analysis questions.

3.3 Identifying Patterns and Relationships

EDA seeks to identify patterns, anomalies, and relationships in data that inform further
analysis. Trend analysis examines how variables change over time. Seasonal patterns
reveal recurring cycles. Clustering identifies natural groupings in data. Correlations identify
which variables move together. Causal relationships require careful reasoning beyond
correlation. EDA generates hypotheses for formal testing. Anomaly detection identifies
unusual observations that warrant investigation. Segmentation divides data into
meaningful subgroups. EDA is exploratory and iterative; initial findings often prompt
further questions and deeper investigation. Documenting EDA findings ensures insights
aren't lost and informs model development.

4. STATISTICAL ANALYSIS

4.1 Hypothesis Testing

Hypothesis testing provides a formal framework for assessing whether observed
differences are statistically significant or due to chance. A null hypothesis (H0) proposes
no effect or difference. An alternative hypothesis (H1) proposes an effect or difference.
Statistical tests calculate p-values, the probability of observing data as extreme as
observed if the null hypothesis is true. A p-value less than the significance level (typically
0.05) provides evidence to reject the null hypothesis. Type I error (false positive) occurs
when rejecting a true null hypothesis. Type II error (false negative) occurs when failing to
reject a false null hypothesis. Different tests apply to different situations: t-tests compare
means, chi-square tests compare categorical frequencies, ANOVA tests multiple group
means. Hypothesis testing helps determine whether observed patterns are real or
coincidental.



4.2 Confidence Intervals

Confidence intervals provide a range of values likely to contain the true population
parameter. A 95% confidence interval has a 95% probability of containing the true
parameter. Confidence intervals are more informative than point estimates as they convey
uncertainty. Wider intervals indicate greater uncertainty; narrower intervals indicate
greater precision. Sample size affects interval width; larger samples produce narrower
intervals. Confidence intervals are calculated differently depending on what's being
estimated (means, proportions, differences). Bootstrap methods provide confidence
intervals without assuming specific distributions. Confidence intervals help communicate
uncertainty to stakeholders and support decision-making.

4.3 Regression Analysis

Regression models predict continuous outcomes based on input variables. Linear
regression models relationships as linear combinations of input variables. Simple linear
regression involves one input variable; multiple regression uses several inputs.
Regression coefficients quantify the effect of each input on the outcome. R-squared
indicates what percentage of outcome variation is explained by the model. Residual
analysis checks whether assumptions are met. Logistic regression predicts binary
outcomes (yes/no, success/failure). Regularization techniques (ridge, lasso) prevent
overfitting when models have many variables. Regression provides interpretable models
that show how variables affect outcomes, useful for understanding relationships and
prediction.

5. MACHINE LEARNING FUNDAMENTALS

5.1 Supervised vs. Unsupervised Learning

Machine learning divides into supervised and unsupervised approaches. Supervised
learning learns from labeled examples where the correct answer is known. Regression
predicts continuous values; classification predicts categories. Examples include predicting
house prices or identifying spam emails. Supervised learning requires substantial labeled
training data. Unsupervised learning finds patterns in unlabeled data without predefined
correct answers. Clustering groups similar observations; dimensionality reduction finds
underlying structures. Unsupervised learning is useful for exploration and pattern
discovery. Semi-supervised learning uses mostly unlabeled data with some labeled
examples. Reinforcement learning learns through interaction and feedback. Choosing
between approaches depends on data availability, problem type, and objectives.

5.2 Model Training and Evaluation

Model training involves optimizing algorithm parameters using training data. The goal is to
learn patterns that generalize to new, unseen data. Train-test split divides data: typically
70-80% for training, 20-30% for testing. Cross-validation further assesses generalization
by repeatedly splitting data. Overfitting occurs when models memorize training data rather
than learning generalizable patterns. Underfitting occurs when models are too simple to
capture patterns. Regularization techniques prevent overfitting by penalizing complex
models. Model evaluation uses appropriate metrics: accuracy and AUC for classification,
MAE and RMSE for regression. Performance varies by problem; metrics should align with
business objectives.



5.3 Common Algorithms

Decision trees partition data into regions based on feature values, creating interpretable
models. Random forests combine multiple trees for better performance. Gradient boosting
sequentially builds trees to correct previous errors, often providing excellent performance.
Support Vector Machines (SVM) find optimal boundaries between classes. K-Nearest
Neighbors (KNN) classifies based on nearest neighbors. K-Means clustering partitions
data into K groups. Neural networks model complex non-linear relationships. Naive Bayes
applies probability theory for classification. Different algorithms have different strengths;
selection depends on data characteristics, problem type, and interpretability needs.
Ensemble methods combining multiple algorithms often outperform individual algorithms.

6. DATA VISUALIZATION

6.1 Visualization Principles

Effective visualization communicates insights clearly and accurately. Data-ink ratio
maximizes the proportion of ink used for data rather than decorative elements. Color
should be used meaningfully; red often indicates negative values, green positive. Avoid
rainbow color schemes that can be hard to interpret. Consistency in scales, colors, and
styles helps comparisons. Small multiples (faceted plots) enable comparison across
categories. Removing clutter and unnecessary elements improves clarity. Legends should
clearly explain what elements represent. Interactive visualizations allow exploration; static
visualizations communicate specific insights. The visualization should support the story
and main conclusions.

6.2 Visualization Tools

Tableau and Power BI are leading business intelligence platforms offering drag-and-drop
visualization and interactive dashboards. Python libraries like Matplotlib, Seaborn, and
Plotly provide programmatic visualization suitable for exploratory analysis and reports. R
packages like ggplot2 are widely used for statistical graphics. D3.js enables custom
interactive web-based visualizations. Excel remains accessible for simple charts and
dashboards. Selection depends on complexity, interactivity needs, and technical skill.
Many tools support multiple visualization types adapting to different data and questions.

6.3 Storytelling with Data

Data visualization is most effective when it tells a compelling story. Structure your
presentation with context (why it matters), insight (what the data reveals), and implication
(what to do). Lead with key findings rather than starting with background. Use
visualizations to support conclusions rather than forcing data to fit a predetermined
narrative. Annotations highlight important observations. Color can draw attention to key
elements. Progression guides viewers through the story. Different audiences need
different levels of detail and different types of insights. Executives need business
implications; analysts need detailed results. Effective data storytelling moves people to
action, making data insights memorable and actionable.


