Training Course on Causal Inference for Data

Scientists

Professional Development Training Course Outline

Category Data Science Duration 10 Days

Online / On-site

Base Fee $2,200 USD Delivery Mode )
Hybrid

Course Introduction

In the era of Big Data and Advanced Analytics, data scientists are increasingly challenged to move
beyond mere prediction and identify true cause-and-effect relationships. While correlation
highlights relationships between variables, it notoriously does not imply causation, leading to
potentially flawed business strategies, misguided policy decisions, and ineffective product
development. Training Course on Causal Inference for Data Scientists equips Data Scientists,
Analysts, and Resear cher swith the cutting-edge statistical methods and practical frameworks
necessary to rigorously distinguish between observed associations and genuine causal impacts.

This program delves deep into the foundational principlesof causal inference, focusing on its
critical rolein data-driven decision-making. Participants will master a suite of powerful
techniques, from Randomized Controlled Trials (RCTSs) to quasi-experimental designs and
observational study methods, all designed to unlock actionable insights. By embracing causal
thinking, data professionals can transform their analyses from descriptive to prescriptive, enabling
organizations to implement truly impactful interventions and drive measur able outcomes across
diverse domains like healthcar e, marketing, economics, and public policy.

Programme Curriculum

Training Course on Causal Inferencefor Data Scientists: Distinguishing Correlation from
Causation using Statistical M ethods

Introduction

In the era of Big Data and Advanced Analytics, data scientists are increasingly challenged to move
beyond mere prediction and identify true cause-and-effect relationships. While correlation
highlights relationships between variables, it notoriously does not imply causation, leading to
potentially flawed business strategies, misguided policy decisions, and ineffective product
development. Training Course on Causal Inference for Data Scientists equips Data Scientists,



Analysts, and Resear cher s with the cutting-edge statistical methods and practical frameworks
necessary to rigorously distinguish between observed associations and genuine causal impacts.

This program delves deep into the foundational principles of causal inference, focusing on its
critical rolein data-driven decision-making. Participants will master a suite of powerful
techniques, from Randomized Controlled Trials (RCTs) to quasi-experimental designs and
observational study methods, all designed to unlock actionable insights. By embracing causal
thinking, data professionals can transform their analyses from descriptive to prescriptive, enabling
organizations to implement truly impactful interventions and drive measur able outcomes across
diverse domains like healthcar e, marketing, economics, and public policy.

Course Duration
10 days
Course Objectives

1. Understand the core tenets of causal infer ence, including potential outcomes,
counterfactuals, and the philosophical underpinnings of causation.
2. Develop arobust understanding of the critical distinction and itsimplications for data
analysis and decision-making.
3. Learn to design and analyze Randomized Controlled Trials (RCTSs) asthe gold standard for
establishing causality in experimental design.
4. ldentify and address confounding variables using various statistical techniqueslike
regression adjustment and matching methods.
5. Gain proficiency in Propensity Score Matching (PSM) and I nver se Probability Weighting
(IPW) for causal inference in observational studies.
6. Understand and implement I nstrumental Variable techniques to address unobserved
confounding and endogeneity.
7. Apply Regression Discontinuity Design for causal inference in settings with a clear cutoff
for intervention.
8. Master the Differ ence-in-Differ ences methodology for evaluating policy and program
Impacts over time.
9. Understand and construct Directed Acyclic Graphs (DAGS) to visualize causal assumptions
and identify confounding pathways.
10. Discover how Machine L ear ning algorithms can enhance causal inference, particularly in
complex, high-dimensional datasets.
11. Analyze and interpret heter ogeneous treatment effects to understand varying impacts across
different subgroups.
12. Develop skillsin presenting complex causal analysis results clearly and persuasively to
diverse stakeholders.
13. Trandate theoretical knowledge into practical application through hands-on exercises and
case studiesin various industries.

Organizational Benefits

« Implement interventions with confidence, knowing their true causal impact on key
performance indicators (KPIs).

« Foster a culture of evidence-based decision-making, reducing costly errors from
misinterpreting data.

« Maximize the value extracted from existing data assets by focusing on actionable causal
insights rather than spurious correlations.

« Understand the true impact of product features and changes on user behavior and retention.



« Rigorously assess the effectiveness of public policies, marketing campaigns, and healthcare
interventions.

« Gain asignificant edge by moving beyond descriptive analytics to truly understand "why"
things happen, |eading to more informed strategic planning.

« |dentify and mitigate biases in observational data, |eading to more reliable and trustworthy
analytical results.

Target Audience

Data Scientists.

Machine Learning Engineers.
Business Analysts.

Researchers (Academic & Industry).
Statisticians & Econometricians
Product Managers.

Marketing & Growth Analysts.
Public Policy Analysts.
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Course Outline
Module 1: Introduction to Causal Inference & The Causal Revolution

« Understanding the "Why": The fundamental shift from prediction (correlation) to explanation
(causation).

« Potential Outcomes Framework: Introducing the Rubin Causal Model and counterfactuals.

» The Fundamental Problem of Causal Inference: Missing counterfactuals and the need for
identification strategies.

 Causal Questionsin Business & Science: Examples from marketing, healthcare, economics,
and product development.

« Case Study: Analyzing the causal effect of anew website design on user conversion rates,
highlighting the correlation vs. causation dilemmain A/B testing.

Module 2: Causal Diagrams and Directed Acyclic Graphs (DAGS)

« Visualizing Causal Assumptions: Using DAGs to represent causal rel ationships between
variables.

« Confounding, Colliders, and Mediators: Identifying different types of causal pathways and
biases.

« The Backdoor Criterion: A graphical rule for identifying variables to control for confounding.

« Front-Door Criterion & Instrumental Variables: Understanding advanced identification
strategies with DAGs.

« Case Study: Mapping causal pathways in a public health campaign to understand the effect of
intervention on health outcomes, while accounting for socioeconomic confounders.

Module 3: Randomized Controlled Trials (RCTs): The Gold Standard

« Principles of Randomization: Why random assignment enables unbiased causal inference.

« Design and Implementation of RCTs: Best practices for setting up A/B tests and experiments.

» Statistical Analysis of RCTs: Estimating Average Treatment Effects (ATE) and interpreting
results.

« Challenges and Limitations of RCTs: Ethical considerations, feasibility, and external validity.

» Case Study: Evaluating the causal impact of a new drug on patient recovery using a
simulated clinical trial, focusing on statistical power and significance.



Module 4: Regression-Based Causal I nference

« Ordinary Least Squares (OLS) for Causal Inference: Understanding its assumptions and
limitations.

« Controlling for Confounders with Regression: Including covariates to reduce bias.

« Interpreting Regression Coefficients Causally: When and how coefficients reflect causal
effects.

o Addressing Linearity Assumptions: Non-linear models and transformations.

» Case Study: Estimating the causal effect of educational attainment on income, adjusting for
confounding factors like parental background and intelligence using regression.

Module 5: Propensity Score Methods: Matching & Weighting

« The Concept of Propensity Scores: Balancing covariates between treatment and control
groups.

 Propensity Score Matching (PSM): Techniques for creating comparable groups (e.g., nearest
neighbor, caliper matching).

« Inverse Probability Weighting (IPW): Creating a pseudo-population where treatment
assignment is unconfounded.

» Covariate Balance Checking: Assessing the effectiveness of propensity score methods.

« Case Study: Analyzing the causal impact of ajob training program on employment outcomes
using PSM to balance pre-intervention characteristics of participants.

Module 6: Instrumental Variables (1V)

« Introduction to Instrumental Variables: Addressing unobserved confounding and
endogeneity.

« Assumptions of 1V: Relevance, Exclusion Restriction, and Monotonicity.

» Two-Stage Least Squares (2SLS): Practical implementation of IV estimation.

o Weak Instruments & Heterogeneity: Challenges and considerationsin 1V analysis.

» Case Study: Estimating the causal effect of higher education on health outcomes, using
geographic proximity to a university as an instrumental variable.

Module 7: Difference-in-Differences (DiD)

« Introduction to DiD: Estimating causal effects of interventions introduced at different times
for different groups.

« Parallel Trends Assumption: The critical assumption of DiD and methods for testing it.

« Event Studies & Staggered Adoption: Advanced DiD applications.

 Regression-based DiD: Implementing DiD using regression models.

« Case Study: Measuring the causal impact of a new minimum wage policy on employment
rates in a specific region, comparing it to similar regions without the policy.

Module 8: Regression Discontinuity Design (RDD)

« Sharp and Fuzzy RDD: Estimating causal effects when treatment assignment is based on a
cutoff.

« Assumptions of RDD: Smoothness, manipulation checks, and local randomization.

 Graphical and Regression-based RDD: Visualizing and implementing RDD.

« Bandwidth Selection: Optimizing the window around the cutoff.

« Case Study: Evaluating the causal effect of receiving a scholarship based on atest score
cutoff on subsequent academic performance.

Module 9: Synthetic Control Method (SCM)



« Introduction to SCM: Constructing a weighted combination of control unitsto create a
counterfactual for atreated unit.

« When to Use SCM: Ideal for single treated units or small number of treated units.

« Implementation Steps. Data preparation, weighting, and inference.

« Limitations and Robustness Checks: Assessing the validity of the synthetic control.

» Case Study: Assessing the causal impact of a major economic policy change in a specific
country by constructing a synthetic counterfactual from other similar countries.

Module 10: Machine Learning and Causal Inference

» Beyond Prediction: ML for Causal Estimation: How ML can improve causal inference by
handling complex relationships and high-dimensional data.

« Double Machine Learning (DML): Combining ML with econometric techniques for robust
causal estimation.

 Causal Forests & Causal Trees: Estimating heterogeneous treatment effects using ML.

 Targeted Learning: Optimizing interventions based on individual characteristics.

« Case Study: Using machine learning to estimate the personalized causal effect of different
marketing messages on customer engagement.

Module 11: Causal Mediation Analysis

« Understanding Mediation: Decomposing total causal effectsinto direct and indirect effects.

« Statistical Methods for Mediation: Regression-based and potential outcome approaches.

« ldentifying Mediators: Theoretical considerations and practical challenges.

« Interpretation of Mediation Results: Actionable insights for intervention design.

« Case Study: Analyzing how anew educational program improves student performance by
mediating factors like student motivation and teacher engagement.

Module 12: Heterogeneous Treatment Effects (HTE)

« Why HTE Matters: Understanding that interventions may have different effects on different
subgroups.

» Methods for Estimating HTE: Subgroup analysis, interaction terms, and M L-based
approaches (Causal Forests).

« Policy and Business Implications of HTE: Tailoring interventions for maximum impact.

« Validating HTE Estimates: Cross-validation and robustness checks.

o Case Study: Identifying which customer segments respond most positively to a personalized
marketing campaign, enabling optimized targeting strategies.

Module 13; Causal Inferencein Time Series and Panel Data

» Dynamic Causal Effects: Understanding how causal impacts evolve over time.

» Granger Causality (and itslimitations): A common but often misunderstood concept.

« Panel Data Models for Causal Inference: Fixed effects, random effects, and GMM.

« Interrupted Time Series Analysis. Evaluating interventions at a specific point in time.

« Case Study: Analyzing the causal impact of aregulatory change on industry-wide sales,
using panel data across multiple companies over several years.

Module 14: Practical Considerations & Softwarefor Causal | nference

 Data Preparation for Causal Analysis. Data cleaning, missing data handling, and feature
engineering.
« Assumption Checking & Sensitivity Analysis: Rigorously validating causal assumptions.



» Statistical Software for Causal Inference (Python & R): Hands-on exercises and practical
implementations.

« Common Pitfalls and Best Practices: Avoiding common mistakesin causal analysis.

» Case Study: A practical session where participants apply various causal methods to a real-
world dataset (e.g., healthcare, economics), focusing on data preparation and interpretation.

Module 15: Communicating Causal Insights & Future Trends

« Storytelling with Causal Data: Presenting complex findings to non-technical audiences.
« Upcoming Scheduled Sessions

Start Date End Date Location Price

10 Aug 2026 21 Aug 2026 Online $2,200
17 Aug 2026 28 Aug 2026 Online $2,200
24 Aug 2026 04 Sep 2026 Online $2,200
31 Aug 2026 11 Sep 2026 Online $2,200
07 Sep 2026 18 Sep 2026 Online $2,200
14 Sep 2026 25 Sep 2026 Online $2,200
21 Sep 2026 02 Oct 2026 Online $2,200
28 Sep 2026 09 Oct 2026 Online $2,200

Ready to enroll or request a customized program? Book online or contact us:

Register Online Now

Email: info@fineskilltrainingcenter.com | Website: www.fineskilltrainingcenter.com


https://www.fineskilltrainingcenter.com/courses/training-course-on-causal-inference-for-data-scientists

