CAUSAL INFERENCE FOR STATISTICS

THe Power oF CAUSAL INFERENCE FOR STATISTICS

CAUSAL INFERENCE FOR STATISTICS REPRESENTS A FUNDAMENTAL SHIFT FROM MERE CORRELATION TO UNDERSTANDING TRUE
CAUSE-AND-EFFECT RELATIONSHIPS. IN THE REALM OF DATA ANALYSIS, IDENTIFYING WHETHER A CHANGE IN ONE VARIABLE
DIRECTLY CAUSES A CHANGE IN ANOTHER IS PARAMOUNT FOR INFORMED DECISION-MAKING, SCIENTIFIC DISCOVERY, AND EFFECTIVE
POLICY IMPLEMENTATION. THIS ARTICLE DELVES DEEP INTO THE PRINCIPLES, METHODOLOGIES, AND CHALLENGES OF CAUSAL
INFERENCE, EXPLORING HOW STATISTICIANS AND DATA SCIENTISTS CAN MOVE BEYOND OBSERVATIONAL ASSOCIATIONS TO
UNCOVER GENUINE CAUSAL LINKS. WE WILL EXAMINE KEY CONCEPTS LIKE CONFOUNDING, COUNTERFACTUALS, AND VARIOUS
IDENTIFICATION STRATEGIES, ILLUSTRATING THEIR IMPORTANCE WITH PRACTICAL EXAMPLES. (UNDERSTANDING THESE INTRICATE
STATISTICAL CONCEPTS UNLOCKS THE POTENTIAL FOR MORE ROBUST AND ACTIONABLE INSIGHTS FROM DATA.
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WHAT 1S CAUSAL INFERENCE?

CAUSAL INFERENCE IS THE PROCESS OF DETERMINING WHETHER AN OBSERVED ASSOCIATION BETWEEN VARIABLES IS DUE TO A
DIRECT CAUSAL RELATIONSHIP OR OTHER FACTORS. IN ESSENCE, IT'S ABOUT ANSWERING THE QUESTION: “DoES X cause Y?”
THIS GOES BEYOND SIMPLY NOTING THAT X AND Y TEND TO OCCUR TOGETHER. FOR STATISTICIANS, THIS DISTINCTION IS
CRITICAL BECAUSE CORRELATION CAN BE MISLEADING, SUGGESTING A CAUSAL LINK WHERE NONE EXISTS, OR OBSCURING A
GENUINE CAUSAL EFFECT DUE TO THE PRESENCE OF OTHER VARIABLES.

THE GOAL OF CAUSAL INFERENCE IS TO ISOLATE THE EFFECT OF A SPECIFIC INTERVENTION OR EXPOSURE ON AN OUTCOME. THIS
REQUIRES A STRUCTURED APPROACH THAT CAREFULLY CONSIDERS POTENTIAL BIASES AND ALTERNATIVE EXPLANATIONS FOR
OBSERVED PATTERNS. W/ITHOUT A RIGOROUS FRAMEWORK FOR CAUSAL INFERENCE, STATISTICAL FINDINGS CAN LEAD TO
INCORRECT CONCLUSIONS AND INEFFECTIVE ACTIONS, ESPECIALLY IN FIELDS LIKE MEDICINE, ECONOMICS, AND SOCIAL SCIENCES
\WHERE UNDERSTANDING THE IMPACT OF INTERVENTIONS IS VITAL.

THE IMPORTANCE OF CAUSAL INFERENCE IN STATISTICS

THE IMPORTANCE OF CAUSAL INFERENCE IN STATISTICS CANNOT BE OVERSTATED. TRADITIONAL STATISTICAL METHODS OFTEN
FOCUS ON DESCRIBING DATA, IDENTIFYING ASSOCIATIONS, AND PREDICTING FUTURE OUTCOMES BASED ON OBSERVED PATTERNS.
W/HILE THESE ARE VALUABLE, THEY DO NOT INHERENTLY TELL US WHAT WOULD HAPPEN IF WE WERE TO ACTIVELY CHANGE A
VARIABLE. CAUSAL INFERENCE BRIDGES THIS GAP, ALLOWING US TO PREDICT THE CONSEQUENCES OF ACTIONS AND
INTERVENTIONS, WHICH IS ESSENTIAL FOR EVIDENCE-BASED DECISION-MAKING.

IN SCIENTIFIC RESEARCH, ESTABLISHING CAUSALITY IS OFTEN THE ULTIMATE GOAL. For INSTANCE, A MEDICAL STUDY AIMS TO
DETERMINE IF A NEW DRUG CAUSES A REDUCTION IN DISEASE SYMPTOMS, NOT JUST IF PATIENTS TAKING THE DRUG HAPPEN TO GET
BETTER. SIMILARLY, IN ECONOMICS, POLICYMAKERS NEED TO KNOW IF A TAX POLICY CAUSES A CHANGE IN CONSUMER SPENDING.
WITHOUT CAUSAL INFERENCE, WE ARE LEFT WITH AN INCOMPLETE UNDERSTANDING OF THE WORLD, RELYING ON ASSUMPTIONS
RATHER THAN VALIDATED CAUSE-AND-EFFECT RELATIONSHIPS.

FURTHERMORE, CAUSAL INFERENCE HELPS TO AVOID THE PITFALLS OF SPURIOUS CORRELATIONS. THE ADAGE “CORRELATION



DOES NOT IMPLY CAUSATION” IS A FUNDAMENTAL PRINCIPLE. CAUSAL INFERENCE PROVIDES THE TOOLS AND METHODOLOGIES TO
MOVE BEYOND THIS LIMITATION, RIGOROUSLY TESTING HYPOTHESES ABOUT CAUSAL RELATIONSHIPS AND QUANTIFYING THE
MAGNITUDE OF THESE EFFECTS. THIS LEADS TO MORE RELIABLE AND ACTIONABLE INSIGHTS DERIVED FROM STATISTICAL
ANALYSIS.

Key CoNcepTs IN CAUSAL INFERENCE

SEVERAL CORE CONCEPTS UNDERPIN THE FIELD OF CAUSAL INFERENCE, PROVIDING THE THEORETICAL FOUNDATION FOR IDENTIFYING
AND QUANTIFYING CAUSAL EFFECTS.

CONFOUNDING V ARIABLES

A CONFOUNDING VARIABLE, OR CONFOUNDER, IS A VARIABLE THAT INFLUENCES BOTH THE INDEPENDENT VARIABLE (THE PRESUMED
CAUSE) AND THE DEPENDENT VARIABLE (THE PRESUMED EFFECT). IF NOT PROPERLY ACCOUNTED FOR, CONFOUNDING CAN CREATE
A SPURIOUS ASSOCIATION OR MASK A TRUE CAUSAL RELATIONSHIP. FOR EXAMPLE, IF STUDYING THE EFFECT OF COFFEE
CONSUMPTION ON HEART DISEASE, AGE IS A POTENTIAL CONFOUNDER, AS OLDER INDIVIDUALS MAY DRINK MORE COFFEE AND ALSO
HAVE A HIGHER RISK OF HEART DISEASE, IRRESPECTIVE OF COFFEE INTAKE.

COUNTERFACTUALS

A COUNTERFACTUAL IS WHAT WOULD HAVE HAPPENED TO AN INDIVIDUAL OR UNIT IF THEY HAD RECEIVED A DIFFERENT
TREATMENT OR EXPOSURE THAN THEY ACTUALLY DID. FOR EXAMPLE, THE COUNTERFACTUAL FOR A PATIENT WHO RECEIVED A
NEW DRUG IS THEIR HEALTH OUTCOME HAD THEY INSTEAD RECEIVED A PLACEBO. THE FUNDAMENTAL PROBLEM OF CAUSAL
INFERENCE IS THAT WE CAN NEVER OBSERVE BOTH THE FACTUAL AND THE COUNTERFACTUAL FOR THE SAME UNIT AT THE SAME
TIME. CAUSAL INFERENCE METHODS AIM TO ESTIMATE THESE UNOBSERVABLE COUNTERFACTUAL OUTCOMES.

TrReATMENT AND CoNTROL GROUPS

IN EXPERIMENTAL SETTINGS, A TREATMENT GROUP RECEIVES THE INTERVENTION OR EXPOSURE BEING STUDIED, WHILE A CONTROL
GROUP DOES NOT. THE COMPARISON BETWEEN THESE GROUPS, PARTICULARLY IN RANDOMIZED CONTROLLED TRIALS, HELPS TO
ISOLATE THE EFFECT OF THE TREATMENT. IN OBSERVATIONAL STUDIES, RESEARCHERS AIM TO MIMIC THIS SETUP BY IDENTIFYING
COMPARABLE GROUPS THAT DIFFER ONLY IN THEIR EXPOSURE STATUS, WHILE CONTROLLING FOR POTENTIAL CONFOUNDERS.

IDENTIFICATION STRATEGIES

IDENTIFICATION STRATEGIES ARE METHODS USED TO ISOLATE AND ESTIMATE CAUSAL EFFECTS FROM DATA, PARTICULARLY
OBSERVATIONAL DATA WHERE RANDOMIZATION IS NOT POSSIBLE. THESE STRATEGIES AIM TO OVERCOME THE CHALLENGES POSED
BY CONFOUNDING AND SELECTION BIAS.

o RANDOMIZED CONTROLLED TRIALS (RCTS): THE GOLD STANDARD FOR CAUSAL INFERENCE, WHERE UNITS ARE RANDOMLY
ASSIGNED TO TREATMENT OR CONTROL GROUPS. RANDOMIZATION ENSURES THAT, ON AVERAGE, THE GROUPS ARE
COMPARABLE ON ALL PRE-INTERVENTION CHARACTERISTICS, INCLUDING UNMEASURED CONFOUNDERS.

® MATCHING: IN OBSERVATIONAL STUDIES, MATCHING INVOLVES PAIRING INDIVIDUALS IN THE TREATED GROUP WITH
SIMILAR INDIVIDUALS IN THE CONTROL GROUP BASED ON OBSERVED CHARACTERISTICS. THIS AIMS TO CREATE GROUPS



THAT ARE AS SIMILAR AS POSSIBLE ON CONFOUNDERS.

e PROPENSITY SCORE METHODS: PROPENSITY SCORES ARE THE PROBABILITY OF RECEIVING THE TREATMENT GIVEN A SET OF
OBSERVED COVARIATES. METHODS LIKE PROPENSITY SCORE MATCHING, WEIGHTING, AND STRATIFICATION USE THESE
SCORES TO BALANCE TREATMENT AND CONTROL GROUPS ON OBSERVED CONFOUNDERS.

® INSTRUMENTAL V ARIABLES (|V) AN INSTRUMENTAL VARIABLE IS A VARIABLE THAT AFFECTS THE TREATMENT BUT DOES
NOT DIRECTLY AFFECT THE OUTCOME, EXCEPT THROUGH ITS EFFECT ON THE TREATMENT. |V METHODS ARE USEFUL WHEN
THERE ARE UNMEASURED CONFOUNDERS.

o REGRESSION DiscoNTINUITY DesiGN (RDD): RDD IS USED WHEN TREATMENT ASSIGNMENT IS DETERMINED BY WHETHER AN
OBSERVED VARIABLE CROSSES A CERTAIN THRESHOLD. |T EXPLOITS THE DISCONTINUITY AROUND THE THRESHOLD TO
ESTIMATE CAUSAL EFFECTS.

o DiFrereNCE-IN-DIFFERENCES (DID): DID COMPARES THE CHANGE IN AN OUTCOME OVER TIME BETWEEN A TREATED GROUP
AND A CONTROL GROUP. |T RELIES ON THE ASSUMPTION THAT THE TRENDS IN THE OUTCOME WOULD HAVE BEEN
PARALLEL IN THE ABSENCE OF TREATMENT.

METHODOLOGIES FOR CAUSAL INFERENCE

A VARIETY OF METHODOLOGIES HAVE BEEN DEVELOPED TO TACKLE THE COMPLEXITIES OF CAUSAL INFERENCE, EACH SUITED TO
DIFFERENT DATA STRUCTURES AND RESEARCH QUESTIONS.

PoTenTIAL OUTCOMES FRAMEWORK

INTRODUCED BY DONALD RUBIN/ THE POTENTIAL OUTCOMES FRAMEWORK IS A FOUNDATIONAL MODEL. | T DEFINES THE CAUSAL
EFFECT FOR AN INDIVIDUAL AS THE DIFFERENCE BET\WEEN THEIR POTENTIAL OUTCOME UNDER TREATMENT AND THEIR POTENTIAL
OUTCOME UNDER CONTROL. THE CORE CHALLENGE IS THAT ONLY ONE OF THESE POTENTIAL OUTCOMES CAN BE OBSERVED FOR
ANY GIVEN INDIVIDUAL.

STtrRucTURAL CAUsAL MobpEeLs (SCMs)

DEVELOPED BYJUDEA PEAEL, SCMs PROVIDE A GRAPHICAL REPRESENTATION OF CAUSAL RELATIONSHIPS USING DIRECTED
ACYCLIC GRAPHS (DAGS) THESE MODELS OFFER A POWERFUL WAY TO VISUALIZE CAUSAL ASSUMPTIONS, IDENTIFY
CONFOUNDERS, AND DERIVE CAUSAL EFFECTS THROUGH RULES LIKE THE BACKDOOR CRITERION.

CAusAL DiscoVerRY ALGORITHMS

THESE ALGORITHMS AIM TO INFER CAUSAL RELATIONSHIPS FROM DATA WITHOUT PRIOR CAUSAL ASSUMPTIONS. THEY OFTEN
RELY ON STATISTICAL TESTS OF CONDITIONAL INDEPENDENCE TO UNCOVER THE UNDERLYING CAUSAL STRUCTURE. WHILE
PROMISING, CAUSAL DISCOVERY IS A CHALLENGING AREA, AND ALGORITHMS OFTEN REQUIRE LARGE DATASETS AND STRONG
ASSUMPTIONS.

RANDOMIzeD ExPERIMENTS (A/B TESTING)



W/HILE NOT STRICTLY AN INFERENCE METHODOLOGY BUT RATHER A DATA GENERATION PROCESS, RCTs ARE THE MOST
STRAIGHTFORWARD WAY TO ESTABLISH CAUSALITY. BY RANDOMLY ASSIGNING PARTICIPANTS TO DIFFERENT CONDITIONS,
RESEARCHERS CAN CONFIDENTLY ATTRIBUTE DIFFERENCES IN OUTCOMES TO THE INTERVENTION. THIS IS WIDELY USED IN ONLINE
PLATFORMS, MEDICINE, AND SOCIAL POLICY EVALUATIONS.

QUASI-EXPERIMENTAL DESIGNS

\W/HEN TRUE RANDOMIZATION IS NOT FEASIBLE, QUASI-EXPERIMENTAL DESIGNS ATTEMPT TO APPROXIMATE EXPERIMENTAL
CONDITIONS. THESE INCLUDE METHODS LIKE NATURAL EXPERIMENTS, INTERRUPTED TIME SERIES, AND REGRESSION DISCONTINUITY
DESIGNS, ALL OF WHICH LEVERAGE NATURALLY OCCURRING SITUATIONS OR POLICY CHANGES TO ESTIMATE CAUSAL EFFECTS.

CHALLENGES AND LIMITATIONS OF CAUSAL INFERENCE

DESPITE THE ADVANCEMENTS IN CAUSAL INFERENCE, SEVERAL CHALLENGES AND LIMITATIONS PERSIST, REQUIRING CAREFUL
CONSIDERATION BY PRACTITIONERS.

UNoBserVED CONFOUNDING

ONE OF THE MOST SIGNIFICANT CHALLENGES IS UNOBSERVED CONFOUNDING. \W/HEN IMPORTANT CONFOUNDERS CANNOT BE
MEASURED OR ARE UNKNOWN, EVEN SOPHISTICATED STATISTICAL METHODS MAY STRUGGLE TO PROVIDE UNBIASED CAUSAL
ESTIMATES. THIS OFTEN NECESSITATES STRONG ASSUMPTIONS ABOUT THE ABSENCE OF UNMEASURED CONFOUNDERS.

DATA REQUIREMENTS

MANY CAUSAL INFERENCE METHODS, ESPECIALLY THOSE DEALING WITH COMPLEX RELATIONSHIPS OR AIMING TO CONTROL FOR
NUMEROUS CONFOUNDERS, REQUIRE LARGE DATASETS. INSUFFICIENT DATA CAN LEAD TO UNRELIABLE ESTIMATES AND WIDE
CONFIDENCE INTERVALS, MAKING IT DIFFICULT TO DRAW DEFINITIVE CONCLUSIONS.

ASSUMPTIONS AND SENSITIVITY ANALYSIS

ALL CAUSAL INFERENCE METHODS RELY ON A SET OF ASSUMPTIONS. FOR INSTANCE, THE NO UNMEASURED CONFOUNDING
ASSUMPTION IS CRITICAL FOR MANY OBSERVATIONAL STUDY DESIGNS. |T IS THEREFORE CRUCIAL TO CLEARLY STATE THESE
ASSUMPTIONS AND TO CONDUCT SENSITIVITY ANALYSES TO ASSESS HOW ROBUST THE CONCLUSIONS ARE TO POTENTIAL
VIOLATIONS OF THESE ASSUMPTIONS.

GENERALIZABILITY (EXTERNAL VALIDITY)

EVEN WHEN A CAUSAL EFFECT IS IDENTIFIED WITHIN A SPECIFIC STUDY, IT MAY NOT GENERALIZE TO OTHER POPULATIONS,
SETTINGS, OR TIMES. ENSURING THE EXTERNAL VALIDITY OF CAUSAL FINDINGS IS AN ONGOING CONCERN, ESPECIALLY WHEN
TRANSLATING RESULTS FROM CONTROLLED EXPERIMENTS TO REAL-WORLD SCENARIOS.



ETHICAL CONSIDERATIONS

IN MANY FIELDS, PARTICULARLY MEDICINE AND SOCIAL SCIENCES, CONDUCTING RANDOMIZED EXPERIMENTS TO ESTABLISH
CAUSALITY MIGHT BE ETHICALLY PROHIBITIVE. FOR EXAMPLE, IT WOULD BE UNETHICAL TO RANDOMLY ASSIGN PEOPLE TO A
HARMFUL EXPOSURE TO STUDY ITS EFFECTS.

APPLICATIONS oF CAUSAL INFERENCE IN V ARIOUS FIELDS

THE PRINCIPLES AND METHODOLOGIES OF CAUSAL INFERENCE HAVE BROAD APPLICATIONS ACROSS NUMEROUS DISCIPLINES,
DRIVING INNOVATION AND INFORMING CRITICAL DECISIONS.

MEDICINE AND PuBLIC HEALTH

IN MEDICINE, CAUSAL INFERENCE IS USED TO EVALUATE THE EFFECTIVENESS OF TREATMENTS, UNDERSTAND DISEASE MECHANISMS,
AND ASSESS THE IMPACT OF PUBLIC HEALTH INTERVENTIONS. FOR EXAMPLE, RESEARCHERS MIGHT USE CAUSAL INFERENCE
TECHNIQUES TO DETERMINE IF A NEXWW VACCINATION PROGRAM CAUSES A REDUCTION IN DISEASE INCIDENCE, ACCOUNTING FOR
FACTORS LIKE SOCIOECONOMIC STATUS AND ACCESS TO HEALTHCARE.

EconoMics AND PoLicY EVALUATION

ECONOMISTS AND POLICYMAKERS HEAVILY RELY ON CAUSAL INFERENCE TO EVALUATE THE IMPACT OF POLICIES SUCH AS
MINIMUM WAGE LAWS, TAX CHANGES, AND EDUCATIONAL REFORMS. (UNDERSTANDING THE CAUSAL EFFECTS OF THESE
INTERVENTIONS IS CRUCIAL FOR DESIGNING EFFECTIVE ECONOMIC STRATEGIES AND SOCIAL PROGRAMS.

MARKETING AND BUSINESS ANALYTICS

BUSINESSES USE CAUSAL INFERENCE TO MEASURE THE EFFECTIVENESS OF MARKETING CAMPAIGNS, PRICING STRATEGIES, AND
PRODUCT FEATURES. FOR EXAMPLE, A COMPANY MIGHT WANT TO KNOW IF AN ADVERTISING CAMPAIGN CAUSES AN INCREASE IN
SALES, CONTROLLING FOR SEASONALITY AND COMPETITOR ACTIVITIES.

SocCIAL SCIENCES

SOCIOLOGISTS/ POLITICAL SCIENTISTS, AND PSYCHOLOGISTS USE CAUSAL INFERENCE TO UNDERSTAND COMPLEX SOCIAL
PHENOMENA, SUCH AS THE IMPACT OF EDUCATION ON INCOME, THE EFFECTS OF SOCIAL POLICIES ON CRIME RATES, AND THE
CAUSES OF POLITICAL POLARIZATION.

MACHINE LEARNING

\W/HILE MACHINE LEARNING OF TEN FOCUSES ON PREDICTION, CAUSAL INFERENCE IS INCREASINGLY BEING INTEGRATED TO BUILD MORE
ROBUST AND INTERPRETABLE MODELS. UNDERSTANDING THE CAUSAL DRIVERS OF AN OUTCOME CAN LEAD TO BETTER DECISION-
MAKING SYSTEMS, ESPECIALLY IN DOMAINS \WHERE INTERVENTIONS ARE PLANNED.



THe FUTURE oF CAUSAL INFERENCE IN STATISTICS

THE FIELD OF CAUSAL INFERENCE IS RAPIDLY EVOLVING, DRIVEN BY INCREASING DATA AVAILABILITY AND COMPUTATIONAL
POWER. FUTURE DIRECTIONS INCLUDE THE DEVELOPMENT OF MORE SOPHISTICATED ALGORITHMS FOR CAUSAL DISCOVERY FROM
COMPLEX DATA, THE INTEGRATION OF CAUSAL REASONING INTO DEEP LEARNING MODELS, AND IMPROVED METHODS FOR DEALING
WITH UNOBSERVED CONFOUNDING AND HETEROGENEITY IN CAUSAL EFFECTS.

THERE IS A GROWING EMPHASIS ON MAKING CAUSAL INFERENCE METHODS MORE ACCESSIBLE AND INTERPRETABLE FOR A WIDER
RANGE OF USERS. AS DATA-DRIVEN DECISION-MAKING BECOMES MORE PERVASIVE, THE ABILITY TO RELIABLY ANSWER “WHAT IF”
QUESTIONS WILL CONTINUE TO BE A CORNERSTONE OF STATISTICAL PRACTICE, PUSHING THE BOUNDARIES OF SCIENTIFIC
UNDERSTANDING AND SOCIETAL PROGRESS.

FAQ

Q: WHAT IS THE FUNDAMENTAL DIFFERENCE BETWEEN CORRELATION AND CAUSATION IN
STATISTICS?

A: CORRELATION INDICATES THAT TWO VARIABLES TEND TO MOVE TOGETHER, MEANING THAT AS ONE CHANGES, THE OTHER
TENDS TO CHANGE IN A PREDICTABLE WAY. CAUSATION, ON THE OTHER HAND, IMPLIES THAT A CHANGE IN ONE VARIABLE
DIRECTLY CAUSES A CHANGE IN ANOTHER. CORRELATION DOES NOT IMPLY CAUSATION BECAUSE THE OBSERVED ASSOCIATION
MIGHT BE DUE TO A THIRD, UNMEASURED VARIABLE (CONFOUNDING) OR A MERE COINCIDENCE.

Q: \WHY IS IDENTIFYING CONFOUNDING VARIABLES SO CRUCIAL IN CAUSAL INFERENCE?

A: CONFOUNDING VARIABLES DISTORT THE TRUE RELATIONSHIP BETWEEN AN EXPOSURE AND AN OUTCOME. |F A CONFOUNDER
INFLUENCES BOTH THE EXPOSURE AND THE OUTCOME, IT CAN CREATE A SPURIOUS ASSOCIATION OR MASK A GENUINE CAUSAL
EFFECT. IDENTIFYING AND CONTROLLING FOR CONFOUNDERS IS ESSENTIAL TO ISOLATE THE SPECIFIC IMPACT OF THE VARIABLE OF
INTEREST.

QI CAN CAUSAL INFERENCE BE PERFORMED ON OBSERVATIONAL DATA , OR IS IT ONLY
POSSIBLE WITH EXPERIMENTS?

A: CAUSAL INFERENCE CAN BE PERFORMED ON BOTH EXPERIMENTAL AND OBSERVATIONAL DATA, BUT IT IS SIGNIFICANTLY MORE
CHALLENGING WITH OBSERVATIONAL DATA. RANDOMIZED CONTROLLED TRIALS (RCTS) ARE THE GOLD STANDARD BECAUSE
RANDOMIZATION INHERENTLY CONTROLS FOR CONFOUNDING. W/ ITH OBSERVATIONAL DATA, SPECIALIZED STATISTICAL METHODS
LIKE MATCHING, PROPENSITY SCORES, INSTRUMENTAL VARIABLES, AND REGRESSION DISCONTINUITY DESIGNS ARE USED TO
APPROXIMATE EXPERIMENTAL CONDITIONS AND ACCOUNT FOR CONFOUNDING.

Q: WHAT ARE COUNTERFACTUALS, AND WHY ARE THEY CENTRAL TO CAUSAL
INFERENCE?

A: COUNTERFACTUALS REPRESENT WHAT WOULD HAVE HAPPENED TO AN INDIVIDUAL OR UNIT IF THEY HAD BEEN EXPOSED TO A
DIFFERENT TREATMENT OR CONDITION THAN THEY ACTUALLY EXPERIENCED. THE CAUSAL EFFECT FOR AN INDIVIDUAL IS DEFINED AS
THE DIFFERENCE BETWEEN THEIR OUTCOME UNDER THE ACTUAL TREATMENT AND THEIR COUNTERFACTUAL OUTCOME UNDER AN
ALTERNATIVE TREATMENT. SINCE WE CAN NEVER OBSERVE BOTH SIMULTANEOUSLY FOR THE SAME UNIT, CAUSAL INFERENCE AIMS
TO ESTIMATE THESE UNOBSERV ABLE COUNTERFACTUALS.



QI How DO CAUSAL DISCOVERY ALGORITHMS DIFFER FROM TRADITIONAL CAUSAL
INFERENCE METHODS?

A: TRADITIONAL CAUSAL INFERENCE METHODS TYPICALLY START WITH A SET OF ASSUMED CAUSAL RELATIONSHIPS (E.G., FROM
DOMAIN KNOWLEDGE OR GRAPHICAL MODELS) AND THEN ESTIMATE THE MAGNITUDE OF THESE EFFECTS. CAUSAL DISCOVERY
ALGORITHMS, CONVERSELY, AIM TO LEARN THE CAUSAL STRUCTURE (THE RELATIONSHIPS AND THEIR DIRECTION) DIRECTLY FROM
DATA, OFTEN BASED ON STATISTICAL MEASURES OF CONDITIONAL INDEPENDENCE, WITHOUT PRIOR CAUSAL ASSUMPTIONS.

Q: WHAT IS THE “BACKDOOR CRITERION” IN THE CONTEXT OF CAUSAL INFERENCE AND
STRUCTURAL CAUSAL MODELS?

A: THE BACKDOOR CRITERION, DEVELOPED BYJUDEA PEARL, IS A RULE USED IN STRUCTURAL CAUSAL MODELS (REPRESENTED BY
DAGS) TO IDENTIFY A SET OF VARIABLES THAT MUST BE CONTROLLED FOR (CONDITIONED ON) TO ESTIMATE THE CAUSAL
EFFECT OF ONE VARIABLE ON ANOTHER. |T ENSURES THAT ALL “BACKDOOR PATHS” (PATHS THAT CREATE SPURIOUS
ASSOCIATIONS) BETWEEN THE EXPOSURE AND THE OUTCOME ARE BLOCKED, ALLOWING THE DIRECT CAUSAL EFFECT TO BE
ESTIMATED.

QZ \WHAT IS THE PRIMARY CHALLENGE IN APPLYING CAUSAL INFERENCE METHODS IN
SOCIAL SCIENCES AND PUBLIC POLICY?

A: A MAJOR CHALLENGE IS THE PREVALENCE OF UNOBSERVED CONFOUNDERS. IN SOCIAL SCIENCES AND POLICY, MANY RELEVANT
FACTORS INFLUENCING OUTCOMES (E.G.I INDIVIDUAL MOTIVATION, HISTORICAL CONTEXT, COMPLEX SOCIAL INTERACTIONS) ARE
DIFFICULT TO MEASURE, QUANTIFY, OR EVEN IDENTIFY COMPLETELY. THIS MAKES IT HARD TO SATISFY THE ASSUMPTIONS
REQUIRED FOR UNBIASED CAUSAL ESTIMATION USING OBSERVATIONAL DATA.

QI How CAN BUSINESSES LEVERAGE CAUSAL INFERENCE FOR BETTER DECISION-MAKING?

A: BUSINESSES CAN USE CAUSAL INFERENCE TO RIGOROUSLY EVALUATE THE IMPACT OF THEIR STRATEGIES. THIS INCLUDES
DETERMINING IF A NEXW ADVERTISING CAMPAIGN CAUSES AN INCREASE IN SALES, UNDERSTANDING IF A PRICE CHANGE CAUSES A
SHIFT IN DEMAND, ASSESSING THE EFFECT OF EMPLOYEE TRAINING PROGRAMS ON PRODUCTIVITY, OR IDENTIFYING THE TRUE
DRIVERS OF CUSTOMER CHURN. THIS MOVES BEYOND SIMPLY OBSERVING CORRELATIONS TO UNDERSTANDING THE EFFECTIVENESS
OF SPECIFIC ACTIONS.
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