CAUSAL INFERENCE FOR TREATMENT EFFECTS

CAUSAL INFERENCE FOR TREATMENT EFFECTS IS A CRITICAL AREA OF STUDY AND PRACTICE ACROSS NUMEROUS DISCIPLINES,
FROM MEDICINE AND ECONOMICS TO SOCIAL SCIENCES AND MACHINE LEARNING. UNDERSTANDING THE TRUE IMPACT OF AN
INTERVENTION, POLICY, OR DRUG REQUIRES MOVING BEYOND MERE CORRELATION TO ESTABLISH CAUSATION. THIS ARTICLE
DELVES INTO THE FUNDAMENTAL PRINCIPLES, METHODOLOGIES, AND CHALLENGES ASSOCIATED WITH IDENTIFYING AND
QUANTIFYING THESE EFFECTS. WE WILL EXPLORE WHY TRADITIONAL METHODS OFTEN FALL SHORT AND INTRODUCE THE ROBUST
STATISTICAL FRAMEWORKS DESIGNED TO OVERCOME THESE LIMITATIONS. FURTHERMORE, WE WILL DISCUSS VARIOUS
TECHNIQUES, THEIR UNDERLYING ASSUMPTIONS, AND PRACTICAL CONSIDERATIONS FOR APPLYING CAUSAL INFERENCE TO REAL-
\WORLD PROBLEMS, ULTIMATELY AIMING TO PROVIDE A COMPREHENSIVE UNDERSTANDING OF HOW TO ACCURATELY MEASURE
WHAT WORKS.
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UNDERSTANDING THE CORrRE PrROBLEM: CORRELATION VS. CAUSATION

THE FUNDAMENTAL CHALLENGE IN DETERMINING TREATMENT EFFECTS IS THE UBIQUITOUS PRESENCE OF CONFOUNDING FACTORS. IN
MANY OBSERVATIONAL STUDIES, INDIVIDUALS WHO RECEIVE A TREATMENT ARE SYSTEMATICALLY DIFFERENT FROM THOSE WHO
DO NOT, IN WAYS THAT ALSO INFLUENCE THE OUTCOME OF INTEREST. For INSTANCE, IF A NEXW EDUCATIONAL PROGRAM IS
IMPLEMENTED IN A SCHOOL DISTRICT, THE STUDENTS WHO OPT INTO IT MIGHT ALREADY BE MORE MOTIVATED OR COME FROM
MORE SUPPORTIVE HOME ENVIRONMENTS. SIMPLY COMPARING THE ACADEMIC PERFORMANCE OF STUDENTS IN THE PROGRAM
VERSUS THOSE NOT IN IT WOULD LIKELY OVERSTATE THE PROGRAM’S TRUE CAUSAL IMPACT BECAUSE THESE PRE-EXISTING
DIFFERENCES ARE ALSO DRIVING THE OUTCOME. THIS IS THE CLASSIC “CORRELATION DOES NOT IMPLY CAUSATION” PROBLEM, A
CENTRAL TENET THAT DRIVES THE NEED FOR SPECIALIZED CAUSAL INFERENCE TECHNIQUES.

W/ ITHOUT PROPER METHODOLOGIES, ANALYSES CAN LEAD TO MISLEADING CONCLUSIONS, RESULTING IN INEFFECTIVE POLICY
DECISIONS, WASTED RESOURCES, AND MISSED OPPORTUNITIES TO IMPLEMENT GENUINELY BENEFICIAL INTERVENTIONS. THE GOAL
OF CAUSAL INFERENCE IS TO ISOLATE THE EFFECT OF THE TREATMENT ITSELF, HOLDING ALL OTHER POTENTIAL INFLUENCES
CONSTANT. THIS REQUIRES CAREFUL DESIGN AND ANALYTICAL STRATEGIES THAT CAN MIMIC A CONTROLLED EXPERIMENT, EVEN
WHEN SUCH A DESIGN IS NOT FEASIBLE OR ETHICAL. THE NUANCES OF OBSERVATIONAL DATA DEMAND SOPHISTICATED
APPROACHES TO DISENTANGLE THE EFFECTS OF THE TREATMENT FROM THE EFFECTS OF OBSERVED AND UNOBSERVED
CONFOUNDERS.

Key CoNcCePTS IN CAUSAL INFERENCE

AT THE HEART OF CAUSAL INFERENCE LIES THE CONCEPT OF POTENTIAL OUTCOMES, OFTEN REFERRED TO AS THE NEYMAN-RUBIN
CAUSAL MODEL. THIS FRAMEWORK POSITS THAT FOR EACH INDIVIDUAL, THERE ARE AT LEAST TWO POTENTIAL OUTCOMES:. ONE
IF THEY RECEIVE THE TREATMENT AND ONE IF THEY DO NOT. THE CAUSAL EFFECT FOR AN INDIVIDUAL IS THE DIFFERENCE BET WEEN
THESE TWO POTENTIAL OUTCOMES. HO\X/EVER, A FUNDAMENTAL PROBLEM, KNOWN AS THE “FUNDAMENTAL PROBLEM OF CAUSAL
INFERENCE,” IS THAT WE CAN ONLY OBSERVE ONE OF THESE POTENTIAL OUTCOMES FOR ANY GIVEN INDIVIDUAL AT A SPECIFIC
POINT IN TIME. WE NEVER OBSERVE WHAT WOULD HAVE HAPPENED IF THE SAME PERSON HAD RECEIVED THE OPPOSITE TREATMENT
STATUS.

COUNTERFACTUALS ARE CENTRAL TO THIS FRAMEWORK. THE COUNTERFACTUAL OUTCOME FOR AN INDIVIDUAL IS THE OUTCOME
THAT WOULD HAVE OCCURRED IF THEY HAD RECEIVED A DIFFERENT TREATMENT THAN THEY ACTUALLY DID. CAUSAL INFERENCE



METHODS ARE ESSENTIALLY ATTEMPTS TO ESTIMATE AVERAGE COUNTERFACTUAL OUTCOMES FOR A POPULATION OR
SUBPOPULATION, THEREBY APPROXIMATING THE AVERAGE CAUSAL EFFECT. THIS REQUIRES MAKING ASSUMPTIONS ABOUT THE
RELATIONSHIP BET\WEEN OBSERVED DATA AND THESE UNOBSERVABLE COUNTERFACTUALS.

ANOTHER CRITICAL CONCEPT IS TREATMENT ASSIGNMENT MECHANISMS. THIS REFERS TO HOW INDIVIDUALS ARE ASSIGNED TO
TREATMENT AND CONTROL GROUPS. IN A RANDOMIZED CONTROLLED TRIAL (RCT)/ TREATMENT ASSIGNMENT IS RANDOM, MEANING
THAT, ON AVERAGE, THE TREATMENT AND CONTROL GROUPS ARE SIMILAR IN ALL RESPECTS, BOTH OBSERVED AND UNOBSERVED.
THIs MAKES RCTS THE GOLD STANDARD FOR ESTABLISHING CAUSALITY. IN OBSERVATIONAL STUDIES, HOWEVER, TREATMENT
ASSIGNMENT IS OFTEN NON-RANDOM, LEADING TO SYSTEMATIC DIFFERENCES BETWEEN GROUPS THAT MUST BE ACCOUNTED FOR.

CONFOUNDING OCCURS WHEN A VARIABLE INFLUENCES BOTH THE TREATMENT ASSIGNMENT AND THE OUTCOME. A CONFOUNDER
ACTS AS A COMMON CAUSE FOR BOTH. FOR EXAMPLE, IN STUDYING THE EFFECT OF A NEW DIET PLAN, AGE COULD BE A
CONFOUNDER: OLDER INDIVIDUALS MIGHT BE MORE LIKELY TO ADOPT THE DIET (TREATMENT ASSIGNMENT) AND ALSO HAVE
DIFFERENT HEALTH OUTCOMES (OUTCOME) INDEPENDENT OF THE DIET ITSELF. IDENTIFYING AND ADJUSTING FOR CONFOUNDERS IS
PARAMOUNT IN OBSERVATIONAL CAUSAL INFERENCE.

SELECTION BIAS IS CLOSELY RELATED TO CONFOUNDING AND ARISES WHEN THE SELECTION INTO A STUDY OR TREATMENT GROUP
IS NOT RANDOM, AND THIS SELECTION IS RELATED TO THE OUTCOME. THIS CAN OCCUR IN VARIOUS FORMS, SUCH AS SELF-
SELECTION INTO A PROGRAM OR ATTRITION FROM A STUDY. ADDRESSING SELECTION BIAS OFTEN INVOLVES CAREFUL STUDY
DESIGN AND ADVANCED STATISTICAL TECHNIQUES TO MODEL THE SELECTION PROCESS.

METHODOLOGIES FOR ESTIMATING TREATMENT EFFECTS

GIVEN THE CHALLENGES OF OBSERVATIONAL DATA, A VARIETY OF STATISTICAL METHODOLOGIES HAVE BEEN DEVELOPED TO
ESTIMATE CAUSAL TREATMENT EFFECTS. THESE METHODS AIM TO CREATE COMPARABLE TREATMENT AND CONTROL GROUPS BY
EITHER ADJUSTING FOR OBSERVED CONFOUNDERS OR BY LEVERAGING SPECIFIC STUDY DESIGNS OR DATA STRUCTURES.

RanpboMizep ConTroLLED TriALS (RCTs)

RANDOMIZED CONTROLLED TRIALS ARE CONSIDERED THE GOLD STANDARD FOR ESTABLISHING CAUSALITY. IN AN RCT,
PARTICIPANTS ARE RANDOMLY ASSIGNED TO EITHER RECEIVE THE TREATMENT OR A CONTROL INTERVENTION. THIS
RANDOMIZATION ENSURES THAT, ON AVERAGE, THE TREATMENT AND CONTROL GROUPS ARE STATISTICALLY EQUIVALENT WITH
RESPECT TO ALL CHARACTERISTICS, BOTH OBSERVED AND UNOBSERVED, THAT COULD INFLUENCE THE OUTCOME. THEREFORE,
ANY OBSERVED DIFFERENCE IN OUTCOMES BETWEEN THE GROUPS CAN BE ATTRIBUTED DIRECTLY TO THE TREATMENT. W/HILE
POWERFUL, RCTs caN BE EXPENSIVE, TIME-FCONSUMING, AND SOMETIMES ETHICALLY CHALLENGING TO IMPLEMENT.

OBSERVATIONAL STUDY DESIGNS AND TECHNIQUES

W/HEN RCTSs ARE NOT FEASIBLE, OBSERVATIONAL DATA MUST BE USED. V ARIOUS TECHNIQUES AIM TO EMULATE AN RCT USING
OBSERVATIONAL DATA BY CONTROLLING FOR CONFOUNDING FACTORS.

MATCHING

MATCHING IS A TECHNIQUE WHERE INDIVIDUALS IN THE TREATMENT GROUP ARE PAIRED WITH SIMILAR INDIVIDUALS IN THE
CONTROL GROUP BASED ON THEIR OBSERVED CHARACTERISTICS (COVARIATES). THE GOAL IS TO CREATE A MATCHED SAMPLE
THAT RESEMBLES A RANDOMIZED EXPERIMENT. COMMON MATCHING METHODS INCLUDE:

e EXACT MATCHING: MATCHES INDIVIDUALS WHO HAVE IDENTICAL VALUES ON ALL SPECIFIED COVARIATES.

® PROPENSITY SCORE MATCHING: MATCHES INDIVIDUALS BASED ON THEIR ESTIMATED PROBABILITY OF RECEIVING THE



TREATMENT, GIVEN THEIR OBSERVED COVARIATES (THE PROPENSITY SCORE). THIS REDUCES MULTIPLE COVARIATES INTO
A SINGLE SCORE, SIMPLIFYING THE MATCHING PROCESS.

o COARSENED EXACT MATCHING: MATCHES INDIVIDUALS BY FIRST COARSENING THE DISTRIBUTIONS OF COVARIATES AND
THEN PERFORMING EXACT MATCHING WITHIN THESE COARSENED STRATA.

THE PRIMARY ASSUMPTION OF MATCHING IS THAT ALL RELEVANT CONFOUNDERS ARE OBSERVED AND CORRECTLY MEASURED. |F
UNOBSERVED CONFOUNDERS EXIST, MATCHING ALONE CANNOT ELIMINATE BIAS.

STRATIFICATION (SUBCLASSIFICATION)

STRATIFICATION INVOLVES DIVIDING THE STUDY POPULATION INTO SUBGROUPS (STRATA) BASED ON LEVELS OF ONE OR MORE
COVARIATES, PARTICULARLY CONFOUNDERS. THE TREATMENT EFFECT IS THEN ESTIMATED WITHIN EACH STRATUM, AND THESE
STRATUM-SPECIFIC EFFECTS ARE POOLED TO OBTAIN AN OVERALL ESTIMATE. THIS IS CONCEPTUALLY SIMILAR TO MATCHING, AS
IT AIMS TO COMPARE TREATED AND UNTREATED INDIVIDUALS WHO ARE SIMILAR ON OBSERVED CHARACTERISTICS. FOR EXAMPLE,
ONE MIGHT STRATIFY BY AGE GROUPS AND THEN COMPARE TREATMENT EFFECTS WITHIN EACH AGE GROUP.

REGRESSION ADJUSTMENT

REGRESSION ADJUSTMENT USES STATISTICAL MODELS, SUCH AS LINEAR REGRESSION, LOGISTIC REGRESSION, OR MORE COMPLEX
MODELS, TO CONTROL FOR THE INFLUENCE OF COVARIATES ON THE OUTCOME. THE MODEL ESTIMATES THE RELATIONSHIP
BETWEEN THE TREATMENT, COVARIATES, AND THE OUTCOME. BY INCLUDING COVARIATES IN THE REGRESSION EQUATION, THE
MODEL EFFECTIVELY ESTIMATES THE TREATMENT EFFECT WHILE HOLDING THE COVARIATES CONSTANT. THIS METHOD RELIES ON
THE ASSUMPTION THAT THE FUNCTIONAL FORM OF THE REGRESSION MODEL IS CORRECTLY SPECIFIED AND THAT ALL RELEVANT
CONFOUNDERS ARE INCLUDED IN THE MODEL.

INVERSE ProBABILITY WEIGHTING (IP\W)

INVERSE PROBABILITY WEIGHTING IS A METHOD THAT REWEIGHTS THE OBSERVED DATA TO CREATE A PSEUDO-POPULATION
WHERE TREATMENT ASSIGNMENT IS INDEPENDENT OF OBSERVED COVARIATES. INDIVIDUALS ARE WEIGHTED BY THE INVERSE OF
THEIR PROBABILITY OF RECEIVING THE TREATMENT THEY ACTUALLY RECEIVED. TREATED INDIVIDUALS WITH LOW PROBARBILITIES
OF RECEIVING TREATMENT ARE GIVEN HIGHER WEIGHTS, AND UNTREATED INDIVIDUALS WITH LOW PROBABILITIES OF NOT
RECEIVING TREATMENT ARE ALSO GIVEN HIGHER WEIGHTS. THIS EFFECTIVELY MIMICS RANDOMIZATION BY BALANCING COVARIATES
BETWEEN THE TREATED AND CONTROL GROUPS. THE ACCURACY OF IP\W RELIES HEAVILY ON CORRECTLY MODELING THE
PROPENSITY SCORE.

INSTRUMENTAL VARIABLES (1V)

INSTRUMENTAL V ARIABLES IS A TECHNIQUE USED WHEN THERE ARE UNOBSERVED CONFOUNDERS THAT AFFECT BOTH TREATMENT
ASSIGNMENT AND THE OUTCOME. AN INSTRUMENTAL VARIABLE IS A VARIABLE THAT IS CORRELATED WITH THE TREATMENT BUT
DOES NOT DIRECTLY AFFECT THE OUTCOME EXCEPT THROUGH ITS EFFECT ON THE TREATMENT, AND IT IS NOT CORRELATED WITH
THE UNOBSERVED CONFOUNDERS. BY USING THE INSTRUMENT, ONE CAN ISOLATE THE VARIATION IN TREATMENT THAT IS
EXOGENOUS (RANDOMLY DETERMINED)I THERERY ESTIMATING THE CAUSAL EFFECT OF THE TREATMENT. FINDING A VALID
INSTRUMENT CAN BE CHALLENGING.

DirFrerence-IN-DiFrerences (DID)

DIFFERENCE-IN-DIFFERENCES IS A QUASI-EXPERIMENT AL METHOD USED TO ESTIMATE THE EFFECT OF A SPECIFIC INTERVENTION OR
POLICY BY COMPARING THE CHANGES IN OUTCOMES OVER TIME BETWEEN A GROUP THAT RECEIVES THE INTERVENTION
(TREATMENT GROUP) AND A GROUP THAT DOES NOT (CONTROL GROUP). |T REQUIRES AT LEAST TWO TIME PERIODS AND A PRE-
INTERVENTION BASELINE. THE CORE ASSUMPTION IS THE “PARALLEL TRENDS” ASSUMPTION: IN THE ABSENCE OF THE TREATMENT,
THE OUTCOME IN THE TREATMENT GROUP WOULD HAVE FOLLOWED THE SAME TREND AS THE OUTCOME IN THE CONTROL GROUP.
DID IS PARTICULARLY USEFUL FOR EVALUATING POLICY CHANGES OR PROGRAM IMPLEMENTATIONS.



ReGressIioN DisconTINUITY Design (RDD)

REGRESSION DISCONTINUITY DESIGN IS A STRONG QUASI-EXPERIMENT AL DESIGN USED WHEN INDIVIDUALS ARE ASSIGNED TO A
TREATMENT BASED ON WHETHER THEY SCORE ABOVE OR BELOW A SPECIFIC CUTOFF POINT ON A CONTINUOUS VARIABLE (THE
“RUNNING VARIABLE”). FOR EXAMPLE, A SCHOLARSHIP MIGHT BE AWARDED TO STUDENTS WITH A GPA Agove 3.5. RDD
COMPARES INDIVIDUALS JUST ABOVE THE CUTOFF TO THOSE JUST BELOW THE CUTOFF. UNDER THE ASSUMPTION THAT
INDIVIDUALS JUST ABOVE AND BELOW THE CUTOFF ARE OTHERW/ISE SIMILAR, THE DIFFERENCE IN OUTCOMES AT THE CUTOFF CAN
BE ATTRIBUTED TO THE TREATMENT. RDD IS CONSIDERED TO PROVIDE A LOCAL AVERAGE TREATMENT EFFECT (LATE) AROUND
THE CUTOFF.

ASSUMPTIONS AND CHALLENGES IN CAUSAL INFERENCE

W/HILE POWERFUL, CAUSAL INFERENCE METHODS ARE BUILT UPON CRUCIAL ASSUMPTIONS THAT, IF VIOLATED, CAN LEAD TO
BIASED ESTIMATES OF TREATMENT EFFECTS. UNDERSTANDING AND TESTING THESE ASSUMPTIONS IS A VITAL PART OF THE
CAUSAL INFERENCE PROCESS.

THE IGNORABILITY ASSUMPTION (CONDITIONAL EXCHANGEABILITY)

THIS IS PERHAPS THE MOST FUNDAMENTAL ASSUMPTION IN OBSERVATIONAL CAUSAL INFERENCE. |T STATES THAT, CONDITIONAL
ON A SET OF OBSERVED COVARIATES, TREATMENT ASSIGNMENT IS INDEPENDENT OF THE POTENTIAL OUTCOMES. IN SIMPLER
TERMS, AFTER CONTROLLING FOR THESE COVARIATES, THE TREATED AND CONTROL GROUPS ARE COMPARABLE AS IF THEY HAD
BEEN RANDOMIZED. |F THERE ARE UNOBSERVED VARIABLES THAT INFLUENCE BOTH TREATMENT ASSIGNMENT AND THE OUTCOME,
THIS ASSUMPTION IS VIOLATED, AND THE ESTIMATED TREATMENT EFFECT WILL BE BIASED.

THE OverLAP AssuMPTION (COMMON SUPPORT)

THE OVERLAP ASSUMPTION, ALSO KNOWN AS COMMON SUPPORT, REQUIRES THAT FOR EVERY COMBINATION OF COVARIATE
VALUES, THERE IS A NON-ZERO PROBABILITY OF RECEIVING EITHER THE TREATMENT OR THE CONTROL. THIS MEANS THAT THE
TREATED AND CONTROL GROUPS MUST HAVE COMPARABLE INDIVIDUALS ACROSS THE RANGE OF OBSERVED CHARACTERISTICS. IF
CERTAIN COVARIATE PROFILES ARE ONLY PRESENT IN THE TREATED GROUP OR ONLY IN THE CONTROL GROUP, IT BECOMES
IMPOSSIBLE TO MAKE VALID COMPARISONS FOR THOSE INDIVIDUALS, LEADING TO EXTRAPOLATION AND POTENTIAL BIAS.

THE STABLE UNIT TREATMENT VALUE AssuMpTioN (SUTVA)

SUTVA IS A COMPOSITE ASSUMPTION THAT ENCOMPASSES TWO KEY IDEAS: NO INTERFERENCE AND ONLY ONE VERSION OF THE
TREATMENT. NO INTERFERENCE MEANS THAT THE TREATMENT STATUS OF ONE INDIVIDUAL DOES NOT AFFECT THE OUTCOME OF
ANOTHER INDIVIDUAL. FOR EXAMPLE, IF STUDYING THE EFFECT OF A NEW VACCINE, THE VACCINATION OF ONE PERSON SHOULD
NOT INFLUENCE THE HEALTH OF ANOTHER PERSON (UNLESS IT'S THROUGH POPULATION-LEVEL HERD IMMUNITY , WHICH
COMPLICATES THE DEFINITION OF THE TREATMENT UNIT). THE SECOND PART, ONLY ONE VERSION OF THE TREATMENT, IMPLIES
THAT THE TREATMENT IS APPLIED CONSISTENTLY AND THERE ARE NO DIFFERENT FORMS OF THE TREATMENT THAT COULD LEAD TO
DIFFERENT OUTCOMES.

UNoBSERVED CONFOUNDING

THE PRESENCE OF UNOBSERVED CONFOUNDERS IS A PERSISTENT CHALLENGE IN CAUSAL INFERENCE. METHODS LIKE MATCHING,
STRATIFICATION, AND REGRESSION ADJUSTMENT CAN ONLY ACCOUNT FOR CONFOUNDERS THAT ARE MEASURED. IF CrRUCIAL
CONFOUNDERS ARE NOT INCLUDED IN THE ANALYSIS, THE ESTIMATES WILL REMAIN BIASED. TECHNIQUES LIKE INSTRUMENTAL
VARIABLES OR SENSITIVITY ANALYSIS ARE EMPLOYED TO TRY AND ADDRESS THE POTENTIAL IMPACT OF UNOBSERVED
CONFOUNDING, BUT THEY OFTEN REQUIRE STRONG ASSUMPTIONS OR CAN ONLY BOUND THE RANGE OF POSSIBLE BIAS.



MODEL SPECIFICATION

MANY CAUSAL INFERENCE METHODS, SUCH AS REGRESSION ADJUSTMENT AND PROPENSITY SCORE ESTIMATION, RELY ON
CORRECTLY SPECIFYING STATISTICAL MODELS. |IF THE CHOSEN MODEL (E.G., LINEAR REGRESSION) DOES NOT ACCURATELY
REFLECT THE TRUE RELATIONSHIP BETWEEN THE VARIABLES, THE RESULTING ESTIMATES CAN BE BIASED. SENSITIVITY ANALYSES
ARE OFTEN PERFORMED TO ASSESS HOW MUCH THE ESTIMATED TREATMENT EFFECT MIGHT CHANGE IF THE MODEL SPECIFICATION
WERE SLIGHTLY DIFFERENT.

DATA QUALITY AND MEASUREMENT ERROR

THE ACCURACY AND COMPLETENESS OF THE DATA ARE PARAMOUNT. ERRORS IN MEASURING COVARIATES, TREATMENT STATUS,
OR OUTCOMES CAN INTRODUCE BIAS. SIMILARLY, MISSING DATA, ESPECIALLY IF IT IS NOT MISSING AT RANDOM, CAN DISTORT
ESTIMATES. ROBUST METHODS FOR HANDLING MISSING DATA AND ADDRESSING MEASUREMENT ERROR ARE CRUCIAL FOR RELIABLE
CAUSAL INFERENCE.

APPLICATIONS OF CAUSAL INFERENCE FOR TREATMENT EFFECTS

THE PRINCIPLES AND METHODOLOGIES OF CAUSAL INFERENCE ARE BROADLY APPLICABLE ACROSS A WIDE SPECTRUM OF FIELDS,
ENABLING RESEARCHERS AND PRACTITIONERS TO MAKE MORE INFORMED DECISIONS BASED ON EVIDENCE. THE ABILITY TO DISCERN
TRUE CAUSAL RELATIONSHIPS ALLOWS FOR MORE EFFECTIVE INTERVENTIONS AND POLICIES.

HEALTHCARE AND MEDICINE

IN CLINICAL RESEARCH, CAUSAL INFERENCE IS FUNDAMENTAL TO UNDERSTANDING THE EFFICACY AND SAFETY OF NEW DRUGS,
THERAPIES, AND SURGICAL PROCEDURES. WHILE RCTS ARE OFTEN THE PRIMARY METHOD FOR DRUG APPROV AL, OBSERVATIONAL
STUDIES, POWERED BY CAUSAL INFERENCE TECHNIQUES, ARE CRUCIAL FOR UNDERSTANDING LONG-TERM EFFECTS, EFFECTS IN
SPECIFIC PATIENT SUBGROUPS, AND COMPARATIVE EFFECTIVENESS OF TREATMENTS IN REAL-WORLD SETTINGS WHERE ADHERENCE
AND PATIENT CHARACTERISTICS VARY WIDELY. FOR EXAMPLE, ESTIMATING THE CAUSAL EFFECT OF A NEW CANCER TREATMENT
ON SURVIVAL RATES, WHILE ACCOUNTING FOR PATIENT AGE, COMORBIDITIES, AND DISEASE SEVERITY.

EconomMmics AND PusLic PoLicy

ECONOMISTS USE CAUSAL INFERENCE TO EVALUATE THE IMPACT OF GOVERNMENT POLICIES, ECONOMIC INTERVENTIONS, AND
MARKET DYNAMICS. THIS INCLUDES ASSESSING THE EFFECT OF MINIMUM WAGE LAWS ON EMPLOYMENT, THE IMPACT OF
EDUCATIONAL REFORMS ON STUDENT ACHIEVEMENT, THE EFFECTIVENESS OF JOB TRAINING PROGRAMS, OR THE CAUSAL
RELATIONSHIP BETWEEN TRADE AGREEMENTS AND ECONOMIC GROW TH. FOR INSTANCE, UNDERSTANDING THE TRUE CAUSAL IMPACT
OF A \WELFARE PROGRAM ON POVERTY REDUCTION.

SocCIAL SCIENCES AND EDUCATION

IN FIELDS LIKE SOCIOLOGY AND EDUCATION, CAUSAL INFERENCE HELPS RESEARCHERS UNDERSTAND THE EFFECTS OF SOCIAL
PROGRAMS, INTERVENTIONS, AND ENVIRONMENTAL FACTORS ON INDIVIDUAL AND GROUP OUTCOMES. THIS COULD INVOLVE
ESTIMATING THE CAUSAL EFFECT OF EARLY CHILDHOOD EDUCATION ON LONG-TERM ACADEMIC SUCCESS, THE IMPACT OF
MENTORSHIP PROGRAMS ON AT-RISK YOUTH, OR THE INFLUENCE OF NEIGHBORHOOD CHARACTERISTICS ON CRIME RATES. THE
CHALLENGE OFTEN LIES IN THE COMPLEXITY OF SOCIAL SYSTEMS AND THE DIFFICULTY OF CONTROLLING FOR NUMEROUS
INTERACTING FACTORS.



MARKETING AND BUSINESS

BUSINESSES LEVERAGE CAUSAL INFERENCE TO UNDERSTAND THE EFFECTIVENESS OF MARKETING CAMPAIGNS, PRICING STRATEGIES,
AND PRODUCT FEATURES. FOR EXAMPLE, DETERMINING THE CAUSAL IMPACT OF AN ADVERTISING CAMPAIGN ON SALES, THE EFFECT
OF A PRICE CHANGE ON CUSTOMER DEMAND, OR THE INFLUENCE OF WEBSITE DESIGN ELEMENTS ON USER CONVERSION RATES. A/B
TESTING, A FORM OF RANDOMIZED EXPERIMENT, IS A COMMON TOOL, BUT CAUSAL INFERENCE FROM OBSERVATIONAL DATA IS
ALSO VITAL FOR ANALYZING PAST CAMPAIGN PERFORMANCE OR CUSTOMER BEHAVIOR.

MACHINE LEARNING AND Al

IN MACHINE LEARNING, CAUSAL INFERENCE IS INCREASINGLY IMPORTANT FOR BUILDING MORE ROBUST AND INTERPRET ABLE MODELS.
MOVING BEYOND PREDICTIVE ACCURACY TO UNDERSTANDING THE CAUSAL DRIVERS OF OUTCOMES ALLOWS FOR MORE EFFECTIVE
INTERVENTIONS AND FAIRER ALGORITHMS. FOR EXAMPLE, UNDERSTANDING WHY A LOAN APPLICATION IS REJECTED, RATHER THAN
JUST PREDICTING REJECTION, CAN LEAD TO MORE ACTIONABLE INSIGHTS FOR APPLICANTS AND LENDERS. THIS IS PARTICULARLY
RELEVANT IN AREAS LIKE PERSONALIZED MEDICINE, RECOMMENDER SYSTEMS, AND ALGORITHMIC FAIRNESS.

ADVANCED ToPICS AND FUTURE DIRECTIONS

THE FIELD OF CAUSAL INFERENCE IS CONTINUOUSLY EVOLVING, WITH RESEARCHERS DEVELOPING MORE SOPHISTICATED METHODS
TO TACKLE INCREASINGLY COMPLEX PROBLEMS AND A GROWING INTEREST IN ITS INTERSECTION WITH OTHER DISCIPLINES. AS
DATA BECOMES MORE ABUNDANT AND COMPUTATIONAL POWER INCREASES, NEW AVENUES FOR ROBUST CAUSAL DISCOVERY AND
EFFECT ESTIMATION ARE EMERGING.

CausAL DiscoVEery

W/HILE MUCH OF CAUSAL INFERENCE FOCUSES ON ESTIMATING THE EFFECT OF A KNOWN TREATMENT, CAUSAL DISCOVERY AIMS
TO IDENTIFY CAUSAL RELATIONSHIPS FROM DATA WITHOUT PRIOR HYPOTHESES ABOUT WHICH VARIABLES CAUSE WHICH. THIS
INVOLVES ALGORITHMS THAT CAN LEARN CAUSAL GRAPHS OR STRUCTURES DIRECTLY FROM OBSERVATIONAL DATA, REVEALING
PREVIOUSLY UNKNOWN CAUSAL PATHWAYS. THIS IS A CHALLENGING BUT PROMISING AREA FOR GENERATING NEW SCIENTIFIC
HYPOTHESES.

MEDIATION ANALYSIS

MEDIATION ANALYSIS GOES BEYOND ESTIMATING THE DIRECT EFFECT OF A TREATMENT TO UNDERSTANDING THE PATHWAYS
THROUGH WHICH THAT EFFECT OPERATES. |T SEEKS TO IDENTIFY INTERMEDIATE VARIABLES (MEDIATORS) THAT EXPLAIN HOW A
TREATMENT INFLUENCES AN OUTCOME. FOR EXAMPLE, UNDERSTANDING IF A STRESS REDUCTION PROGRAM (TREATMENT)
IMPROVES SLEEP QUALITY (OUTCOME) BY REDUCING ANXIETY LEVELS (MEDIATOR).

HeTEROGENEOUS TREATMENT EFFECTS

MOST CAUSAL INFERENCE METHODS ESTIMATE AVERAGE TREATMENT EFFECTS (ATE) HO\X/EVERI TREATMENTS OFTEN HAVE
DIFFERENT EFFECTS ON DIFFERENT INDIVIDUALS OR SUBGROUPS. ESTIMATING THESE HETEROGENEOUS TREATMENT EFFECTS (HTE)
IS CRUCIAL FOR PERSONALIZED MEDICINE, TARGETED POLICY INTERVENTIONS, AND UNDERSTANDING WHEN AND FOR \WHOM A
TREATMENT IS MOST BENEFICIAL. TECHNIQUES LIKE SUBGROUP ANALYSIS, MACHINE LEARNING-BASED ESTIMATION OF
CONDITIONAL AVERAGE TREATMENT EFFECTS (CATE), AND META-LEARNING ARE IMPORTANT HERE.



DouUBLE MACHINE LEARNING

DOUBLE MACHINE LEARNING COMBINES THE POWER OF MACHINE LEARNING FOR FLEXIBLE FUNCTION APPROXIMATION WITH
TRADITIONAL CAUSAL INFERENCE PRINCIPLES. |T IS PARTICULARLY USEFUL FOR ESTIMATING CAUSAL EFFECTS IN THE PRESENCE OF
MANY CONFOUNDERS OR WHEN THE FUNCTIONAL FORM OF THE RELATIONSHIP BETWEEN VARIABLES IS UNKNOWN. BY USING
MACHINE LEARNING TO “CONTROL FOR” CONFOUNDERS IN A FLEXIBLE WAY, DOUBLE MACHINE LEARNING CAN PROVIDE MORE
ROBUST ESTIMATES OF TREATMENT EFFECTS.

CAuUsAL INFERENCE IN NETWORK DATA

MANY REAL-WORLD PHENOMENA INVOLVE INTERCONNECTED INDIVIDUALS OR ENTITIES, SUCH AS SOCIAL NETWORKS OR SUPPLY
CHAINS. CAUSAL INFERENCE METHODS ARE BEING ADAPTED TO HANDLE THE COMPLEXITIES OF NETWORK DATA, WHERE TREATMENT
ASSIGNMENT AND OUTCOMES CAN BE INFLUENCED BY THE ACTIONS OF NEIGHBORS OR RELATED ENTITIES. THIS IS CRUCIAL FOR
UNDERSTANDING THE SPREAD OF INFORMATION, DISEASE, OR BEHAVIORS WITHIN NET\WORKS.

ExpLAINABLE Al (XAIl) AND CAUSAL REASONING

THE GROWING DEMAND FOR EXPLAINABLE Al SYSTEMS IS CLOSELY LINKED TO CAUSAL INFERENCE. INSTEAD OF JUST PREDICTING
OUTCOMES, Al SYSTEMS ARE INCREASINGLY EXPECTED TO EXPLAIN WHY CERTAIN PREDICTIONS ARE MADE OR WHAT WOULD
HAPPEN IF CERTAIN CONDITIONS WERE CHANGED. CAUSAL MODELS PROVIDE A NATURAL FRAMEWORK FOR BUILDING SUCH
EXPLAINABLE SYSTEMS, MOVING BEYOND CORRELATION TO UNDERSTANDING UNDERLYING MECHANISMS.

THE ONGOING ADVANCEMENTS IN CAUSAL INFERENCE METHODOLOGIES, COUPLED WITH INCREASING COMPUTATIONAL
CAPABILITIES AND THE AVAILABILITY OF RICH DATASETS, PROMISE TO UNLOCK DEEPER INSIGHTS AND MORE EFFECTIVE
INTERVENTIONS ACROSS A MULTITUDE OF DOMAINS. THE FOCUS WILL LIKELY CONTINUE TO SHIFT TOWARDS ESTIMATING
EFFECTS FOR SPECIFIC INDIVIDUALS OR CONTEXTS, UNDERSTANDING COMPLEX CAUSAL MECHANISMS, AND INTEGRATING CAUSAL
REASONING INTO BROADER Al AND DATA SCIENCE PIPELINES.

FAQ

QZ \WHAT IS THE PRIMARY DIFFERENCE BETWEEN CORRELATION AND CAUSATION IN THE
CONTEXT OF TREATMENT EFFECTS?

A: CORRELATION INDICATES THAT TWO VARIABLES TEND TO OCCUR TOGETHER, BUT IT DOESN'T MEAN ONE CAUSES THE OTHER.
CAUSATION IMPLIES THAT A CHANGE IN ONE VARIABLE DIRECTLY LEADS TO A CHANGE IN ANOTHER. IN TREATMENT EFFECTS,
CORRELATION MIGHT SHOW THAT PEOPLE WHO RECEIVED A TREATMENT ALSO HAD A CERTAIN OUTCOME, BUT CAUSATION
MEANS THAT THE TREATMENT ITSELF WAS RESPONSIBLE FOR THAT OUTCOME.

Q: WHY ARE RANDOMIZED CONTROLLED TRIALS (RCTS) CONSIDERED THE GOLD
STANDARD FOR ESTIMATING TREATMENT EFFECTS?

A:RCTs ARE THE GOLD STANDARD BECAUSE RANDOM ASSIGNMENT ENSURES THAT, ON AVERAGE, THE TREATMENT AND CONTROL
GROUPS ARE STATISTICALLY EQUIVALENT IN ALL ASPECTS, BOTH OBSERVED AND UNOBSERVED. THIS MINIMIZES THE RISK OF
CONFOUNDING AND ALLOWS RESEARCHERS TO CONFIDENTLY ATTRIBUTE ANY OBSERVED DIFFERENCES IN OUTCOMES TO THE
TREATMENT ITSELF.



QI W/HAT ARE THE MAIN CHALLENGES WHEN TRYING TO ESTIMATE CAUSAL TREATMENT
EFFECTS FROM OBSERVATIONAL DATA?P

A: THE PRIMARY CHALLENGE IS CONFOUNDING, WHERE UNMEASURED FACTORS INFLUENCE BOTH WHO RECEIVES THE TREATMENT
AND THE OUTCOME. OTHER CHALLENGES INCLUDE SELECTION BIAS, MEASUREMENT ERROR, AND THE FUNDAMENTAL PROBLEM THAT
ONE CAN NEVER OBSERVE THE COUNTERFACTUAL OUTCOME FOR AN INDIVIDUAL.

Q: CAN CAUSAL INFERENCE METHODS PERFECTLY ELIMINATE BIAS FROM OBSERVATIONAL
STUDIES?

A: NO, CAUSAL INFERENCE METHODS AIM TO REDUCE OR MITIGATE BIAS, NOT PERFECTLY ELIMINATE IT, ESPECIALLY WHEN
UNOBSERVED CONFOUNDERS ARE PRESENT. THE EFFECTIVENESS OF THESE METHODS DEPENDS HEAVILY ON THE VALIDITY OF THEIR
UNDERLYING ASSUMPTIONS, SUCH AS IGNORABILITY AND SUT\/AI WHICH ARE OFTEN DIFFICULT TO FULLY VERIFY IN PRACTICE.

QI WHAT IS A PROPENSITY SCORE , AND HOW IS IT USED IN CAUSAL INFERENCE?

A: A PROPENSITY SCORE IS THE PROBABILITY OF AN INDIVIDUAL RECEIVING THE TREATMENT, GIVEN THEIR OBSERVED
COVARIATES. |T IS USED IN METHODS LIKE PROPENSITY SCORE MATCHING AND INVERSE PROBABILITY WEIGHTING TO BALANCE THE
OBSERVED COVARIATES BETWEEN TREATED AND CONTROL GROUPS, THEREBY CREATING MORE COMPARABLE GROUPS FOR CAUSAL
EFFECT ESTIMATION.

Q: How DOES THE CONCEPT OF “POTENTIAL OUTCOMES” HELP IN UNDERSTANDING
CAUSAL INFERENCE?

A: THE POTENTIAL OUTCOMES FRAMEWORK POSITS THAT FOR EACH INDIVIDUAL, THERE ARE AT LEAST TWO POTENTIAL
OUTCOMES: ONE IF THEY RECEIVE THE TREATMENT AND ONE IF THEY DO NOT. THE CAUSAL EFFECT FOR AN INDIVIDUAL IS THE
DIFFERENCE BETWEEN THESE TWO POTENTIAL OUTCOMES. SINCE WE CAN ONLY OBSERVE ONE OF THESE FOR ANY INDIVIDUAL,
CAUSAL INFERENCE METHODS AIM TO ESTIMATE THE AVERAGE DIFFERENCE IN POTENTIAL OUTCOMES ACROSS GROUPS.

: WHAT IS THE “PARALLEL TRENDS” ASSUMPTION, AND IN WHICH CAUSAL INFERENCE
l
METHOD IS IT MOST CRITICAL?

A: THE PARALLEL TRENDS ASSUMPTION IS CRITICAL FOR THE DIFFERENCE-IN-DIFFERENCES (DID) METHOD. IT STATES THAT, IN THE
ABSENCE OF THE TREATMENT, THE AVERAGE OUTCOME IN THE TREATMENT GROUP WOULD HAVE FOLLOWED THE SAME TREND
OVER TIME AS THE AVERAGE OUTCOME IN THE CONTROL GROUP. |F THIS ASSUMPTION IS VIOLATED, DID ESTIMATES WILL BE
BIASED.

QZ How 1S CAUSAL INFERENCE APPLIED IN MACHINE LEARNING?

A: CAUSAL INFERENCE IS APPLIED IN MACHINE LEARNING TO MOVE BEYOND PREDICTION TO UNDERSTANDING THE UNDERLYING
MECHANISMS DRIVING OUTCOMES. THIS INCLUDES BUILDING MORE ROBUST AND INTERPRETABLE MODELS, DESIGNING FAIRER
ALGORITHMS, AND ENABLING INTERVENTIONS BASED ON UNDERSTANDING CAUSE-AND-EFFECT RELATIONSHIPS RATHER THAN JUST
CORRELATIONS. TECHNIQUES LIKE DOUBLE MACHINE LEARNING ARE EXAMPLES OF THIS INTEGRATION.
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