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ABSTRACT 

Our industry perhaps has the deepest understanding of the statement, correlation does not imply 
causation. Causal claims are directly actionable for policy implementation in a way that traditional 
association-based claims might not be. This leaves us with a rather glaring and consequential question: 
how can we infer causation? As the evolution of technology and methods grows, we find ourselves at an 
exciting time for innovation and potential to exponentially impact causality in our industry.  

This paper outlines an applied framework for performing causal analysis on observational data in SAS 
Viya, leveraging automation with the trusted logic in SAS and novel open-source packages. Researchers 
can now robustly analyze causal inference in real world data, as well as visually analyze the insights 
generated by the best-in-class analytics on an end-to-end platform. Moreover, a low-code-no-code and 
programming interface allows easier collaboration for research study teams to access advanced analytics 
like machine learning models to generate evidence for a regulatory dialogue. This solution allows 
epidemiologists and researchers to assess real time what-if scenarios and comparisons to generate 
intelligence more quickly. 

INTRODUCTION 

PUBLISHED EXAMPLE  
Consider the question, “Does smoking cessation cause weight change?” Framed as an associational 
question, this becomes, “Are smoking cessation and weight change associated?” In contrast, a causal 
inference approach asks, “Would the same weight change occur in the absence of smoking cessation as 
was observed when individuals quit smoking?” Smoking is a major public health concern, contributing to 
many chronic diseases and long-term changes in body weight.1-4 Being overweight or obese is linked to 
increased chronic health risks and higher all-cause mortality.5-7 Understanding how smoking cessation 
affects weight change is therefore important for public health research and for informing clinical 
guidelines. This study uses observational, cross-sectional data from the US National Health and Nutrition 
Examination Survey (NHANES) to estimate the causal effect of smoking cessation on weight change 
while adjusting for confounding factors, following the framework outlined in the textbook What If by 
Hernán and Robins. 

ORIENTATION FOR CAUSAL INFERENCE 
Causality describes a relationship wherein one event, the cause, directly influences another, the outcome, 
such that the outcome would not have occurred without the cause.8 Causal inference is the process of 
determining whether such a relationship exists between variables in the general population and 
quantifying its strength.8 

WHAT IS THE DIFFERENCE BETWEEN CAUSAL INFERENCE AND STATISTICAL 
ANLYSIS 

QUESTIONS 
Statistical analysis and causal inference address different questions. Statistical analysis focuses on 
observed associations, examining the joint distribution of variables to answer associational questions.9,10 
In contrast, causal inference tackles counterfactual “what-if” scenarios, asking how outcomes would 
change under alternative conditions or interventions.9 Because the same data distribution can align with 
multiple causal structures, answering causal questions requires knowledge of the underlying data-
generating process, formalized through constructing a causal model and asserting causal assumptions.9 
The key distinction is that while statistical analysis describes observed associations, causal inference 
explains what would have occurred under different, hypothetical circumstances. 
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POPULATIONS 
Figure 1 taken from What If by Hernán and Robins, helps to illustrate the difference in considered 
populations between causal inference and statistical analysis in a general cross-sectional example.11 
Consider the question: “Is the risk of outcome the same for treated and untreated individuals?”, where Y 
denotes outcome and A defines treatment assignment. 

Statistical analysis and causal inference differ also in the populations they conceptually compare. 
Statistical analysis divides the observed sample into treated and untreated groups, then compares 
average outcomes between these real individuals—Person X versus Person Z—using the data we 
have.11,12 In contrast, causal inference imagines the same population under two hypothetical scenarios: 
everyone treated and everyone untreated.11 Conceptually, it compares Person X under treatment to that 
same Person X had they not been treated, which requires defining potential outcomes for each individual 
for each exposure condition.11 Because only one outcome is observed for each person, one potential 
outcome is counterfactual and unobservable, making causal inference fundamentally a problem of 
missing data. While statistical analysis could, in principle, observe more data through additional sampling, 
causal inference uses observed data and assumptions to learn about outcomes that can never be directly 
observed.12 

 
X (Observed) X (Hypothetical)   X (Observed) Z (Observed) 

Figure 1. Illustration of the Populations Considered in Causal vs. Associational Statistics 

Figure 1 was captured from What If by Hernán and Robins, see reference 11. 

 

ASSUMPTIONS 
The final key distinction lies in the assumptions each approach makes. Associational assumptions are 
testable in principle, given a sufficiently large sample size.9,13 These include assumptions about 
distributions or model structures, such as normality, linearity, and independence. Causal inference, on the 
other hand, requires additional assumptions beyond those of standard statistical analysis. These causal 
assumptions allow an observational study to be conceptualized as a conditionally randomized 
experiment.11 

WHY DO WE DO CAUSAL INFERENCE INSTEAD OF STATISTICAL ANALYSIS 

We use causal inference when we want to understand the effect of an intervention, not just whether 
variables are related. Statistical analysis only identifies associations, while causal inference asks what 
would happen if conditions changed—making it more actionable for research, policy implementation, and 
medicine than statistical analysis.14,15 For example, “Smoking cessation is associated with weight change” 
describes correlation, but a causal claim like “Smoking cessation causes a 3-pound weight increase 
compared to not quitting” explains the impact of intervention and supports decision-making. 
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WHY IS CAUSAL INFERENCE DIFFICULT? 

UNOBSERVABLE DATA 
Causal inference is often described as a problem of missing data. As previously noted, it conceptually 
compares the same population under two hypothetical exposure conditions. This framework yields two 
potential outcomes for each individual: one observed, and the other—the counterfactual—unobservable. 
This is the fundamental problem of causal inference: we can never observe both potential outcomes for 
the same individual at the same time.16 

ASSOCIATION ≠ CAUSATION 
Mentioned earlier, traditional statistical analysis focuses on associational questions, whereas causal 
inference addresses counterfactual questions. This distinction leads directly to a familiar problem: 
association is not the same as causation. The presence of an association alone is insufficient to establish 
a causal relationship. Association and causation are defined with respect to different underlying 
populations, and an observed association may reflect phenomena other than a causal relationship, such 
as bias or confounding.16-21 

TO IMPLY CAUSATION 
Establishing causality requires conditions beyond an observed association between two variables.17,20,21 
Satisfying these conditions amounts to making appropriate assumptions, including identifying 
assumptions that imply the causal effect is measurable from observed data. This process of identification 
will be elaborated on in the next section. 

COMMON CAUSAL TASKS 

DIRECTED ACYCLIC GRAPHS (DAGS) 
Directed acyclic graphs (DAGs) visualize assumed relationships among variables included in the system 
as nodes linked through one-way directed arrows which form no loops or cycles.11,22-31 They clarify causal 
pathways in complex studies, informing study design by making causal assumptions explicit.11,22-31 By 
explicitly showing pathways, DAGs help identify confounders, mediators, and colliders, guiding the 
selection of covariates to control confounding and improve causal estimates.11,22-31 DAGs also provide a 
means of visually assessing potential biases in causal inference.24-26,30 Using a DAG helps to bridge gaps 
in bias assessment by identifying biases from all sources, including data selection, study design, and 
analysis method.32 

IDENTIFICATION 
Identification determines whether the causal estimand—such as the average treatment effect (ATE) in 
this case—can be expressed using observed data.11,33 When the identifying assumptions underlying 
causal analysis hold, it implies that the observed effect is the only possible effect that could have arisen 
given the data; if identification fails, the analysis remains associational.11,34 This process is complicated by 
the fundamental problem of causal inference: we cannot observe both potential outcomes for the same 
individual at the same time.34 As a result, causal inference operates at the population level, comparing 
averages rather than individual outcomes.11 In causal identification, the goal is to prove that it is possible 
to express the causal estimand as a function of the observed data, a task complicated by the very nature 
of this fundamental problem. To justify that the causal estimand is identifiable from our data, certain 
causal identification assumptions must be asserted.34  

• Positivity: There is a nonzero probability that individuals in the observed data receive every level 
of exposure for each combination of values for included covariates.35-38  

• Consistency: The exposure is defined well enough that on the individual level, there are no 
multiple versions of the exposure leading to different potential outcomes.39-41 

• No Interference: An individual’s treatment status has no impact on the potential outcomes for any 
other individual.37,41 

• Exchangeability: For all levels of exposure, the potential outcomes are independent of the 
exposure assignment conditional on the observed covariates.37,42 
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Taken together, these assumptions allow us to assert that the exposed and unexposed groups are 
identical in all respects, whether observable or unobservable, except for their treatment assignments.37,41-

43 This allows us to assert that, under these assumptions, our observed data identifies the causal 
estimand, which may be interpreted as reflecting a true causal relationship.11,33,34 

EFFECT ESTIMATION 
Effect estimation quantifies the impact of an exposure on an outcome across a population. After 
consulting a casual diagram, and once the causal parameter is identified, statistical methods are used to 
estimate its magnitude, providing insight into how changes in treatment would influence outcomes at the 
population level. 

CAUSAL INFERENCE ACROSS PROGRAMMING LANGUAGES 

Today, researchers and practitioners employ a range of options for conducting causal inference analyses, 
including using different general programming language platforms, which each offer different strengths or 
specific functional capabilities within the causal inference framework.  

We found that SAS excels through its advanced computational capabilities combined with user-friendly 
interfaces that make it accessible to a wide range of users. It inherently has automated analytics 
frameworks, machine learning pipelines, and other programming languages built into the platform, 
enabling the development of workflows tailored to specific research questions. Additionally, SAS has 
strong data handling capabilities and built-in procedures for causal inference. 

Python is an open-source language with a large, active user community and extensive documentation. It 
provides specialized libraries for causal inference, along with flexible visualization and customization 
options, and enables machine learning packages and broader automated analytics frameworks. However, 
compared to SAS, Python is a language with emerging packages being explored by some regulators. The 
following section provides an overview of the Python-based causal inference packages evaluated in 
comparison to the corresponding SAS procedures. 

PYTHON PACKAGE – CAUSAL LEARN 
Causal-learn is a Python library for causal discovery in observational data, providing a range of classical 
and modern algorithms to learn causal structure directly from data. It supports constraint-based methods 
(e.g., PC), score-based methods (e.g., GES), and functional causal model approaches such as LiNGAM, 
with LiNGAM uniquely producing a fully oriented DAG suitable for downstream identification and effect 
estimation. Originally developed in 2021 by researchers affiliated with Carnegie Mellon University, 
Causal-learn is actively maintained and continues to evolve with regular releases.44 

PYTHON PACKAGE – DOWHY 
DoWhy is an end-to-end Python library for causal inference that integrates causal identification and effect 
estimation within a single, unified framework. It supports standard identification strategies such as 
backdoor, frontdoor, general adjustment, and instrumental variables, and offers a broad range of 
estimation methods, including regression, propensity score techniques, and doubly robust estimators. 
Developed at Microsoft Research in 2019 and actively maintained, DoWhy is widely adopted for applied 
causal analysis due to its flexibility, strong theoretical grounding, and extensive documentation.45,46 

EXAMPLE 

This example demonstrates effect estimation using SAS Viya to assess whether quitting smoking causes 
weight change, while appropriately adjusting for confounders. It is implemented as an interactive 
dashboard, leveraging native SAS procedure code as well as Python packages through embedded SAS 
Jobs. At each step in the dashboard, embedded SAS Jobs allow users to specify model inputs - such as 
exposure and outcome variables - providing an easy, low code way to control the underlying code being 
executed in a reproducible manner. 
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CONSTRUCT A CAUSAL DIAGRAM 
Causal analyses begin by constructing a DAG to visualize the relationships among variables, particularly 
how they relate to the exposure and outcome. This helps identify confounders that must be controlled to 
obtain unbiased effect estimates. A DAG can be created manually or generated algorithmically using 
either SAS’s PROC CAUSALDISCOVERY or Python’s CAUSALLEARN (Figure 2; Figure 4). These 
methods each produce an Estimated Adjacency Matrix that describes the learned structure of the DAG 
through parent-child relationships among variables (Figure 3; Figure 5). 

 

 

Figure 2. Effect Estimation Dashboard: Proc CausalDiscovery Page 

 

 

 

Figure 3. PROC CAUSALDISCOVERY Output: Estimated Adjacency Matrix  
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Figure 4. Effect Estimation Dashboard: CausalLearn Page  

 

 

 

Figure 5. CausalLearn Output: Estimated Adjacency Matrix   

 

These causal diagram construction methods in the Effect Estimation dashboard help identify the structure 
of a causal diagram but do not generate a visual DAG, so this analysis is supplemented with a manual 
construction method. A detailed description of this manual approach is provided in the linked GitHub 
page. 

The completed causal diagram (Figure 6) summarizes the relationships among variables in the data and 
can reveal structures not evident from statistical analysis alone. In the smoking cessation example, the 
DAG confirmed Age, Sex, and Years Smoked as confounders and additionally identified Exercise as a 
confounder because it influences both quitting status and BMI, which affects weight change. A 
subsequent statistical review supported this finding, illustrating how DAGs help uncover complex 
dependencies that may be missed by traditional analyses alone. 

https://github.com/Laura-Watson_sasinst/Causal-Inference/blob/main/Manual%20Construction%20of%20Directed%20Acyclic%20Graph.md
https://github.com/Laura-Watson_sasinst/Causal-Inference/blob/main/Manual%20Construction%20of%20Directed%20Acyclic%20Graph.md
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Figure 6. Manually Constructed Causal Diagram of NHANES Example 

 

CAUSAL IDENTIFICATION 
The next step, Identification, verifies whether the average treatment effect can be estimated from the 
observed data, moving the analysis beyond traditional associational methods into causal inference. SAS 
performs causal identification and estimation as separate steps using dedicated procedures, whereas the 
Python DoWhy package carries out identification and estimation jointly within one integrated process. 

 

 

Figure 7. Effect Estimation Dashboard: Causal Graph Page 

The SAS approach to causal identification is PROC CAUSALGRAPH (Figure 7). The procedure takes the 
defined causal diagram from either the manual construction process, PROC CAUSALDISCOVERY, or 
CAUSALLEARN, then evaluates the graph—given the user specified exposure and outcome—to identify 
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covariate adjustment sets for unbiased effect estimation.47 The key output is the covariate adjustment set 
table (Figure 8); finding at least one adjustment set indicates that the average treatment effect is 
identifiable when those variables are controlled for as confounders. 

 

 

Figure 8. PROC CAUSALGRAPH Output: Covariate Adjustment Sets 

 

From PROC CAUSALGRAPH two minimally sufficient adjustment sets are reported for the manually 
generated diagram. The second set aligns exactly with the manually selected confounders—Age, 
Exercise, Sex, and Years Smoked—providing additional support for that confounder selection. This 
establishes identification, confirming that the average treatment effect is estimable from our data. 

 

 

Figure 9. Effect Estimation Dashboard: DoWhy Page 
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Figure 10. DoWhy Output: Identification Methods 

 

The Python approach to causal identification is integrated directly into the DoWhy framework with causal 
estimation. DoWhy incorporates user specified confounders and instrumental variables, defined as 
variables that point only to the exposure in the causal diagram, which are identified for users through 
SAS’s PROC CAUSALDISCOVERY or Python’s CAUSALLEARN (Figure 9). The framework then 
evaluates several identification strategies and summarizes in the Identification Method Table which 
approaches can or cannot identify the causal estimand (Figure 10). When the required assumptions for a 
given method appear in the table, that method is considered sufficient to establish identification, provided 
those assumptions are met—typically by adjusting for the listed confounders, which is done automatically 
by DoWhy in effect estimation. 

For our example DoWhy identified several methods—backdoor, instrumental variables (IV), and general 
adjustment—as sufficient to establish identification for our analysis, while the frontdoor criterion was 
determined to be insufficient. In principle, any of the sufficient identification strategies could be paired with 
an appropriate estimator, such as a doubly robust or general regression estimator, for effect estimation 
within the DoWhy framework. In our implementation, we rely on the doubly robust estimator in 
combination with the backdoor identification method. As such, confirmation that the backdoor criterion is 
sufficient to identify the causal estimand ensures that our analysis can proceed. 

 

EFFECT ESTIMATION 
In the final step, the treatment effect is estimated as the difference in predicted outcomes across the 
population under each treatment level. This can be done with SAS using the PROC CAUSALTRT 
procedure, which integrates a propensity score model and an outcome regression model into a pair of 
estimating equations to compute the average treatment effect (Figure 11). PROC CAUSALTRT runs 
through all supported causal inference methods, producing predicted outcomes by treatment level, 
average treatment effect estimates, propensity scores, and related statistical results. The main output is 
the Analysis of Causal Effects table (default method: AIPW), which reports all these statistical outputs 
(Figure 12). A summary table in the Effect Estimation dashboard also compiles average treatment effect 
estimates and confidence metrics across all methods (Figure 13). 

In the smoking cessation example, Figure 8 and Figure 9 show an AIPW estimated average treatment 
effect of 3.37 kg, indicating that quitting smoking leads to roughly a 3.4 kg long term weight gain after 
adjusting for confounders.  

Effect estimation is performed automatically when using the Python DoWhy package (Figure 9). Our 
implementation relies on a doubly robust estimator, which internally and automatically specifies both a 
propensity score model and an outcome model for the input data. It uses the backdoor identification 
method to adjust for the user provided confounders. DoWhy returns a table that reports the estimated 
causal effect along with associated confidence measures (Figure 14). 
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Figure 11. Effect Estimation Dashboard: CausalTrt Page 

 

 

Figure 12. PROC CAUSALTRT Output: Analysis of Causal Effects AIPW 

 

 

Figure 13. PROC CAUSALTRT Output: Analysis of Causal Effects Summary 
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Figure 14. DoWhy Output: Effect Estimate Measures 

 

For the NHANES example, DoWhy reported a causal effect estimate of 3.15, indicating that smoking 
cessation leads to an approximate 3.15 kg increase in weight compared with not quitting after adjusting 
for confounders. This estimate aligns with the range of results included in SAS’s PROC CAUSALTRT 
Analysis of Causal Effects Summary table. Notably, both the SAS and Python analyses provide 
consistent evidence that smoking cessation results in a meaningful increase in weight. With these 
findings, the causal effect estimation analysis is complete, though additional visualizations could still be 
explored. 

 

SUMMARY OF FINDINGS 

ARE THE METHODS DIFFERENT? 
SAS and Python support the core causal inference tasks—discovery, identification, and estimation—but 
differ in their methodology. For causal discovery, Python’s Causal learn offers a set of structure learning 
algorithms, including PC, GES, and LiNGAM, with LiNGAM uniquely producing a fully oriented DAG. In 
contrast, PROC CAUSALDISCOVERY in SAS focuses on two algorithms (TOP and MCV) designed for 
reliability and interpretability in regulated environments, with TOP as the default. 

Differences also arise in causal identification. DoWhy relies primarily on covariate adjustment strategies 
such as backdoor and general adjustment, whereas PROC CAUSALGRAPH supports a wider range of 
identification approaches, including constructive backdoor, general backdoor, and instrumental variable 
methods, using constructive backdoor as the default. 

Finally, while both SAS and DoWhy use doubly robust estimators for effect estimation, DoWhy does not 
support effect modifiers. SAS explicitly accommodates instruments, confounders, and effect modifiers 
within the causal structure, providing greater flexibility in model specification. 

ARE THE PROCESSING STEPS DIFFERENT? 
While SAS and Python follow the same high level causal workflow—discovery → identification → 
estimation, they differ in downstream processing and visualization support. In SAS, outputs from causal 
procedures are natively structured for post estimation visualization, including propensity scores, weights, 
and potential outcomes, enabling immediate exploratory analysis with minimal additional effort. In 
contrast, Python based workflows require additional post processing to generate comparable 
visualizations, such as manually constructing datasets for propensity scores, weights, or potential 
outcomes. Because DoWhy does not estimate individual level potential outcomes by default, achieving 
similar post estimation visualizations typically requires extra coding and data preparation compared with 
SAS. 

WHEN SHOULD YOU USE EACH LANGUAGE? 
At the level of core procedural code—independent of the low code SAS Job interface—SAS is generally 
more user friendly, particularly for users who are new to causal inference, programming, or both. Its 
documentation is clear, comprehensive, and centralized, making it easier to adopt and interpret correctly 
than the more fragmented Python ecosystem, which spans GitHub repositories, PyWhy resources, and 
third party publications. This reflects SAS’s long standing investment in developing a mature, well 
documented analytical environment that supports users across a wide range of experience levels. 
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CONCLUSION 

This work introduced the foundational principles of causal inference and demonstrated how these 
methods can be systematically implemented and integrated in SAS Viya using both SAS procedures and 
Python-based open source libraries. While Python offers flexibility, extensive community resources, and 
specialized packages for causal inference, SAS continues to set a high standard for reliability, 
interpretability, and regulatory readiness—particularly in regulatory environments where methodological 
transparency and reproducibility are essential. By providing robust built in procedures, integrated 
visualization capabilities, and clear, consolidated documentation, SAS enables developers and 
researchers to meet consistent analytical standards and to make informed decisions about the most 
appropriate tools and workflows for their specific research needs. Together, SAS and Python provide 
complementary options within SAS Viya, empowering users to leverage automation, advanced analytics, 
and flexible programming paradigms to generate high quality causal evidence in an efficient, end to end 
environment. 
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