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Purpose: Directed acyclic graphs (DAGs) are critical in epidemiology and public health research for guiding study design and
minimizing bias. Yet, developing DAGs for causal inference requires substantial domain knowledge. Given the vast amounts of
training data for large language models (LLMs), this study assesses the effectiveness of prompt engineering for LLMs to generate
DAGs that depict causal relationships in population health using OpenAl’s GPT-40 and GPT-ol.

Methods: We consider a hypothetical study on statins vs no treatment for prevention of cardiovascular disease in a general adult
population. We assessed four types of prompt engineering strategies: zero-shot, one-shot, instruction based, and chain of thought (CoT)
prompts. Generated DAGs were assessed based on consistency, acyclicity, accuracy of sources, completeness (based on ASCVD risk
score criteria), and adherence to the prompt.

Results: We found that all generated DAGs were acyclic, except for one run using the instruction-based prompt. Additionally, more
than half of the DAGs included 6/7 of the ASCVD criteria, though race was absent from all. Overall, CoT resulted in the most
complete DAGs and one-shot provided the most consistency across runs and adherence to the task in the prompt. The zero-shot prompt
performed notably better on GPT-o1 compared to GPT-40, consistently providing justifications and sources for variable inclusion.
Conclusion: While the findings suggest that LLMs have a baseline capacity to generate DAGs that adhere to basic epidemiological
conventions, we also found several limitations including lack of justification, systematic omission of race, and frequent source
hallucination, highlighting the need for human oversight and expertise. We conclude that contemporary LLMs cannot replace a domain
expert’s judgment but may serve as a brainstorming or pre-analysis tool for DAG development when guided by well-engineered
prompts.
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Introduction
In epidemiology and statistics, there is a fundamental and well-known distinction between predictive modeling and
causal inference: valid causal inference requires subject matter knowledge, prediction does not.

To correctly infer causal relations from nonexperimental data, one must make specific assumptions about the
underlying system and data. These assumptions are untestable and their plausibility must be assessed through an
understanding of the system being studied.' Frequently this subject-matter knowledge is depicted using causal directed
acyclic graphs (DAGs), a fundamental tool in causal inference used to represent assumptions about the causal structure
among variables.*> Developing an accurate DAG requires domain knowledge to ensure that all relevant variables and
their causal relationships are adequately depicted. DAGs are used to inform study design and support decisions about the
specification of the necessary statistical models, such as propensity score models to control confounding® and statistical
models needed to address censoring and missing data.” Two separate researchers working with the same data but using
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different DAGs may arrive at different conclusions about the magnitude and even direction of a particular causal effect.
Only an experiment conducted in the same population could determine which approach was least biased.

Predictive modeling, on the other hand, does not rely on untestable assumptions. It is not concerned with
a mechanistic understanding of a system being studied, only with statistical relationships among variables in the observed
data.® Models are built on training data and evaluated in validation or test data that was not used to initially train the
model. Subject matter knowledge may improve the performance of the predictive model by helping the researcher
identify important predictive factors or specify models, but models can be developed without such knowledge. The
problems addressed by predictive models are diverse and include estimating disease risk,” classifying images,'® and
making predictions about the therapeutic potential of novel compounds.'' The models themselves can be incredibly large
and complex, eg, large language models (LLMs) are predictive models based on deep neural networks that contain
billions of parameters. Although models created for prediction can be used to estimate parameters in causal estimators,
the selection of variables to include in these models still requires subject matter knowledge. This has limited the ability of
automated procedures to assess causality as algorithms would need to be able to access domain knowledge.

The reliance on humans in causal inference may start to change with the emergence of LLMs that have been trained
on vast corpora of text, including academic articles, white papers, web content, news stories, and social media posts.
Given that the training data for these models encompasses a vast amount of domain knowledge, it is reasonable to
wonder whether the models could be prompted to generate the DAGs needed for the design of studies and the
specification of the component statistical models in causal estimators. Indeed, LLMs have shown ability to diagnose
certain challenging diseases'? and pass standardized tests,'® tasks which depend on substantial domain knowledge.

To explore this idea, we attempted to prompt a LLM to develop and justify a DAG to control confounding in
a hypothetical study of statin treatment (versus no treatment) on cardiovascular risk in a population of adults. We
explored how different approaches to prompting the LLM affected various measures of the quality of the resulting output.

Materials and Methods
We assessed the effectiveness of prompt engineering in large language models (LLMs) for generating DAGs to depict
causal relationships in population health using OpenAl’s GPT-40 and GPT-ol.

Test Cases

We consider the case of a hypothetical study of HMG-CoA reductase inhibitors (statins) vs no treatment for prevention of
cardiovascular disease in a general adult population. This scenario is a well-researched topic, allowing us to comprehen-
sively assess GPT’s ability to create DAGs in a scenario where there exists much domain knowledge in the LLM’s
training data.

Prompt Engineering
We assessed four types of prompt engineering strategies:

e Zero-shot, where the model generates responses based on its pre-trained information, without any specific examples
or context provided.

e One-shot, where the model is provided with a set of training examples of the task (n = 1), providing more context to
guide the model."

e Chain of Thought, where the model is prompted to present its process step-by-step before arriving at the final
answer, mimicking a thought process to solve the problem.'”

e Instruction-Based, where the model is provided with step-by-step instructions for completing the task.

In each prompt, an identity is established, and context is given to the LLM through examples. The LLM is then prompted
to develop a DAG for our specified clinical scenario. We tested all prompts on GPT-40, and additionally we tested the
zero-shot prompt on both GPT-40 and GPT-ol to assess differences across model versions given that GPT-ol is
optimized for reasoning tasks.

864 https: Clinical Epidemiology 2025:17



Aziz and Brookhart

In this study, GPT-40 and GPT-o01 were applied without any parameter updates and fine tuning. The test cases are run
solely through textual interactions with the model. We used published exposure-outcome DAGs to provide context for
the one-shot prompt,'® and a published tutorial for the instruction-based prompt.'” The prompts used in the study are
provided in supplementary appendix 1.

Study Design

Each prompt was executed three times across separate instances of ChatGPT to ensure previous conversation history was
not used. This repetitive testing helps identify any anomalies or variations in the model’s performance. To evaluate the
effectiveness of prompt engineering techniques, two researchers reviewed the generated DAGs based on consistency
across runs, acyclicity, accuracy of sources, completeness, and adherence to the prompt. Following the individual
assessments, the reviewers met to discuss their evaluations. Any differences were examined and discussed collabora-
tively. This discussion aimed to achieve a consensus for each evaluated output.

Results

We evaluated LLM output based on consistency across runs, acyclicity, accuracy of sources, completeness, and
adherence to the prompt. Completeness was assessed based on the Atherosclerotic Cardiovascular Disease (ASCVD)
risk score criteria, which evaluates a patient’s 10-year risk of developing cardiovascular disease.'® The score considers
age, gender, race, total cholesterol (TC), high-density lipoprotein cholesterol (HDL), smoking habits, systolic and
diastolic blood pressure, and diabetes. For our evaluation, we counted a DAG as complete if it included cholesterol
levels (covering both total cholesterol and HDL) and hypertension (covering systolic and diastolic blood pressure), in
addition to age, gender, race, diabetes, and smoking habits. All DAGs were independently evaluated by each author. Only
one disagreement occurred, which was resolved through discussion.

Zero Shot Prompt

The zero-shot prompt produced acyclic DAGs across all runs (Figure 1). Runs 1 and 3 were nearly complete, covering 6/
7 ASCVD criteria, while Run 2 covered 5/7 criteria. Race was absent from all generated DAGs and Run 2 also missed
gender. Runs consistently included additional variables like diet and physical activity. The zero-shot prompt produced
inconsistent results across runs. For instance, only Run 1 provided sources, with 8 out of 9 found to be relevant to the
clinical scenario. In contrast, Run 2 lacked any justification, sources, or Python code. The DAGs produced by the zero-
shot prompt primarily focused on confounders and only Run 2 included mediators and risk factors.

One Shot Prompt

The one-shot prompt produced acyclic DAGs across all runs; however, none of the DAGs fully covered the ASCVD
criteria. All runs failed to include race and Runs 2 and 3 also missed cholesterol levels (Figure 2). Each run had
additional variables including income/SES, physical activity, and BMI/obesity. All runs provided sources and python
code for DAG generation, though the number of variables covered, and the accuracy of citations varied. Run 1 provided
10 sources as justification for 9/12 of the included variables. Upon title and abstract review, we found that 10/10 sources
were relevant to the clinical scenario, with 2/10 having either the wrong name, year, or title in the citation. Run 2
provided 10 sources as justification for 7/11 of the variables included. We found that 4/10 of the sources provided did not
exist. Of the remaining 6 sources 2/6 had either the wrong name, year, or title and 4/6 were correct and relevant to the
clinical scenario. Lastly, Run 3 provided 11 sources to justify 10/12 of the variables in the DAG. Title and abstract review
revealed that 9/11 of the sources were relevant to the clinical scenario, and 2/11 did not exist. The DAGs produced by the
one-shot prompt all included variable types in addition to confounders (mediators or risk factors).

Instruction Based Prompt

The instruction-based prompt led to acyclic DAGs in 2/3 of the runs (Figure 3). DAG 3 includes a bidirectional arrow
between statin use and cholesterol levels, creating a cyclic relationship. Since our prompt did not specify whether to
include time varying structures, this bidirectional arrow may reflect a time-varying relationship between statin use and
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Figure | Directed acyclic graph (DAG) generated using a zero-shot prompt in GPT-4o, illustrating confounding pathways between statin use and cardiovascular disease.
Arrows represent hypothesized causal relationships identified by the LLM.
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Figure 2 Directed acyclic graph (DAG) generated using a one-shot prompt in GPT-4o, illustrating confounding pathways between statin use and cardiovascular disease.
Arrows represent hypothesized causal relationships identified by the LLM.
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Figure 3 Directed acyclic graph (DAG) generated using an instruction-based prompt in GPT-4o, illustrating confounding pathways between statin use and cardiovascular
disease. Arrows represent hypothesized causal relationships identified by the LLM.

cholesterol levels. However, acyclicity should have been maintained through temporally indexed nodes. Additionally, all
DAGs failed to include race, and DAGs 2 and 3 also failed to include cholesterol levels and gender respectively. Runs
consistently included additional variables like physical activity and family history. The instruction-based prompt was
inconsistent across runs and did not adhere to the prompt. None of the runs provided sources and only Run 1 provided
any justification and code for the DAG. The DAGs produced by the instruction-based prompt all included variable types
in addition to confounders (mediators or risk factors).

Chain of Thought Prompt

All three runs of the chain of thought prompt produced acyclic and nearly complete DAGs, with all DAGs missing only
race (Figure 4). Additional variables like physical activity and BMI were included in Runs 1 and 2. None of the runs
provided sources, but each included justification for variables and python code to generate the DAG. Overall, the chain of
thought prompt provided consistency across runs, with output following a systematic methodology breaking the task
down into clear steps such as identifying variables, constructing relationships, and implementing the DAG. The DAGs
produced by the chain of thought prompt primarily focused on confounders and only Run 3 included mediators and risk
factors.

GPT-ol Zero-Shot Prompt

The zero-shot prompt run on GPT-ol produced acyclic DAGs across all runs; however, all runs failed to include race and
cholesterol levels (Figure 5). Runs 1 and 3 included additional variables like obesity and family history. All runs
provided python code for DAG generation, though the code produced by Run 3 caused an error and had to be manually
revised to generate the DAG. All runs provided sources and justification for variable inclusion. Run 1 provided 9 sources
as justification for 9/9 of the variables included in the DAG. Upon title and abstract review, we found that 9/9 sources
were relevant to the clinical scenario, with 3/9 having either the wrong name, year, or title in the citation. Run 2 provided
6 sources as justification for 6/6 of the variables and included links to the sources. We found that 1/6 of the sources
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Figure 4 Directed acyclic graph (DAG) generated using a chain of thought prompt in GPT-4o, illustrating confounding pathways between statin use and cardiovascular
disease. Arrows represent hypothesized causal relationships identified by the LLM.
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Figure 5 Directed acyclic graph (DAG) generated using a zero-shot prompt in GPT-ol, illustrating confounding pathways between statin use and cardiovascular disease.
Arrows represent hypothesized causal relationships identified by the LLM.
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provided did not exist. Of the remaining 5 sources 3/5 had either the wrong link, name, year, or title and 2/5 were correct

and relevant to the clinical scenario. Run 3 provided 9 sources as justification for 9/9 of the variables included in the

DAG. 1/6 of the sources provided did not exist, 1/6 had the wrong name, year, or title, and the remaining 4/6 were correct

and relevant to the clinical scenario. The DAGs produced by the zero-shot prompt using GPT-ol primarily focused on

confounders, though all runs included variable types in addition to confounders (mediators or risk factors). Table 1

summarizes the evaluation results across all prompt types and runs.

In our analysis, we found that DAGs generated by all prompt types were acyclic, except for one run using an
instruction-based prompt. Additionally, the DAGs included a significant portion of the ASCVD criteria (7/15 DAGs

Table | Evaluation Results Across Prompt Types and Runs

Technique Criteria Run | Run 2 Run 3
Zero-shot Acyclic v v v
Complete 6/7 (no race) 5/7 (no race, gender) 6/7 (no race)
Additional Physical activity Exercise, diet, family history Diet/physical activity
variables
Sources provided v (Last Name, Year) X° X
Justification for variables v X v
Python code provided v X (provided image of DAG) v
One-shot Acyclic v v v
Complete 6/7 (no race) 5/7 (no race, cholesterol levels) 5/7 (no race, cholesterol levels)

Additional variables

Healthcare access, income level,
obesity, diet, family history, physical
activity

LDL cholesterol, exercise, BMI, income
level, medication adherence, medical
visits

Adherence to therapy, diet, SES,
physical activity, family history,
BMI

Sources provided

v (author, year, title) for 9/12
variables

v (author, year, title) for 7/11 variables

v (author, title, year) for 10/12
variables

Justification for variables v v v

Python code provided v v v
Instruction based | Acyclic v v X

Complete 6/7 (no race) 5/7 (no race, cholesterol levels) 5/7 (no race, gender)

Additional BMl/obesity, adherence, physical Physical activity Diet, family history, exercise

variables activity, family history

Sources provided X X X

Justification for variables v X X

Python code provided v X (provided image of DAG) X (provided image of DAG)
Chain of thought | Acyclic v v v

Complete 6/7 (no race) 6/7 (no race) 6/7 (no race)

Additional variables Physical activity, BMI, SES Obesity, diet and exercise None

Sources provided X X X

Justification for variables v v v

Python code provided v v v

(Continued)
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Table 1 (Continued).

Technique Criteria Run | Run 2 Run 3
Zero-shot (ol) Acyclic v v v
Complete 5/7 (no race, cholesterol levels) 5/7 (no race, cholesterol levels) 5/7 (no race, cholesterol levels)
Additional variables Obesity, family history, SES None Obesity, family history, physical
activity
Sources provided v (author, year, title) for 9/9 v (author, year, title, link) for 6/6 v (author, year, title) for 9/9
variables variables variables
Justification for variables v v v
Python code provided v v v (incorrect)

Notes: */ - Meets criteria; ®X — Does not meet criteria. (Source: Authors’ analysis based on model output).

included 6/7 of all ASCVD criteria). However, race was absent from all DAGs. All prompt runs provided code or DAG
images with the exposure and outcome denoted by color as specified in the prompt. The zero-shot (GPT-o1), one-shot,
and chain of thought prompts provided the most consistency across runs, including justification and python code in all
runs. However, the code provided from one run using a zero-shot prompt (GPT-01) required manual correction to run.
Only the zero-shot (GPT-o1) and one-shot prompt provided sources consistently, though the number of sources and the
accuracy/existence of the sources varied significantly. In addition to prespecified evaluation criteria, we found that chain
of thought and zero-shot output mostly focused on confounders while one-shot and instruction based included mediators
and risk factors consistently. Overall, chain of thought resulted in the most complete DAGs and zero-shot (GPT-01) and
one-shot provided the most consistency across runs and adherence to the task in the prompt.

Discussion

Our study investigated the capability of LLMs to generate the DAGs that are needed to estimate causal effects in non-
experimental settings. We compared the performance of different approaches to prompt engineering for DAG creation
and examined the performance of a “reasoning model” (GPT-o1), which solves the task by breaking it down into several
sequential sub-tasks. Our findings suggest that while contemporary LLMs can extract relevant elements of domain
knowledge and generate valid DAG structures, their outputs remain incomplete and inconsistent. This work adds to
a growing body of literature on the use of AI/LLMs for causal discovery.'” Past research has focused on using LLMs for
iterative causal graph discovery by querying the LLM to identify pairwise causal relationships, which introduces in
computational and scalability challenges.”*>* Our approach instead focuses on advancing prompt engineering to guide
the LLM in generating a comprehensive DAG directly, avoiding the need for iterative prompting.

Using multiple approaches to prompt engineering, we found that LLMs could consistently generate graphs that are
acyclic, as required, and incorporate key variables that are present in a commonly used cardiovascular disease risk score.
The chain-of-thought and one-shot prompts yielded the best results overall. They generated more complete DAGs,
included justification for the directed edges in the graph, and produced more consistent output across runs. This aligns
with recent work on prompt engineering that demonstrated that structured prompting techniques significantly enhance
LLM performance on complex reasoning tasks.'*'> As LLMs improve and become optimized for reasoning capabilities,
their ability to generate accurate DAGs with more minimal prompting may improve. The zero-shot prompt performed
notably better on GPT-01 compared to GPT-40, consistently providing justifications and sources for variable inclusion.

We observed that the LLMs were often able to propose plausible multi-node causal pathways. For example, a one-shot
run identified two 4-node paths (socioeconomic status - > diet -> LDL levels -> cardiovascular risk and socioeconomic
status - > physical activity -~ BMI -> cardiovascular risk). However, these more complex causal paths were not consistently
identified by the models. This reinforces the notion that while LLMs may be valuable tools for generating preliminary
causal structures, expert oversight is essential to refine and validate these pathways to ensure plausibility and completeness.
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Across all prompt engineering strategies, race was consistently omitted, despite being a component of the cardiovascular
risk score. The systematic exclusion of race has important ramifications that would likely yield biased results due to obscured
causal pathways. This is especially relevant in ASCVD research, where well-documented health disparities are present.
Human expertise is, therefore, essential to ensure that key social determinants of health are not systematically excluded from
causal diagrams proposed by LLMs. The exclusion of race raises concerns about the applicability of LLM-generated DAGs
for causal inference in health disparities research, where accounting for social determinants of health is critical.

Another major limitation was the reliability of sources. The one-shot and GPT-ol zero-shot prompts attempted to provide
references, but many citations were either hallucinated or inaccurate. This finding aligns with prior research indicating that LLMs
often fabricate sources while maintaining syntactically plausible citations, an issue that has been observed in attempts to use LLMs
in systematic review,” and discussed more generally as a challenge of using LLMs for academic research.?* These hallucinations
present a significant barrier to integrating LLMs into scientific workflows without additional validation mechanisms.

Our findings should be considered in light of the study’s limitations. We acknowledge that the study was limited to
a single clinical scenario (statins vs no treatment on cardiovascular disease prevention), impacting the generalizability of
the results. While this is a widely studied scenario allowing for a comprehensive evaluation of the generated DAGs, the
results may vary for less studied treatment contrasts where the LLM training corpus contains less information.
Furthermore, our analysis did not explicitly evaluate the generated DAGs for fairness or bias propagation from social
and historical biases potentially embedded in the model’s training data which may compromise the equity of downstream
applications. Additionally, the low number of reviewers (N=2) introduces the potential for subjectivity in the evaluation.

Several avenues for further research could improve the utility of LLMs for causal inference. First, expanding testing to
less well-studied scenarios would assess whether LLMs can generalize beyond deeply researched topics like statin use and
cardiovascular disease. Second, refining prompt engineering strategies may improve output consistency and completeness.
Future work could also investigate integrating external structured knowledge sources, such as curated medical ontologies
(eg, UMLS, MeSH) to enhance the factual reliability of LLM outputs. Relatedly, further research is needed on mitigating
hallucinated references, including exploring hierarchical knowledge bases as a potential solution. Additionally, comparing
results across different LLM architectures and fine-tuned models optimized for biomedical reasoning (eg, BioBERT, Med-
PaLLM 2) could provide insights into model-specific strengths and weaknesses. Finally, future work should address fairness
in LLM-generated causal models to ensure the responsible application of Al within epidemiological research.

Conclusion

While our findings indicate that current LLMs can assist in structuring DAGs and summarizing aspects domain knowledge, they
are not reliable enough to replace human subject matter experts. Current LLMs could serve as a useful adjunct, assisting research
teams with DAG development by identifying overlooked causal connections. However, with contemporary LLMs, rigorous
human validation remains essential to ensure methodological soundness and prevent the propagation of biases and use of
incomplete causal frameworks. Looking ahead, these findings support using LLMs within a human-in-the-loop workflow that
pairs automated DAG development with checks to verify sources and ensure the graphs consider fairness and equity.
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