CauSciBench: Can LLMs Automate Causal Inference in Real-World Scientific Research?
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Introduction & Motivation Benchmark Construction Results and Findings
= Causal inference is central to empirical research across domains such as social science, = Performance on real data is lower than on other dataset types. Real data involves more
public health, economics, and biomedicine. variables, increased preprocessing due to the presence of non-numeric values, and
. : : - Real-world Studies more complex research designs.
Groqnd truth causal ﬁfect; are not d|rectly.observab|e, and appropnate causal analysis /Academic ——————— R s e ot o \ D g
requires careful consideration of the scenario, the data-generating process, and the readme doc S Strategy Real QRData-Cl Synthetic
1 ' ' —> summaries using Notebook — . o
assumptions underlying §U|tab|e methods. | | L N ol [IEEE LB N R dsscrpton T NSW proga ... Orect WEBEl 8544 8899
= The need for both domain knowledge and technical understanding has opened the paper 0| 57| 5600 progrem boost earmings?” Col ~ 5375 8839 9160
o - - fle”: "lalonde.csv PoT 49.64  71.79 80.86
22 6000
possibility of using LLMs to automate causal inference. 1 coAct B84 8049 PR
= \We introduce CauSciBench, a benchmark for evaluaﬁng whether LL.Ms can perfgrm If available, obtain the co?e used to generate the Replicalge trr:e code in Reference values Avg. 5400 8203 81.81
: : : : : results ython
end-to-end causal inference: selecting methods and variables, estimating causal effects, e [ e e o | |
and interpreting results in realistic scientific settings. K i‘fozerlejdlésévr(e%oﬁreeﬂz s ?goeqe;tzr?ggls(ure78~tr-eat+ ATE: 2257 (505 / Table 1. Method Correctness (F1 score) of GPT-5-mini across 4 prompting strategies and 3 datasets.
= The main bottlenecks are method selection and control variable selection.
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= The benchmark consists of 300+ queries drawn from (1) real-world publications, (2) o eVt o | > + description to remove — | description": "The CSV fle indp.csv ..... (F1 Score)
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= 03 models show poor code completion rates under reasoning-heavy strategies such as
Sample Query Based on Card (1993) ReAct and ColT, falling below 50%.
Paper Source: Using geographic variation in college proximity to estimate the return to schooling.
Description: The National Longitudinal Survey of Young Men (NLSYM) was conducted to collect data on Experlmental Setup
demographics, education, and employment outcomes. Participants were tracked over time to study long- Key Takeaways
term patterns. The dataset used here comes from the 19/6 wave of the survey. Variables in the dataset: . /ot hod 7\ [ ™
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Figure 1. Sample benchmark instance with color-coded treatment variable, outcome variable, and control Evaluation Metrics: Method Correctness (F1 score), Effect Accuracy (effect within 5% of D. Card, "Using geographic variation in college proximity to estimate the return to schooling,
covariates, along with other attributes including the method (IV), the dataset filename, and the reference value), Variable Selection Accuracy for treatment, outcome, and controls. National Bureau of Economic Research, Working Paper 4483, October 1993.
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