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Where were we a year ago?

“A lot of jobs will go away”
Sam Altman, 2025

“I'm delighted to be wrong about this.”
Sam Altman, 2026

https://www.reuters.com/world/asia-pacific/openais-altman-says-ai-unlikely-lead-jobs-apocalypse-2026-05-26/ 
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Prompting the Professoriate
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• 42 instructors, 33 institutions, 9 countries, June and July 2025.


• LLMs as inevitable classroom tools—comparable to calculators.


• Others worry about de-skilling, misplaced confidence, and uneven integration 
across institutions. 


• Around 58% have already introduced demonstrations, guided activities, or 
made extensive use of LLMs in their courses.


• 31% have not used LLMs to teach students and do not plan to.

A Qualitative Study of Instructor Perspectives on LLMs in Data Science Education

https://doi.org/10.1162/99608f92.c8780a45 
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https://en.wikipedia.org/wiki/Florence_Nightingale11



12 https://www.nber.org/papers/w35275 and Financial Times

https://www.nber.org/papers/w35275


13https://mlq.ai/media/quarterly_decks/v0.1_State_of_AI_in_Business_2025_Report.pdf
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Same Prompt, Different Outcomes: Evaluating the Reproducibility of Data 
Analysis by LLMs

Question: LLMs can do many aspects of data science, but is their analysis 
reproducible?


Method: 
1. We develop an evaluation task. 

2. We use the many-analysts paradigm to evaluate how three LLMs 

approach an identical data science task..


Answer: Substantial variation in how different LLMs approach data cleaning, 
variable definition, and statistical analysis, even with identical instructions.
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So can we trust a single answer?



Background

• Normal social science:


• Different scholars, evaluate different datasets.


• Find differences! 😊

Many-analysts paradigm
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• Many-analysts studies:


• Different scholars, evaluate the same dataset.


• Still find differences! 😢



Background

• Set-up:


• Do soccer referees give more red cards to dark skinned players?


• 29 research teams were given identical data.


• Results:


• Effect sizes (odds ratios) ranging from 0.89 to 2.93.


• 20 teams found a statistically significant effect.


• 9 teams found no significant relationship.

Silberzahn et al. (2018)
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Our set-up

• Which government branch in New 
Brunswick most frequently reappoints 
past appointees, and is this trend 
increasing or declining?


• To answer this an LLM must do:


• data integration,


• variable construction, and


• statistical analysis.
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Key takeaways

• Output differs even between executions with the same settings, and that the 
results can be different to that of a human.


• Our results demonstrate the need to run many executions of the same task 
when conducting data analysis with LLMs. 


• Different models performed differently, and so our results also emphasize the 
importance of running any data analysis with models from at least two 
different providers.


• That all said, the estimates from the LLMs tended to differ in particular ways. 
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https://arxiv.org/abs/2503.1449924

How you evaluate matters



Benchmarking AI Performance on End-To-
End Data Science Projects

Question: Can generative AI models generate end-to-end data science 
projects?


Method: 

1. Create a benchmark of 40 end-to-end marked data science projects.

2. Develop an automated grading pipeline.

3. Systematically evaluate six generative AI models on the quality of the data 

science projects.


Answer: It varies considerably by model. Most recent models did well on 
structured tasks, but there were considerable differences on tasks that needed 
judgment.

25 https://arxiv.org/abs/2602.14284



Approach

1. Benchmark construction


2. Auto-grader development and validation


3. Project generation pipeline

26 https://arxiv.org/abs/2602.14284



Benchmark construction

• To construct our benchmark we collect 40 projects completed by university 
students, anonymize them, and then develop a 17-category rubric and two 
human experts use that to mark each project and then resolve any 
differences.


• The task is to complete a data analysis project using data from Open Data 
Toronto. 


• This task is adapted from an upper-year undergraduate assignment at the 
University of Toronto.

Based on student projects

27 https://arxiv.org/abs/2602.14284



Benchmark construction

• Each project must include Python scripts to:


• Download a dataset from Open Data Toronto. 


• Clean and prepare the data. 


• Test the dataset for obvious issues.


• The paper itself is written as a Quarto document which compiles to a PDF. 

Expectations
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Auto-grader development and validation

• Assessing the projects generated by the generative AI models in a consistent, 
scalable way required developing and validating an auto-grader.


• We use LLM-as-a-judge with per-category evaluation.


• Our benchmark calibrates the auto-grader. 


• This resulted in an automated grading pipeline.

Calibration
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Project generation pipeline
Each step is a separate API call

31



Example generated papers
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The good



Example generated papers
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The bad



Performance, overall
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Performance, by rubric evaluation type
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Performance, by rubric category
Three best performing models
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Key takeaways
• Even the best current frontier models still require human oversight. 


• The capacity to generate high-quality end-to-end data science projects differs 
across frontier models. 


• But comparing two models from OpenAI, one on the frontier and the other a 
year old, it is possible that continued development could change this in the 
next few years.


• We need considerably more domain-specific benchmarks.


• Getting zero on cross-references suggests a failure to understand Quarto 
syntax even when there were explicit instructions and examples.


• The best models scored similar to an A-/B+ undergraduate mark.
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But don’t take my word for it!

“...overconfidence and 
poor strategic judgment 
in distinguishing high-
value ideas from 
implausible ones” 

(Mythos model card, p. 26)
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What has changed?

1. The importance of teaching skepticism.


• Evals rule everything around me.


2. The importance of teaching editing and understanding code


• “Learning Opportunities: A Claude Code and Codex Skill for Deliberate Skill 
Development” by Cat Hicks: https://github.com/DrCatHicks/learning-
opportunities. 


3. The importance of teaching students to push back.


• AI helps most where the user knows least (Mythos model card, p. 27)!
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In the age of AI

https://github.com/DrCatHicks/learning-opportunities
https://github.com/DrCatHicks/learning-opportunities
https://github.com/DrCatHicks/learning-opportunities
https://github.com/DrCatHicks/learning-opportunities


Concluding remarks
“May you live in interesting times”

It was her voice that made 
The sky acutest at its vanishing. 

She measured to the hour its solitude. 
She was the single artificer of the world 

In which she sang. And when she sang, the sea, 
Whatever self it had, became the self 

That was her song, for she was the maker. 
Extract “The Idea of Order at Key West”, Wallace Stevens, 1934.
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