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Data Analysis 
Using AI
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Tukey defined data analysis as 
“procedures for analyzing data, 
techniques for interpreting the results of such procedures, 
ways of planning the gathering of data to make its analysis 
easier, more precise or more accurate, and all the 
machinery and results of (mathematical) statistics which 
apply to analyzing data” (Tukey 1962, p. 2)

https://www.annualreviews.org/content/journals/10.1146/annurev-statistics-040220-013917#right-ref-B56


The Excitement
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Tukey defined data analysis as 
“procedures for analyzing data, 
techniques for interpreting the results of such procedures, 
ways of planning the gathering of data to make its analysis 
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1. On a scale of 1-10, how satisfied were you
with this class?

2. How relevant and useful did you find the
content of the class for your academic
and/or professional goals?
(1 = Not relevant at all, 10 = Extremely
relevant)

3. How effective was the instructor in
delivering the course material?
(1 = Not effective at all, 10 = Extremely
effective)

4. How encouraged did you feel to participate
and engage in class discussions?
(1 = Not encouraged at all, 10 = Highly
encouraged)



Improve this question “On a scale of 1-10, how satisfied were you with this class?“ 
Follow the textbook from Schuman and Presser. 

Structure output “Revised Question:” “Answer Options:” and Explanation

Revised Question: How would you describe your overall satisfaction with this class? 
Answer Options: Very dissatisfied, Dissatisfied, Neutral, Satisfied, Very satisfied.
Explanation: A 5-point scale simplifies the choices and captures nuanced feelings. 
Avoiding numbers ensures that participants don't just choose a 'middle' number without 
giving it thought.

And this one: “How relevant and useful did you find the content of the class for your 
academic and/or professional goals? (1 = Not relevant at all, 10 = Extremely relevant)"

How would you rate the relevance of the class content to your academic or professional
goals? Answer Options: Not at all relevant, Slightly relevant, Moderately relevant, Very
relevant, Extremely relevant. Explanation: Splitting relevance and usefulness makes it
clearer and avoids confusion. Simplified options provide clarity. 
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Figure 2: Average feeling 
thermometer results (x-axis) 
for different target groups (y-
axes) by party ID of 
respondent (columns).
Average ANES estimates 
from the 2016 and 2020 
waves indicated with red 
triangles and one standard 
deviation indicated with thick 
red bars. LLM-derived 
averages indicated by black 
circles and thin black bars.
Sample sizes for each 
group-wise comparison are 
identical.

Bisbee, J., Clinton, J., Dorff, C., Kenkel, B., & Larson, J. (2023, May 4).
Synthetic Replacements for Human Survey Data? The Perils of Large Language 
Models. https://doi.org/10.31235/osf.io/5ecfa
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DATA: 68,846 individuals’ 
responses to 3,110 questions 
collected for 33 repeated 
cross-sectional data between 
1972 and 2021 for fine-tuning 
the LLMs. Retrieved text 
content of GSS survey 
questions from GSS data 
explorer
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Kim, J., Byungkyu, 
L., (2023, Nov 11).
AI-Augmented 
Surveys: 
Leveraging Large 
Language Models 
and Surveys for 
Opinion Prediction 
https://arxiv.org/ab 
s/2305.09620



For instance, rather than asking the 
same ten questions to a thousand 
participants, pollsters can 
disseminate twenty questions 
among the same thousand 
participants, each answering ten 
questions, and employ the model to 
infer individual responses to the 
remaining ten unasked questions.
On the other hand, given our 
model’s remarkable ability to mimic 
human responses, even including 
biases, researchers can use it to 
refine their survey questions by 
systematically examining 
characteristics of questions that 
cannot be accurately predicted (e.g., 
poor question wording).

Kim, J., Byungkyu, L., (2023, Nov 11). AI-Augmented Surveys: Leveraging Large Language Models and 
Surveys for Opinion Prediction https://arxiv.org/abs/2305.09620
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Tukey defined data analysis as 
“procedures for analyzing data, 
techniques for interpreting the results of such procedures, 
ways of planning the gathering of data to make its analysis 
easier, more precise or more accurate, and all the 
machinery and results of (mathematical) statistics which 
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A(I)utomatization in
Classification
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The Challenge
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Figure 3: Each point describes the coefficient 
estimate capturing the partial correlation 
between a covariate and a feeling 
thermometer score toward one of the target 
groups, estimated in either 2016 or 2020.
The x-axis position is the coefficient 
estimated in the ANES data, and the y-axis 
position is the same coefficient estimated in 
the synthetic data. Solid points indicate 
coefficients who are significantly different 
when estimated in either the ANES or 
synthetic data, while hollow points are 
coefficients that are not significantly different. 
Points in the northeast and southwest 
quadrants generate the same substantive 
interpretations, while those in the northwest 
and southeast quadrants produce differing 
interpretations. A synthetic dataset that is 
able to perfectly recover relationships 
estimated in the ANES data would have all 
points falling along the 45 degree line.

Bisbee, J., Clinton, J., Dorff, C., Kenkel, B., & Larson, J. (2023, May 4).
Synthetic Replacements for Human Survey Data? The Perils of Large Language 
Models. https://doi.org/10.31235/osf.io/5ecfa
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Von der Heyde, L., Wenz, A., & Haensch, A.-C. (2024, February 22). 
Artificial Intelligence, Unbiased Opinions? Assessing GPT’s 
suitability for estimating public opinion in multi-party systems. 
https://doi.org/10.17605/OSF.IO/5BRXD
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The Possible Solution
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The ExAIC framework enables  cocons truction of s olutions

by an expert and a  dynamically adaptive agent

through s earch in a  cons truction s pace

via  natural language communication

with agent integrity by des ign.
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DS: Real world example
Inspired by the ongoing collaboration of several ExAICPLs w/ Deutsche Bundesbank

LEGAL ENTITY VALIDATION
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Expert
Data scientist 
(= domain expert)

Task
Data analysis and validation

Solution
A data science workflow 
(aka a reasoning chain) over 
s everal multimodal data  sources

Team 
Expert and AI interactively query, 
trans form and interpret the data

DS: Preliminaries
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DS: Expert-AI team
Domain knowledge

Technical skills

Formulates the goal of the 
analysis

Evaluates AI agent’s suggestions
Provides clarifications

Data access & 
transformation

Query construction
Machine learning

Technical knowledge

High-level inputSolution coconstruction
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DS: Legal entity validation scenario

Data: private repositories of Deutsche Bundesbank

 Huge amounts  of data

 Potentially inconsistent

Example data: EU Emis s ions  Trading Scheme (publicly available)
33

…



DS: Legal entity validation scenario

Goal: verify that each company exists as a legal entity and its legal data is consistent with
the available data sources

Expert can not check it all manually

AI can not solve everything

Expert & AI solution coconstruction !
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DS: Legal entity validation scenario
Find inconsistencies 

in company type data  within 
eas t Germany

Please specify which company 
types  you are interes ted in

Fine-grained; 
Type 1, …, Type 10

Task: Find incons is tencies
Area: Eas t Germany

Company types : Type 1, Type 2, …, Type 10

High-level task specification (language)

Fine-grained 
types

Type 1, Type 2, …, Type 10

35



DS: Legal entity validation scenario

Alright, which workflow do you
prefer, W1 or W2?

W2 is  better;

W1:

W2:

Mid-level workflow specification (structured)

36

Check 
images

Find incons is tencies  
in company type data  within 

eas t Germany

Please specify which company 
types  you are interes ted in

Fine-grained; 
Type 1, …, Type 10



DS: Legal entity validation scenario
Joinery?

(Manufacturing)
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Alright, which workflow do you
prefer, W1 or W2?

W2 is  better;

Find incons is tencies  
in company type data  within 

eas t Germany

Please specify which company 
types  you are interes ted in

Fine-grained; 
Type 1, …, Type 10



DS: Legal entity validation scenario
Joinery?

(Manufacturing)
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Alright, which workflow do you
prefer, W1 or W2?

W2 is  better; 
however, you should a lso look up 

s treet view images .

Find incons is tencies  
in company type data  within 

eas t Germany

Please specify which company 
types  you are interes ted in

Fine-grained; 
Type 1, …, Type 10



DS: Legal entity validation scenario

Ok; executing.

Mid-level workflow specification (structured)

39

Include 
s treet view

Alright, which workflow do you
prefer, W1 or W2?

W2 is  better; 
however, you should a lso look up 

s treet view images .

Find incons is tencies  
in company type data  within 

eas t Germany

Please specify which company 
types  you are interes ted in

Fine-grained; 
Type 1, …, Type 10



DS: Legal entity validation scenario
Show me a likely error 

Instantiating a solution...
Executing...
157 Errors found

Low-level workflow (executable)
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DS: Legal entity validation scenario

With scene view 
images , you should a lso look 

left and right.

Production of car 
input factors?

Here you go; the image shows  
a  res identia l building. 

41

Show me a  likely error 



Production of car 
input factors?

DS: Legal entity validation scenario

Got it; this was a false positive.

42

With scene view 
images, you should also look 

left and right.

Here you go; the image shows 
a residential building. 

Show me a likely error 



DS: Legal entity validation scenario
Mid-level workflow specification (structured)
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Multiple 
views

Got it; this was a false positive.

With scene view 
images, you should also look 

left and right.

Here you go; the image shows 
a residential building. 

Show me a likely error 



Got it; this was a false positive.

With s cene view 
images , you should a lso look 

left and right.

Here you go; the image shows  
a  res identia l building. 

Show me a  likely error 

DS: Legal entity validation scenario

Fine-grained 
types

Check images

Include 
s treet view

Multiple 
views

Cons truction space (mid-level workflow)

…
Reduce 
bias es

Data 
privacy

…
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Over time:

 The agent learns the 
expert’s preferences

 The quality/quantity 
of communication 
evolves
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The (missing) Data Science Theory
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Data Analysis 
With AI 
Using Stata
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