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“Ask the data” 
DV chatbot

This chatbot only sees the 
tabular data but is clueless 
about the metadata 



Q: Tell me what is this data about

Cool but poor

This chatbot only sees the 
tabular data but is clueless 
about the metadata 



Q: tell me the range of latitudes and longitudes with the highest number of events

ok-ish

This chatbot only sees the 
tabular data but is clueless 
about the metadata 



Q: map the range of latitudes and longitudes with the highest number of events to the names of countries

AI kicks in

This chatbot only sees the 
tabular data but is clueless 
about the metadata 



users seems to like it!



'askthedata' is only 181 
lines of python code 
(including comments) 
most of which is UI 
interaction handling via 
shiny app.

https://github.com/IQSS/askdataverse/tree/main/askthedata

https://github.com/IQSS/askdataverse/tree/main/askthedata


What happens 
under the hood?

We create an SQL 
agent and create a 
chain of thoughts



1. the persistent identifier (fileId=4862482 ) is sent to the external tool (a shiny dashboard)

2. the data is 
downloaded and 
loaded into a SQL 
dbase (duckdb in 
this case)

3. the agent 
receives the query 
in NL: "what is this 
data about?"

4. a "chain of 
thoughts" is started

5. NL is transformed 
to a SQL query

6. the final answer 
is sent back in NL 
form



The chain of thoughts is more 
interesting for more interesting 
questions!





It may fail despite some 
attempt to self correct 
looking at the SQL query 
error results.

sometimes it fails 
miserably to come 
to a conclusion.



One more thing...



Translation 
comes for free



Translation 
comes for free



Translation 
comes for free



for some reasons 
German does not 
work for this data

Translation 
comes for free



One last thing...



Added simple statistical reasoning



Semantic search via sentence embeddings



Algorithms do not see words directly but only numbers 
representing them (0/1 = absence/presence of a word)

Feature vectors (rows) do not mean anything geometrically

Frequency 
analysis



The LLM does not see words either but only numerical vectors 
representing the words in a hypothetical geometric space

The numerical vectors are called “embedding vectors”

some
magics



Vector space (and embeddings) are meant to have a semantic meaning, their 
distance represents “semantic closeness”.

A and B two different sentences



Traditional Dataverse search 
based on Solr (Apache Lucene)

(Keywords) Query: “covid cases in Italy”



NL Query: “datasets about covid cases in Italy”

Search via embeddings



Search via embeddings

NL Query: “datasets su casi di covid in Italia”   [LLM kicks in: translation out of the box]



The query 
that drives 
Sonia crazy

Query: “Colorado Adoption Project”  (keyword based)



The query 
that drives 
Sonia crazy

AI generated
Sonia

Query: “Colorado Adoption Project”  (keyword based)



Query: “Colorado Adoption Project”  (embeddings)



(embeddings) NL Query: “The Colorado Adoption Project data”  



Generative AI in research projects



Text classification is a typical non-scalable task for humans.

It is also prone to bias and uncertainty. 

In real applications, typical inter-coder reliability is less than 80%.

Social scientists typically apply machine learning models to 
analyze large corpuses of data.

How do LLMs perform in this framework ?

We considered two different approaches:

● text embeddings   => require labelled set

● direct LLM classification  => does not require labelled set



training

Books 1,2,3

Unfeasible to train LLM in-house, but fine-tuning is possible



Starting from a labelled set, we tested both traditional ML and the embeddings 
approach on the CAP project

20 macro-categories

>200 micro-categories

Best human inter-coder 
reliability is ~75%

Our objective is the 
classification of all EU 
parliamentary questions. 
As well as local national 
parliaments.

About 250K documents.

Tracks policy attention to different 
topics classifying political documents 
using a common framework (CAP) 
across countries



Starting from a labelled set, we tested both traditional ML and the embeddings 
approach on the CAP project

Vector embeddings + RandomForest perform as well as the best ML 
learning algorithm (XLBert) known for this data.

Advantage of embeddings: multi-language. LLM do no require 
pre-labelled data (like XLBert).

ChatGPT4 works reasonably well but does not scale because of costs



Strategy of LLM classification for CAP.

Task is hard because of the nature of the data. Even human coders do not agree on 
the classification 25% of the times

Moreover, the LLM is autoregressive, i.e.,  it loses focus on long texts and loses 
efficiency when has to choose among too many categories.

Best strategy so far:

● For each macro category (e.g. economics) we ask the LLM to classify a text 
according to the micro categories, or NA.

● We keep the macro categories for which micro-categories apply.

● We reclassify the text according to the macro categories

This strategy performs as well as the best fine-trained ML model.



Fine-tuning



Subjective well-being, social media and AI

8 dimensions of subjective well-being. Now extending the results the 43 
dimensions of the Human Flourishing program



Aim: classify 10B tweets of the CGA Geotweet Archive using LLMs.



1) The human reviews the the classification proposed by the LLM. 

2) correct 
classification is 
used to fine-tune 
the LLMs

3) fine-tuned LLM 
run at scale on 
data

better usage of 
human resources



x y

P(y|x)

x y’

P(y|x)
~

Fine-tuning does not add knowledge but helps the LLM to focus on 
certain regions of the NN to produce the answer according to context or 
examples

= nodes of the NN becoming
   less relevant for the task after

fine-tuning (well, the colored
ones become more important)

LLM task: predicting the next word



LLAMA2-70B fine tuned
=====================
              high medium  low not present
  high        0.42   0.00 0.00        0.13
  medium      0.02   0.06 0.00        0.04
  low         0.00   0.00 0.11        0.05
  not present 0.09   0.02 0.06        0.00
N = 10671
Accuracy = 59%

ChatGPT-4 (closed model)
========================
              high medium  low not present
  high        0.31   0.00 0.00        0.31
  medium      0.00   0.05 0.00        0.07
  low         0.00   0.00 0.03        0.14
  not present 0.05   0.02 0.02        0.00
N = 10767  
Accuracy = 38%

LLAMA2-70B open source version
==============================
              high medium  low not present
  high        0.18   0.00 0.00        0.10
  medium      0.00   0.04 0.00        0.02
  low         0.00   0.00 0.08        0.01
  not present 0.17   0.08 0.32        0.00
N = 24243
Accuracy = 30%

LLAMA2-7B fine tuned
====================
              high medium  low not present
  high        0.30   0.01 0.00        0.18
  medium      0.01   0.03 0.00        0.05
  low         0.00   0.00 0.07        0.07
  not present 0.15   0.03 0.09        0.00
N = 12153
Accuracy = 40%

LLAMA2-13B fine tuned
=====================
              high medium  low not present
  high        0.40   0.01 0.00        0.15
  medium      0.01   0.06 0.00        0.04
  low         0.00   0.00 0.09        0.07
  not present 0.09   0.03 0.04        0.00
N = 10505
Accuracy = 55%

Commercial models not necessarily good at all 
tasks, cannot be fine-tuned, expensive

Open models can be fine-tuned up to high 
accuracy, inexpensive

We are testing LLama3 these days.

~
systematic 
errors

systematic 
error





Thanks!

Contact information: siacus@iq.harvard.edu
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