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The ¥ GENIAL study
(Part 1/4)

When do Generative Al tools act as a catalyst forlearning?
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Who I am and what I teach

e |am a Assistant Professor (Education) based at the Data Science
Institute " at the London School of Economics and Political
Science(LSE).

e |teach datascience courses thatinvolve programming, web
scraping, data engineering, version control.

e My pedagogical approachis forproject-basedlearning,
continuous feedback cycles, and authentic assignments -
everythingis assessed through coursework, with no exams.

LSE Al and Education Fellow (2025-2027)

| am one of the 10 LSE Fellows in Aland Education, a programme
with an ambitious goal to test out how to embed Generative Al in
the teaching & learning practices of our disciplines.

" (I'm moving to the LSE Department of Methodology as an Associate Professorin

Data Science
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Data from our study (2023-2025)

Although the opinions are mine, some of the data and
preliminary findings come from the 3% GENIAL studly.

o Acollaborative project across several LSE departments
= Data Science Institute
m Department of Statistics
= Department of Management

School of Public Policy
e Timeline: July 2023 to April 2024

e Funding: internal (LSE Eden Centre for Educational
Enhancement, LSE Data Science Institute)

We asked students to share their andinthe
case of my data science courses, | also collected the m
oftheirassignments.

Data Science
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Participating courses

Case study Autumn Term (Sep-Dec 2023) Winter Term (Jan-Mar 2024)
DS105A - Data for Data Science DS105W - Data for Data Science
Undergraduate | DS202A - Data Science for Social Scientists DS202W - Data Science for Social Scientists
courses
ST207 - Databases MG317 - Leading Organisational Change
ST456 - Deep Learning
Postgraduate PP422 - Data Science for Public Policy
courses
MG4B7 - Leading Organisational Change

Cohorts: 48 active participants (out of 200+) / ~160 active participants (out of 300+)
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Attitudes: Tools

ChatGPTH
Grammarly -
Bing Al-
DALL-E

Bard-

GitHub Copilot;-
Midjourney-
Claude+
Consensus.ai-
Quillbot-
Stable Diffusion-

DS105A DS105W DS202A DS202W ST207 MG317
4 9 7 4 1
9 5 9 5 6 3
2 7 3 4 3
13 1 5 2 1
1 5 2 2 2
1 4 2
1
1

1 1

Heérd Ha've
about it used it

Heérd_ Ha've_
about it used it

Heérd_ Ha've_
about it used it

e ChatGPT dominated as the mostusedtool.

o Notevery participant filled out the initial survey

Heérd Héve_
about it used it

Heérd Ha've_
about it used it
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Attitudes: Al for learning?

~80% of students reported having used a genAl tool to learn something
The proportions of 'Yes' are similar across courses

MG4B7-
PP422-
Have you used genAl
to learn something?
ST456- N/A
" No
Maybe
B Yes
DS202W-
DS105W:-

PP422 has fewer students
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Attitudes: Any good?

Of those who reported using genAl for learning, most found it useful
GenAl use is similar across courses

PP4221 Lo
The genAl tool made it easier or
more difficult to learn?

ST456- | don't know/I can't tell
I It made it more difficult

It made no difference

0% 25% 50% 75% 100%

Note: For students enrolled in multiple courses,
we allocated them to just one of their reported courses.
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Students are very optimistic about GenAl and the
tools had already been seemingly fantastically helpful
fortheirlearning.

There’s nothing tolearnfromsuch a
biased sample, right?

Well..

LSE



Not every student uses
GenAl productively
(Part 2/4)
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A bit of context about the DS105 course

e | otsofcoding & T
L i w.v_.id:ﬁ&%}l; /HMJ ] JLN%:Q&\K —
e Asyoumay know, programmingis an # Home
iterative process and frustrationis a LSE DS105 - Data for Data Science

we want our S
students to experience. . Course Brief

Focus: learn how to collect and handle so-called “real data”

L | Wa nt St u d e nts to : How: hands-on coding exercises and a group project

@ Learning Objectives

l . U n d e I'Sta n d t h e p ro b | em * Create terminal commands to effectively navigate the file system and execute
programs
2 . B rea k |‘t | n‘to sSMmMa | | e r, a C‘t iona b | e p leces ¢ Analyse and categorize various data types and identify prevalent data formats

¢ Use Markup Language (XML) and Markdown format proficiently for document
H and web page formatting
3 ) FI g ure o Ut h ow to Sta rt « Interpret and adhere to international standards for common data types
. e Assess data quality, implement data cleaning procedures, and troubleshoot
4 o erte a ﬁ rSt d I’aft common data corruption issues
¢ Use web scraping and APIs to retrieve data from Internet sources
5 ) Test it O ut * Demonstrate comprehension of database concepts and fundamentals
¢ Combine and link data from disparate sources
6 FlX ‘ b u S; ¢ Utilize GitHub, based on the git version control system, for collaborative and
o g version control purposes
« Use markdown to create reports of data analysis

7 . F| g ure out What |S the next ste p « Combine a mix of markdown, HTML and CSS to maintain and customise simple

8. Gobackto Step 3

Source: LSE DS105 website (Ise-dsi.github.io/DS105)
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Two students, same assignment, same tool

Student A StudentB

Background 2ndYearBSc, International 2nd Year BSc, Economics
Socialand Public Policy

Priorcoding Tookthe Pythonpre-sessional Had priorexperience with

(struggled withit) Python
How they Used ChatGPT to build the Firstreviewed the week’s
used solution forthe assignment content with ChatGPT, then
ChatGPT askedforhelp

Cardoso-Silva (2026) | 19 May 2026 SciencesPo, Al in the Public Sphere |SE it
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How Student A documented their drafts

Student A’slogs 7 manths ago

-0~ Commits on Feb 18, 2024

o Alldraftupdates hadthe same description « -

Setting up my assignment

e The student’s metacognition process was not .
engaged. The purpose of the git commits was not 7 menthe 2o
salient to them and became a mechanical step to Setting up my assignment
Complete. 7mmcommitted

o~ Commits on Feb 17, 2024

Setting up my assignment
I committed
7 months ago

-0- Commits on Feb 16, 2024

Setting up my assignment
I committed

7 months ago
o~ Commits on Feb 15, 2024

Setting up my assignment
I committed

7 months ago
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How Student B documented their drafts

StudentB’slogs Update README.md after
submission 1
e Added meaningful descriptions to their commits B oo

7 months ago

e \We know what their purpose was with every update
submit first draft (can probably

e This makesit pOSSible to decode their thlnklng just treat it as finished) of
process more easily assignment
% I committed

7 months ago
o~ Commits on Feb 10, 2024

finish task 2

& I committed
7 months ago

complete task 1

< N -omnmitted
7 months ago

setting up my unique assignment
o I committed
7 months ago

set up candidate number
o NN committed

7 months ago
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Student B was a Resourceful user of Al

Daily use of ChatGPT intensified during period of assessments (hashed areas)
Hashed areas represent period from when assignments were released to when they were due
60 56 ]

50

0 | : a
30 : 1 )
1 11 25'
20 : i :
15 15 : 1 14 :

10 1 11 1 l 10

) I I i I: i I6 :: : 1] I
0 T q T

Thu, 25/Jan Thu, 08/Feb Thu, 22/Feb Thu, 07/Mar Thu, 21/Mar

—_—

7

Number of chat messages per day

—[ ©

e Note also that the use intensifieswhen thereis an assigment. Thiswas common across ALL
participants.
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Student B challenged the Al

St u d e nt B , S I Og S 2 USER said: (2024-02-10 18:45:07.971380949)

ok, how do i get that code to output the title of the webpage?

e ChatGPT oftenproduced o ASSISTANT:

. Comment: Here, ChatGPT's output is a modified version of a complex code it had
OVG rC O m p | | Cate d C O d e previously produced, with accompanying commentary. The code it produces will run

without any errors, but just as before, it won’t return anything because it is in the format of a

° The Student Went baCk -to -the Python class, not a ‘runnable’ code like the way we taught in the course.

. . . Importantly, this time, the final sentences in the output clarified that because thisis a
tea C h I ng mate [l a | a nd to | d the Al ' Python class, this type of code cannot be run as you would any regular script on a Jupyter

Notebook. Instead, one would have to create a specific file and run it from the terminal (not
how we’ve been teaching).

It seems unlikely that the student tried that suggestion. A little over 2 minutes later, there is
another question:

) They were in Con‘trol Of the”‘ |earning £ USER said: (2024-02-10 18:47:27.346262932)

sel.css('title') worked when the other stuff didn't

This is very interesting, and it only makes sense in the context of the course! The
student provided a piece of code adapted from the teaching material, saying that it worked,
whereas the complex code produced by ChatGPT didn’t.

= ASSISTANT:

From now on, ChatGPT will stop suggesting scrapy classes. Instead, it will use the style of
coding suggested by the user, which aligns with the material taught in the course.

Data Science
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Student A was misled

The task involved writing - .

In [546.. # URL AND ALT LINKS - ALUMNI
COde to ' alumnil = '<img src="/Methodology/Assets/Images/PromoImages/16-9-ratio-Graduations-2012-1010.jpg" alt="16 9 ratio-Graduatior
0 alumnisoupl = BeautifulSoup(alumnil, 'html.parser')
img_selectorl
alumni_tags_1

‘img'
alumnisoupl.select(img_selectorl)

alumnilURL = img_tag.get('src')

alumnilalt = img_tag.get('alt")

alumni2 = '<img src="/Methodology/Assets/Images/PromoImages/16-9-ratio-Graduations-Dec-1654.jpg" alt="16 9 ratio-Graduation:
alumnisoup2 = BeautifulSoup(alumni2, ‘html.parser"')

alumni_tags2 = alumnisoup2.select(img_selectorl)
%h_a%p'a'ge for img_tag in alumni_tags2:
alumni2URL = img_tag.get('src')
alumni2alt = img_tag.get('alt"')

o S e | e Ct J u St th e re | eva nt alumni3 = '<img src="/Methodology/Assets/Images/PromoImages/LSE-alumni-centre.jpg" alt="LSE alumni centre">'

alumnisoup3 = BeautifulSoup(alumni3, 'html.parser')

i nfo rm at i O n alumni_tags3 = alumnisoup3.select(img_selectorl)

for img_tag in alumni_tags3:
alumni3URL = img_tag.get('src')
alumni3alt = img_tag.get('alt"')

e Storeit

Student A missed two
crucial steps. They were
misled by aninaccurate use

of GenAl, clearly swayed
by the chatbot’s
authoritative tone.

Cardoso-Silva (2026) | 19 May 2026 SciencesPo, Al in the Public Sphere |SE e
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But Student A improved!

Afterreceiving feedback on their poor performance
and on theirunhelpful use of GenAl, Student A
improved tremendously, scoring scores equivalent to
distinction scores on the subsequent two graded
assignments.

Cardoso-Silva (2026) | 19 May 2026 SciencesPo, Al in the Public Sphere SE
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Process-based assignments

EXAMPLE: A CODING ASSIGNMENT (COURSE: DS105) o
Go(osdkﬁls)e of Structure
i (Zkli}l) ' Marjk::yv::rand

Template In-class oot :

GitHub repeated T Document the

repository activities - : :

E’e"’lii’a Ir?tt;(:m Describe its location code and analysis
; using CSS/XPath f

Clone the Git Set up the Open the target I WANT students to selectors (scrapy)

repository to project on website on a spend a good time &

their PC VSCode browser on these loops here Push the repository

(empiricism) Check that the to GitHub
code works
s‘ ;:{de, Teaching
Material
(Skilt)
—
LEGEND
: : Make the code more efficient
Studentaction Deliverable s | (time and computational resources) T
Course contont Demons’Frable Skill/Knowledge D;::;%Egg:d
(Something that can be marked)

Data Science
Institute
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Bridging the Divide

Despite what [ had initially thought, the pedagogical tools | adopted in the course
had not failed me. They were actually what helped Student A!

e Evenif notapparent to students, the mapping and the Jelfelel=t1:FXe [f\/-TaF-TeT o] (eF-Ted o

to the assessment helped me identify more easily where the studenthad goneona
wrong path.

e The [l M [eIIER LT eX-Ted d Mechanism helped them course-correct more
effectively and stilllearnin time. The student even engaged more in class (they

were someone who wantedto learn!)

e [cannow use what|have learned from this interaction and conduct a
(S CIe]al Of the assignment again, for the future.

e The process of marking student work becomes arewarding task of discovery and
less of achore (butit’s still very laborious though...)

Data Science
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What to build from that
(Part 3/4)



AS an educational researcher

'y CE*
%&“ The GENIAL Hg?fyu“:'ﬁﬂmsﬁrm
Zan usE
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Maps student interactions with GenAl onto Kolb’s experiential
learning cycle.

Each stageis coded forwhether the student:

e Exercisedagency ()
e Had the stage disrupted (H)
e Skippeditentirely

Five engagement patterns along anagency spectrum:
Resistive — Receptive — Resourceful — Reflective — Riffing

Student A’'s traces code as Receptive. Student B's code as
Resourceful.

Cardoso-Silva (2026) | 19 May 2026 SciencesPo, Al in the Public Sphere |SE it
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Two levels of coding

Level 1: low inference Level 2: high inference
Codes each exchange on observable features: Groups exchanges intolearning cycles (one sub-task)
and asks:
e What did the student ask? (9 prompt types, from
verbatim paste to metacognitive reflection) e Didthe student try something before consulting the
e What didthe Alreply? (code, explanation, redirect, Al?(CE)
clarification) e Didthey evaluate the Al’'sresponse? (RO)
e What did the student do withit? (adopted, modified, e Didtheyconnectitto course material? (AC)

overrode, ignored) e Didthey produce and test their own version? (AE)

e How muchtime passed before the next action?
Each stage gets a quality label: , ! or skip.

Default forany unobserved stageis “skipped.” The
coder needs positive evidence to code it otherwise.
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Hopes for reliability

Two coders. Training
round on students 1-5,
calibrationround on
students 6-10. Target k >
0.60.

The best comparablein
the published literature
(Oliveiraetal.’s DRIVE
framework) reportsk =
0.44 onits hardest
categories.

The research assistant
codes Levelland does
not know the grades. The
derived variables that
enter the regressioncome
from his codes, not mine.

| code Level 2. The dual
role (instructorand
researcher)is
documented.

Cardoso-Silva (2026) | 19 May 2026 SciencesPo, Alin the Public Sphere
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A new cohort

DS105W MG317
(Data Science) (Management)
Exam? No No
Assessment Courseworkonly  Coursework only
Alaccess Enterprise Claude Enterprise Claude
(LSE) + personal (LSE) + personal
tools tools
Process data Chatlogs, git Chatlogs,
histories, reflections
reflections

e |have collected datafrom anew cohortinthe
Winterterm of 2025/26 (Jan-Mar 2026). We’ll soon
start the systematic coding of that data.

e Goals: quantitative analysis of the nature of the
interactions now that we have areliable coding
scheme, and deep forensic analysis of the most
iInteresting cases.

Cardoso-Silva (2026) | 19 May 2026 SciencesPo, Alin the Public Sphere

83
consenting
studentsin
DS105W
(80% of

cohort)

9,721
student-Al
exchanges

26/ 36

53 shared
chatlogs

1,689 git
commits

Three submission points across the

term (W04, W06, W11)
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What I am building next (Jul-Dec 2026)

e \What |I'm building next inthe second strand of the fellowship: a

system that [elfeEIa\ WA CRYellI & (e Xy (I [=10ld] When they [ook

stuck, rather than waiting to be asked.

e |f the tutorworks and grades go up, those increases look identical
to grade inflation from the outside. Without process data, you
cannot tell “the tutor helped themlearn” from “the tutor helpead
them perform.” | will have to think about what to do about grade
inflation.
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What the literature is saying
(Part 4/4)



What evidence do we have?

GenAl Creates Performance
Paradoxes

Bastanietal. (2025): Students
using unstructured GPT-4 showed
48% improved practice scores

ol¥ld 17/% decreased exam
performance |

The ‘quick wins’ obtained earlierin
the learning journey might not
translate to rea/deep learning. In
fact, it might make it worse. Thisis
what happened to Student A.

Contextual Pressures Drive
Problematic Dependency

Abbasetal. (2024): §lluE
pressure Elglel academic
Wl {eETe] are significant

predictors of ChatGPT
dependency.

When under pressure, students
might be more likely toresortto a
more ‘Receptive’ style of
engagement with GenAl.

29/ 36

Usage Patterns Determine
Learning Outcomes

Lehmann & Cornelius (2024):

Substitutive use [NEGEERER

coverage of material but
decreases understanding.

Complementary use [e[elstJiglc

opposite.

The authors argue thatit’s howone
uses the tools that matter.

=47
@ Q.

Cardoso-Silva (2026) | 19 May 2026 SciencesPo, Al in the Public Sphere LSE .



30/ 36

'Two recent meta-analyses

Dengetal. (2025) on 69 ChatGPT studies Maier et al. (2026) on programming, pre-registered

Pooled effect on academic performance: g =0.71 10 studies measuring exam scores aftera GenAl-

Exam-environment moderator (~50% of variance):
e 9allowed ChatGPT during the post-test

e 33 didnotreportthe post-test condition
e 9 prohibited it

o Al duringexam:g=-0.06
o Al duringexam:g=0.76

The positive finding may reflect ChatGPT’s output
quality, not student learning (Yan et al., 2025)

The two results agree once you ask what was being measured.
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Half a million grades tell the same story

Chirikov (2026): 507,076 grades across 319 courses at a US research university, 2018 t0 2025.

Writing and coding Atriple-differences If studentswere
courses saw a designties the effect learning more, the
to courses where improvement should
increase in Agrades homework counted have appearedin
after ChatGPT’s formore. Where supervised exams
release (~30% above homework weight was too. ltdid not.
2022 baseline) low, the effect was
nearzero.

Chirikov (2026) calls this task displacement: Al improved what students submitted without
improving what students knew. This is the effect of seeing Student A at institutional scale.

Cardoso-Silva (2026) | 19 May 2026 SciencesPo, Al in the Public Sphere LSE .
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Converging evidence from other ftields

Study Domain Finding

Bastanietal. (2025) Maths (RCT, ~1000 students) GPT Base group scored 17% worse on
exam

Fanetal. (2025) Essay writing Better essays, same knowledge test
scores

Kosmyna et al. (2025) Essay writing (EEG) Up to 55% less neural connectivity

Shaw & Nave (2026) Reasoning tasks Followedwrong Al ~80% of the time

Akgun & Toker (2025) Factualrecall ChatGPT advantage at 3 weeks: gone

These come from cognitive psychology, learning science, neuroscience, laboureconomics, and
programming education, and none of them cite each other.

Cardoso-Silva (2026) | 19 May 2026 SciencesPo, Al in the Public Sphere |SE e
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These problems predate ChatGPT

Bransford & Schwartz (1999)

Distinguished two ways to measure what education
produces:

1. Sequestered problem solving: isolate the learner,
remove all resources, test recall. Most exams work
this way.

VS

2. Preparation for future learning: watch how students
approach new problems. Do they ask better
questions? Improve when given a chance torevise?

The gap between what students hand in and what they
retain has existed for decades.

Cardoso-Silva (2026) | 19 May 2026 SciencesPo, Al in the Public Sphere |SE

Bjork & Bjork (1992)
Conditions that produce better

long-termretention.

Three mechanisms:

e spacing
* retrieval effort
e interleaving

GenAlremoves all three = . [t answers on demand,
provides complete solutions, and narrows the
interaction to asingle loop.

Students feel fluent, but the fluency comes from the
tool rather than from anything they will retain.
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What I am betting on

o Assessmentisthe majorleverto shape student behaviour. If we want to encourage productive
use of GenAl, we need toredesign our assessments so they reward it.

e |don’tlike the idea of exams (“sequestered problem solving”). Instead | favour instruments
that are more aligned with the authentic practices of the discipline being taught.

Higher-order tasks Observed components Rubrics that reward the process
Al substitution fails on more One option: a short live coding DS105W uses criterion-based
complexwork. On Akgun & Toker’s session. A student who built the rubrics (Pass / Good / Really Good
(2025) hardest task (evaluate a pipeline can modify it on the spot; / WOW) covering technical

policy document, propose a student who pasted output has judgement, interpretation, and
improvements), ChatGPT toreconstruct what the code does communication alongside code
provided no measurable benefit first. correctness.

and Al-generated content
dropped from72% to0 27%.
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ABSTRACT

This study proposes a conceptual framework for understanding how generative artificial intelligence
(GenAl) affects university students’ learning journey. The use of GenAI tools in academic settings left
scholars at a lack of theoretical tools to capture the impact of how chatbots impact leaming. Current
studies rely heavily on self-reports and controlled experiments, missing how students engage with
chatbots while learning. Building on literature on experiential learning and styles of student engagement
with GenAl as theoretical underpinnings, the GENIAL framework sheds light on the dynamics of Al-
human interaction in all stages of the experiential learning cycle, allowing us to identify how the cycle
of learning is affected by the use of GenAl tools. Our findings, based on the analysis of 200 course
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