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Driven by the rapid technological advancements and the everlasting pursuit of effective learning 
methodologies, the educational field is going through a significant transformation. The International 
Conference on Artificial Intelligence in Education (AIED) has become a well-known forum for researchers, 
educators, and industry experts to discuss and present the most recent developments in this quickly changing 
environment. AIED23 was held in the bustling city of Tokyo, Japan and served as a hub for innovative ideas, 
promising collaborations and inspiring insights that are sure to shape the future of education and our society.

🗼About the Conference
The 24th International Conference on Artificial Intelligence in Education (AIED 2023) was held in Tokyo, 
Japan and virtually from July 3rd to July 7th, 2023. The conference aimed to explore the latest applications of 
artificial intelligence in the field of education. This year was the 30th anniversary of the International AIED 
Society. To celebrate this anniversary, special tracks were held namely “Wide AIED” and “Blue Sky”. 

This report provides an overview of the keynote speakers, presentations, and networking opportunities that I 
personally experienced during the conference.

🎤 Keynote Speakers 

Prof. Kentaro Inui (Tohoku University, Japan)
How Can We Build Trust in Automated Writing Evaluation?

Prof. Kentaro Inui delivered a keynote presentation titled "How Can We Build Trust in Automated Writing 
Evaluation?" He discussed how trustworthiness is essential for AIED applications and presented Automated 
Writing Evaluation (AWE) as the ideal application-grounded playground for trustworthiness. 

He defined 3 main issues related to trustworthiness in 
AWE namely:

“

“
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1. Quality Control (focused on AWE model itself)

2. Explainability (centered around the interaction 
between the model and humans) and finally 

3. Human Involvement (related to human behavior 
issues). 

He then introduced studies that address these 3 components and highlighted some of the issues in each.

For explainability in NLP, he emphasized the 
importance of consulting domain experts to define 
appropriate explanation forms. The educational field 
serves as an excellent area for NLP researchers 
interested in explainability as the pedagogical literature 
offers plenty of research around corrective and efficient 
feedback [1, 2]. 

Regarding quality control, Inui suggested that the 
main open issue is how to control and guarantee the 
quality of the model’s behavior. For example, a 
straightforward approach could be utilizing model 
confidence [3], or learning from explanations [4, 5].

Finally, concerning human involvement, the major 
question NLP researchers should address is “how 
can we integrate human-centered research to 
increase trustworthiness?” He highlighted the 
importance of multidisciplinary collaboration and 
ethical issues. 

To conclude, while there are many challenges to 
address, there are many experts that are willing to 
assist with end-user studies 

Prof. Tamara Clegg (University of Maryland, USA)
Critical Data Literacy and Why it Matters

https://arxiv.org/pdf/2206.08288.pdf
https://ischool.umd.edu/directory/tamara-clegg/
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A father was surprised to see that his daughter was receiving ads from Target for baby products. Surprisingly, 
Target figured out that his daughter was pregnant before she did by making use of big data and purchasing 
habits. That was the example Prof. Tamara Clegg gave to began her inspiring talk highlighting the fact that AI 
and big data systems don’t exist in a vacuum and how they affect our everyday lives, socially,  and politically. 
While AI and big data systems can help with faster decision making, resource optimization, and performance 
benefits, they can also lead to complex social, ethical and economic tensions and dilemmas. In addition, since 
AI is built on learning from datasets, vulnerable populations are often the most negatively impacted by these 
systems and decisions. For that reason, she highlighted the importance of understanding everyday contexts of 
Big Data and AI systems to infrastructure them for learner empowerment. 

As developers of AI systems, Clegg highlighted how critical it is to address some questions and teach the 
younger generation to address them as well:

1. Who develops AI algorithms? What 
inferences are they making?

2. Who is represented by this data? What 
access do they have to it?

3. Who is benefitting or being harmed by these 
systems?

It’s imperative for data science and AI education that we facilitate both technical and 
socio-technical understanding of data for young people

She defined critical data literacy as having 2 main 
components,  technical and socio-technical. 
Technical literacy is what comes to mind where the 
concern is how to deal with the data, whether it’s 
accessing, analyzing,  cleaning or drawing 
actionable insights etc. However, socio-technical 
literacy is equally important, and it concerns 
questioning the validity of data-driven decisions and 
understanding the choices and actions related to data 
engagement.

She then began to give examples about both technical and socio-technical data literacy in the field of sports 
since most major sports team use data analytics to make major decisions such as hiring or firing and where to 
hold games.

Data Literacy Practices in NCAA Sports (National Collegiate Athletic Association)
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Together with her colleagues,  Clegg investigated 
data literacy practices in NCAA sports. They found 
that when looking at technical data literacy, it was 
actually abundant. Coaches talk about how they use 
data for example, they use gps to collect data about 
players’ speed, collect subjective data about players’ 
wellbeing and emotions etc. Players also talk about 
how they are attuned to data, for example, film 
review, tracking weight and nutrition, and reviewing 
their game stats.

She then offered two vignettes from their work that are closely related to the socio-technical literacy aspect in 
which they focus on enlivening data for young people. 

Vignette 1: Mood Board

She gave an example from a 6th grade STEM class 
where students used a mood board to express their 
feelings. Data was enlivened in this case since youth 
were able to leverage qualitative and quantitive data 
about real life socio-emotional issues and were also 
able to consider how experiences outside of the 
classroom shaped the moods inside. 

Vignette 2: Collegiate Athletes’ Enlivened Experience with Data 

Clegg then narrated the touching stories of Lei 
and Omar and their enlivened experiences with 
data. In the stories she gave, the learners were 
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given support for taking agency with data and 
their applications of it, but in real life contexts, 
agency is often limited. 

Clegg’s work focuses on infra-structuring data literacy practices into communities and institutions. With her 
colleagues, she explores how community contexts can help (and constrain) people in their day-to-day lives to 
critically assess data within structures of oppression and how they could utilize data to further their own 
learning and data-driven actions.

Finally, Clegg ended her talk by stating that as 
researchers in AIED, it is important to address 3 
main needs:

1. Understand and infrastructure environments 
and systems to promote user agency with AI

2. Design AI systems to empower all learners 
with agency

3. Help AI developers and users of the future to 
understand not only technical aspects but also 
socio-political historical dimensions of AI and 
their impact on society

Prof. Benedict du Boulay (University of Sussex, UK)
Prof. Benedict du Boulay began his presentation with a story. A working-class student came up to him in a 
math class and told him “Sir, my father is a pig killer and my uncle is a pig killer. And when I leave school, 
I’m gonna be a pig killer. Why do I have to learn about pythagorus?” 

As motivators for learning, this is one of human teachers’ main roles in the educational system. Other roles 
that Du Boulay mentioned and supported with research were being orchestrators of the learning system, 
adapting the system’s use to the educational context and advocating for learner agency. He highlighted the 
“human” aspects in a human tutor, where a teacher can understand overall context and understand the learner 
as a person, such as the pig killer student. 

Motivational theory was a focus in his talk where he 
explained how factors such as expectancies, 
feelings, values and context may vary in emphasis 
across different learners. While automatically 
identifying negative motivation either via poor work 

http://users.sussex.ac.uk/~bend/cv/frameshomepage.html
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rate, body language etc, could be considered an easy 
classification task, diagnosing the cause and cure of 
lack of motivation is much more problematic. He 
introduced the ARCS model of motivation study by 
Keller [6] which suggests that different strategies 
for motivation should be used at different stages of 
learning. Not only should strategies differ by time 
but they should also be affected by learners’ 
behavior. For instance, appraisal strategy should be 
different for those learners who experience failure 
for the first time and for those which failure is a 
common experience. 

He further discussed how motivation is complex as it also interacts with self-regulated learning. Preliminary 
evidence shows that students that have better meta-affective capability can increase learning gains [7]. (Meta-
affective capability: those who have the ability to identify their own affective state accurately and further 
regulate their affective state)

To conclude, I believe the main takeaway from his talk, was that teachers as motivators have a unique role, as 
they can do things that AIED systems cannot. Teachers have a relationship with students that stands on 
authenticity and respect. It is one of the goals of AIED to truly understand the skills of human teachers from a 
scientific point of view so we can develop empathetic and socially intelligent AI systems and Du Boulay’s 
talk was a step in that direction. 

💡 Prof. Kentaro Inui: TRUST 
Prof. Tamara Clegg: AGENCY 
Prof. Benedict du Boulay: AUTHENTICITY & RESPECT 

📊 Selection of Presentations
AIED 2023 offered a wide range of research papers and creative initiatives that were presented by academics 
and professionals from all around the world. We had the opportunity to attend parallel sessions focused on 
specific themes, such as modeling, evaluation and innovative applications. Unsurprisingly, many 
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presentations focused on the themes that were presented by the keynote speakers especially trust in AIED 
systems. Below are some of the notes I took on a selection of presentations I attended:

“Reducing the Cost: Cross Prompt Pre-finetuning for Short 
Answer Scoring” Funayama,  Hiroaki et. al

Background
Automated scoring is simply the task of estimating scores for descriptive answers. It has been an active 
area of research for a long time due its potential for lowering costs and achieving fair evaluation. In this 
research, the authors focus on Short Answer Scoring (SAS) with rubrics. 

Objective
The main issue addressed is that rubrics differ for each prompt and as a result, individual models have to 
be trained for each kind which requires a lot of training data that is often unavailable. 

Method
For this reason, the authors explore the potential of cross-prompt training in SAS by incorporating the 
usage of key-phrases and two-step cross-prompt training. Step one involves pre-finetuning an SAS model 
on cross-prompt data to predict scores based on the entailment relationship between key phrases and 
answers. The second step then further finetunes the model on each prompt to create a prompt specific SAS 
model. 

Results & Evaluation
Their experimental results demonstrated that 
cross-prompt pre-finetuning improves 
performance and that the number of training data 
for finetuning can be reduced to 50% without 
compromising performance.

https://link.springer.com/content/pdf/10.1007/978-3-031-36272-9_7.pdf
https://link.springer.com/content/pdf/10.1007/978-3-031-36272-9_7.pdf
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“Trustworthy Academic Risk Prediction with Explainable 
Boosting Machines” Dsilva, Vegenshanti et. al

Background
Many research has been done on academic risk prediction. However, the types of data, the methods and 
evaluation metrics of course differ.  In the context of an online learning scenario with event logs and a 
binary classification objective, the authors focus their attention on explainability in both features and in 
evaluation. Can stakeholders trust the recommendations made by the system? What led to the prediction? 
Is the system fair and reliable?

Objective
This research focused on three main objectives:

1. Motivate use of trustworthy evaluation metrics next to accuracy in model comparison

2.  Demonstrate the explainable boosting machine (EBM) for an AIED use case

3. Show how feature response graphs for online learning behaviors potentially help to gain trust

Method
There is a known tradeoff in machine learning 
models between accuracy and intelligibility or 
explainability. The authors make use of a model 
that offers a balance between these two, namely 
Explainable Boosting Machines (EBM). EBMs 
are built on the idea of generative additive models, 
you have multiple features and you calculate/train 
a feature response function per feature or pairwise 
feature interaction, EBM is a fast implementation 
of the second approach by using trees. EBMs are 

https://link.springer.com/content/pdf/10.1007/978-3-031-36272-9_38.pdf
https://link.springer.com/content/pdf/10.1007/978-3-031-36272-9_38.pdf
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highly intelligible where feature response 
functions show the contribution of each function 
to a final prediction. Find more here.

The authors used clickstream data and online learning behavior features to predict failure or dropout. They 
built baseline models including glass-box models namely Logistic Regression and Decision Trees and 
black-box models namely Random Forest and Feedforward Neural Network. 

Results 
In terms of accuracy, EBM was found to outperform the baseline or at least be on par with the baseline 
methods. The authors used other metrics to evaluate their model for trustworthiness namely:

Earliness of Prediction: (EP) mean of first time period when label was correctly predicted

Harmonic Mean for Earliness: EP and taking into account accuracy of the model

Temporal Stability of Prediction: Mean of longest time period where correct predictions were made 
consecutively

Fairness: Statistical Parity Difference (SPD): measures the difference that the majority and 
protected groups receive a favorable outcome. Ideal value should be 0.

Fairness: Equal Opportunity Difference (EOD): measures the difference that the majority and 
protected groups receive a favorable outcome given a correct prediction. Ideal value should be 0

Faithfulness: Recall on Important Features: measures the mean of recall by training the model on 
important features for explanations generated for the test dataset (for each local explanation in the test 
dataset: determine k most important features, re-train model only on selected important features and 
compute recall)

For fairness measures, they found that all models achieved fairness estimates close to zero and that was 
most probably due to the fact that the dataset was balanced in terms of features. They found that EBM was 
able to achieve the highest faithfulness score.

All in all, they showed that using trustworthy 
evaluation metrics allows for a more holistic 
picture of models, that EBMs may be of 
potentially high value for AIED tasks (especially 
tabular data structures) and that feature response 

Additive Model (GAM): y = f (x ) +1 1 f (x ) +2 2 ... + f (x )n n

Additive Model with Pairwise Interactions (GA2M) : y = f (x ) +
i

∑ i i f (x ,x )
ij

∑ ij i j

https://www.notion.so/304596bed6794468a5a57775779bd4a8?pvs=25
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functions allow visualization and interaction with 
the model especially for domain experts.

““Why my essay received a 4?” A Natural Language Processing 
Based Argumentative Essay Structure Analysis” Yang, Bokai et. al

Background
Most Automatic Essay Scoring (AES) tools only provide a holistic score. However, that alone is not 
enough for the classroom because students need feedback on their essay and teachers demand details of 
the graded essay.

Objective
1. Extract and identify argumentative elements and structures from the text (identify claims, evidence in 

students’ essays to improve performance of the AES model. 

2. Explore association between argumentative structure and essay scores

3. Provide a design mockup for a future feedback tool 

Method
The datasets used were (Feedback Prize Dataset 
from Kaggle, their own ACT Writing Test). For 
argumentative element classification, they used 
DeBERTa and DistilBERT pretrained models. 
They trained the model to classify only (Positions, 
Claims and Evidence) since they held the majority 
of the dataset and considered features such as 
counter-claim to be part of  claims. The model 
was then trained with a cross-prompt, sentence 
level approach, a single ensemble model covering 
multiple prompts. After classification, 
argumentative structures are then extracted via 
sequential pattern mining using SPMF package to 
provide essay structure feedback.

https://dl.acm.org/doi/abs/10.1007/978-3-031-36272-9_23
https://dl.acm.org/doi/abs/10.1007/978-3-031-36272-9_23
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Results
Using the ensemble model they achieved overall accuracy of 0.85 when classifying argument structures. 
They found that the most frequently used structure in the essays (accounting to 40% of the ACT Writing 
Essays) was: (Position - Claims - Evidence - Claims)

When analyzing essays by score points they found that:

The longer the essay, the higher the score

Higher scored essays include more positions and evidences (Popular structure: Evidence - Claims - 
Position)

Lower scored essays had less argumentative structures (Popular structure: Position - Claims - 
Evidence) 

Design mockup for a future feedback tool:

“Enhancing Stealth Assessment in Collaborative Game-based 
Learning with Multi-task Learning” Gupta, Anisha et. al

Background
Collaborative game-based learning environments combine the benefits of collaborative learning and 
game-based learning environments. It can help support collective brainstorming towards a shared goal and 
help guide peers. These learning environments often come with a chat interface to offer a platform for 
students to exchange their ideas. But what happens when you leave middle school students to talk 
amongst themselves? They often engage in out-of-domain chat. While some of it may be constructive, it 
can lead to students transiting to negative affective states and lead to unproductive learning interactions.

Objective
1- Predict out-of-domain chat behavior beforehand and students’ learning outcomes while interacting with 
the game.

2- Create a multi-modal multi-task stealth assessment to model students’ learning without disrupting their 
engagement. 

Method

https://dl.acm.org/doi/abs/10.1007/978-3-031-36272-9_25
https://dl.acm.org/doi/abs/10.1007/978-3-031-36272-9_25
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Their study was conducted using the “Crystal Island: Ecojourneys” dataset where students have to 
investigate an outbreak on a remote island that is affecting the fish population.  Their task is to identify the 
illness while interacting with the game. The collaborative aspect in the game exists where students gather 
at a virtual whiteboard to discuss and vote on ideas and also engage in a group chat.

The multimodal features they extracted from the dataset were as follows:

Game Action Features

21 distinct action types

talking to an NPC, moving to a different location, voting on a sticky note

count vector to represent volume of each action

Chat Features

Average word-level pre-trained DistilBERT embeddings to represent a chat message (768 
dimensions)

Dimensionality reduction using PCA (32 dimensions)

They converted the task of predicting post-test score and out-of-domain contribution from originally being 
regression tasks to classification tasks to make the feedback more actionable.
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Regarding the model’s architecture, they used 2 separate sub-models to process each of the 2 different 
modalities or features.  For each game action that the student takes, the model look at the past 20 actions,  
and feeds them through an LSTM model. The output is then combined with the output of the other sub-
model which works similarly except with a GRU and previous 25 group chat messages. 

Results
The authors evaluated their experiments using group-level nested cross validation with 5 inner folds and 3 
outer folds where in each fold, 20% of training set is used for validation. They maintained a random forest 
baseline and evaluated across 3 main metrics, namely:

1. Accuracy

2. Standardized convergence point (Min et al. 2016) 

3. Convergence rate (for what percent of students are we able to make correct predictions)

The deep learning based multimodal stealth assessment framework that they proposed was able to 
outperform a non-neural random forest baseline for both prediction tasks. The multi-task learning models 
outperformed the single-task learning models across all 3 evaluation metrics, especially for models 
predicting post-test performance using only gameplay features which suggests that both tasks look at 
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similar features and make same inferences from gameplay features. They obtained best early prediction 
results for post-test performance prediction using both game-trace logs and chat interaction evidence 
which shows that group chat could be beneficial for post-test performance prediction. 

“Confusion, Conflict, Consensus: Modeling Dialogue Processes 
during Collaborative Learning with Hidden Markov Models” Earle-
Randell, T.V. et al. (Best Paper Nominee)

Background
There is growing recognition that AI technologies can and should support collaborative learning. While 
great progress has been made in modeling dialogs for middle and high school students, the dialogue 
processes that characterize collaborative talk between elementary-aged learners are not currently well 
understood. A promising approach to moving towards AI-augmented support of collaboration for young 
learners is to build a bottom-up model of dialogue and explore ways in which these learners move 
between the states or moments of collaborative talk. 

To analyze collaborative talk, they leverage a leading discourse theory by Neil Mercer that deconstructs 
collaborative talk into 3 different components:

1. Exploratory Talk: embodiment of collaborative, critical thinking where learners express incomplete 
thoughts as they forge their own understanding of the content 

2. Cumulative Talk: characterized by learners constructing a shared knowledge base by positively and 
uncritically building on each others contributions

3. Disputational Talk: learners disagree with each other and make their own decisions instead of 
collaborating with their partner

In this research they focus primarily on exploratory and disputational talk. 

Objective
What are the dialogue states that characterize collaborative talk between elementary school learner dyads, 
and how do these dyads transition between these dialogue states?

Method
The data used was gathered as a part of a larger study where students participated in a 5 day classroom 
study in which they completed 40 min pair programming activities using the FLECKS learning 
environment.

https://link.springer.com/chapter/10.1007/978-3-031-36272-9_50
https://link.springer.com/chapter/10.1007/978-3-031-36272-9_50
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To model learners’ collaborative talk, this study implemented a Hidden Markov Model. (HMM is a 
probabilistic graphical model that can be used to describe the hidden processes or states that influence a 
sequence of observable symbols). The constructed observable symbols were the 13 dialog acts that were 
extracted and the sequences were the 22 pair programming sessions. They experimented with 3-12 hidden 
states and a leave one out validation method to finally determine that 6 states performed the best. 

Results

Exploratory Talk while the most common, only had 1 primary way for students to leave it: Confusion. It 
occurs when students reach an impasse where it is hard to move forward which can lead to Frustration and 
Disengagement. Once students entered the Confusion state, there was an 86% chance they would dwell 

FLECKS learning environment, 
contains 2 virtual agents designed to 
foster collaborative talk by modeling 
collaborative behavior (not focus of 

this study)

Tagging all dialog transcripts 
between students

Resulting HMM
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there until they transitioned to Frustrated Coordination or Disputational Talk. The only way out of 
Disputational Talk is to cycle back to Exploratory Talk, by justifying and working cooperatively. 

To summarize, supporting collaborative talk between partners is an important direction for AI augmented 
technologies to move into. The paper presented an analysis of states and flow of dialog between 
elementary school students dyads who are collaboratively learning and found that disputational dialogue 
appears to be an important component of larger cycles of exploratory talk between young learners. 

Prompt-independent Automated Scoring of L2 Oral Fluency by 
Capturing Prompt Effects” Matsuura, R et. al

Background
In context of foreign language learning, speaking ability is evaluated in terms of fluency or “the speaking 
ability to produce smooth utterances”. A good speaker tends to speak fast with few pauses and hesitation. 
To evaluate fluency, it is necessary to prompt the learners to score their performance.  

This paper proposes an automated fluency scoring system which is compatible with multiple-prompt 
settings. Different prompts impose different cognitive demands on speaking and it is important to evaluate 
fluency consistently across various prompts. Human experts estimate prompt effects from non-temporal 
features such as content, lexico-grammar and pronunciation. 

Objective
→ Develop an automated fluency scoring system which is compatible with multiple-prompt setting

Do content, lexico-grammar and pronunciation features improve performance on automated fluency 
scoring system in multiple-prompt setting?

Which features contribute to improved performance of automated scoring?

Method
Architecture of proposed system:

https://link.springer.com/chapter/10.1007/978-3-031-36272-9_62
https://link.springer.com/chapter/10.1007/978-3-031-36272-9_62
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In the experiments, they used English monologue speech data belonging to 128 Japanese learners of 
English, 4 main prompts and ground truth labels of a 6-point scale fluency score. The speech samples 
were all manually evaluated by PhD students in Applied Linguistics.

Results
They compare their model with a baseline of a conventional method where the system only uses speed, 
pause and repair features.

Evaluation metrics employed:

Quadratic weighted kappa (QWK)

Pearson’s correlation coefficient (PCC)

To capture prompt effects, the model is conditioned by prompt ids, sentence embeddings from BERT and speech 
representations extracted from HuBERT.
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Their method was able to outperform the conventional method baseline which indicates the effectiveness 
of the employed features for creating an automated scoring system in a multi-prompt setting.

They performed an ablation study to test which features contributed to the improved performance of 
automated scoring and found that the pronunciation makes a strong contribution, while lexico-grammar 
may not be necessarily that strong. They found a negative impact by just inputting sentence embeddings. 
However, a limitation of their study is that the proposed method is not entirely prompt-independent since 
a one-hot vector is used for the prompt-ids.

Designing for Student Understanding of Learning Analytics 
Algorithms" Yeh, C et. al (check out demo!!)

Background
It is well-know how there is an increasing prevalence of artificial intelligence enhanced decision-making 
systems in educational settings and our daily lives. Therefore it is equally important to understand the 
limitations of these systems. Explainable AI is often spoken about as a way of increasing algorithmic 
transparency and user understanding. A possible way of achieving this is post-hoc XAI which often 
involve interactive visualizations. AIED has a lot to contribute to the XAI field.

At the moment, there is no established evidence-based way for XAI designers to determine which 
concepts are necessary to teach. Many AI explanations still require extensive prior knowledge of machine 
learning. 

In addition, the relationship between algorithmic transparency and user outcomes in learning analytics 
systems in unclear. Even if we reach 100% algorithmic transparency, it is not guaranteed that we will 
reach the outcomes that we want, it may or may not lead to increased use of AI systems or trust or even 

https://www.cs.williams.edu/~iris/website/pubs/2023howley_DesStudentUnderstLAalgo.pdf
https://catherinesyeh.github.io/bkt-asl/
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user understanding. For example, there is evidence where students do not necessarily have positive 
feelings towards transparent grading schemes.

Objective
How to build good explainables and evaluate their effectiveness?

Method
They used Bayesian Knowledge Tracing as the base example for an AI algorithm to explain. Any other 
model could also be used by following same process to achieve an evidence based effective explainable. 
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While BKT is transparent, it is complex to understand on the fly.  It also has flaws like model degeneracy, 
and the fact that it does not incorporate forgetting or passage of time.

To answer the research questions, they conducted the following process:

1. Identify Knowledge Components (KC) of BKT and build assessments

2. Build post-hoc explainable, a learning activity that incorporates and support each of the components

3. Evaluate user outcomes 

To identify KCs, they perform cognitive task 
analysis which is a think aloud method for 
systematically identifying the necessary concepts 
to teach stakeholders about a topic (e.g. an AI 
algorithm) and with CTA, they identified four 
broader knowledge areas of BKT, which can be 
broken down into 19 smaller KCs. To assess KCs, 
they developed questions specifically targeting 
each concept.

Then to build an explainable for BKT, they built it 
alongside with another skill that they were trying 
to teach so they could use BKT’s inputs and 
outputs as the participant learns something. (ex. a 
skill that is useful and not everybody knows is 
sign language). They developed an interactive 
web app that also incorporates best pedagogical 
practices like prompts, multiple choice etc .

Results
To assess how transparency decrease affects 
understanding and perceptions of fairness and 
trust, they carry out a randomized and controlled 
experiment where they vary levels of transparency 
and measure the impact on user perception of trust 
and fairness. Their findings showed the effects of 
varying transparency on algorithmic 
understanding and user perceptions which 
surprisingly showed that less information is not 
necessarily always worse.

knowledge components of BKT

vignette type questions for assessment
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“Improving Automated Evaluation of Student Text Responses 
using GPT-3 for Text Data Augmentation” Cochran, K et. al

Background
Teachers use formative assessments to evaluate progress on textual responses for many advantages:

students can build components of knowledge along the way to solve larger problems

students can communicate conceptual understanding of the topic, have self-assessment skills and self-
regulated learning skills

teachers can become aware of difficulties along learning path

Formative assessments of student writing takes time and the sooner the feedback the more opportunity for 
feedback to be received while the brain is in a receptive state.

Objective
Deep learning models need lots of data to perform well and many educational studies have very few 
student responses. Smaller educational data sets are also often imbalanced.

Solution: Balance dataset or expand it. Easy with image data. With text? Text augmentation techniques:

back translation

masking

add noise with typos for example

use hyponym (more specific term) or hypernym (broader meaning)

self augmentation, using copies of given data (may overfit however)

Research Questions

1. Can artificially generated responses improve base model classification performance?

2. Can artificially generated responses outperform self-augmentation when used for training models for 
sentence classification?

3. Does temperature sampling of the artificially generated student responses affect model performance?

4. Does performance ultimately degrade when model reaches a sufficient level of augmentation?

Method
Use GPT 3.5 for robust text generation, use student responses in a prompt for text generation and compare 
different temperatures when generating.

https://dl.acm.org/doi/abs/10.1007/978-3-031-36272-9_18
https://dl.acm.org/doi/abs/10.1007/978-3-031-36272-9_18
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Results
Generative AI augmentation techniques can produce responses that are semantically different than the 
prompted sentence.

1. Balanced data sets improve in performance with the addition of generated augmentation

2. Generated responses improve performance over self-augmentation

3. Temperature variation didn’t affect performance as much as expected

4. Peak performance varied but didn’t exceed 89x

"Neural Automated Essay Scoring Considering Logical 
Structure" Yamaura, M et. al

Objective
Neural Models cannot directly consider logical structure in student essays. The main objective is to 
incorporate information about the logical structure of the essay in hope of improving the performance of 
AES models. A method that can be used for this is Argument Mining. H. Nguyen and D. Litman (2018) 
handcrafted features such as the number of premises and used those as inputs. Ultimately, the 
improvement was in accuracy was limited. The objective of this research is to incorporate the features in a 
way that they do not need to be handcrafted as this could be the reason as to why logical structure was not 
properly captured.

https://link.springer.com/content/pdf/10.1007/978-3-031-36272-9_22.pdf
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Method
1. Extract logical structures using argument 

mining. (Argument mining: a machine 
learning method that inputs sentences and 
estimates the logical structure)

2. Convert extracted logical structure into 
numerical form and incorporate it into the 
model. To numerate the logical structure, they 
create what they call a “visible matrix”. The 
goal is to simply make words visible if they 
are logically connected and invisible if they 
are not. The dots represent relevance between 
two words in a sentence.  Calculate -th self 
attention vector by incorporating the visible 
matrix  and call this BERT based model 
“BERT-LS”.

3. Concatenate outputs from BERT-LS and 
conventional model to utilize both logical 
structure from BERT-LS and retain some of 
the linguistic information from the 
conventional model. Use concatenation as 
input to a linear layer to predict score.

In their experiments, they used ASAP dataset 
which consists of essays written by English native 
speakers in 8 different tasks along with their 
scores.  

Results
They evaluated their experiments with 5-fold 
cross validation and QWK (Quadratic Weighted 
Kappas)  as the main metric. Results showed that 
incorporating logical information of essays can 
improve the accuracy of neural AES models, 
especially with persuasive type prompts.

t

M
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📃 Posters
Poster sessions were held on July 4th, 5th and 6th. On July 4th, I had the chance to present my work as a 
poster and have meaningful discussions with other researchers. Below are some notes I took on other poster 
sessions I attended as well and links to interesting ones.

July 4th

How Useful are Educational Questions Generated by LLMs? Elkins, Sabina et 
al.

Use LLMs (InstructGPT), controllable text 
generation (specific types of questions), and few-
shot learning to generate educational questions. 
Collect opinions / human evaluation from real-
world teachers (biology, ML domains) to show 
that generations are both high-quality and useful.  

Using Decomposed Prompting to Answer Student Questions on a Course 
Discussion Board Jaipersaud, Jaipersaud, Brandon et al.

Responding to student questions on discussion forums can be a very time consuming process. This paper 
presents an approach to answer student questions by prompting GPT-3 using a prompting strategy known 
as decomposed prompting. 

Different questions on discussion board may require different prompting strategies. They categorize 
questions into 4 categories (Conceptual, Homework, Logistics and Non-answerable). Using GPT-3, they 
first categorize the questions, then use a specialized prompt or ignore altogether. Afterwards, they 
manually annotate the GPT answers.

Their classification results showed an accuracy of 81%. The authors then manually annotate the model’s 
answers to the question and label them either “bad” or “good” with “bad” being 20 answers and “good” 
being 8 answers. They further categorized the reasons for the “bad” answers to be belonging to 

https://arxiv.org/abs/2304.06638
https://link.springer.com/chapter/10.1007/978-3-031-36336-8_33
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(Misclassified, Factually Incorrect, Outside of Course Scope, Other (such as misunderstanding, 
incoherence, incorrect assumptions, adding irrelevant information))

Investigating Patterns of Tone and Sentiment in Teacher Written Feedback Messages” Baral, S et al.

July 5th

“Learning from Auxiliary Sources in Argumentative Revision Classification” 
Afrin, Taxin et al.

The objective of this research is to classify 
desirable reasoning revisions in argumentative 
writing. However, hand-annotated dataset are 
small in size and therefore difficult to use state-of-
the-art models. Therefore, they take advantage of 
auxiliary data sources of revisions in solving this 
problem by utilizing multi-task learning for 
training on different sources of data and transfer 
learning for capturing the relationships between 
the data.

The data used in this study was paired drafts of 
argumentative essays from elementary, high 
school and college. They are written by students 
in response to a prompt and revised in response to 
feedback and finally graded with respect to a 
rubric.

They focus on reasoning revisions or those modifications that enhance the explanations and linkage of 
evidence to the overall argument. Desirable revisions are those that are hypothesized to improve an essay 
and undesirable ones are those that lack the utility.

They compare different types of models namely, Single-task Learning Model, Multi-task Learning Model, 
Union Model and Transfer Learning Models. For evaluation, they employ both intrinsic and extrinsic 
evaluation. In intrinsic evaluation, the classification performance was compared to baseline models in 
terms of average unweighted F1 score. In extrinsic evaluation, they checked how often desirable and 
undesirable revisions are related to improvement score and used Pearson correlation. The process is then 
replicated for the predicted revisions.

Takeaways: they found that sharing features via multi-task learning was useful for identifying desirable 
reasoning or intrinsic evaluation. Transfer learning showed that the availability of more data was not 
enough, rather, which data was used for pre-training was also important.

“Visualizing Self-Regulated Learner Profiles in Dashboards: Design Insights 
from Teachers” Meija-Domenzain, Paola et al.

https://link.springer.com/chapter/10.1007/978-3-031-36336-8_53
https://link.springer.com/chapter/10.1007/978-3-031-36336-8_42
https://arxiv.org/abs/2305.16851


Report on The 24th International Conference on Artificial Intelligence in Education 27

In flipped classrooms (FC), students do pre-class 
activities and then attend to interactive face-to-
face sessions, these pre-class activities have been 
found to be essential for students’ success. 
Therefore, it is essential to best assist and support 
them during these activities. 

Their research questions were:

1. How do teachers interact with and respond to 
an ML-based tool for FC?

2. How actionable is the information provided 
in the dashboard?

To answer these questions, they cluster profiles of students that integrate SRL dimensions (proactivity, 
effort, consistency, control and regularity). Then, they design the dashboard with a teacher-centered 
approach and an iterative process. Finally, they evaluate using clickstream analysis of use in addition to 
semi-structure interviews with ten experienced blended learning lecturers. They found that teachers 
initially explore behavior pages to understand and then use summary and overview pages to suggest 
interventions. Among the interventions were:

showing dashboard in class 

adapting course 

or personalized actions depending on the profiles

“Enhancing the Automatic Identification of Common Math Misconceptions 
Using Natural Language Processing” Gorgun, G et al.

The objective of this research was to identify 
common wrong answers given in a two-part 
problem. The problem consists of a close-ended 
question followed by an open-ended one where 
students provide reasons or explanations for the 
close-ended part.  Identifying wrong answers in 
the close-ended question is relatively easy where 
we can use a matching algorithm for example. 
However, for open-ended questions, it is a 
difficult problem due to the variations in possible 
answers. In this research, they obtained sentence 
BERT embeddings and then followed that by 
clustering using k-means. Their experimental 
results show that for the close-ended question, 

https://link.springer.com/chapter/10.1007/978-3-031-36336-8_47
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students may be struggling with representing 
simplest fraction form and misunderstanding of 
the meaning of a ratio. However, for the open-
ended question, they found mixed results for the 
feasibility of automating the identification of 
common wrong answers using their method of 
embeddings and clustering.

July 6th

Impact of Experiencing Misrecognition by Teachable Agents on Learning and 
Rapport”, Asano, Yuya et al.

When you’re talking to AI (Siri, Alexa etc) 
sometimes your speech gets mis-recognized which 
can be annoying and can affect your user 
experience. In this research they investigate the 
impact of mis-recognition in the context of 
tutoring dialogue. They automatically quantify the 
mis-recognitions observed by learners instead of 
the ones internal to systems and evaluate agents 
with students’ sense of rapport with it rather than 
user satisfaction. To measure mis-recognition, 
they feed both the ASR transcript and the human 
transcript to the same dialog system given same 
context and compare the output between both. If 
responses are different, it is marked as a dialog 
mis-recognition. Their results show that dialogue 
mis-recognition by teachable agents is not 
necessarily relevant to learning gains or learners’ 
rapport with agents.

Emotionally Adaptive Intelligent Tutoring System to Reduce Foreign Language 
Anxiety” Ismail, Daneih et al.

When learning a foreign language, feelings of stress, worry and apprehension can accumulate and 
negatively impact learners cognitively, psychologically and physiologically. For this reason, they build an 
emotionally adaptive intelligent tutoring system that is able to detect anxiety and provide intervention as 
needed. They use a random forest chain regressor, and sensor free human behavior metrics to predict 

https://arxiv.org/abs/2306.07302
https://link.springer.com/chapter/10.1007/978-3-031-36336-8_55
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anxiety and change. The interventions include motivational supportive feedback presented by an agent via 
voice or text and explanatory feedback presented via the same modalities. They found that adaptive 
feedback reduces anxiety more than fixed strategies. However, they didn’t find significant differences in 
learning gains.

“Identifying Usability Challenges in AI-based Essay Grading Tools” Hall, E et 
al. (virtual)

Automated essay scoring systems (AES) has made 
it possible to provide real-time feedback and 
grades for student essays, thus promoting 
equitable education and creating a level playing 
field by ensuring that all students conform to a set 
of foundational writing conventions.

However, two main questions arise in this context:

1. How does explainability and transparency 
relate to usability?

2. How do explainability and transparency 
efforts affect how graders use a system?

They conducted a qualitative study to gain 
insights on participants’ experiences using an AI 
essay grading tool. 10 broad themes emerged that 
captured the findings of their study. These 
findings revealed several transparency and 
explainability issues that present usability 
concerns. 

🕸 Networking Opportunities
From distinguished professors with years of experience in the field, to passionate students pursuing their PhD, 
AIED23 served as a golden opportunity to meet great people, make deep connections and share insightful 
conversations. I established connections with several researchers who expressed interest in potential 
collaborations and knowledge-sharing opportunities in the future. The conference utilized the Whova platform 
for virtual participation which further facilitated establishing connections.

In conclusion, the conference successfully achieved its goal of fostering discussions and sharing knowledge 
about the integration of AI in education. It deepened my understanding of the challenges, opportunities, and 
ethical considerations associated with this emerging field. 

https://link.springer.com/chapter/10.1007/978-3-031-36336-8_104
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