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ii Difficult for teachers to monitor and detect problems

(Chounta & Avouris, 2016)




INTRODUCTION

MULTIMODAL LEARNING ANALYTICS

Uses sensors along with log data
(Ochoa et al., 2017).
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Captures multimodality of students’ interactions.




INTRODUCTION

MULTIMODAL LEARNING ANALYTICS
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MODELING COLLABORATION
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Multimodal data
collection systems

iMotions Lab

Commercialized

Multimodal Learning Hub

Schneider etal., 2018

Social Signal Framework
Wagner et al., 2013

Lab Streaming Layer
Kothe et al., 2014
EZ-MMLA toolkit
Schneider et al., 2022

Colrack

Chejara etal., 2024




Feature

extraction
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Video data

Voice activity detection (VAD, py-
webrtcvad)

Acoustic feature extraction
(OpenSmile tool)

Speech-to-Text
(Google Speech-to-Text)

Facial exrepssions
(OpenFace, Py-Feat)

Body movement
(OpenPose)

Speaking time
Turn-taking
Pitch

Energy

Speech data

Facial action units

Emotions

Head movement

Hand movement



e g

N

Feature merging

Group

Facial expressions
(25 data points per
second)

‘ Summary stats

10 d
Voice activity(5 (10 seconds)

data points per

second) Group level

features

Facial expressions

(25 data points per o

second) ‘ ummary stats
(10 seconds)

Voice activity(5

data points per
second)



Annotation

e g

H

Y4
AN

Annotation

Expert Artifact Self-reported
evaluation assessment survey



Annotation

Y4
AN

S Ny WEa

Annotation

Expert Artifact Self-reported
evaluation assessment survey

Rating han k
(Rummeletal., 2011)


https://docs.google.com/document/d/1vETVhMIYomCZCqKt8WjTnDKYWZ76TGFFNBZJsahvQHA/edit?usp=sharing
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WHAT NEXT?

Would our model

work well in —

a Uth e ntic c la SS roo m Transitioning from research to practice
settings?

NOISE ISSUE VARYING CONTEXT




GENERALIZABILITY 1

Ability of machine learning models to perform well on unseen data (Raschka, 2018).

(e =
/\ /\ Lack of systematization for
R N R R C N HE SRS generalizability evaluation & reporting

Entire dataset ] [ Entire dataset ] [ Entire dataset ]

O el et

[ Train set ] [ Test set ]

Do not consider
educational nature of MMLA

A
Model Model
development validation

I I

Train & Test Stratified k-fold Non-stratified k-fold Bootstrap

Model Evaluation Methods



EXAMPLE

Features (30 sec)

4 | : Speaking time
—— number of char added
Audio data
number of char deleted
L;)gsﬁo;n Group 2
text-editor
Group-size 4
Human Duration 30 mins

Chejara, P, Prieto, L. P, Ruiz-Calleja, A., Rodriguez-Triana, M. J., Shankar, S. K., & Kasepaly, R. (2020). Quantifying collaboration quality in face-to-face classroom settings using MMLA.
In International Conference on Collaboration Technologies and Social Computing (CollabTech) (pp. 159-166). Springer, Cham. hitps://doi.org/10.1007 /978-3-030-58157-2_11



How to systematically assess and
report generalizability in MMLA?



EFAR-MMLA

GENERALIZABILITY EVALUATION FRAMEWORK

-

Chejara, P., Prieto, L. P, Ruiz-Calleja, A., Rodriguez-Triana, M. J., Shankar, S. K., & Kasepaluy, R. (2021). EFAR-MMLA: An evaluation framework to assess and report generalizability
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ML evaluation technigues
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Evaluate ML models at various generalizability

levels

-
Report performance at

different generalizability
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| of model’s performance
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Report performance mean
with its variation
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of machine learning models in MMLA. Sensors (21), 2863. https: //doi.org/10.3390/5s21082863



EFAR-MMLA

GENERALIZABILITY EVALUATION FRAMEWORK

0 Assessment of generalizability relavant to MMLA

0 Bias identification



How well automated collaboration
estimation models perform across
different contexts varying on task,
task type and school?



CONTEXT GENERALIZABILITY
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CONTEXT GENERALIZABILITY

2 , . Supervised
"m) Colrack =Y Feature extraction & merging —) rlnach'ine
earning

Estonian Vocational
school

Chejara, P., Kasepalu, R., Prieto, L., P., Rodriguez-Triana, M. J., Ruiz-Calleja, A., & Schneider, B. (2023). How well do collaboration quality estimation models generalize across authentic
school contexts. British Journal of Educational Technology, 00, 1-23. hitps: //doi.org/10.1111 /bjet.13402



EVALUATION
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RESULTS

GENERALIZABILITY ACROSS CONTEXTS

PERFORMANCE
PERFORMANCE
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GENERALIZABILITY ACROSS CONTEXTS

HUMAN

PERFORMANCE
PERFORMANCE

Across different tasks (group
discussion)

.

59 %
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Across different tasks types

61 % Across schools (group discussion

tasks)
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RESULTS

GENERALIZABILITY ACROSS CONTEXTS

PERFORMANCE
PERFORMANCE

Across different tasks
(collaborative writing)

49 %




RESULTS

DATA IMPORTANCE

Audio data alone enabled the development of context
generalizable models

Model experienced a loss of 22%

in balanced accuracy when
performing across different schools
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Multimodal Data Collection &
Collaboration Monitoring



volrack =&

https://www.cotrack.website

600 Students
6 Researchers 8 Teachers

Intevenstion suggestions

You can use following strategies for the current state collaboration behavior.
Group-3 9 siraied
Session: BT19
Participants: Sandra, Helina, Enely,

Dimension Suggestions.
3= Configure Dashboard
Argumentation . Make sure there is someone in the group with the role of orienting
(raising questions with the direction of discussion)
Cooperative J Go and talk to the group aabout the issue. guide them to solve
orientation their own problem; Ask about the role divisions, if possible assign a
Group dynamics Writing stats Collaboration quality leader whose task is to make sure everyone has shared their
Total updates: 214 thougts and feelings.
Total words: 141 0
Total characters: 1274 2 3 /0 Sustaining mutual To promote, specify common rewards for the group, such as group
understanding marks
chance of [T level of
collaboration quality
Individual contribution Dimensions
Argumentation (Lo ]
Cooperative orientation  (Z23
-
Sandra  Heiina Sustaining mutual o

understanding



https://www.cotrack.website/

CLASSROOM VIEW

Basic details

Activity Duration Active Groups
L o 1:30:00

PP I

Showing how equally group participants
are speaking (in this example, only three
students are talking to each other more

often) Group-1 m @ ‘ Group anlytics

Group Social dynamics Writing behavior Collaboration quality

B Group-2 m ’ N O Group anlytics

It shows the size of text each group has )

groups.

produced in comparison with other
Group-3 M ’ @ ‘ Group anlytics

This traffic system shows the predicted
collaboration quality level of the group.
(Green: High, Yellow: Medium, Red: Low)

Chejara, P, Kasepaly, R., Prieto, L., P., Rodriguez-Triana, M. J., & Ruiz-Calleja, A. (2024). Bringing collaboration analytics using multimodal data to the masses: Evaluation and
design guidelines for developing a mmla system for research and teaching practices in CSCL. In the 14th Infernational Learning Analytics and Knowledge Conference (LAK24). ACM.
https://doi.org/10.1145/3636555.3636877



Group VIEW

Configure the e
dashboard. S
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Group: Group-1 high collaboration
Session: BT1g _ quality. Higher is
Group dynamics in Participants: Liisa. Evely. Anastasia. better.
terms of who is talking e
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Spaaking analylics Wiiting analbytics. Priaciction

Group dynamics Writing stats Collaboration quality )
Predicted level of three

dimensions of
collaboration quality.

Tolal ugdates. 396
Speaking time of each

Total words: 44
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group member. \]

chance of [[Fg] level of
collaboration qualit
Anastasiar=——") o, ¥
Speaking time Individual contribution Dimensions

1500
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£ 1000
Foam
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Suritainineg mubual —
everyone in the group understanding
contributed to written

text document. [2) Group Document ¥ intervention

To see the word cloud . . .
, To see group's written To see suggestions on
of group’s

document. interventions.

conversation.




Guidelines to build context
generalizable collaboration
estimation models



GUIDELINES

0 Use 60 seconds time window for data segmentation for modeling collaboration quality
using multimodal data

@ Use Random Forest for building robust ML models for collaboration quality

Q Use of contextual data to build context generalizable models for estimating
collaboration quality



https://www.etera.ee/zoom/201962/view?page=1&p=separate&tool=info&view=0,0,2067,2835

FUTURE DIRECTIONS

Investigation using cross-modal features

Impact of choosing different choices of ML modeling step on generalizability

o Privacy-preserving approaches for MMLA

Teacher’s perception and response to Al-enabled systems



CONCLUSION

0 Time to move research from laboratories to practice.

0 Teacher-Al hybrid partnership




14 Your reasoning for WHY you do WHAT YOU DO is more critical than WHAT
YOU DO. Anonymous

Thank you

Pankaj Chejara
pankajch@tlu.ee
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