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Machine Learning for Data Analysis

= Machine Learning [subfield of Artificial Intelligence] == T

= Best known for application in technical devices

(robotics, face recognition, automatic translation,
synthetic image generation...)

= Also usable as tool for statistical data analysis

= But: not able to explain their autonomous decisions
and actions to human users (“Black Box")
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Explainable Artificial Intelligence (XAI) for Data Analysis

= SHAP values (Lundberg & Lee, 2017)
— Based on Game theory (Shapley, 1953) w Wﬂ
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Explainable Artificial Intelligence (XAI) for Data Analysis

SHAP values (Lundberg & Lee, 2017)
— Based on Game theory (Shapley, 1953) ,ﬁ‘ i\ ,i‘
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Explainable Artificial Intelligence (XAI) for Data Analysis

= SHAP values (Lundberg & Lee, 2017)
— Based on Game theory (Shapley, 1953)
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Explainable Artificial Intelligence (XAI) for Data Analysis

= SHAP values (Lundberg & Lee, 2017)
— Based on Game theory (Shapley, 1953)
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Explainable Artificial Intelligence

(XAI) for Data Analysis

efficients

T =10

= SHAP values (Lundberg & Lee, 2017) _ e
— Based on Game theory (Shapley, 1953) 2 star0s73

3 star0592

b= N 1 5 4 star0616
b=.30 b=.25 5 star0652
6 star0664

7 star0831

IQ SES SRL 8 star0851

9 star0875

10 star0940

11 star1200

12 starl202

REGRESSION PREDICTION

| Coefficients
M Coefficients
— md Coefficients |
H, | v Coefficients
Hi[— | Coefficients
M Model b p
H;
H, (Intercept) <.001
T1.MK.1 0.101 .046
T1.MK.3 0.292 <.001
] T1.MK.5 0.652 < .001
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Explainable Artificial Intelligence

= SHAP values (Lundberg & Lee, 2017) pliiss

(XAI) tor Data Analysis

T1.MK.1 T1.MK.2 T1.MK.3 T1.MK.4 T1.MK.5 T1.MV.1

— Based on Game theory (Shapley, 1953) |

3 star0592

6 star0664

IQ SES SRL =

11 starl200
12 starl202

REGRESSION PREDICTION
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Explainable Artificial Intelligence (XAI) for Data Analysis

= SHAP values (Lundberg & Lee, 2017)

Name T1.MK.1 T1.MK.2 T1.MK.3 T1.MK.4 T1.MK.5 T1.MV.1

1 star0543 1 1 0 1 1 1
— Based on Game theory (Shapley, 1953) 2 star0573 1 1 0 1 0 0
3 star0592 1 1 1 1 1 0
4 star0616 O 0 0 0 0 0
— Individual regression models for each person! 5 | star0852 | 1 0 ! : ! !
6 star0664 1 0 0 1 0 0
7 star0831 O 0 0 0 0 0
8 star0851 1 0 1 0
star0875 1 1
'tar0940 O 0
star(0543 star0616 star0831 w20 1 star(0940 ! star1202
star1202 0 0
1Q: 12 1Q: 19 1Q: .03 1Q: .16 1Q: 14
SES: .43 SES: .27 SES: .02 SES: .14 SES: .28
SRL: .07 SRL: -.17 SRL: .34 SRL: -.26 SRL: .09
MOT: -.14 MOT: .28 MOT: .37 MOT: .11 MOT: .31
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Example for the Application of Explainable Artificial Intelligence (XAl)

Background: Formative and summative assessment

Formative assessments W @_/\_/ Summative assessment

Evaluation curine Evaluation afier the
the learning process course completion

i Y

The purposeisto The purpose is to
improve student's  evaluate student’s
achievements

Source of illustration:

w . . . = = = . https://www.bookwidgets.com/blog/2017/0
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Example for the Application of Explainable Artificial Intelligence (XAl)

Background: Formative and summative assessment

Formative assessments Summative assessment
e.g., weekly digital W @_/\‘/ e.g., final exam
assignments  FEEEIIEE—E—— (graded)
(gle) eI E=Ie [Ie) M the learning process  course completion

v
- Feedback on strengths and G ;

weaknesses Thepurposeisto  The purpose is to
(Hattie & Timperley 2007) improve student’s  evaluate student’s
. _ achievements
- Regulation of goal setting

and learning strategies
(Black & Wiliam 2009)

Source of illustration:
w . . . = = = . https://www.bookwidgets.com/blog/2017/0
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Example for the Application of Explainable Artificial Intelligence (XAl)

Background: Formative and summative assessment

Formative assessments M Summative assessment
e.g., weekly digital @_/\_/ e.g., final exam

assignments (graded)

Evaluation during  Evaluation after the
(gle) eI E=Ie [Ie) M the learning process  course completion

?

= Participating in formative assessments increases success in summative assessments
(Angus and Watson 2009; Forster, Weiser & Maur 2018)

= But: “...it remains uncertain “[...]
whether success in completing the homework influences the success in the

examination” (Leong & Alexander 2014, p.614)
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Example for the Application of Explainable Artificial Intelligence (XAl)

Our data: Formative and summative assessment

Formative assessments
Weekly digital homework

5 4.8 Graphisches Ableiten

Dargestellt st eine
d ihre erste bis fanfte Ableitung. Einer

der Graphen stellt keine Ableitung der Funktion
dar. Uberlegen und begrinden Sie, welcher Graph
die Ableitung von welchem anderen darstellt
Sortieren Sie dann die Graphen A, B, C, D, E, F, G
der Reihe nach: f(x), (x), F(x), .., f%)x) und

uzen Sie an

A AFBCDG
B FAECDG
C: FABCDG
D: GDCBAF
E: AEBCDG
F ABECDG
G: FAEBCD

H-5

+4

H3

(not graded)

Thnen ist die obenstehende Funktion f durch f(z) —T° — 3% gegeben. Die untenstehenden Graphen zeigen
ihre Stammfunktion, ihre erste und zweite Ableitung sowie eine weitere Funktion, die weder eine Ableitung, noch eine
Stammfunktion davon ist. Ordnen Sie passend zu.

3 1.4

Summative assessment

final exam
(graded)

A

| B

D

[\

I

/

|

"

Auswahl

ilias.uni-mainz.de/vote A passt zu
B passt zu

C passt zu
7 3 7 3 D passt zu

Auswéhlbare Terme

3inable Al

Weder Ableitung, noch Stammfunktion

fi(x) 2. Ableitung, f"(x)




Example for the Application of Explainable Artificial Intelligence (XAl)

Our data: Formative and summative assessment

Formative assessments Summative assessment
weekly digital homework final exam

= Introductory lecture for Mathematics
= N=408 students
= DV: Exam grade
= Vs
« Performance in weekly assessments
« Prior knowledge
« Affect
« Goal orientation
« Demographics
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Example for the Application of Explainable Artificial Intelligence (XAl)

Our data: Formative and summative assessment

Formative assessments Summative assessment
weekly digital homework final exam

Our 2. research question:
To what extend does the success in formative assessments affect the summative
assessment in individual students?
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Example for the Application of Explainable Artificial Intelligence (XAl)

Feature importance

| Overall results:
Weekly assignments T

Advanced math course _
School GPA N

Goal setting exam [ = Entire sample
Math grade at school [ = |mportance of each
Maths affinity |[INENEGN variable (=, feature”)
Maths anxiety [
Gender I = Best predictor =
Age I Performance in formative

Course repetition | assessment

0 1 2 3 4 5 6
mean(|SHAP value|) (average impact on model output magnitude)
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Example for the Application of Explainable Artificial Intelligence (XAl)

Watertall plots

ID=27  f(x) =43.233 Individual results: ,Anna”
Weekly Assignments Individual prediction model for this

participant
Starting po piAvErage prediction

Maths anxiety

Advanced Course

School GPA '§+0.96

Math Grade ' +0.69
Gender -0.59 .
Goal Setting Exam ' +0.32
Maths affinity -0.28 .
Repetion E+0.05
Age ' +0.02
414 416 418 510 512 514 .l 516 518

E[£(X)] = 54.377
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Example for the Application of Explainable Artificial Intelligence (XAl)

Watertall plots

ID=143 f(x) = 67.847 |ndividual results: ,Ben”
Maths anxiety

Weekly Assignments

Advanced Course

Best predictor = Anxiety

Math Grade
School GPA
Gender

Goal Setting Exam
Maths affinity

Age

Repetion

54 56 58 60 62 64 66 68
E[f(X)] = 54.377
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Example for the Application of Explainable Artificial Intelligence (XAl)

Summary plot

goal-form
affinity
gpa
ma-grade
adv-course
repeat

age
anxiety

gender

T ——— ....M

._........

—40 ~30 -20 ~10 0
SHAP value (impact on model output)

10

Han - Qverview of sample:

Feature value

SHAP values for each
participant depending on
his/her feature values

Different distributions of
SHAP values for each
feature

Weekly assignments with
strong negative iImpact
for many, but not all
participants
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Clustering participants

20 a - i b 0 = Based on similarities of
goal-form Shap values
affinity Four cluster solution
gpa
adv-course - Possibility to provide
ma-grade early feedback for
repeat students at risk
gender
age
anxiety
30 40 50 60 70 80 90 100

Model output value
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Summary: Explainable Artificial Intelligence

Powerful statistical analysis tool
Individual prediction model for each participant
Not yet widely known
Not always easy to interpret

DA Variety of information-rich plots
DT Steep learning curve
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Thank youl

Example paper with Explainable Artificial Intelligence:

Pereira, F. D., Fonseca, S. C., Oliveira, E. H., Cristea, A. ., Bellhauser,

H., Rodrigues, L., ... & Carvalho, L. S. (2021). Explaining Individual
and Collective Programming Students’ Behavior by Interpreting a
Black-Box Predictive Model. /EEE Access, 9, 117097-117119.

Dr. Henrik Bellhauser
bellhaeuser@uni-mainz.de

YW @hbellhaeuser
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