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Introduction to Cognitive Diagnosis

* In the applications of artificial intelligence, we often need to characterize the
difference of individuals in both personal information and latent features

—————————————————————————————————————————————————————————————————————————————————————————————————————————————

Shopping | - Personal Information "‘ Latent Features | . Shopping '
» - Age | « Preference »
Exercising | i - Gender ' \ (mte;:efst) | . Exercising
" i « Occupation » Proficiency o g
9 I)Z( g - . Location j (abilities) - MU>M
* Shopping  Smart city
* Exercising « E-commerce
* Playing « Education

Anhui Province Key Lab. of Big Data Analysis and Application



Introduction to Cognitive Diagnosis

* In the applications of artificial intelligence, we often need to characterize the
difference of individuals in both personal information and latent features
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Introduction to Cognitive Diagnosis

* An assessment for automatically measuring individuals’ proficiency profiles

— Quantifying the mastery level of examinees on specific knowledge concepts/skills

Responses
Tasks Skills

u, U
e k, v v
€, k X v
€, k, v X
e, Jeo ks X v
e ki.k, v X
Overall Score 60 60
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Introduction to Cognitive Diagnosis

* An assessment for automatically measuring individuals’ proficiency profiles

— Quantifying the mastery level of examinees on specific knowledge concepts/skills

Responses f‘ k :

Tasks  Skills ; : ;

u, u, - ok AR

Qo.s 1

g B o o ; =l

Cognitive k k :

e, k X v ; ) ‘”’5

e k v X 5 D i ky ?

: ’ Diagnosis :

: . n

84 k 2> k 5 X ‘/ u, ’ i -

es k3 P k 4 V’ x k . k i :
Overall Score 60 60

Users’ proficiency on specific skills (cognitive states) are quite different
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Introduction to Cognitive Diagnosis

* An assessment for automatically measuring individuals’ proficiency profiles

— Quantifying the mastery level of examinees on specific knowledge concepts/skills

Responses f- : .
Tasks  Skills ; b § Assumptions:
u, u, : , k. 6 k,
0.5f1 :
e k, v v : = 1. The observed interactive
. Cognitive k, ky o behaviors of users are
& ” ¥ :> § ; determined by their latent
5 e 5 cognitive states
G ke v A Diagnosis : : g
e, bk, X i ks @ k, . 2. The cognitive state of each
2 S L user is stable in a short period
2 kynky v X k, k, of time thus can be diagnosed
Overall Score 60 60

Users’ proficiency on specific skills (cognitive states) are quite different
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Introduction to Cognitive Diagnosis

This talk will briefly review the recent developments of Cognitive
Diagnosis Models and show the wide applications of cognitive diagnosis
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From Psychometric to Machine Learning

* Most of existing Cognitive Diagnosis Models (CDMs) are well designed based
on Psychometric theories
* Responses to the Items in a Scale  * Item Response Theory (IRT)

Item Examples from Standford-Binet Intelligent Scale 1—c
g P(R;; = 1|6;,a;, bj,¢c;) = ¢; + 4
Child Adult ( 5] | L= ] ]) ] 1+ eXp(—17a](Hl _ b]))
Criteri Complete Describe differences
riteria analogies between concepts Discrimination ~ Guess factor  Skill proficiency  Difficulty
Describe the .
Brother is a dijjerences éetween o /
Item bov. sister is laziness and idleness, The | (0 b th o /
Example % poverty and misery, - ¢ larger of (8; — bj), the N 7
— character and hlgher of the prObability that . /
reputation. correctly answer the item. 03 /
[1] Frederic Lord. A theory of test scores. Psychometric monographs, 1952. :

[2] Roid G H, Pomplun M. The stanford-binet intelligence scales]M]. The Guilford Press, 2012.
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From Psychometric to Machine Learning

* Most of existing Cognitive Diagnosis Models are well designed based on
Psychometric theories

Unidimensional

Overall ability @
1-— Cj

L exp(—1.74,(6; — b)) Mastery of specific skills @

P(RU = 1|9i,aj,bj, C]) = Cj

Q-matrix

Skill 1 | Skill 2 | Skill 3 | Skill 4
Task 1 1 0 0 0

MIRT | 1-¢
- P(R; = 1|Ei'aj dj,c) = ¢ : Task 2 0 1 | 0

* 1+ exp(—1.7(laj9l- +d;))

Multidimensional

Task 3 0 0 0 1

0; can possibly be inferred with the help of a task—skill relevancy matrix (Q—matrix)
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From Psychometric to Machine Learning

* Traditional Cognitive Diagnosis Models

IRT

P(Ri; = 1|6, a;, b, ¢;) = ¢

1—Cj

+
1+ exp(—1.7q; (Hi — bj))

Characteristics

Input of the Model

» User responses to a small
number of scale items

Pros

» High quality of test items

Cons

» Can only exploit users’
numerical response records

Diagnose Function

» Manually designed
» Mostly linear

» Inspired from psychometric
theories with
good interpretability

» Labor intensive
» Limited approximation ability
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From Psychometric to Machine Learning

* We are able to design cognitive diagnosis models from a machine learning perspective

> Multiple types of data, such as the images and the text » Besides a well defined Scale, we can
description about the task, are now available also diagnose the individuals from
their daily tasks/exercises
Exercise/Task Exercise / Task Content
% e If function|f(x) = x2 — 2x + 2| and|x € [0,3], What is the range of f(x)? €1 €4 e
5
% If four numbers are randomly selected without replacement from set {1, 2, 3, 4}, what % 0 % Q .
2
6’2 is the probability that the four numbers are selected in ascending order? & , 83 %
% €3 What is the y-intercept of the graph of equation|y = 2 X |4 X x — 4| — 10p \/ § \/ § X
% €4 What is the value of x If the inequality ?;:21 <3 X
S €5 If function |f(x) = 2x — 2| and [x € [-1,1]| what is the range of f(x)? \/

Qi Liu, Zhenya Huang, Yu Yin, Enhong Chen, et al., EKT: Exercise-aware Knowledge Tracing for Student Performance Prediction, IEEE TKDE, 33(1): 100-115, 2021.
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From Psychometric to Machine Learning

* Learn the diagnose function automatically from big data

" NeuralCDM @ Ry

| l/\\ 1. Multidimensional parameters
| 010 B G el e i 2. Neural network captures the

| 4" diff |

| || h | complex interactions

| disc |

I - X I .

| ; ° ( : ) b 3. SKkill relevancy vector ensures
' Skill Skill Skill Task | . 3

i Relevancy Proﬁcjency leﬁculty Discrimination i the interpretability

| xQ XA T «B T xD ' 4. Maintain the monotonicity

| ' ' assumption

i User embedding Task embedding :

Fei Wang, Qi Liu, Enhong Chen, Zhenya Huang, et al., Neural Cognitive Diagnosis for Intelligent Education Systems. AAAI 2020, 6153-6161.
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From Psychometric to Machine Learning

Our machine learning solution is a general framework

Neural CDM

IRT

1-
PRy = 11885, byc,) = ¢ i

hi

S
ha

h3

h;

h
daiff : _

/ Qe,l

fixto 1

unigimensional

H’ p( 170, u(gu_bv))

hS
ha s : ;
ase  A(hs — W7y x pise )

1 V7
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From Psychometric to Machine Learning

* Experimental Evaluation Q-matrix Responses
. . Number| Solving | Add Whole [ Absolute | Ordering Student
—_— Predlctlng users, (Students’) performance Line |Inequalities| Numbers Value Fractions Res;)nse
Exercise 1 1 1 0 0 0
. . ) Exercise 2 0 0 1 1 0
» Math: mathematical exercises (with texts) and logs Fxerise3 | 0 0 0 0 "
» ASSIST: mathematical exercises (without texts) and logs
1 T T |
[ IStudent
—B—Exerc?sel
Math ASSIST O e e 08
Model Accuracy RMSE AUC Accuracy RMSE AUC %" -y
DINA 0.593+.001 0.487+.001 0.686+.001 0.6504.001 0.467+.001 0.676+.002 %""" - "”‘?g:
IRT 0.782+.002 0.387+.001 0.7954.001 0.6744.002 0.464+.002 0.685%.001 “T_jj A A '
MIRT 0.793+.001 0.378+.002 0.8134+.002 0.701£.002 0.461=+.001 0.719+.001 =R mf
PMF 0.763+.001 0.407+.001 0.7924.002 0.6614-.002 0.476+.001 0.732+.001 2 * z
NeuralCDM  0.792+.002 0.378+.001 0.820+.001 0.719+.008 0.439+.002 0.749+.001 2
NeuralCDM+ 0.804+.001 0.371+.002 0.835+.002 - - - - ha
Our machine learning solutions outperform the b LI Ineaes o Nambe e VA Fracions |

baselines
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Our Extensions for CDMs

* Relation map-driven CDMs: Incorporating the interdependencies among skills

User-skill interaction Relation Map Cognitive Diagnosis

Geometry
. N
@ () -
Inner-layer
interaction

aia } ' ®
Inter-layer

________________________

B o o ) e o o o

User sKkills

modeling

— Similarity

— Prerequisite |
1
__________________

(a) Concept Structure

8 without fusion

A\ o
\ %? /
b 4/

——————————————————————

interaction

_______________________

_______________________

Number  Arithmetic i

S

- e o e o e e e e e Em e e Em e e e e = =

==
I I
I I
1 I

J
-1 -

4
\\ .
A Y

— Similarity — =
—> Prerequisite | . ) (b) Radar Map
_________________________________________________ B —

Weibo Gao, Qi Liu, Zhenya Huang, et al. Red: Relation map driven cognitive diagnosis for intelligent education systems. In ACM SIGIR, 2021.
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Our Extensions for CDMs

Programme for International Student Assessment ~ @MOECD

* Context-aware CDMSs: Considering the context-aware features of users

B

, -7 T~ N DT
y Government School \\\ E . s ?;aggpore K1 Nanoparticles
! \ 2
-=-Uinted States . .
SFmnce Kb K2 K2:Bacteria
(——— e — et ——————— - K3:Carbon Dioxide
Existing cognitive diagnosis method
. . Person | G g > é — g ________ I K4:Geothermal Energy
Home (] I
H K5 K3 K5: radioactivity
® ® e ‘. ® ® g P ———— >~ K6:Urban Heat Island Effect
/,—""'7Z‘~\\\ (b 000 K4
Ocontext Oinner T

[ | \ Region difference

1
1
1
1
1
1

-~ O A

-+ : i @ Regions Important Context

- . Uinted States “HE”, “SL”, “TA’, “SE”
1
1
1

Context features

s

1.0
TEER
0.8 Inner traits Exercise factors Uinted Kindom HE", SL”, “TA”, SI*, I, SE
: ' ) France “HE”, “SL”.“TA”. “SI’.“IU”
. ow % 0.6 Se o _E_X Eefn_al t_I‘a_lt_S_ - "~\\ Germany HEY, “SLY AN, SEIDR
middle w @ = =B =R TTTTTTTTTTTTTTTTTTTTTTTTTTTTTTTTTT Italy “HES “BLEUOTRAE ISR CHE
. high . . o T S
Singapore HE", SI”, “IUY,  “IonS”, “SE
02 Japan “HE”’ "SI”’ L:IU”’ (!SEH
\ Korea “PE”, “HE’, “SP I
‘\ 0.0 General ~ Vocational  Junior Primary Not complete /I China PE.. HE” i T 1 G
N senior senior primary 4
NMo - Education level of mother _’ “PE”, “HE", “SL", i ¢
"""""""""""""""" “Parent Education”, “Home ESCS”, “School Learning”, “Teach Attitude”,
“SI!: “IU” lilonss) “SE”

“School ICT”, “ICT Usage” “Interest on Science”  “Self-efficacy”
2021.
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Our Extensions for CDMs

* [tem Response Ranking for CDMs: Modeling the partial orders between responses

P(Rie|lu;,v.) = f(u;,v,)

Monotonicity Pairwise Monotonicity

User’s proficiency is monotonic with the Given a specific test item, the users with right
probability of giving the right response to responses are more skilled than those with wrong
a task/item. responses.
l
. | Our Solution o
monotonic Monotonicity as the
diagnose function I ‘ optimization target
‘ '
Objective Function Objective Function
Tie « P(Rie) (Tie = 7je) < P(Rie — Rje)

Shiwei Tong, Qi Liu, Runlong Yu, et al., Item response ranking for cognitive diagnosis, In IJCAI 2021.
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Applications of Cognitive Diagnosis

* Cognitive Diagnosis for Recommender Systems

. Task
Personal Information Recommendation
 Age
« Gender 3
N . Grade F 4 I like it, but @
i School I oy it is too hard

i

@
d

Cognitive States

I like it, and
it is suitable
% I like it, but
it is too easy @

Zhenya Huang, Qi Liu, Chengxiang Zhai, Yu Yin, and Guoping Hu. Exploring multi-objective exercise recommendations in online education systems. In ACM CIKM, 2019.
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Applications of Cognitive Diagnosis

* Cognitive Diagnosis for Adaptive Learning

— Recommending a learning/training path that is adaptive to the implicit evolving cognitive
context of the user

5 ' Teston D
- Score: 20
L

Q " User Info £\

O o M,

C
C B c "8 *

Knowledge Structure of ltems

_; ™ TesbonD) i e e i
= Score: 80 | Legend
—= |

‘I : . Recommended Item
|

}O Irrelevant Item

|
Q : Candidate Item
» Correct Response

Wrong Response

-p
ID Name
A one digit addition
B
C
D
E
F

two digit addition
count number within 100

multiplication
common table form
reading tables

E F E F E F E F E ¥ e e e iy

Cognitive Context of User o |

Qi Liu, Shiwei Tong, Chuanren Liu, et al.. Exploiting Cognitive Structure for Adaptive Learning. In ACM SIGKDD, 2019.
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Applications of Cognitive Diagnosis

* Cognitive Diagnosis for Computerized adaptive testing (CAT)

Diagnosis for selection

Adaptive Testing

o EEm EEm EE EE S N EE O N O S N N EEE EEE M M M M M M M M o ey

o <

Diagnosis E

‘ v v x
| | p— — p—
T e — —_— Cognitive Diagnosis Selection
‘_ = = Model(CDM) ‘ Strategy
l @ l @
Y X X
\ , S Ak A

"""""""""""""" €1

GR E Selection for diagnosis

Haoyang Bi, Haiping Ma, Zhenya Huang, Yu Yin, Qi Liu, et al., Quality meets diversity: A model-agnostic framework for computerized adaptive testing. In IEEE ICDM, 2020.
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Conclusion

* Comprehensive study on cognitive diagnosis mostly from a machine learning perspective
— A new cognitive diagnosis model which learns user-task interactions from big data
— Several extensions for basic cognitive diagnosis models

— Applying cognitive diagnosis to provide users with better services

Responses
Tasks Skills
24 7]
1 2 u,
G k, v v :
Cognitive
é, k, X v :I; ;
e k v X . o k,
3 i Diagnosis
€, k., k s X v
é; Kooy v X
Overall Score 60 60
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Future Research Directions

How to collect and exploit the more detailed user behaviors during their responses?

Detailed logs

* response time

* multiple attempts
* keystroke analysis (writing, coding, etc.)

Physiological reaction m m
* expression

 EEG/EMG signals (sports, etc.)

Electrode

< < \ Raw
* Behaviors in Teamwork ",Ir // ¢ | I i -
° dlSCUSSlOl’l 7 Rectification |
* corporation Filtration

ilmation. A i M MM
RoMemsqure 4 A 4 A omoA

Time (s)

* etc.
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Future Research Directions

How to apply the idea of cognitive diagnosis to more scenarios besides the utilization in
education?

Legal Domain: Lawyer’s Proficiency Assessment

— The judgment results of the litigation is related to the lawyers’ proficiency and the
case difficulty

b L]
Other domains: Sports, Job market, Game......
JavaScript Range
Illegally Stormg Guns d‘j Rust Java e [
Carry
Fraudv / (\7 Affray ‘
= C++ Go [ A
’’’’’’ <" Techniqu !
Defend <% o Tracer : Burst
Murder e Steal C Python Control

Lawyer’s Proficiency Assessment JWANH | EHSEFEGI A I (5 p SRR ga s SIS Game Player’s Skill Level

Yanging An, Qi Liu, Han Wu, et al., Lawyerpan: A proficiency assessment network for trial lawyers. In ACM SIGKDD, 2021.
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Future Research Directions

How to combine the advantages of psychometric theories and machine learning for
designing more reasonable cognitive diagnosis framework?

* Theories that might be beneficial
* memory theories
* cognitivism learning theory

* Machine learning methods that are suitable for the combining
* memory networks

 graph / social network analysis
» knowledge graph

[1] Murre J M J, Dros J. Replication and analysis of Ebbinghaus’ forgetting curve[J]. PloS one, 2015, 10(7): €0120644.

[2] Ertmer P A, Newby T J. Behaviorism, cognitivism, constructivism: Comparing critical features from an instructional design perspective[J]. Performance improvement quarterly,
1993, 6(4): 50-72.

[3] Siemens G. Elearnspace. Connectivism: A learning theory for the digital age[J]. Elearnspace. org, 2004.
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Source Code and Public Data

* EduCDM: https://github.com/bigdata-ustc/EduCDM « EduData: https://github.com/bigdata-ustc/EduData

EduCDM EduData

) — o VIR cocccou 17650 iowiocds @23fonts] icense [pscie20:
anym build ' passing downloads [218/month § license 'Apache 2.0
DOI  10.5281/zenodo.5055201

The Model Zoo of Cognitive Diagnosis Models, including classic Item Response
Ranking (IRT), Multidimensional item Response Ranking (MIRT), Deterministic

Convenient interface for downloading and preprocessing datasets in education.

The datasets include:

Input, Noisy "And" model(DINA), and advanced Fuzzy Cognitive Diaghosis e KDD Cup 2010 [Analysis] (TBA)
Framework (FuzzyCDF), Neural Cognitive Diagnosis Model (NCDM) and Item
Response Ranking framework (IRR). e ASSISTments [Analysis]

v e . e OLI Engineering Statics 2011 [Analysis]
Brief introduction to CDM
e JunyiAcademy Math Practicing Log [Analysis]

Cognitive diagnosis model (CDM) for intelligent educational systems is a type of o Sl
madel that infers students' knowledge states from their learning behaviors d ok
(especially exercise response logs). ® synthetic

Typically, the input of a CDM could be the students’ response logs of items (i.e., e math2015 [Analysis]
exercises/questions), the Q-matrix that denotes the correlation between items and )

: : : ® EdNet [Analysis]
knowledge concepts (skills). The output is the diagnosed student knowledge
states, such as students’ abilities and students' proficiencies on each knowledge e pisa2015math [Analysis] (TBA)

concepts.

e workbankr
Traditional CDMs include:

e critlangacq

e [RT: item response theory, a continuous unidimensional CDM with logistic-

like item response function. = matanlk [Analgs]

e MIRT: Multidimensional item response theory, a continuous multidimensional o MOOCCube [Analysis]

CDM with logistic-like item response function. Mostly extended from

unidimensional IRT. ® OpenLUNA
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Thanks!
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