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Multivariate Cognitive Response Framework for
Student Performance Prediction on MOOC

Lianhong Wang, Xiaoyao Li, Zhihui Luo, Zinan Hu, Qing Yan

Abstract—Based on student’s cognitive structure, the cognitive diagnostic models (CDMs) can reveal the potential relationships
among the student’s knowledge level, test item features and the corresponding item scores, and then predict each student’s future
performance. However, due to the simplistic prior information and deficient cognitive mechanism, most of the existing CDMs have
limited prediction performance. To address the issues, we propose the multivariate cognitive response framework (MvCRF). We firstly
collect student’s learning activity logs to calculate the corresponding effort trait. Considering both student’s ability trait and effort trait,
MvCRF then introduces the compensation mechanism to calculate student’s knowledge level. In addition, we introduce not only the slip
and guessing parameters in prediction but also the skill weakness parameter related with the student’s knowledge level and the
importance of each skill on solving specific item. Experimental results on both simulation study and real-data application on MOOC
demonstrate that MvCRF achieves better prediction performance, robustness and interpretability than the baseline CDMs.

Index Terms—Educational data mining, cognitive diagnostic model, effort trait, compensation mechanism, skill weakness.

1 INTRODUCTION

ITH the rapid development of education informati-
Wzation and online learning platforms, students from
all walks of life can break through the limits of space
and time to acquire knowledge [1]. Educators then apply
big data to track the whole learning process of students
and evaluate their own instructional practices. Educational
data mining and learning analytics are two areas specific
to the use of big data in education [2], [3], [4], [5], [6].
Generally, educational data mining develops new models to
analyze educational data by employing techniques like data
mining, machine learning, statistics, psychology and so on,
while learning analytics enables educators to adopt existing
methods to understand learning performance and optimize
education approaches according to the need and ability of
each student. Recently, educational data mining draws in-
creasing attention in numerous educational platforms, such
as massive open online courses (MOOC) [7] and intelligent
tutoring systems [8].

As a fundamental issue in educational data mining,
cognitive diagnosis seeks to measure student’s skill pro-
ficiency by quantifying the learning status and assessing
the cognitive structure so as to identify student’s strengths
and weaknesses. Therefore, cognitive diagnostic models
(CDMs) receive massive attention in intelligent education.
The typical CDMs include item response theory (IRT) [9],
deterministic inputs, noisy and gate model (DINA) [10],
fusion model [11], attribute hierarchy model [12], etc. The
widely-used DINA and IRT first apply student’s item scores,

Lianhong Wang is corresponding author.

o L. Wang, Z. Luo and Z. Hu are with the College of Electrical and
Information Engineering, Hunan University, Changsha 410082, China.
E-mail: 292386791@qq.com, luo1998@hnu.edu.cn, 664291984@qq.com.

e X. Li is with the School of Computer and Information Engineering,
Central South University of Forestry and Technology, Changsha 410082,
China. E-mail: Ixyimayday@gmail.com.

e Q. Yan is with the Urtrust Insurance Co., Ltd., Guangzhou 510000,
China. E-mail: 545281420@qq.com

test item features and other prior information to quantita-
tive estimate student’s knowledge level and then predict
student’s future performance. Their difference is that IRT
denotes the knowledge level as a continuous scalar variable
while DINA denotes it as a binary vector variable (or a
binary multidimensional variable). Based on DINA, Torre
and Douglas [13] introduced a higher-order latent trait
to evaluate student’s knowledge level and proposed the
higher-order DINA model (HO-DINA). Tu et al. [14], [15],
[16], [17] extended the DINA model to polytomous scoring
with a binary variable to denote student’s knowledge level.
Employing fuzzy set theory, Liu et al. [18] improved the
work of Tu et al. by fuzzifying the student’s knowledge
level determined by latent trait to a continuous variable
between 0 to 1, and proposed the fuzzy cognitive diagnosis
framework (Fuzzy-CDF). Besides, Li et al. [19] proposed a
revised fuzzy cognitive diagnosis framework by introducing
the skill importance level according to the frequency of each
skill in a given question bank and assumed that the skill
importance level would affect the student’s cognitive diag-
nosis. In addition, many efforts were made to apply neural
networks for cognitive diagnosis in intelligent education.
Wang et al. [20] proposed an interpretable neural cognitive
diagnosis (NeuralCD) framework to explore the complex
interactions between students and test items. Cheng et al.
[21] introduced the skill importance level into NeuralCD
to enhance the fitting degree of student-item interactions.
Gao et al. [22] integrated the traditional CDMs with deep
learning to capture the internal relationship between skills
and items. In addition to the aforementioned static cognitive
diagnosis, another research focus in the field of cognitive
diagnosis is dynamic cognitive diagnosis (i.e. knowledge
tracing) [23], [24], [25]. For example, the popular Bayesian
knowledge tracing (BKT) [26] and deep knowledge tracing
(DKT) [27] can continually update student’s knowledge
level in real time as the students solve the questions one
by one.
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In the review and analysis of previous works on cog-
nitive diagnosis for educational assessment, there still exist
some challenges in the following aspects:

e How to capture more prior information. For the present
cognitive models, only student’s test scores and skill-
item correlation matrix are taken as the prior infor-
mation for parameter estimation. The lack of prior in-
formation always affects the quality and robustness
of parameters.

e How to characterize student’s knowledge level. By intro-
ducing the higher-order latent trait, the higher-order
models (e.g. HO-DINA and Fuzzy-CDF) significantly
improves the interpretability and prediction accu-
racy of the lower-order CDMs (e.g. IRT and DINA).
However, the existing higher-order cognitive models
consider only student’s innate ability without other
potential factors. These often lead to limited per-
formance in educational assessment. For example,
student’s acquired effort can compensate their innate
ability and also plays an important role in calculating
knowledge level.

e How to represent student’s item mastery. Most of the
CDMs take only student’s skill proficiency into
consideration in estimating test item mastery and
equally treat each skill in solving a question. These
always result in low prediction accuracy because
the importance level of each skill varies in different
test items. For example, the least-mastered skill may
seem fairly unimportant for a test item while the
most necessary for another one.

To solve these problems, we propose a new higher-
order cognitive diagnostic model named the multivariate
cognitive response framework (MvCRF) mainly focusing on
the static cognitive diagnosis. The main contributions are
summarized as below:

o Besides student’s item scores and skill-item correla-
tion matrix, we collect student’s learning activity logs
(i.e. homework, classroom tests, class discussions
and learning hours) for MvCRF to determine the
effort trait.

o Unlike the existing CDMs using only student’s innate
ability, MvCREF first introduces the effort trait com-
bined with ability trait and utilizes a compensation
mechanism between the two latent traits to calcu-
late knowledge level. Furthermore, we analyze the
compensation mechanism based on two assumptions
reflecting the interactions between ability and effort
traits.

e Integrating the skill importance level of each test
item with knowledge level, MvCRF applies skill
weakness to estimate item mastery level and then
predicts corresponding item score by considering
slip and guess.

o We propose a Markov Chain Monte Carlo (MCMC)
sampling algorithm to estimate the parameters of
MvCRF and verify its effectiveness and interpretabil-
ity by extensive simulated and real experiments.

The remainder of the paper is organized as follows.
Section 2 reviews several typical CDMs. Section 3 specifies

2

the whole framework of MvCRE. Section 4 gives the experi-
mental results of MvCRF in both simulation study and real-
data application. Finally, Section 5 concludes this paper.

2 RELATED WORK
2.1 Static Cognitive Diagnosis
2.1.1 IRT

IRT model [9] takes advantages of the examinee’s knowl-
edge level and the multidimensional feature of each test
item to predict the examinee’s response. IRT model is for-
mulated as:

P(T’ij = 1|ai7>\j7dj;cj) = Cj +

a;—dj) (1)

where r;; denotes the score of examinee i on item j.
r;; = 0 (or 1) means that the answer is wrong (or correct).
P(ri; =1|-) € [0,1] denotes the probability of examinee
i answering item j correctly. The scalar a; denotes the
knowledge level of examinee ¢. The item discrimination
parameter \; denotes the ability of item j to distinguish
between higher ability examinees and lower ability exam-
inees. The difficulty parameter d; denotes the difficulty of
item j. The guessing parameter c; denotes the probability
of an examinee correctly answering item j by guessing. The
scale parameter D is usually set to 1.7.

As mentioned above, IRT model considers examinee’s
knowledge level as one-dimensional data or a scalar. How-
ever, the knowledge level of an examinee is actually mul-
tidimensional because it also varies in skills. Therefore, the
traditional IRT model usually results in poor fitting result
in practice. To address this issue, an IRT-like higher-order
cognitive diagnostic model [13], [18], [19] was proposed to
formulate the relationship between examinee’s latent trait
and knowledge level

1
1+ e—1.7Ak(0:—Xok)

P(oip =1) = 2
where P (oy, =1) € [0,1] denotes the probability that
examinee ¢ has fully mastered skill k. 6; denotes the latent
trait parameter of examinee ¢. \;; and Aoi denote the dis-
crimination and difficulty parameters of skill £, respectively.

2.1.2 DINA

DINA model [10] considers both examinee’s multidimen-
sional knowledge level and multidimensional feature of test
item to predict examinee’s test result. The DINA model is
espressed as

51'7‘ 1—511'
K
5ij = H ag,';j (4)
k=1

where 0;;, o;; and gi; are binary variables. The item
mastery level (or the latent response) d;; denotes whether
examinee ¢ has mastered item j or not. The knowledge level
«;, denotes whether examinee i has mastered skill k& or
not. The correlation parameter q;; denotes whether skill k
is required to correctly answer item j. s; and g; are the
slip parameter and guessing parameter in terms of item
Jj, respectively. s; = P (r;; = 0]0;; = 1) denotes the prob-
ability of examinee 7 incorrectly answering item j because
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of carelessness or slipping when examinee ¢ has mastered
all the required skills for item j. g; = P (r;; = 1]6;; = 0)
denotes the probability of examinee i correctly answering
item j by guessing when examinee 7 lacks at least one of the
required skills for item j.

2.1.3 HO-DINA

As a variant version of DINA model, HO-DINA model [13]
is formulated as

P (rij = 16ij,55,9;) = (1 — s5) 05 + g; (1 —
where §;; is obtained by Egs. (2) and (4).

Based on HO-DINA model, Fuzzy-CDF model [18] im-
proves Eq. (4) by treating examinee’s knowledge level o, €
[0,1] as a continuous variable instead of a binary variable.

Fuzzy-CDF uses the following equation to formulate the
conjunctive interaction [28] of all required skills on item j

0ij = min (asp) , k € {klge; =1,k € [1, K],k € Z}  (6)

dij) ()

where Z is the integer domain. Eq. (6) indicates that d;;,
the mastery level of examinee ¢ on item j, depends on the
least-mastered skill.

2.2 Knowledge Tracing

BKT model [26] associates examinee’s knowledge level with
a binary latent variable (i.e. mastered or non-mastered) and
examinee’s response with a binary observed variable (i.e.
correct or wrong), and utilizes the hidden Markov model
to update the knowledge level along with the process of
solving questions. In addition, BKT model also considers
the cases of guessing the right answer and missing the right
answer by carelessness.

Compared with hidden Markov model, the recurrent
neural networks (RNN) are more suitable for building com-
plex model due to its high dimensional and continuous
representation of latent trait. Accordingly, DKT model [27]
takes advantages of RNN to track the time-series informa-
tion in examinee’s responses, then evaluates the changes of
examinee’s knowledge level over time and finally predict
his future performance.

Inspired by DKT, extensive efforts were made in knowl-
edge tracing. The dynamic key-value memory networks
(DKVMN) [29] extended DKT by using a static matrix to
store all the skills and a dynamic matrix to maintain and
update the student’s knowledge level. To balance the in-
terpretability and accurate performance prediction for per-
sonalized learning, the attentive knowledge tracing method
[30] utilizes a series of attention networks to extract con-
nections between the current question and the previous
questions the student has answered. Taking advantages of
graph neural network (GNN), [31] reformulated knowl-
edge tracing (GKT) as a GNN task and proposed graph-
based knowledge tracing to address complex and multiple
relationships between skills. Since DKT and DKVMN fail
to capture the high-level semantic information and GKT
ignores the influence between test items, [32] proposed a
joint graph convolutional network by exploring the implicit
relationships between test items and skills.

higher-order latent trait
efforttrait ) _ability trait 0

¢ cognition
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P
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item feature matrix 2
‘
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,,,,,,, ° stage

Fig. 1. The structure of MVCRF.

TABLE 1
Notation Summary

Notation Description Variable type
0; the ability trait of examinee ¢ continuous
i the effort trait of examinee ¢ continuous
Qg the proficiency of examinee 7 on skill & continuous
0ij the mastery level of examinee ¢ on item j continuous
Tij the predicted score of examinee ¢ on item j  binary
Qkj the requisite of skill k for item j binary
Akj the importance level of skill k for item j continuous
likj the skill weakness parameter continuous
55 the slip parameter of item j continuous
g4 the guessing parameter of item j continuous
4 the skill feature matrix continuous
2 the test item feature matrix continuous
Q the skill-item correlation matrix binary
R the score matrix binary
0,m, a;, r; the corresponding vector of 0;, n;, o and 7 -
¥y, £2;, g the kth or jth column vector of ¥, 2 0or Q -

1,J,K the numbers of examinees, items and skills -

3 MULTIVARIATE COGNITIVE RESPONSE FRAME-
WORK

After reviewing the typical CDMs, we propose a novel
higher-order CDM, called the Multivariate Cognitive
Response Framework (MvCRF). The model applies a com-
pensation mechanism to integrate ability and effort traits to
estimate examinee’s knowledge level. Furthermore, MvCRF
introduces the skill weakness parameter to take both exam-
inee’s knowledge level and the importance of each skill to
predict the mastery level of test item.

3.1 The Structure of MVvVCRF

As shown in Fig. 1, MvCREF is a four-tier higher-order model
to catch the relationship between examinee’s knowledge
level and their test performance. In MvCRF, the whole
learning process is divided into two stages, i.e. the cognition
stage and the response stage. The cognition stage is the
process of acquiring knowledge and understanding through
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individual learning activities, while the response stage is the
process of taking a test based on the acquired knowledge.

For easy reading, Table 1 summarizes the main notations
used in the following sections.

3.2 Cognition Stage

The cognition stage includes determining higher-order la-
tent trait and calculating knowledge level. Since the exam-
inee’s knowledge level is correlated with the ability trait,
effort trait and skill feature, we formulate the cognitive
model as

ai:fC(eiania !p)? (7)

where 6; and 7; denote the ability trait and effort trait of
examinee i € {1,2,---, I}, respectively. ¥ denotes the skill
feature matrix of K skills. The knowledge level a;;, denotes
the proficiency of examinee ¢ on skill £ € {1,2,--- ,K}.
a; = [, 2, ,a;k]T denotes the knowledge level
vector of examinee i. [ and K are the total numbers of
examinees and skills, respectively.

3.2.1 Determining Higher-order Latent Trait

Unlike the typical higher-order CDMs in Section 2, the
higher-order latent trait in MvCRF consists of two inde-
pendent components, i.e. the ability trait §; and effort trait
;. If the whole learning process of an individual can be
divided into several phases, people has the ability trait
before starting a learning phase and develop the effort trait
through daily experience over the given period of time. In
other words, the effort trait is regarded as the acquired,
explicit and dynamic quality of individual, and ability trait
as the innate, implicit and stable quality during a given
learning phase. Obviously, the examinee’s knowledge level
increases monotonically with 6; or n; increasing. In addition,
the ability trait 6; is not related with the difficulty of skill or
test item. Different from the ability trait, the effort trait 7; can
be reflected by the learning activity logs, such as homework,
classroom tests, class discussions and learning hours in Fig.
1.

Ability trait. Let P;;, denote the ratio of the examinees
with knowledge level no more than «;j, to the total, then we
have

#{iolaigr < aig,io € Zyig € [1,1]}

Py, = 7 ®)
where # is the count operator. Since the rank order of
{a1k, aok, -, aqk } is fixed for different skill %, the equation
Py = P = --- = Pijg = P; holds. Suppose examinee’s

ability trait 6; obeys standard normal distribution, the rela-
tionship between 8; and P; can be formulated as

0 e—t?/2
/ dt. 9)

Pi =
V2T

— 00

—t2/2

0;
According to [33], we have [ Eﬁdt = ﬁ with

1+
approximate error less than 0.01 for any ¢; in real domain.
Therefore, Eq. (9) can be expressed as

1

P=

(10)

4

Effort trait. Like the ability trait 6;, the effort trait n; also
obeys the standard normal distribution as

i 2
k(n; —t7/2 1
1-— rank(n:) = ‘ dt ~ (11)
I+1 V2T 14 e L7

where rank(n;) denotes the rank of examinee i based on
the effort level. After using Eq. (11), the ranking order of 7;
stays unchanged.

3.2.2 Calculating Knowledge Level

Extensive empirical works [34], [35], [36] have given solid
support for three common mathematical laws in the field of
human psychology. The three laws are adding, multiplying
and averaging shown in Table 2. As can be seen, all the three
laws can reflect the compensation relationship between
ability and effort. In the adding law, the effort is equally
effective in improving performance no matter examinees
are low or high in ability. Besides, the examinee with high
ability performs better than that with low ability even both
of them make no effort. However, in the multiplying law, the
effort can greatly improve performance only for examinees
with high ability. Examinees, whether with high or low
ability, gain almost nothing by no effort. In the averaging
law, there are two kinds of parameters, i.e. the weight w
and scale value s. The weight wg and w, correspond to the
relative importance of ability and effort, respectively. The
scale value sy and s,, denote the numerical values of ability
and effort on a rating scale, respectively. wy and sy denote
the initial state. Different from the adding law, the averaging
law introduces the weight to adjust the effect of ability and
effort on performance. The sum of all weights equals to 1.

TABLE 2
Three laws of information integration

Law Calculation
Adding Performance = Ability + Effort
Multiplying Performance = Ability x Effort
Averaging Performance = 2¢°6%n5n %050

wg+wy+wo

Considering the pros and cons of the three laws, we first
introduce the following assumptions:

Assumption 1 The effort trait can compensate the ability trait
in improving examinee’s knowledge level and the compensation
effect is limited.

Assumption 2 The examinee’s knowledge level approaches to
zero when one of the ability trait and effort trait goes to the
negative infinity.

Assumption 1 indicates that the examinee with low abil-
ity can catch up the examinee with the high ability by
effort. In addition, none of the examinees can improve their
knowledge level limitlessly. Assumption 2 indicates that the
examinees can hardly improve their knowledge levels when
they make no effort or have almost no ability to learn. Based
on the two assumptions, we then propose the compensation
mechanism to calculate examinee’s knowledge level. The
mechanism includes combined compensation and decaying
compensation, and the details are presented as below.
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Fig. 2. The 3D graphs of «;j vs. (6;,7m;) by Eq. (12): (a) front view; (b)
top view.

(b)
Fig. 3. Three surfaces of a;y vs. (0;,7;) (red) by Eq. (12), &;x vs. 6;
(blue) and &, vs. n; (yellow): (a) front view; (b) back view.

Combined compensation. Suppose the ability trait and
effort trait are independent, we have the following equation
to calculate the knowledge level oy,

- Wok
- 1+ 671‘7(01'7(19’“)

Wnk
1+ e 17(mi—dnk)’

ik (12)
where wgy, + wyi = 1. dor, and d,;; are the difficulty factors.
wer, and wy, € [0, 1] are the weight parameters of 6; and 7;
on skill &, respectively.

For example, given wgy, = 0.7, wyi, = 0.3, dgr, = —dpi. =
1 in Eq. (12), we can plot the 3D graphs of the knowl-
edge level «;j versus two latent traits (6;,7;) in Fig. 2.
As can be seen, there are more than one value pair of
(0;,m;) corresponding to each «;j. Furthermore, the whole
region is divided into four regions, i.e. Region A with
lower §; and higher 7;, Region B with lower 6; and 7;,
Region C with higher 6; and lower 7;, and Region D with
higher §; and n;. The intra-regional parts are flat while
the inter-regional parts are the transition zones from one

. ~ 1

flat region to the other. Let &, = m and
1

1+ e—1.7(0:—dor)’

&1, and ¢, as shown in Fig. 3. Since 0 < wgp, wyr < 1, we

have

Qi = we obtain three surfaces of «;g,

min (&g, i) < o < max(Quk, Guk)- (13)

As can be observed, the yellow surface is located between
the red and blue surfaces. Therefore, Assumption 1 holds.
Decaying compensation. In terms of Eq. (12), we have

i - Wne

011—131100 ik = 1 —|— 6_1'7(ni_d7]k) ?_é O’ (14)
: _ Wok,

B @ik = T 7 O (15)

Fig. 4. The 3D graphs of «;, vs. (6;,7m;) by Eq. (16): (a) front view; (b)
top view.

(a) (b)
Fig. 5. Three surfaces of a;y, vs. (0;,7;) (red) by Eq. (16), &, vs. 6;
(blue) and &, vs. m; (yellow): (a) front view; (b) back view.

where = is the equivalence sign. However, it does not satisfy
Assumption 2. To address this issue, we further introduce
two decay factors g and 3, as below

= Borwer Bk Wnk 7 (16)
1 + 6717(0L7d9k) 1 _|_ efl.?(’ﬂifdnk)
1
Bor = (17)

— 7 aﬂ’qk: — 7
1+w77ke 1'7(771_dnk) 1+w9k6 1,7(0,—d0k)

where wgi, +wyr = 1. dog, dpi, dpy;, and d%k are the difficulty
factors. As shown in Eq. (7), ¥ = (¥, ¥, -+, Pk| and
U, = [wor, Wyk, ok, dnk,dgk,d%k]T. According to Eq. (17),
Bor is positively correlated with n; and inversely correlated
with wy, because the effect of ability trait on knowledge
level decreases as the effort trait becomes more and more
important. The same goes for 3, in Eq. (17).

For example, given woy, = 0.7, wy, = 0.3, dgr = —dpp, =
1, dy, = =3 and d;;, = —4 in Eq. (16), we can plot the
3D graphs of oy vs. (0;,7;) in Fig. 4 and three surfaces of
ok, G4, and &y as shown in Fig. 5. As can be seen, a;i
tends to 0 as 0; or 7; decreases and satisfies Eq. (13). Thus,
Assumptions 1 and 2 hold.

3.3 Response Stage

The response stage consists of estimating item mastery level
and predicting item score. Applying the test feature and the
examinee’s knowledge level obtained in the cognitive stage,
the response model can be expressed as

T, = f’r‘ (ai7 QaQ)a

where {2 and Q denote the test item feature matrix and
the correlation matrix between skill and test item, re-
spectively. r;; is a binary variable and indicates the pre-
dicted score of examinee i on item j € {1,2,---,J}.

(18)
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r; = [ri1, iz, ,7iy]T denotes the predicted score vector
of examinee 4. J is the total number of test items.

3.3.1 Estimating Item Mastery Level

Similar to Liebig’s law of the minimum, Fuzzy-CDF [18]
determines the mastery level of a test item by the least-
mastered skill as Eq. (6) under the assumption that the skills’
interaction on objective questions is conjunctive. However,
the examinee still probably has a good master of the test
item when the least-mastered skill is of less importance
for the item than the other required skills. Moreover, when
the least-mastered skill gets more important, the examinee
becomes more likely to miss the item. Therefore, to charac-
terize item mastery more reasonably, we introduce the skill
weakness parameter by considering not only the knowledge
level but also the importance of skill in estimating item
mastery level.

Let Ay; denotes the importance level of skill k£ in cor-
rectly answering item j, we have the skill weakness param-
eter [;;; as

likj = Mg (1 — @ig), (19)

where [;;,; denotes the weakness degree of skill k£ for ex-
aminee 7 to correctly answer item j. Eq. (19) indicates that
the skill weakness parameter /;;; goes higher when skill k
becomes more important to item j while the proficiency of
examinee ¢ on skill k¥ becomes lower. Then, we obtain the
mastery level §;; of examinee ¢ on item j as

5ij = 1l—max (lzk]) 7/€€{k|ij = 1716 S [1,K], ke Z} s (20)

where the skill-item correlation parameter g; denotes
whether skill £ is required to correctly answer item j.
Besides, q; = [q1;, G2, ,qx;)" and Q = [q1, G2, ,qJ).
Eq. (20) means that the mastery level §;; of examinee i on
skill j is determined by the skill with the maximum [;z;.
Accordingly, the item mastery in MvCRF involves both the
skills” conjunction interaction and the importance of each
skill required by a specific item.

3.3.2 Predicting Item Score

Considering both the item mastery level and some occa-
sional cases, such as carelessness and guessing, we can
obtain the score 7;; of examinee ¢ on item j as

P (rij = 1055, 85, 95) = (1 = 53)055 + g;(1 — 65;)

where s; and g; are the slip parameter and guessing pa-
rameter in terms of item j, respectively. In addition, we
have Sj = P(Tij = 0|5” = 1) and gj = P(Tij = 1‘(5” = 0)
In Eq (18), Qj = [Sj,gj,)\lj,)\gj,"' ,)\Kj]T and 2 =
[917 Q27 T Q]]

21

3.4 Parameter Estimation for MvVCRF

According to Bayes rule [10], the joint posterior distribution

of @ = [0,05,--,0;]7, ¥ and 2 given score matrix R =

[7"1,7’2, e arl] is
P6,¥,2R)xP(Y)PO)P(2)L(R|6,¥,12), (22)

where the joint likelihood function L is expressed as

6

Algorithm 1 Parameter estimation for MvCRF

Input: R, Qandn = [n1,72,--- ,n1)"

Output: samples of 6, ¥ and 12

1: Generate L parallel Markov chains

2: fori=1:Ldo

3:  Initialize 9, #(® and 2(© with random values;

4. fort=1:Tdo

5: fork=1: K do

6 Draw the candidates wéﬁg ~U (wétk_l) — 0w, wétk_l) +

dw), dy) ~ N(dg ", 03,) and d) ~ N(d5", 0% );

7: Calculate wffk) =1—wandd'}}, d’;t,z by Egs. (27);
8: Obtain @ = [wl), w'?),d§), d"%),d'5), )7
9: end for
10: Accept ¥ = (¢ w{ ... #'D] with probability
P (¢<t>|g<z—1> 0D R)
1) F®) — i ’ ’
P (W , v )—mln P (17(’5_1)\0(’5*1), Q(t_1)7R), 1
11: fori=1:1do
12: Draw 6" ~ N (6", 03);
13: end for
14: Accept 8 = 659 089 ... 91T with probability
P (g(t)“p(t) N R)
1) 9 —pj i '
P (9 0 )_mm P (e(tfl)‘ ;p(t)7 0D, R)’ 1
15: forj=1:Jdo
16: Draw the candidates s ~ U(s!"™ — 4,,s!"™ + 4,
J J 7
and g ~ U (g = 60,9, + 6y);
17: fork=1:K do
18: Draw /\,(fj) ~ U()\,(gl) — 0x, /\,(:;1) +0x);
19: end for
20: Obtain 24" = [s{”, g A A - AT
21: end for
22: Accept 2 = 2 00 ... .Qf]t)] with probability
P (Q<t>| QN 10 R)
1) O — i ’ '
P(.() , 82 )7m1n P(.Q(H)\W(t),e(f),R)’l
23: if convergence criterion meets then
24: return
25: end if
26:  end for
27: end for
28: return

I J
L(R|6, . 2)=]][] [P (ri; =116, &, 2)]""
i=1j=1
=P (ri;=1]0, &, 2)]"7 .
(23)
Then, the full conditional distributions of each parameter
given R and the rest of the parameters are as follows

P(®|0,2,R) x P(W)L(R|0, ¥, 1), (4)
P(6|w, 2, R) x P(O)L(R|6, ¥, 0), (25)
P(R)6, ¥, R) x P(R2)L(R|6, ¥, 2). (26)
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At last, we apply the Markov Chain Monte Carlo (MCMC)
method [13], [18], [37] to estimate the parameters for MVvCRF
as shown in Algorithm 1. Given the score matrix R, skill-
item correlation matrix @ and effort trait vector 1, we
first initialize 8, ¥ and {2 with random values. For each
iteration ¢, we draw a random sample of each parameter
from a uniform distribution U (min, maz) or normal distri-
bution N(u,0?) within a preset interval. ;1 and o2 denote
mathematic expectation and variance, respectively. Next,
we calculate the full conditional probability of 8, ¥ and
12 by Egs. (24)-(26) and then the corresponding acceptance
probability. After T iterations of sampling, we obtain the
final parameter estimation of 8, ¥ and 2.

3.5 Discussion
3.5.1 Skill Feature vs. Skill Weakness

As shown in Fig. 1, the skill feature matrix ¥ and the skill
weakness parameter /;; both can characterize the skills. To
better understand the similarities and differences between
¥ and [;;;, we compare the two parameters from the
following three aspects.

o Stage. ¥ is obtained in cognition stage while l;;; is
calculated in response stage.

e Definition. ¥ includes the weight parameters
work, wyk and difficult factors doy, dyi, dy,, d;,k of ef-
fort and ability traits for skill ¥ € {1,2,--- K},
while /;;; denotes the weakness degree of skill k for
examinee i to correctly answer test item j related
with skill &.

e Purpose. ¥ is used to compute examinee’s knowl-
edge level, i.e. the proficiency on a specific knowl-
edge, while /;;; is used to estimate examinee’s mas-
tery level on each item.

Therefore, the skill feature matrix ¥ depends only on skills
while the skill weakness parameter /;;,; depends on not only
skills but also examinees and items.

3.5.2 Comparison with Several Exisiting CDMs

First, we compare MvCRF with some static CDMs in mod-
ule design. The parameters or modules considered by each
method are summarized in Table 3. As can be seen, DINA
and NeuralCD consider only two of the eight aspects. IRT,
Fuzzy-CDF and HO-DINA adopt the ability trait (abi.), the
difficulty factor (dif.) and the guessing parameter (guess).
Besides, the former two both apply the discrimination factor
(dis.) while the latter two utilize the slip parameter (slip).
However, MVCRF includes the ability trait, the effort trait
(eff.), the difficulty factor, the skill weakness parameter
(weak.), the slip parameter, the guessing parameter and the
compensation mechanism (comp.) simultaneously. Further-
more, MvCRF also considers the importance level of each
skill to a specific item to exploit the implicit relation between
them.

Second, we list the pros and cons of MvCRF over two
dynamic CDMs, i.e. BKT and DKT models, as below.

o BKT and DKT use the skill-item correlation informa-
tion and examinee’s score as the input and lack in-
formation in other learning activities. MvCRF further

TABLE 3
The summary of methods

Method\Parameter abi. eff. dif. dis. weak. slip guess comp.

IRT v VY
DINA

HO-DINA
Fuzzy-CDF
NeuralCD
MvCRF-I
MvCRF-II
MvCRF-III
MvCRF

v
v

v
v

LY <
L
L] L
L]

v
V. V.

collects examinee’s learning activity logs of home-
work, tests and discussions to determine another
input feature, i.e. the effort trait.

o BKT evaluates a single skill at one time and cannot
analyzes multiple skills simultaneously. DKT can
model the connections among multiple skills by ex-
aminee’s historical performance and score. MvCRF
introduces the concept of skill weakness to associate
the importance level of each skill with each test item
and each examinee.

e The binary hypothesis of BKT ignores fuzzy and
continuous representation of examinee’s knowledge
level. DKT evaluates only examinee’s general knowl-
edge level and lacks the mastery level on each skill.
MvCREF can estimate the fuzzified knowledge level
on each skill.

e BKT and DKT are suitable for examinee’s dynamic
learning process while MvCRF focuses on the com-
prehensive analysis of examinee’s current knowl-
edge level during a given period of time.

4 EXPERIMENTS

In this section, we first investigate the parameter recovery
performance of MvCRF with some simulated datasets, and
then compare MvCRF with some baseline methods on the
examinee performance prediction task with real datasets to
verify the effectiveness and interpretability of the proposed
cognitive model.

4.1 Simulation Study
4.1.1 Experimental Setup

In this experiment, we first input 17, Q and R and run L
parallel Markov chains for 71" iterations. To guarantee the
convergence of Markov chains generated in Algorithm 1,
we then estimate 8, ¥ and {2 using the last half of the
iterations. Finally, we compare the estimated value and the
true value of each parameter and analyze the error. The
detailed simulation setup is given as follows.

Dataset. Accoding to [10], [13], we randomly generate
the binary matrix @ and other simulation parameters using
the prior distributions as

0; ~ N(07 1),771' ~ N(07 1)7 Wor ~ B(2> 2)7 dok ~ N(07 1),

dyr ~ N(0,1),1 = Ay; ~ B(0.5,5.25),

g; ~4—B(0,0.6),1 —s; ~4— B(0.4,1),
log(0.001) — log(wex) — 10g(0.999)

1.7 ’

dor, = dok +
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log(0.001) — log(wxx) — log(0.999)

1.7 ’
and then apply Egs. (16)-(17) and (20)-(21) to calculate the
corresponding probability P (r;; = 1|-) and the score matrix
R

Hyperparameter settings. The hyperparameters in Al-
gorithm 1 are set as

d’,,k =dnr + (27)

L =5,T = 10000,

buw = 6x =0y =0s =0.05,04, =04, = 03,05 =1.1, (28)
where B(a, b) generates a random value in the range (0, 1)
from Beta distribution with parameters specified by a and b.

Assessment metrics. As shown below, we calculate the
mean absolute deviation (ABSE) and root mean squared
error (RMSE) to evaluate parameter recovery.

where #(!) and x denote the estimated value of the pa-

rameter in the ¢th iteration and the corresponding true
value, respectively. [tg, Tp] denotes the selected range of the
iteration number. For example, [to,To] = [5001,10000] in
the experiment.

4.1.2 Results

Table 4 shows the ABSE and RMSE results of parameter
estimation by MvCRF in different cases, such as different
numbers of examinees, items or skills.

Case 1 presents the estimation errors of examinee’s
knowledge level and item feature parameters by MvCRF
with 500 examinees, 100 items and 3 skills (i.e. I = 500,
J =100 and K = 3). In terms of ABSE and RMSE, most of
the results below 0.1 demonstrate good parameter recovery
performance of MvCRE.

In Case 2, we analyze the estimation errors of the item
feature parameters by MvCRF with J = 100 and K = 3
when I = 300, 500 and 800, respectively. As can be seen,
both ABSE and RMSE decrease as I increases, because more
examinees involved in the experiment indicate that more

TABLE 4
ABSE and RMSE of parameter estimation by MvCRF in different cases

Parameter ABSE RMSE
ik 0.0760 0.0973
Case 1 Sj 0.0633 0.0815
gj 0.0712 0.0883
Akj 0.1086 0.1740
I 300 500 800 300 500 800
Case 2 S; 0.0769 0.0633 0.0470 0.0961 0.0815 0.0605
gj 0.0740 0.0731 0.0712 0.0991 0.0930 0.0883
Akj 0.1166 0.1086 0.0990 0.1804 0.1740 0.1645
Case 3 J 50 80 100 50 80 100
Qik 0.0774 0.0638 0.0542 0.0970 0.0835 0.0739
K; 1 2 3 1 2 3
Qik 0.0688 0.0677 0.0712 0.0823 0.0810 0.0933
Case 4 S; 0.0396 0.0603 0.0517 0.0505 0.0843 0.0665

gy 0.0713 0.0539 0.0532 0.0907 0.0668 0.0680
Akj 0.0127 0.0236 0.0455 0.0428 0.0560 0.0830

8

feature information per item can be obtained to bring the
estimated value closer to the corresponding real value when
the numbers of items and skills are fixed.

In Case 3, we give the estimation error results of the
examinee’s knowledge level by MvCRF with I = 500 and
K = 3 when J = 50, 80 and 100, respectively. As can
be observed, the more items we use, the lower ABSE and
RMSE become. This is because, for the same examinees,
the examinee’s performance on more test items reflects the
knowledge level in more detail.

Case 4 shows the ABSE and RMSE results of the ex-
aminee’s knowledge level and item feature parameters by
MvCRF with I = 500, J = 100 and K = 6 when K; =
1, 2 and 3, respectively. K; denotes the average number of
skills contained in each item. On the one side, the increasing
number of skills leads to more complicated structure of
each item, therefore the estimation error of skill importance
level \j; increases. On the other side, since the examinee’s
performance on each item indicates more information about
the knowledge level as K; increases, the estimation error of
guessing parameter g; decreases.

4.2 Real-data Application
4.2.1 Experimental Setup

Before the performance comparison, we first give a brief
introduction to the experimental setup including the follow-
ing four parts.

Dataset. There are numerous public datasets for educa-
tional data mining, such as educational processing mining
dataset (EPM) [38], ASSISTments [39], EdNet [40], FrcSub
[41] and Math1&2 [42]. The detailed analysis is listed below.

e EPM contains the grades of the students’” assign-
ments for calculating effort trait and the results of
the final exam for training and testing model, but
lacks the skill-item correlation matrix to calculate
knowledge level and skill weakness parameter.

e ASSISTments and EdNet contain the skill-item cor-
relation matrix and question solving logs for each
student. The question solving logs of each student
are time-series data. The student can learn the tu-
toring material before answering each question and
get the corresponding explanations after solving the
given question. It would lead to unbearable compu-
tational burden if the effort trait is calculated using
the question solving logs and has to be updated for
each tutoring request.

e FrcSub and Math1&2 contain the skill-item correla-
tion matrix and the test scores for each student, but
lack learning logs to obtain effort trait.

Since MvCREF is a static cognitive diagnostic model and
requires both examinee learning activity logs and skill-
item correlation matrix to derive effort trait, we select
the examinee learning logs, score matrix R and skill-item
correlation matrix Q with I = 37318, J = 16383 and
K = 654 test items from ASSISTments dataset' to verify
the effectiveness of MvCRF according to the above anal-
ysis. We choose the number of attempts each examinee

1. ASSISTments dataset (May to June in 2020-2021 school year) is
available in https:/ /osf.io/qevpu.
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made to answer the item (i.e. attempt_count in plogs.csv),
the total number of items completed by each examinee
(i.e. answered_problems_count in sdets.csv) and the av-
erage time on task of an examinee on every item (i.e.
mean_problem_time_on_task in sdets.csv) in ASSISTments
dataset to compute effort trait. After normalizing the three
groups of data separately, we calculate the weighted average
of the three values and then take the order of the average as
rank(n;). Finally, we can obtain the effort trait n; for each
examinee by Eq. (11).

In addition to the public ASSISments dataset, we collect
the HNU_SYS1 and HNU_SYS?2 datasets? from the Signals
and Systems course through MOOC?. HNU_SYS1 dataset
contains the learning logs, R and Q with I = 466, J =
90 and K = 6. Similarly, HNU_SYS2 dataset includes the
learning logs, R and Q with I =770, J = 221 and K = 50.
For effective prediction of MvCREF, the learning activity logs
and score matrix R in HNU_SYS1&2 have the following
characteristics.

o The learning activity logs cover diverse learning
activities, such as homework, classroom tests, class
discussions and effective learning hours.

e The learning logs are easy enough to calculate ex-
aminee’s effort trait by Eq. (11) rather than ability
trait, for example, the questions associated with the
basic concepts or similar to examples in the tutoring
materials.

e The score matrix R is obtained by a phase test
covering all the required skills learned by examinees
currently, such as the mid-term exam and final exam.

o All the items in the phase test are objective questions.

Since the examinees may just leave the web page opening
or tutoring video playing without learning, we use the eval-
uation results of homework, tests and discussions instead of
learning hours to derive effort trait.

Fig. 6 shows a preview of matrices Q and R in
HNU_SYS1&2 datasets, and effort trait 7; obtained from
learning activity logs in HNU_SYS1&2 and ASSISTments
datasets. We randomly select more than half items for each
examinee. The 1’s and 0’s in @ denote each skill is and is
not required for a specific item, respectively. The 0’s, 1’s
and 2’s in R denote the non-selected, incorrectly-answered
and correctly-answered items, respectively. According to
the performance of examinee learning activities, the effort
trait 7; of examinee ¢ can be obtained by Eq. (11). As
shown in Figs. 6(c)-(e), the probability density distribution
of n; generally follows the standard normal distribution (i.e.
the red curve). In Figs. 6(d)-(e), the minimum values of
7; concentrate between -1.5 to -1.25 because a number of
examinees scored zero on the daily homework, tests and
discussions, and shared the last place.

Baseline methods. Our MvCRF are compared with
five baseline CDMs, including DINA [10], HO-DINA [13],
Fuzzy-CDF [18], NeuralCD [20], probabilistic matrix factor-
ization (PMF) [43] and DKT model [27]. All the methods

2. HNU_SYS1&2 datasets are available in https://drive.google.com/
drive/folders/10pdyqit0SIq8pogmPnwsbibV]bwLET7K?usp=share_
link.

3. https:/ /www.icoursel63.org/course/HNU-1003363020
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Fig. 6. The preview of matrices Q and R from (a) HNU_SYS1 dataset
and (b) HNU_SYS2 dataset, and the corresponding probability density
distributions of effort trait n; from and (c)-(d) HNU_SYS1&2 and (e)
ASSISTments datasets.

are implemented via Matlab on a Core i7-7700U 3.60GHz
machine.
Hyperparameter settings. The hyperparameters in the

real-data application are the same as Eq. (28).

Assessment metrics. We adopt two metrics to assess the
fitting capability of all the models, i.e. mean absolute error
(MAE) and RMSE, and other five metrics to evaluate their

rediction erformance i.e. the accuracy (ACC), precision

PRE), rec 1 F1 score and the area under the ROC curve
(AUC) [ The corresponding calculation formulas are
shown as below

I,J I,J 5
2 |P(rij=1)—rij| 2 |P(rij=1)—ril

MAE = 2971  RMSE = \| 2=L ,
IJ IJ
(30)
TP TP
PRE = , Recall = —————— (31)
TP+ FP TP+ FN
TP+ TN 2 - PRE - Recall

ACC = (32)

TP+TN+ FP+FN " PRE + Recall’

where TP, TN, FP and FN denote the numbers of true
positives, true negatives, false positives and false negatives,
respectively.

4.2.2 Results

Prediction performance. To evaluate the fitting and predic-
tion performance of the model at different training ratios,
we randomly select 40% ~ 90% of each row from score
matrix R as the training datasets and the rest as the test
datasets, respectively.
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Fig. 7. MAE, RMSE, ACC, PRE, recall, F1 score and AUC results on
(2)HNU_SYS1 and (b) HNU_SYS2 datasets with different training ratios.

The MAE and RMSE results in Figs. 7 and 8 illustrate
how well each model fits to HNU_SYS1&2 and ASSIST-
ments datasets, respectively. Lower MAE and RMSE in-
dicate better fitting capacity. In Fig. 7(a), Fuzzy-CDF and
MvCRF outperform other static CDMs in MAE and RMSE.
When the ratio of the training set increases from 40% to
90%, MvCRF changes within a range of 1.74% according to
MAE while DINA, HO-DINA, Fuzzy-CDF and NeuralCD
varies within the ranges of 2.33%, 3.05%, 1.67% and 16.22%,
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Fig. 8. MAE, RMSE, ACC, PRE, recall, F1 score and AUC results on
ASSISTments dataset with different training ratios.

respectively. In terms of RMSE, MvCRF fluctuates within a
range of 1.90% compared with DINA, HO-DINA, Fuzzy-
CDF and Neural changing within the ranges of 2.41%,
2.79%, 0.63% and 15.60%, respectively. As can be seen, DKT
and PMF outperform MvCRF in terms of RMSE, because
DKT and PMF use loss functions to minimize the cross en-
tropy or the sum-of-squared-errors between the prediction
result and the corresponding true value while MvCRF aims
at drawing samples of each target parameter from a prob-
ability distribution of interest. In Figs. 7(b) and 8, MvCRF
performs the best in both metrics. Compared with other
competing methods, MVCRF decreases the MAE and RMSE
by 1.86%~20.54% and 2.53%~17.85% in HNU_SYS1 dataset,
and by 1.58%~13.10% and 1.55%~11.70% in ASSISTments
dataset, respectively. As can be seen, MvCRF achieves the
best fitting performance in the two datasets.

In addition, Figs. 7 and 8 also present the ACC, PRE,
recall, F1 score and AUC results of MvCRF and the compet-
ing models on HNU_SYS1 and HNU_SYS2 datasets with
different training ratios. As can be seen in Fig. 7(a), MVvCRF
achieves the best results in all cases in terms of AUC and
outperforms the other static CDMs in ACC, recall and F1
score. When the ratio of training set declines from 90% to
40%, the decreases in prediction accuracy of DINA, HO-
DINA, Fuzzy-CDF, NeuralCD, PMF, DKT and MvCRF are
9.27%, 11.58%, 14.19%, 3.66%, 1.23%, 2.81% and 6.67%, re-
spectively. The corresponding decreases in recall are 12.08%,
13.71%, 18.30%, -3.71%, 1.97%, -0.13% and 3.90%, respec-
tively, those in F1 score are 8.60%, 8.68%, 11.36%, 2.15%,
0.88%, 1.80% and 4.43%, and those in AUC are 5.23%, 3.38%,
7.13%, 4.62%, 3.58%, 3.40% and 2.67%, respectively. For the
prediction precision, the results of five static CDMs are
close to each other and the differences among them are no
more than 2.5%. In Fig. 7(b), MvCRF performs the best in
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TABLE 5
The quantitative results (%) of ablation study

Method MvCRF-I MvVCRF-II  MvCREF-III MvCRF

MAE 26.39+0.31 25.48+0.46 24.65+0.40 22.4440.72
RMSE 51.4240.42 49.21+0.58 48.44+0.62 47.24+0.71
ACC 76.65+4.16 77.95+4.01 77.214+2.93 79.54+2.62
PRE 82.28+1.84 82.68+1.66 82.39+1.73 82.54+1.81
Recall 89.00+4.38 91.35+3.25 89.87+3.57 94.60+1.74
F1 85.49+2.95 86.79+£2.23 85.95+2.43 88.08+1.72
AUC 78.68+£1.51 83.38+1.75 83.194+2.13 86.45+1.60

“Blue font denotes the best performance.

almost all cases in terms of ACC, recall, F1 score and AUC.
The average ACC, recall, F1 score and AUC results of HO-
DINA, Fuzzy-CDEF, NeuralCD, PMF, DKT and MvCREF in six
cases are (75.55%, 83.12%, 82.28%, 78.42%), (79.19%, 90.09%,
90.99%, 73.45%), (82.85%, 94.84%, 86.37%, 75.07%), (73.73%,
74.27%, 83.06%, 72.09%), (84.69%, 86.59%, 91.01%, 81.10%),
(87.54%, 94.02%, 92.58%, 84.12%) and (89.27%, 97.23%,
93.07%, 85.38%), respectively. The improvements of MvCRF
over other methods are 1.74% ~15.54%, 2.39%~14.11%,
0.49%~10.81% and 1.27%~13.29% in terms of ACC, recall,
F1 score and AUC, respectively. In terms of ASSISTments
dataset in Fig. 8, MVCREF increases the ACC, PRE, recall, F1
and AUC by 4.11%~15.32%, 2.62%~13.51%, 1.44%~13.12%,
2.34%~12.58% and 4.11%~15.32%, respectively, compared
with other methods.

Therefore, the quantitative results not only indicate the
excellent fitting capability and low sensitivity of MvCRF to
training ratios, but also demonstrate the competitivity of
MvCRF over competing methods in ACC, recall, F1 score
and AUC while keeping a good performance in PRE.

Ablation study. As can be seen in Table 5, MvCRF-
I and MvCRF-II introduce only the effort trait 7; without
the skill weakness parameter [;;; by applying the com-
bined (c) and decaying (d) compensation mechanism, re-
spectively. They calculate the item mastery level J;; as Eq.
(6). MvCREF-III considers only [;;,; without ;. Table 5 shows
the quantitative results of ablation experiments of MvCRF
in HNU_SYS1 dataset with training ratio ranging from 40%
to 90%. The figures are displayed in the form of ‘average
=+ standard deviation’. Compared with MvCRF-I, MvCRF-
II increases by about -0.91%, -2.21%, 1.30%, 0.40%, 2.35%,
1.29% and 4.70% in MAE, RMSE, ACC, PRE, recall, F1 score
and AUC, respectively. It proves the advantages of decaying
compensation over combined compensation. Furhtermore,
the improvement of MvCRF over MvCRF-II and MvCRE-III
indicates the effectiveness of skill weakness parameter and
effort trait, respectively.

Runtime comparison. Our experiments on the runtime
comparison of different methods are conducted on a PC
with an Intel Core i9-10900K CPU and 32GB RAM. Table
6 lists the average training time and test time per sample of
MvCRF and the competing methods on HNU_SYS1 dataset.
As can be seen, PMF is the fastest while Fuzzy-CDF is the
slowest. MvCRF ranks fourth in training time and sixth in
test time.

Case analysis. Fig. 9 presents an example of four exam-
inees’ diagnostic results via MvCRF in HNU_SYS1 dataset.
The upper five subfigures visualize the skill weakness ma-
trices (likj)ﬁwo with ¢ =15, 165, 278 and 325, and the
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TABLE 6
Runtime comparison of MvCRF and the competing methods

Method Training time(s) Test time(ms)

DINA 0.3864 0.1376
HO-DINA 0.4234 0.1462
Fuzzy-CDF 0.4298 0.1876
NeuralCD 0.1245 0.0988
PMF 0.0189 0.0683
DKT 0.0835 0.0737
MvCRF 0.3574 0.1462
*Blue font denotes the best performance.
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Fig. 9. Diagnosis example of 4 examinees in HNU_SYS1.

skill importance level matrix (\;)6*%°, respectively. The
darker color means smaller value. The last subfigure shows
the slip and guessing parameters of each item. Eight item
scores of each examinee are shown below the corresponding
skill weakness matrices with red and blue denoting correct
and incorrect answers, respectively. On the one side, the
examinees are more likely to guess the correct answers of
an item but not to miss it carelessly when the skills covered
by the item (e.g. 7 = 54, 60, 65 and 73) are less important
or necessary. Although such items are easy to score, the
examinees (e.g. 7 = 325) tend to give the wrong answers as
his skill proficiency is far from satisfying the requirement of
the items (e.g. j = 65 and 73). On the other side, it is harder
for the examinees to guess the correct answer and easier to
lose score by carelessness due to the higher importance of
the skills involved in the item (e.g. j = 52, 69, 80 and 88).
However, the examinees with higher skill proficiency (e.g.
i = 15) are more likely to work out such difficult items.

4.3 Discussion

According to the above simulation study and real-data
application, we find that MvCRF can produce interpretable
and accurate cognitive diagnosis results. When applied on
MOOC, MvCRF can diagnose and evaluate each student’s
knowledge level in the course, and thus help students to
identify their weaknesses. In addition, MvCRF can recom-
mend the test items with appropriate difficulty to each
student by predicting the student’s score on each item.
However, there are still some aspects to be improved.
First, we may collect both online and offline learning activity
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logs and effective learning time information (e.g. the current
total time and frequency of watching tutoring video) to
further optimize the effort trait. Second, diverse expressions
of test items (e.g. objective and subjective questions) can
be considered for cognitive diagnosis. Third, the historical
information based models usually suffer from the “cold
start” problem [45], [46]. Fourth, we will manage to improve
the efficiency of MvCRF due to its high computational
complexity.

5 CONCLUSION

In this paper, we proposed MvCRF for cognitive diagnosis.
Firstly, we captured the prior information to calculate exam-
inee’s effort trait and integrated the ability and effort traits
by compensation mechanism to estimate each examinee’s
knowledge level. Combining the examinee’s knowledge
level with the importance of each skill on a specific test
item, we then introduced the skill weakness parameter to
predict the item score. Compared with the existing CDMs,
MvCRF takes more consideration of the skill learning and
application processes of the examinees. Furthermore, exten-
sive experimental results verified the superiority of MvCRF
in prediction performance, interpretability and robustness
over the baseline CDMs. We hope this work could lead to
further research in the future, such as how to efficiently
apply effort trait into knowledge tracing.
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