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Abstract: Existing performance prediction models tend to overuse different types of

attributes, leading to either overly complex prediction methods or models that require

manual participation. To improve the accuracy and interpretation of student performance

prediction, a method based on fuzzy clustering and support vector regression is proposed.

Firstly, fuzzy logic is introduced to calculate the membership matrix, and students are

clustered according to their past performance. Then, we use Support Vector Regression

(SVR) theory to fit and model performance trajectory for each cluster. Lastly, the final

prediction results are adjusted in combination with the students’ learning behavior and

other related attributes. Experimental results on several baseline datasets demonstrate the

validity of the proposed approach.
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0 Ú ó

Cc5, O�ÅEâ3��+�®²�2�A^. Æ)Æ�¤1ýÿ��´��ÚÆS

¥�­��!. ~X, �c!�y�3Æ)¥�~ÊH, ,
!��U¬E¤Æ)Ã{U�

.�½öÃ{é�%¤ó���J[1]. XJUJcuyÆ)�ÆSÉ~, ÏLÚ�ÚZýÒ

k�U{�ù
¯��u)[1]. 2ö��Å���±ÏLýÿÆ)Ly,�Æ)½�Ü·�

9�Ãã, ±·A¦��I¦. Ïd, O(/ýÿÆ)�¤13��+n¥Òw��©­�.

8cNõêâ�÷ÚÅìÆS��{®²A^u��+�. yk�¤1ýÿ�{��

�±©�üa, �´¦^<ó ²�ä, �´ïáVÇÚO�.. Borkar �0�
�«^ 

²�ä�¤1ýÿ¿éÆ)?1©a��{[2]. �
VÇ�., ~XõCþ�5£8�.!

DÕÏf©Û�.[3]�Ñ�^uýÿÆ)¤1. ÜW�JÑ
Äu5K�VÇ^Ü6�.,

ÏL�gÄ��ï5K9±ûüä�{?1ï�[4]. ù
ó�Ñ�þ¦^
ü«á5, �´

Æ)±c��§¤1, ^{¤¤1ýÿ¦�3�Y�§¥�Ly. Ø{¤¤1	, 1�«á

5´Æ)�Ä:1�á5, �)Æ)�c#!5O!�,Ñ�Ç!gSªÇ!ãÖ,�B

P¹!� ÀJ�¹Ú�¬'X��. �´LÝ¦^ØÓa.�á5�U��LuE,�

©êýÿ�{, Ù(J  ¬J±)º.

�©Ú\�
Ü65O�äáÝÝ
, JÑ�«KÜ�
àaÚ|±�þ£8�¤1

ýÿ�{. Äk|^�
 C þ��{(Fuzzy C-means Clustering, FCM)éÆ){¤¤1á5

�àa, �Xéz�àaqüÕ?1|±�þ£8(Support Vector Regression, SVR), ¿�â

Æ)1�é�ªýÿ(J�ÑN�. ��{(Ü
Æ){¤¤1Ú1�S.�á5?1n

Üýÿ, 3 3 �êâ8þ?1¢�, (JL², ��{3¤1ýÿ°Ý�¡k²w5UJ,.

1 �'ó�

1.1 ¤1ýÿ�'ïÄ

Æ)¤1ýÿ´%nÆ!��ÆÚO�Å�Æ���+�. 8c�¤1ýÿ�{�©

�Äu ²�äÔöÚVÇÚO�.üa. Borkar�JÑ
�«^ ²�ä�¤1ýÿ¿

éÆ)?1©a��{[2]. ÜW�JÑ
Äu5K�VÇ^Ü6�., ÏL�gÄ��ï

5K9±ûüä�{?1ï�[4]. Ü;O�¦^Æ)"�gê!lù�ål!þ�[£�

 gê!{¤¤15éÆ)¤1?1ýÿ, æ^Læ�Eâ�Ü ²�äJ,�.ýÿU

å[8].�À�0�
Äuõ��5£8�ýÿ�.[9]. �¹�JÑ
KÜÏf©ÛÚ ²�

ä�N�¤1ýÿ�.[10]. Bunkar�¦^Æ)��?�Á¤1!ï?�¤1!��¤1!

�,Ñ�ÇÚ¢�¿ó��¹�, 5ýÿÆ)ÆÏ(å��©ê[12]. |^ ²�ä�ç�5

ýÿÆ)¤1, �.¬"y�)º5, Ø
�*�Ø|un). |^£8�.��?1ýÿ

  I�<�/?1A�ÀJ. ÏL�ï5K?1¤1ýÿ��{�I�<óë�, <�/

�Ñ~£�£��5K(á�kû^�, Ù¥�¹�Ø�(&E�U¬K�ýÿ(J.

1.2 �
 C þ�àa

�
 C þ��{´�
àa�{¥�­��àa�{, 3�ª©a!ÅìÆSÚêâ

�÷�+�¥kX2�A^[5]. �
 C þ��{�éuÙ¦àa�{kXNõ�`³, X�

.êÆL�´un)ÎÜ¢S!`z¦)�{õ�!ÂñnØî>!�{´u/ÏO�Å

?§¢y!�
àa�JLy`û�[6].

�
 C þ�àaæ^�
y©, �z���(½Ùáu��|�äáÝ, ^ 0 � 1 �m
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�êL«. T�{�`zOK�:























JFCM(U, P ) =
c

∑

i=1

n
∑

j=1

um
ij ||xj − θi||

2 ,

c
∑

i=1

uij = 1, 0 6 uij 6 1, j = 1, 2, · · · , n.

(1)

Ù¥P = (θi)c×d�àa¥%Ý
, U = (uij)c×nL«�
äáÝÝ
, dij = ||xj − θi||L«�

��àa¥%�ål, m(m > 1)L«�
�I. �©æ^�
 C þ�àa�{, 3?nØ(

½¯K�¡kXU,`³.

1.3 |±�þ£8

�Ä��8 (x1, y1), (x2, y2), · · · , (xn, yn), Ú\¯aÝε���¼ê�:

Lε(f(xi) − yi) =











0, |f(xi) − yi| < ε

|f(xi) − yi| − ε, |f(xi) − yi| > ε

(ε��ê). (2)

�©¦^|±�þ£8, òÙ^u¤1ýÿ¥, F"Ué�ëê¦�¼ê f(xi) ÚÆ)ý¢

¤1�mk¦þ�� �.

|±�þÅA^u£8ýÿ�¯KK¡�|±�þ£8, �DÚÅìÆS�{�'k

�Ð�ÆS5U, �Ñ
DÚ�{�����¦, UéÐ/)û���!��5!�ê/J

9ÛÜ4��¢S¯K[7].

2 Äu�
àaÚ|±�þ£8�¤1ýÿ

2.1 FCSVR �.µe

�©ïáÄu�
àaÚ|±�þ£8�¤1ýÿ�.(performance prediction based

on fuzzy clustering and support vector regression, FCSVR), Ì�©� 3 Ú, Äké��?1

àa!��^£8�{[Ü¤1!��é¤1�Ñ
NN�, /¤Æ)�ª¤1ýÿÅ�.

Ù¢y6§Xe(�ã 1).

(1) ý?n�©êâ¿y©Ôö8ÚÿÁ8;

(2) éÔö8ÚÿÁ8�¤kÆ){¤¤1(Ø�)Ù�ª¤1)?1�
àa, ÏL�

q5ò¦�©�ØÓaO, ¿O�z���'uØÓaO��
äáÝ�;

(3) ÄuäáÝ����K?1àa, éz�àaq¦^|±�þ£8�{ï�, (½

�ª¤1�{¤¤1P¹�m�'X;

(4) �âÿÁ8Æ)g��ÆS1�á5, é�äk�Ó½ö�q1��Æ), é8I

Æ)�ª¤1�ÑN�;

(5) ÏL3Ú½(2)¥¼���
äáÝÝ
, 3Ú½(3)¥(½�'X±9Ú½(4)¥é

¤1�N�, 5¼�8IÆ)��ª¤1.
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C

ã 1 FCSVR �.6§ã

Fig. 1 Flowchart of the FCSVR Model

�©JÑ�Äu�
àaÚ|±�þ£8�¤1ýÿ�.,Äké¤k��?1�


àa, ò���my©�eZ�q(f�m), ¦Ó��q¥�é�ké��q5, ØÓqm

�é�ké��É5. DÚ�àa©Û´�«My©, ò��î�y©�,�a¥, a�m

�.�´²(�. 3¤1ýÿ¯K¥, ��vkî��aáy©, ,
���Uäk“½d½

*”�5�, Ïd�©æ^�
 C þ�àa, ¦XÚk�Ð�(¹5. ,�, �éz��q�

E SVR �.5[ÜÆ)¤1, ²Ly©�����mêâþ~�, SVR UéÐ/·^u�

��¯K. Ó�, àa��¦^SVR�±Uõ SVR Ôö�mL��Øv, 
�UJp�.ý

ÿ°Ý.

2.2 �
àa

éÔö8ÚÿÁ8�¤kÆ)?1�
àa, Ù¥�z�P¹�)Æ)�{¤¤1Ú

�ª¤1. �©¦^�
 C þ�àa�{, �âÆ)�{¤¤1, ò¦�y©�ØÓ�aO.

äk�q{¤¤1�Æ)ò�y©�Ó�|. ,
ØÓaO�mäk�'5, ,�¢~J±

�(�/©�,�a. Ïd�
àaé?nù«Ø(½5kU,�`³. ����
äáÝ

Ý
ò�^u���ýÿ. T�{��è��{ 1.

XJÐ©àa¥%�ÅÀ�, N´À�D(êâ, ¦�{5UC�. ¤±Ð©àa¥%

ÏL±eÚ½)¤: ÄkO�z�Æ){¤¤1��ê²þ�, �âÙ�ê²þ�éP¹ü

S, ¦üSÐ�¤kP¹²þ/©�K�q, Ù¥%L«�Cj (1 6 j 6 K).

���{{{ 1 {¤¤1�
àa

Ñ\: ¤k��P¹ R = {r1, r2, · · · , rn}; Ð©àa¥% C = {c1, c2, · · · , ck}; àa�êK; �
�I

m (m > 1); ��S�/��K� ε

ÑÑ: K �àaq±9���
äáÝÝ


1: O�Ð©�
äáÝ� uij = 1
K
P

l=1

(
||si−cj ||

||si−cl||
)

2

m−1

(3)(|| ∗ || L«î¼ål)

2: loop
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3: O�àa¥% cj =

n
P

i=1

um
ij ri

n
P

i=1

um
ij

(4)

4: �#�
äáÝÝ


5: O�8I¼ê J i =
n

P

i=1

K
P

j=1

um
ij ||ri − cj ||

2 (5)

6: until |J i − J i−1| < ε

2.3 |±�þ£8

£8©Û´3ýÿ¯K¥~^��«ÚO�{, ^u�OCþ�m�'X. |±�þ

£8���¼êg� L2 �K�, éêâkÊ·5. �Ñêâ8 {yi, xi1, xi2, · · · , xim}(i =

1, · · · , n), F"é�Cþ yi ÚCþ xij(1 6 j 6 m) �m�'X. |±�þ£8�Ä�g�Ò

´é���¼ê f(xi) = w
T
xi + b, ¦Ù� y k�� � ε. T¯K��¤��à`z¯K.

min
(w,b,ξi)

1

2
‖w‖2 + C

l
∑

i=1

ξi

÷v

{

|wT
xi + b − yi| − ε 6 ξi

ξi > 0
, (6)

éuz��àaq, ©OO��A�£8Xê, P� wi(1 6 i 6 K), bi(1 6 i 6 K).

2.4 �ª¤1ýÿ

��¡, Æ){¤¤1�±��¤1ýÿ�­�ë�, ,��¡, Æ)�1��á5�

¬K�Æ)�ª¤1. Æ)3cA��ãk�Ó½�q�¤1, �3���ã�¤1�U�

k�É. X8<�ÊH@�ÆS1�¬éÆ)�Æ�¤1�)­�K�[11]. Ïd, �©Ø{

¤¤1	��Ä
Æ)�1�S., ^5?�ÚN��ª¤1, ±�)�Ð�ýÿ(J.

���{{{ 2 �ª¤1ýÿ

Ñ\: Ôö8 U = {r1, r2, · · · , rn}; ÿÁ8 T = {r1, r2, · · · , rd}; �ëêN!α

ÑÑ: �ª¤1�ýÿ�

1: �â 2.2 �!����
äáÝÝ
, �éÿÁ��3z�àaq¥O� SVR £8�(J, L«

�temp scorei =
K
P

i=1

ui · f(xi) (7), Ù¥K´àaq��ê;

2: O�ÿÁ���z�8áÓ��a�Ôö���m�î¼ål di(1 6 i 6 |ct|), |ct|L«TÿÁ��¤

áap¢~ê;

3: òÚ½ 2 ¥O��î¼åll���üS, ÀJc N �Ôö��, P� Sn;

4: éu Sn¥�z��¢~, ¦^Æ)�ÆS1���'á5, O�Ù�ÿÁ���{u�qÝ Simt =
m
P

i=1

AS
i ×AT

i

s

m
P

i=1

(AS
i

)2×

s

m
P

i=1

(AT
i

)2
(8), Ù¥ Ai(1 6 i 6 m)L«Æ)1�á5, As

i L«ÿÁ��á5, AT
i L« Vn

¥�1 T �¢~.

5: Ú\�ëê α 5(¹/��Æ)1�á5é�ªýÿ¤1�K�, O�é¤1�?� bi = α ·
N
P

n=1

(Simn · (sn−si)) (9), Ù¥ sn L«1 n �Ôö���ª¤1, si L«ÿÁ8¥1 i ���|^ SVR

ÚäáÝ�O����ýÿ¤1;

6: ���ª¤1�ýÿ� scorei = temp scorei + bi (10), temp scorei L«Ú½ 1 ¥|±�þ£8�

(J.
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2.5 �mE,Ý©Û

Äk¦^ FCM ?1àa, Ù�mE,Ý� O(nktd), Ù¥ n L«��ê8, k L«àa

qê8, t L«�{S�gê, d L«���Ý. ��¦^ SVR éÆ)¤1?1[Ü, |±�

þ£8´��à�g5y¯K, ÙÔö(J��|±�þk'. �{�E,Ý���Ôö�

��ê8k', ����ÝÃ', äk O(n3) ±þ��mE,Ý, n L«��ê8. ��ýÿ

�ª¤1�I��5E,Ý�O� O(nk), k L«àaqê8, n L«��ê8.

3 ¢ �

3.1 êâ8�µd�I

�©¦^ 3 �¤1ýÿêâ85é�.?1µ�.

(1) Ä:ß¥Æ)êâ8, �¹Ä:ßü¤¥Æ� 1 064 ^Æ)êâ, á5�)Æ)

¤1!I1É��§Ý![Ì�¹±9Æ)1�S.��'A�. êâd UCI ÅìÆS

¥Jø(htp://archive.ics.uci.edu/ml/datasets/Student+Performance), ü�©�©OJøê

Æ(UCI-Math)ÚÄ:ß�(UCI-Portuguese)¤1.

(2) ¥Ip�Æ)F~êâ8(Stu-Common), �¹,p�Æ)� 60 õ�^¹ÄP¹,á

5�)ãÖ,?ÑP¹!�¤P¹!/�Ö7P¹±9Æ)ÆÏü¶&E�. êâ5g�

Õ http://www.dcjingsai.com/common/cmpt Jø�Æ)ü¶ýÿ¿mêâ8.

¢�æ^µd£8¥~^�þ��(mean squared error, MSE)²þýé�Ø�(mean

absolute error, MAE)!R2 û½Xê(R2 score, R2) 3 �µd�Ié�©JÑ��{?1�

	. MSE!MAE ����`²ýÿ�°Ý�p, �.��É��U5��. R2 û½Xê�

�Cu 1, `²£8�§�[Ü§Ý�Ð.

MSE =

√

√

√

√

1

n

n
∑

i=1

(yi −
⌢
y i)

2, (11)

MAE =
1

n

n
∑

i=1

|yi −
⌢
y i|, (12)

R2 = 1 −

n
∑

i=1

(yi −
⌢
y i)

2

n
∑

i=1

(yi − ȳi)2
. (13)

�©JÑ��{Ì�^uÆ)¤1ýÿ, T�{��±A^�©a�.. ò�©��{

^�é8IÆ)?1�©a, ©�Ü�ÚØÜ�üa. éu UCI-Math Ú UCI-Portuguese ü

�êâ8, ò©ê�u 10 ©(o© 20 ©)�Æ)P�Ü�. éu Stu-Commonêâ8, òü¶

3c 345 ¶(� 538 <)�Æ)P�Ü�. éud�©a¯K, �±^O(Ç (Precision) 5Ý

þ.

Precision =
TP

TP + FP
. (14)

3.2 ëê�½

3?1¢��cI�éêâ?1ý?n, ¿�½�ëê. ~XÆ)�ÆS�m!"Rg

ê��á5�Ñ�8�z� 0 � 1 �m���. éu“YES”Ú“NO”�á5�©O���� 1

Ú 0.
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3¢�¥�m�(JÑ� 10 g¢�(J�²þ. duÆ)���ã�¤1´�� 0 �

20 ��ê, �´ýÿ��ª¤1´±2:ê�/ª�Ñ, ýÿêâò±o�Ê\�/ª=�

£�ê, l
O�ýÿ(J�O(Ç, �U�Ð/|±�)º5.

¢�L§¥òàa�êK �� 5, �
�I m�� 2, �� � ε��� 10−6, Vn ¥

��Ôö��êN ��� 5. 3 UCI-Math!UCI-Portuguese ü�êâ8¥, Xê α�� 0.2,

3 Stu-Commonêâ8, Xê α�� 0.05. Ôö8ÚÿÁ8�'~� 7 : 3.

3.2 ¢�(J

�
©Û�©JÑ��{, 3 3 �êâ8þ?1
¢�. Tó���Ù¦ 3 «�{?1


'�, ¢���Xe.

(1) FCSVR: �©JÑ��{.

(2) MLR: IO�õCþ�5£8�{.

(3) BR: ��d*£8�{.

(4) EN: �5�ä£8�{.

(5) SVR: |±�þ£8�{.

L 1 Ú L 2 Ð«
 5 «�{�þ�� MSE Ú²þýé�Ø� MAE �¢�é'(J.

�Nþw, �©JÑ��{(FCSVR)Ø�Ñ�$uÙ¦ 3 «�{(MLR!BR!EN!SVR).

ù 5 «�{3 UCI-Math!UCI-Portuguese ü�êâ8þ�J'�Ð, 
 Stu-Commonêâ

8duPk�õ�êâþ±9��E,�á5'X, oN�J��. Ù¥, õCþ�5£8

�{Ú��d*£8�{�J��, �5�ä£8�{�J��.

LLL 1 5 «««���{{{���þþþ������ééé'''

Tab. 1 Mean squared error comparison of the five methods studied

êâ8
� {

FCSVR MLR BR EN SVR

UCI-Math 0.21 0.30 0.29 0.62 0.36

UCI-Portuguese 0.17 0.29 0.30 1.38 0.62

Stu-Common 0.26 0.30 0.30 0.73 0.30

LLL 2 5 «««���{{{���²²²þþþýýýééé���ØØØ���ééé'''

Tab. 2 Mean absolute error comparison of the five methods studied

êâ8
� {

FCSVR MLR BR EN SVR

UCI-Math 0.32 0.31 0.30 0.53 0.37

UCI-Portuguese 0.28 0.31 0.31 0.87 0.44

Stu-Common 0.39 0.44 0.44 0.73 0.43

é'�{ 1 Ú�{ 5 ù|�K¢�, �¦^|±�þ£8��J�Ø9�©JÑ� FCSVR

�., y²
�©�{�k�5.

ã 2 w«
 FCSVR � { !MLR � { !BR � { !SVR � { Ú EN � { 3 UCI-

Portuguese!UCI-Math!Stu-Common 3ù 3 �êâ8þ'u R2 û½Xê�é'¢�(

J. �±w�, FCSVR �{3 3 �êâ8þ� R2 Xê�þ�puÙ¦ 4 «�{. R2 û½Xê

L«[Ü`Ý, ��C 1 �Ð, ùL²
��{�k�5.

ã 3 w«
 FCSVR � { !MLR � { !BR � { !SVR � { Ú EN � { 3 UCI-
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Portuguese!UCI-Math!Stu-Common 3ù 3 �êâ8þ'u©aO(Ç�é'¢�(J.

3 5 «�{p, SVR oN�J��, 3 Stu-Commonêâ8�O(Ç�k 66.7%, �Ù¦�{�

å²w. ù`²==¦^ SVR ^u©a�.´Ø
�. FCSVR �{3 3 �êâ8þ�©aO

(ÇþpuÙ¦ 4 «�{, `²ò¤1ýÿA^u©a¯K, FCSVR �{�U��éÐ��J,

?�ÚL²
�©�{�`³�då.

- - -
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