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Abstract Personalized recommendation is becoming a basic form of information network services in
the era of Internet+ and big data. Its wide use in e-commerce and social media has produced huge
commercial value, however, there are only limited research and applications in the field of personalized
knowledge learning, which may have tremendous potential social value for public education and
personalized information selection. This study proposes a novel personalized knowledge
recommendation method—constructive recommendation model, based on constructivist learning
theory. The new model uses knowledge networks to represent expected knowledge systems, uses the
nearest neighbor priority strategy to select knowledge item candidates, and introduces top-K
unstudied knowledge recommendation algorithm based on sorting knowledge candidate items by their
learnable constructive degrees. The proposed constructive recommendation model can dig users’
potential knowledge demands by comparing domain knowledge network structure and users’ learnt
knowledge network structure. Then it can orderly recommend most needful knowledge items to users
for gaining the greatest constructive learning effect. We choose a very interesting healthy diet
knowledge system as the experimental problem, in which 14 600 knowledge documents are grabbed
from public Internet Websites in China with knowledge subjects ‘health knowledge’, °dietary
nutrition” and ‘dietary misconceptions’ etc. Some meaningful experimental analysis are executed in
this paper, and corresponding results demonstrate that recommended knowledge sequences given by
our model can gain stronger knowledge continuity and higher knowledge learning efficiency than the

existing related methods.

Key words constructivist learning theory; personalized learning; knowledge network; constructive

recommendation; healthy diet knowledge
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Fig. 5 An example of knowledge network structure of
constructive recommendation model
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Table 3 Learning Efficiency Values Obtained by Three
Recommendation Algorithms on Different N with K=1

®3 K=1HAENTH3IMEFEENEIRERER

L&
Learning Efficiency/ %
N Kri;C;;:;ge Support_Rec Similarity_Rec Random_Rec
10 10 6.03+2.5 2.99+0.02 3.35+0.2
10 30 22.41+4.4  12.3440.1 15.7340.5
10 50 43.93+3.7  28.04+0.2 35.9740.9
10 70 67.62+4.0 52.43%£0.5 62.09+1.2
10 90 90.79+4.1 87.054+0.6 88.19+0.6
20 10 7.3240.9 2.9940.02 3.4040. 3
20 30 26.49+1.1 12.434+0.2 16.32+1.1
20 50 51.35+1.9  27.86+0.4 36.29+1.2
20 70 75.96+1.2 52.084+0.3 61.30+1.3
20 90 94.464+0.3 87.0040.5 88.30+0.9
30 10 7.3540.7 3.00+0.03 3.75+0.4
30 30 26.24+1.5 12.36%0.09 16.08+1.4
30 50 49.784+2.3 27.85+0.3 35.83+1.2
30 70 73.1843.8 52.374+0.3 60.63+1.2
30 90 94.36+1.0 86.64+0.5 88.20+E1.0
Inf 10 6.68+0.6 2.8940.02 3.7240.5
Inf 30 23.58+1.6 11.21+0. 02 14.52+1.3
Inf 50 47.534£1.9  24.6240.02 31.24+1.7
Inf 70 74.30£0.9 45.754+0.03 53.60+E1.5
Inf 90 93.63+0.2 78.537+0.002 82.884+1.0

SATER 3 2 S CRAE T, EAR A N EOE
T AR A 2 ) SE S R R H A 1 L T 3
HUAS T I 2 o S50R A LT 5 L BEMLAERE 7 ik
1) 2 2] R0 R B W A R T de RO AL B AR S HE e 9 4
1775 ¥5 Similarity_Rec. BARAIML . 45 & 3£ 4 2551 7]
LLE H L BEFLIETE Random_Rec 1Y 342 3 A1
H1 B i B T Similarity _Rec. XF A 7] N BUE

A 2] ORGSR R X T AR S R A B R )
2 R HEE L AE N=20 BRI T Ak i 2%
RO AN 2 FRRLEAE N=20 BHB R I T R AE
KAV B2 S R TN HE 3R 4 S5 R T DL B, BROR
N BUE BN F 28 22 2] JR e 515G 1K R 25 1Y
I AH N=20 i B9 N=10 i ) 55 b 25 R A
(HEEH B4 TR ORM N BUE. it 3 — 2 a5
HO N = 20 W 2 A AN TR KOHUE T B HE 77
L TERE.

Table 4 Knowledge Sequence Correlation Values Obtained by

Three Recommendation Algorithms on Different N

F4 RENTHSHESE RO S MIRE X
te&
N Support_Rec Similarity_Rec Random_Rec
10 0. 83 0.70 0. 66
20 0. 82 0.69 0.59
30 0.76 0. 66 0.51
Inf 0.61 0. 10 0.08
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Fig. 10 Typical value tendency curves of knowledge sequence correlation obtained by

compared recommendation algorithms
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5 451 T Support_Rec il Similarity _Rec iX
2 PR R A BRI A, BARML . XS T Random__
Rec, 78 BB S5 b AR [A) K (AR 38 F 2 S 4
M, BT AR 5 H i 45 th A 0 A5 R [ K=1
B, AN B9 25 SRBI 3% 3 45 R s, e abh, L h %
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Table S Learning Efficiency Values Obtained by Three

Recommendation Algorithms on Different K with N=20
RS N=20 AR KETHEFEENEINEERELLE

Learning Efficiency/ %

Learnt C e
Knowledge Support_Rec Similarity_Rec
3 10 7.67+1.4 3.06+0.06
3 30 27.98+1.2 12.75+0.3
3 50 50.8442.9 28.6640.4
3 70 73.87+3.5 52.6440.7
3 90 94.73+0.2 86.70+£0.8
5 10 6.40E1.6 3.10£0.07
5 30 23.6945.2 13.20+0. 04
5 50 45.80+6. 3 29.26+0.6
5 70 70.0946.8 53.3540.8
5 90 91.76+3.0 86.9940.6
7 10 6.68+1.3 3.1340.06
7 30 24.1344.2 13.40=+0.03
7 50 44,8845.5 29.7540.09
7 70 70.3243.8 53.624+1.0
7 90 92.3641.4 86.6441.0

S3Mr e 5 R AT XF T Support_Rec, H i &
KRR MRS A TR, M K=3 5 K=1 K1
PERE 45 W AH . W %) T Similarity _Rec, K {3 X
B PR B 45 SR AU T/ 9 A2 4k L 31 L AT AT DL % R
FESCBR R R K =3, XA BEgh P 42t 7 —
B PRI R 25 (], SUORUE T P 2 20 R 7 51 B
RCPE. TR b B ) LU o i T S 4 e R e A e 7
TETEARTR K AE %A TS BA W35 0 5 > 80
PG — 20 BoR T A SRR BT B AL B A £5 A0(A.
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4.4 BHEFESIOISHT
HE— 20 FRATTE AN ) B 32 1 7 A B R ROR
LA PV HEFTIEFE .2 6. T 4T 2 L
MRS IR 25 2R ol N=20, K= 3, %18 1R 53 5
by QSR N U PSR PAR e Sl o5 14
Table 6 Knowledge Sequence Example 1 Generated by

Compared Recommendation Algorithms

R6 FAREEFEEEFENMIRFINIM

Support_Rec Similarity_Rec Random_Rec

3R 3R 3R
it T ik
2k i T
i ] 4 ek T
R Bk &7
EVIN LIS i
T 1R AR 184
i T ERUEN T3
% HEL I it K
[LYIN LR w5 R
I B K
R A T
Fr ke IES L
Gk Tok R AR (452
LR e % i 1A B S

BB R EARLN ET! 12 27 105

Table 7 Knowledge Sequence Example 2 Generated by
Compared Recommendation Algorithms

RT FREFEEEFEHHIAFIISLH 2

Support_Rec Similarity_Rec Random_Rec
445 4475 A= 475
JiE Rg 4 R ] 1o -7
5 R 25y e TR
“av B A
Wi A JBE 4
SR 4R 1E T
e 2 RS R
kol L& FikY e
BE EURE fif 24 7
TEHE AT fif 5
VE B BB 2R [
Fh TokF AR BATIET
WK 14 fief 1)) A DF
Ui FiRE R SR
ik WS AWEA

[E A S 4oy 3R

M T SCHR A 04 A B A0 A 3R 6.8 7 R
VAT S B i R A S 0 R A AT O 1k T e AR
PR AFE 7 R 51 A R AR T2 W AR 3 e I 2 0 o
HoAt 2 Fh 5k, W5k 6 45 R i, Support_Rec 7
Az B HERE R 91 8 e SR B NS — 2
COKRT F R BRI R R ST AN g i R T IR
A e 2 AL Nk 7 rp 45 R BT, Support
Rec 7725 By HEF HIPUF 91 8 56 4= 107 3] “ il 7 &6 5
YRR YIAOC AR IR N LA B RS T
B PSSR IRl N T M R A i e |
W&, B I AT WL, Support _Rec 72 Az (19 #E 37 01 P
e Jay A S92 FL A AR 9 08 DG IR M T 2 1T P X e —
INRAR AR B — e T IS SO AT RO B R4 A
b IR 2R DG B 75 AR, 0 A AR BB S
BRIV R S N 1] T R o N M 2 1R
SR NIy A — 25 3R W T AR ST R b A
Y 1) A

AHFCT 5 s HoAth 2 Fhoxsd b 5 3 B 7 A i 4
YU FI e N T SO FE A R0 2 B W 1 2 Ok 1 i
eV F 50 TR ) A o SOk BR PR AR KL N aX — ff B
B A SCHR 0 S RE SR R e Y o v o A e
U035 NI A 7 i E A ok 2 L ks
AR SRR P B A A R A 2] BT e A 52
FHANE.

4.5 EXAPEYILR

T k2D G BT AR R 1) S R A A SR L FRAT]
T 20 75 A 0P T R T BN SE 5 A A SE B P il
MR ACREDRMIE, P ERNREHEEN
3SR RS 1 AN AT 2. 456 AT SL s 4 R,
TATEER I T N=20 il K=3 B} Support__
Rec #1 Similarity_Rec 3% 2 F 380 5 19 #E 75 P fE fn &
AR SR A RN R 8 FK 9 FraR. Xk 5 A
F 8 45 LA, LA P B I 45 SR 5 BE LA AU

Table 8 Learning Efficiency Values Obtained by Two

Recommendation Algorithms

xS HEEHZIZMNAIAPRUMIBHZEINEERLER

Learnt Knowledge Support_Rec Similarity_Rec/ %

10 7.67+1.07 3.06=+0.05
30 28.00+2. 56 12.8140. 37
50 51.64+3.27 28.46+0. 46
70 74.31+3.18 52.4440. 65
90 94.14+1.85 86.75+0. 70
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Table 9 Computational Efficiency Values Obtained by Two
Recommendation Algorithms with N=20 and K=3
R9 N=20,K=30 2 LEFEEENITEYLE

Support_Rec Similarity_Rec

Percentage of

Average Number
Learnt Knowledge/ % verase

Average Number

of Searches of Searches

10 22.7240. 21 2.0140. 31
30 22.99+0. 31 2.70+0. 28
50 23.16+0.18 3.05+0.15
70 23.3240.28 4,0640. 11
90 23.78+0. 27 8.30+0.49

SR B HE— 0 BOR TR SCBRL A R R
S .

MR 9 G5 R AT A, KER 4316 L T Support_Rec
B SR R B Similarity_Rec 852 20 ¥, 5
N=20 fyi% & 5 L. 12K 07 38 R IR Bl &
WY, 77 A N =20 AN B AR i 7 10 46 3 R EIOR 3 43
oL~ /N F 5. 0f Support _Rec 35 A
Similarity_Rec 75 ZH N2 N W) 32 8 5 8 r 5
AR R L OR R TR A% BT A R i — 2 EA))
A7 A K H BOKF-, R 8 1l fE 5C 2K, AT
FLAE A S B U Bk B 90 %0 B, B T A
WM PR MR ERE D . FREREZNTE ¥
R BE 7 AR T A % 3 A OGN L.
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