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SiE: A5 RWHETHAGE, ¥J 494 (learning analytics) B—AEHE, B2 —PAKITH
KA XEENFIDHICERRFZBEN T T W, MR & o 2 BN A E I Ak sk, 07 W3]
AR . R 2011 FERERFI MG miR kS (LAK) AFIpmagma s, AedEma+
FERWEBETUREL2 AN, BFEEHECHERASD (LA, Q48 EWEREF (FI 20T
(Journal of Learning Analytics). m.iLH ¥ REMRE QR ¥4 (Society for Learn-
ing Analytics Research, SoLAR) %, &k HF MR H A B AWK, K FNAEEE K E X F
ST LR e R B X AR, FS AT BT RBEEN AT 2N, BEANARE-—EREZ LMAEETE “F
HOME, hHARAERABINETREF T Z ., TEH . THESNANEZIEFTRR, NEMHFEX
L, FISMAEMEL T —MEH (plateau) ME, A xR E—, FHEEER, BELTEZHEH
XA (correlation) H5ER% (causation) X%, EWHEFTEH. LM, T—MWE, MHUET
O RE RS AAF R, A AT AR ERE N AXEFNERIFE—NDHFLET .

RAXHEHE-—NFNA, BHAR “FIMERAFTRAFTEZRERNEMAXTHN X RURMEEE W,
“HE—F TR S TR — MR IE A Z |7 kb8 (methodological paradigm) By®w”, X
FEHRRHEN M LENFINMBRRTALARL, TEEE. FRAL. 2EMBEET RN RRUALZ
B AR ANK LN, TR AR RS T K g 4T A B AT A A A B S AT
A,

* Baker, R. S., GaSevié, D., & Karumbaiah, S. (2021). Four paradigms in learning analytics: Why paradigm conver-
gence matters. Computers and Education: Artificial Intelligence, 2. https://doi.org/10.1016/j.caeai.2021.100021
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XERNK “FIPNMAE-NDINLOG, ©F TR ARG KBRS F A B H A X 0o &
B, B, Fi—kBECINLE, TENZATOARERZKIPERZE, ELLTHMHIAR, XF
HEFo0#L#T KA - 24 (Richard McKeon) # I By WA 5 B RIK, B LE® (entita-
tive) /¥#JE# (reductionism) /JBEFib (atomist) (I8 I G o #F ok A F 20 R 3 9 BEATEE AL, A7 41 %,
oz Bk R). KK (ontological) /#iE# (dialectic) (BILEAEH — MNEKHATEM, AN
RO AR e ML AR H) . BAER (existentialist) (BELAMRAKR EEANAZEME, H ikt
ZNFEBNZENLS 5 H A CWEM) AL (essentialist) (KA MWEHENL, Hib R FExH L
HEAME, FLRANTL), BEMT —NOTHER, XFEIANG BT AKX EMH EE ¥R 2P
WAERFE—EMNXR (BRAFEFHEX LN X R, #FLEXEL), A&, WHAERE HHF
RV (BREMHXIR) BN X EE: LAKKS/EIpH—RER/BHITRER . ZFRELZEAS
(Educational Data Mining, EDM) /#HAHFELZW—L &K/ TR B/ R FHER. EUREIERK
4 (International Conference on Quantitative Ethnography, ICQE) /EHWREE—FEL
TR AEE T EN e A3 k4 (ACM Conference on Learning @ Scale, L@S) /k#AM %3]
AFibTE R XFEAXNDIA P — B X WA e RAEF T AR FEA, REEEXFAR (inter—par-
adigmatic) By EKA R TR REA (Fm) GENL “BRHERXEFIMNEEFHEELE" —F).

FATA Hr 38 X PR B 5558 R H 5 I8 RS 7 AR 3 AT R R R R ET A . 1B 2 BT DUAR 1 5 e R
REEK, REEZFIpNMABRMNTROIEZ T Z 4, “FEM-MERXEMIN", MEZAETN
B, BNE-—NMAETALATHEE CHFARMLEFTFFNEFEA, FEXMHTZRNA RN T o7 Xy
W, BB EATEE T AR KT EATH XA A, i “MLZBEHUKE”, FREVE TN T amHR
“REZIT. AEANE X B, B AR R R R N AT K R O A

AXEXEET (HEWNE#HEF:. ATEH) (Computers and Education: Artificial Intel-
Tigence) #H| (20214 %2%), #—1EHEXEEZLS X ETA¥ (University of Pennsylvania) B
#4%-S. 0% (Ryan S. Baker) t+Ffng —EF B AR T ELHH A% (Monash University) ey{E4rH -
45 (Dragan GaSevic) M EHERFRMAFHWNFH, 25K B HE HIFAZWAFE S 007 0% b 3
B, $=FVET-FHFET (Shamya Karumbaiah) R#EE SV EREAFE¥I oMb o4 (FM
WXEEWNE), EATENAFEE, BRI TEE R R ZH EmEz 0 i,

ZZAEHR, AXHEUBMBER T XFEART] “BERiE" Kk B RBMATX AT By X FfEE!

—EIR. WA RMR (Siemens, 2014), &
JBLAK KSHEZESEES 47 (learning analytics)
EXH “ME. WE. PITHREAEXFIERHEE

—. 58

0N EXETNERERFRZIDSNEMRRE
(International Conference on Learning Analytics
and Knowledge, LAK) #REEZEZIDHERMA—
A4t (Long, etal., 2011), Eith, 202040k T
XANGUHES+EE, “K#3E” (big data) It
MEBEHTRBRBLZNNS, FNHLAKKSH
VRFEEATENXLEN S (Siemens & Baker,
2012), ZENDLAKKREHH—PMBENREHREFEFEL
BERE—ITRNE, BARARBNTINEER
BAEERAXN I EERINEE — N HEMX T UE

SNHEBFEUATBAEMEIUNREIRENRKE”
(Long, etal,, 2011), XNEXIZESNMARLEWAT
REZIDH, BBEZIDMARFES (Society
for Learning Analytics Research, SolLAR) HJIET
INT] o XAESGRIBF BEERHEE 7 BARAH
BHEMNRSR,

S5¥HEt, FIDTAEELE T KEXRRE.
LAK KSR XERHE R AT #H 5| R &K A H AR
= — (Google Scholar, 2020) , 3 LAK K£H
BXHEMSS AHRSEN, Bk, LAKKSE
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ZMA—NTETEFARASW, FINMHRXAESIKE M
270 LAK B+ 8£88  (Doctoral Consortium) ZE%I5E
A F I DT EEAZEPE (Learning Analytics Sum-
mer Institutes) A& Z RN ATELWFERTITES,
BATFERAT—RKMRE. XEENAH. (FIH
MTEBFIY (Jouwrnal of Learning Analytics) EHEEE
HATFI ¥R FE & 3] (tb4a Scopus F Emerging Sourc-
es Citation Index) o (I F MY (Handbook of
Learning Analytics) F—IRIEB I (Lang, et al.,
2017), EHREAEEFBEIHAITTH. SOLARER T
— MHEMASAMYVIMEE AERNNE, F5HER
ARFTW BT EFE R, SoLARE BE1JLILT R IR
WIS ER, LEE—ERFER )
B, ARNEHITSHNERRIIESN. HARE R
EmBEBER.

BREIPMNAREREAHENKTEZR
R, B —EHEXSFXNIEONEN. tban, Xt
FEIPTRE XN IZEZ T AR BRERNARZE
KRR, BARE LAK KEAREEIETRE THE
B RLX, BHEANAILAK KSR EBERLE
HIERIZAE X e IBiE Ntk K o) i <R E)
XN NEEREAR, EFRERFASEXANS M,
B, BINEQEH#H—FTHREIDSEA—IA
18 1F 78 2 2R L 77 3K SE X (methodological para-
digm) EIFZNE, B BIXS S S0 A7 SR 3 SCER B9 25
RFEEFRXANTHE S RFEMAMTTE (Daw-
son, et al., 2014; Dawson, et al., 2019; Ferguson,
2012) ELEAEE DX (tbak£E) (Bodily &
Verbert, 2017; Bodily, et al.,, 2018; Matcha, et al.,
2020). KRR (Viberg, et al., 2018) M=%
BEMNA (Tsai & Gasevi¢, 2017) %, FH—&
NEHFTESHRFZINFTEEMBAELERES
A (Chatti, et al., 2012; GaSevi¢, et al., 2017;
Greller & Drachsler, 2012; Siemens, 2013), RRiX
LR RN TEIDRKREKBBERX, EE
JLFEBMRFELIPIERARREFEZRTERH
HthEXTUEMNXRIMKEER W, AL, AfRE
A SCHERAIRMFE o

FINMAR— NI R, EBAFEHFEER
NHREBEZER ANEMEXTENEAE. B2&F L
B, BIRERMPITELLRBABBER AR —
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MO EBAGE (Chen, Zou, et al., 2020), EM
MTEPCREZEIN T —LMExTE, E1FEC
FEEE, FIRAOHRARNBEMAE, &L
W EHEHIEZIE (Educational Data Mining,
EDM) XA, FHEEEZFINHIEA, 2000 FIA
RE—LEFEZARASW T —RI TR, AE
i £ 2008 24477 B R EDM K<, 200948177
CHEBHIBEBEZ|EBTY (Jownal of Educational Data
Mining) o EDM K HEATIYHERE B EIREZIEE
% (International Educational Data Mining Soci-
ety, IEDMS) EJ, ZEARETHREEHEHR
ARITUFREFREBAXEARZ BOTFE. RINED
ELE ST BIRE BB R A B FE REE N 53 51 B S8
EXEITENMhEAMIEZE I KRS (ACM Conference
on Learning @ Scale, L@S) (2014 £ 27 HE KX
=) MECREKEEERAZS (International Confer-
ence on Quantitative Ethnography, ICQE) (2019
FENEBRAS) Buieksy, REML, BRT AR
M (Siemens & Baker, 2012) MRS (Chen,
Rolim, et al., 2020) zZ%F, BRIERHMERZED X
LAAXANEAEE L WAERNTR. AR E
(Siemens & Baker, 2012) [#iA 7 BT IK R 2
REOEZEM, ME%E (Chen, Rolim, et al., 2020) M|
LR T LAK AEFIEDM A F M. Xkt 2B R
URSINE SR AT, ELERGEHRE XA
LN ER, #—TTRENEENZIDFT=4
B

ASCRE T — N ESR, SEBRBELERE
KO R WMEAZMF I DA RER, X NMERE
EXLGEEBFEXRAMNTERSER . BEH, K
XAFE X NMERDITFE ST AT (A2 [ontolog-
icalSex) BAMEIEFZE EZEHEHE (LEFEL
[entitative]SER) . EUREE (FEL [existential-
istSe) MARMBEZS (KERiL[essentialist]SER)
FPEFNLARINZWE . AXIRBASTE R
P EFEEN. FFSREMNHREA,

. EA—MLBIFEISN

FIDTN—TTRERE— M RAENE—D
KBS ZARBRIFASEK, TERRABUATE
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FERENZT4 (Buckingham Shum & Luckin, 2019;
Ferguson, 2012; Siemens, 2013), B AR 2% T
BUATZFRER, £5nl, REERSEHER
FIERAERKEE EZRIRFIHR S NZEE AN
2, T, ¥REEEEE (LMK, REM
HEK) MARBERZNZIDMBETNEEMT
HMERGERFERREFTEAEBEE (Siemens,
2013), [, FEAFND RS K-12 Bk Rk
W EFRENIE (Bowers, et al., 2012; Singh,
2018), FEI Mo AFXFTFFERERIEL ORDR
K) MEFERHEMBEMELENSEE, BT
FRESH DM (academic analytics) (Campbell,
etal, 2007), #REFSFDIXNFAI DT MRK,
HHELEFANEZINTHANSEREZRELR
RABRARXFENHEEIEZXR., BEEESM
EDUCAUSE #/3895E 51,

FI0MA A — PN EELEREITFN RS TR
AROBERAMR. 513k, FRENXAE
BRGB, BEHENEAEIEERFELEEGE
(Ferguson, 2012), B REZHREERROEEA
FIEERAFICRNBATHRENALRERS (UE
WA “UERE” ), XERGXAESTUILFE
3T 18 B B EIE 2 43 AR (Jovanovic, et al., 2008;
Rienties, et al., 2018), I MAEXTENN AR
{BRELAHINIRHABREA R, MEHhIIEFENHK
RIBBEAITENRB/ZSIHEARANRENE (Weller,
2020),

BT FIEERG, FRNETTEVIEIR
BHFEAME— P TE LB LRANNGER, tLIBE
NFIRE. SBSEZMRIR (Essa, 2016),
BRI K-12 Mk EMIRECER, ZRFZILR
FHERKGNRE DR EHER, BXEETTE
MEIRBEEK-12ARAFERNE R —, XFH
WKW THRE, BUEELFSHE LK (Lingard &
Lewis, 2016) . ZFTEEHE, BARARFEXHFMNIIKE)
A&, BERMERMFNRTHFEAXLEZIFTAR, EN
ALEKS. Cognitive Tutor. Khan Academy. edX#
Coursera XX EMWAFR ZIAETTHEBE D
FINTARBRXEFNAXEHBFEXLTEER
B, #—PEEMREZINBEHRBZIINF (Rit-
ter, et al., 2016), BT KM ALICIZEAFFHb =R

HERBYERE S (Settles & Meeder, 2016), & 41
ERZESBMABFTREF (L, etal, 2018), 4
RRFN AR ZEMARIREN AR T IFEE
(Sales, et al., 2018), WEFEIEERGE—H, FR
FEXFEBRARTREREM TR TFERRE R
HREBRER, ETMIBLSZAEZ RN AEN T
il (An, et al., 2019; Holstein, et al., 2019),

ERAZISIRIFLRN A, REFZIFAHE
BB MXA TR 5 = WHEFRR S N2 S 5 4 A9 0E
5, BEHLAKKSFEDM ASHRRIBX ., HH,
SRMLIAKKSREALBRES NS TH, T
EDM AN BEF W RS0 F 8,

(—) 205> 704 SE R AY sk

Xk —ERIBAZEI PSS —RARER
(Dawson, et al., 2019; Siemens, 2013) , X— = 7
SoLARFr R IV Z I A E X FIESEIAIL, BIZS)
DITEAFEI R ERENEIE (Long, et al., 2011),
WA 2019 FEFRE FAGSMERIITS (In-
ternational Electron Devices and Materials Sympo-
sium, IEDMS) Fr XA BEHEFEEZEEX F, 8D
BELURZRMNEre "B 7L DRI
FIMIE”, FIpMAH—LEZREEFEEFID
N ATARREHR, MEXFEMNRREEHS. K
A RARRERZNERZE D SETRABRATERRE
ZEE (Colvin, et al.,, 2015; Dawson, et al, 2018,
2019; Gas8evi¢, et al., 2017; Lynch, 2017; Macfady-
en, et al., 2014; Siemens, 2013), IERLALL, F3 45
MR ZHAREFEGTTNEAEN . BRI RKIREZR
EhmE, MXERAEZLEMEREVBFTRGEITZE
S EIE A (Sclater & Bailey, 2015; Tsai, et al.,
2018), fEA—PREGUE, I ERKEE L
BRTAHRAR. TEEIE. EERGE. AEMR
BEIUH AR

EHARIREZIN LB EEXBERGEHH
BH, AMREFENEVNELEERMRZMIER
(Jacobson, et al., 2016) . #FRFRIFNIAIEZE S5
WETEXABERFET AR EFEZRKIERKVLIR
£ (Dawson, et al., 2019), BHREINNFEI D
RN EEEREREVANEXABEN RFIERN
EHat  (Macfadyen, et al., 2014), EZ&MSSHE
iz, AFelFEEMERE=1"mE, FHIER AT
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REINAXAMBREHJBECITALAT LB
(Tsai, et al., 2019),
EFEEINSMELBRPEETZNA, HIEMR
HEgirfMzsZEAMNEZE (Buckingham Shum,
et al., 2019; Gasevi¢, et al., 2017) . REZF I 447
TR (FERENERE) BELFENE, BRF L
MREWXF T ENLIRR AERLEENKIE, o
BEE—EAREEER, kWO RBRZFIORIT
(Bodily & Verbert, 2017; Corrin & de Barba, 2014)
SEBRZFARENEIR SME (mastery orienta-
tion) FILTFE (Lonn, et al., 2015) FIFEIYFRH &
(GPA) TB% (Chaturapruek, et al., 2018) , A Ik,
FEEXAREFRERE —LEERSEZIDPMASRER
TTHMEBEXEMHNTTE (Holstein, et al., 2019;
Wise & Jung, 2019), B %X 4% (Buckingham
Shum, et al., 2019) B#H#H —SIRHEBEX N EEF
DITRANEER, XNAROHRBERIEZEI S
SRR MR 2R R IT R AN Z B A,
(Z) FIDTLERAREY
BILMZEIPITREERBIE SRR . RINFESIT D
IS E 2 MAEI R AT mNEm, XEiRE
BEWES WL, —KEWXNRBAAE B <E
WEMEE, B—(NERIAZIDTHALELRE, 7
% (Chatti, et al,, 2012) IBH—PMZEIHNHSH
RE, ZEREENNERE, X9 HEZMEA T E
. BiE. MBEMERZEXRERA “HH47 (What)
ME#; BARzKERA “HtA” (Why) BY[T
B FEZEGRA ‘" (How) gyE&; Fi
HEEXFBZRKGRA “E” (Who) BB, #&E A
=h s TS (Greller & Drachsler, 2012) 2 895
S B AER G BEXMENMEENAE, B2
MFr AN BRAMENEEACE S PIRERE AR,
B AEN T ARELRIEIN T B S B/R (8
MIEZREE) MINBHLY (SERIRE) BE.
MRFBRHY 7T —EZ2I DTN RERE, 9IEZE
I A—MER. & (Clow, 2012) B34
MEIRE T A HURN S E, XEHURANEF 5
MERBERB T EARIE, it RARE S
MWE, BREFEIDNBEBARANHEMES . HrBHE
(Steiner, et al., 2014) RHENZEI DT RXEILEE
BEEEUREE. SUREIR. FURiRE. TUN. 1R1E
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ERXBRITHME—FTE, AR (Siemens,
2013) MEBBEA LB RUNE, BEFEEMT
PFREBBEASMREZIEN. FIEE. fla
HXE. PAEARAMTHEEZEHNXR, BEZ,
ARITIAAZI IR — N EZRANTH RN RN
i, SR TREZEEFREXEZHTR.

=. FISeymaRLEER

(—) mFsER

REZI MR A A —MLEEE—IRZE, £
A—NERNTE, IR EYEHR—X
—ReEATRIMY. BRIE=AN5ZHXNEES
W: EDM KL (85 F 2008 ). LAK KE (BT
2011 %) FML@S K% (#T2014%F), 2F—IP&
WRICQEAS (#4F 20194F), HEBARR F R
SMBETE, BEE—ENE_BEASHNERSE
NAHRETHEINBETEN. AIMEFE PRI
MBEEINEA, EZIPHIRA— DRI
AL T, BIEBEALERAS (Arificial Intelli-
gence and Education, f&#k “AIED X£”7, BT
1989 %), AIED RS KE 2, BIFEATERE
EHETEHNEMNA, RPN TEFTERERITAT
BEMNERRAEMAXLERGEHA AR FERE, EDM
A2 AIEDH— P9 X, AEDKES5EDM AL —
HRZRREHEHIEZENARER.

Hh— LW AR BEZIDMITAREIR. —
Bk, BESES (Intelligent Tutoring Sys-
tems, ITS) K&4XXKE5AED ASHUNTIR, £
FRXF PR REZETT. BEEDMASEL LM
ITS K& —H#B2 2008 FFEE R FFF REITHY. HAb
RRFIDPITARMRASWETEZIRNZE RS
(International Conference on Learning Sciences)
(FEAIMAIED K RERM—N X)) FITEN X
£ % 3 £ (Computer—Supported Collabora-
tive Learning, CSCL), ETREASEEE (EXH
SEEMERNTR) BERNXEE (XEFNIHEE
BIR), o, B—YE44E, tbanEIoirE A
(Learning Analytics Summer Institute) FFEEKINE
ZHIZ8 (Simon Initiative Summer School) (X £&

FEEHFDZ, FEEFRR) UK U
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ZELEMHSWNBREIDITE XK.

FELEEDMRKEMBERATRZENLAKK S,
THREEAXFENSWHEEERIE IR, EHR
BfELAK KRS I EDM XS LAK KEMERER L
FEBHMEINRE, XHFE—HIEE. A, FEMN
IANAX LN F H AR R L E— NI R BN
WE ARG IBARER, MERARNBHREEN
{FIEERE, EZRULMARATE, FENREZE
SRrEA. XEREXNAERERHREHE LR
PRAREMRERESREMHERUREZIEN
AEANEAR, MERARZZISTSIMRATREN
ERARMEEMEFHENZEIRE, LHEEK
FRER, AAGRFEARMRAR, REMARELEMNE
R, XHFEREIMIAREFDECHS U MAZE
SIMEDMSWMERE, Wil 2R B LR R R
Z (LEWMAXE—%EF) XZZFEWMHTEELAK
KABERAEFENREE,

BE, AHAXINHFHREML S EERSER
RE (KRBH) BELA—? —MoRNEREEE

WEINTTRT AL, k2 U Bl R AT & H R
MMt REFENEZXTERARZFXLERFDHRE Z
FHET

HEE.EZHSE (Richard McKeon) £ 20t42
ZEREER, BARZAETNEMHNESE, thE L
A YR DLUE MR ARRLE (Plato) AT E+ %
= (Aristotle) B9 F B Ak (McKeon, 1966) :
LR (JR F it [atomist]/fE 1R 5 B 4% # [Democri-
tus]). AfEit (FahiE). FER (EHEHL[sophist]/
T % Z&= X hI[Protagoras) AR (TE+EE)
M BRIk, KF (Watson, 1994) #1 E 3¢
(Rich, 2018) M EZEE S S#—¥ R EE,
AEEEER. XEBERRESEEXRFEAN “HA
K (ETAXER, AW ATH A [mets—meth-
od|HEXFTENBHTR),

WMm==, &KL (reductionism) BLAEH¥IR
NEEF%R. RRBABBINEHITINE HBE AT
A RES, REH—THITX LA Z B8
(R, BR—EMKREEREREEZEEZRINEER
(EERERSINEF T ARARNENTE++ZE),

ERERRELXEMAREFZRNILOITITE, X
BEVERBEETE, RERERKAEURETIY
WE L AYIEILFE (Sachse, 2013), EEHNRXHA
I JEAR X Fh 77 5 B AN 6 3 S2 X F st X == o

#HIESL (Dialectic) R AAKRFEIRAEETT X,
XN ZRINAZEIMRIEA — N EFHITIEES S
ERGERIRG, REERENRESHIERHE
AR D . XMHIEREETBIUTIEREIUELNR.
PIEUTFEARBR S IUR L EFIBBRE—IN
KERG, BNEHERNAZEZNEREAMLNE
N,

ZESRATRAABIINFAMTENAE (ZE[op-
erational] 1 £¢ ¥t [problematic]) &/ 8 ABF40, 1B
EENFRRENEERIRMNELFRAMNN . FER
IR A MARA L2 AEWR, FIAAXNIE
MR IZeRLS5EFEB CHIERMm BIXLIEEE
BATENEENE (F0 “EFEMEX [philo-
sophical constructionism]#1 “IMRIEFE” [phenom-
enological understanding]iX Y RIBRBFL) . &
TEREEFERAAR EERAMMNTE, MEELXA
B E/IERE (Strohecker, 1991)

S5ZRHRFTSINARBETYEBREX, Eit
INA “BURRERMELUHEE”, B HLUMIELE T
BENEEFEANIER (Halevy, et al.,, 2009) , #
B2, WHXHTHEEEERER T, AR RAER
HIES BT (XEEEL2EM),

RN X LAV IEBOER TR —NESE
fE—20 L2 fl 21 R it s — N F Z B RIE
=& ( “@%” ) -fHXE (Richard “Dick” Bu-
chanan), XAF+FEHATE, HIXFBERFANERE
A% (Carnegie Mellon University) E9i&itE S
I EMZ BRI AN A RIS M EOFE 2 BARR
ke BREFFAMEHAKRBEHXLER S ZEFIERK
X, ERBMMERFEN EF—LLITREL, MK
MIAARITMNEE L AEERASYRZENXER,
MEFERAEERASFEZENXR, NFELA
EERASAZENXR, MAAREHBEHUZA
5B Z EMXR,

BB AEHFRFRIN—NTEFTIARZKREEER

(D ¥ http://jamin.org/understanding—interaction/3%, https://www.ghostinthepixel.com/?p=319
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THIHEERMNE R —Fs WA ERTRLT,
HEAERESHMOACFIANER, EETURIIAA
WMEARILEAER, ALATIAY, HEHE (Gree-
no, 1997) M=%=EHEZ (Anderson, et al., 1997) =
BEEEEE— MRIFABIF o 18EHEERMAEIL
B “lESE X" (situationalist) BEFINMRIZE, T
REHFRENEKRALGEIL, REZREREICEER
MERFRA “ERX7, mMNEcsseXd 2 “%
R, MBEAXERER AL “BREEF" (situa-ba-
bel), #EBBENIELEHREFHXERD “EEHEIRD
AP EK”, AL, WARARE, ESEEN
[a Bt A [E .

(Z) m#seRAEZFE I TRAEIR

FRETF 5T (Siemens & Baker, 2012) &5
ZHIEEES M A RBEEFNOUN R SZIDITHERAE—
2, mITAABEEREZRARBITER “EhNEiE
B SRIE R A B AR F AT BN ERER T AR EAN
ZEHXRR” (R ER/ERER), A FES
SATTRN “FEIRIFIERSEU A BFIERFEEIE
BEASZM” (KER/FAEHER) (p.253). B9F, F
ST RN RIN AR AR R MARAK EiHRRE
EXHESL (Atkisson & Wiley, 2011), PESHETFI
AEREEENNE ROt RER T HIRER
ME (RAFCESERANARFAREXNEMERXMNE
E) (20124 B 25 B FHB4F), LbanPE S Hr(a)
E: “REXS PRIV ELUEZERIFELIRL, X
EREFRENERL? FELBEEARX, EVF
AXERMH SR 2GRN, BIANLEHEEIE
ZHM R R PRE T e SR HB AN EAEENLE
Fl (BREERBRBEELAFRLHM S, BFRAEFHL
EEREXANE#, IFREBER—THET.) 7 &K
EXES|ARRETANXERE, NEATHTEE (A
AN HEMSEXFTFARSE), A TIHEEDSAR
THRABCHRAMWSEEAMIEBEESES —1MTEHOAE
X EEAR X, B, BLEEITFERA iR
B XPMAREBEEZEENNSREPR (Jensen,
2000),

RIBASEFIGEAXZ AR RANTTE, A
HIFBFERIAAFZIDT (N—F1R) FERAARE
WHHERSE, MBEHEZE (M—FB) FE
XALFRAEFERTER, B1RBRx 7T st 54

44 | DISTANCE EDUCATION IN CHINA 2021, NO.12

RPN RE Z AR R

(S IR S N RS 2B T P AN U P SE

FHIEDM KSR AR P A S EL/1E R 1 A
— L EIE.

o EENMRTBMNEME A —EREE, X
Lo eI /AR T E  (Barnes, 2005), F#t— 8
REFIME A E IR AR S —IH8E (Par-
dos, et al., 2008) ;

o MREEHSREH—FF A RER TN
HRFRI (Baker, et al., 2008; Pavlik, et al., 2009) ;

o BT M RIREMEABE RN FE S &K
M EEERIERTTFNHBI M RIENRE (Chang,
et al., 2006) .

R HE LAK K S BT 5 AR AR A iR /5
MR B — L4617

o RENHRNFEIZERMITHIAMGIL (Suthers
& Rosen, 2011);

e TN Z2UMENEHERFZIEZ ARXEER
a1k (Bakharia & Dawson, 2011);

o MM AES TSNS INE Z 8 & FH
IAXFIE (Ferguson & Shum, 2011),

B HIMATL A FRSE AW 52 7 B 4 EDM A LAK
AE FHENAZER, BAFRBARNETFENIERIT
SHER TR H#TTONAR. RN (Baker,
2012) —BWERT —WHFR, FEXERBESIDE
W AR ARG TIUN — TR RE R S, XHSEH
AEFEN (AAZBNETARHEALEE). K
M, LeS KEMENAXRRTEXAREHT —1
s, FH—LeFEE.

e PHIFAETERIRFEIFMMEILENERENM
eI Z B EINSIE (Kim, et al., 2014);

e NITEMEBEAMNFEESR, SHFEMBIMA
AgIHER. 4. FAMFEIMREHENLILAA
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BME S (Huang, et al., 2014);

o WHEAEHEZI—MEERAREIBEIRIZ
WAER#ETERE, 2P MIEERXFES (Yang, et
al., 2014),

FERZL@S KW AT H R CER X FSE
N, BIEAS (RARBHATMIREZ SR ERES
RGEIRNIRX, BE _BEMFHTXDBK) KE
AL BESIMEDM ASMEFRZNL . BE,
L@S K& AN ARBTERBENBIARERMET —
NEREFER. MEL@S KSR INED ARV
STEHARARSRENNE L, BDREZES (Le-
Cun, et al., 2015), WFRAIEFIBR T HITON AL A
EDMASW XM —FiEEE, Rl EHREIA “EU3BH
YERMERLHEZE” (Halevy, et al., 2009), B3IEFEH
REFIWNFEMIT (Khajah, et al., 2016) FF4
%% (Botelho, et al., 2018) #HITEENEETILE
EIEHEKR (Zhang, et al., 2016),

LAK K=t HF M EXFEBENRAER, R
Z 7k AIED S EDM ASRZ I XA R EFIRTE
LAK KSR FR M RMR. tban.

e MRAERREIRNARMESEFMAL (5
) S ERNELNAEREE L mE R SR T
LE#Ef7E4E (Choi, et al., 2019);

o RZFI MR ITHT NN ZEIFIE
FMRM A ELPr7 I (Harpstead, et al., 2019);

o PMABTEMEVMEAMXFMMREZLEF
{595 & (Botello, et al., 2019),

FERTERZGERD ., XAXFERATR
BRBAFZIHI, SIEFRZEISFAEIE
BRARR. BRIESESHEIER (Blikstein,
2011; Worsley & Blikstein, 2015). AR AEF* 3 &
R BB FIARR 5% (Martin, et al., 2015) . X
REBENRBENTETBARZIENERERER
(Amershi & Conati, 2009), & 3= JHERER
RF4 S 4 TEBIRI A Z FFHITIAFM N 54T
(Shaffer & Ruis, 2017), ZEIt, FERSTEXAARE
WRBEFZIDTHEXASFHSIWILE —D “TTEN
K7, tbanfa=. NEMEFERE (Berland, Bak-
er, & Blikstein, 2014) BB EEMEX (con-
structionist) I AESAKT (AR, fNHR5%3)
(Technology, Knowledge, and Learning) EAF], MAZ

FTROFIDTERY/ZE . AZHEFERE R
M BXELRREEIDOMERYIBEZE, &
FELRHEREREARMBNOTARER.

ALz T, BUREEEHARZCNECHFERS
W—ICQE K%, PUSRANFE SO ATdiE: % A @A)
RIAR FERE (RAIAMNE S TEITEN X
FIMEFZI RSB . ICQE XK HISEE AR
BEFINHAE, FHXPARSHNED BNEY KA
RABHAARTE, BREBEBRASHNERLXH
78% 5 RFINHE HTEOF R

RZXEEICEQARSHNREXBHE:

o DATERBIEFIZHT ML A9 ZE 5] (Bauer,
etal., 2019),

o XAINMNE DT 2I—PNELFHITXE
AR RS R R 3ER 54893k (Barany & Foster,
2019);

o 7 RS A X FNA B TR % 73 TE (o) & A 7E 204
FEHMEZIFTEAARRE (Melzner, et al., 2019),

FBHE, BERERICEQ RS @2
BHIXFIPHARAFL, ERRIXEREASH
WICEHE S REMEXFINRENHR . XEXME
ErHTRERECRESXANEES AN
8, BRAFINE D HTIARAEX T A GINEX AFE
BN BEBERNERELIE, YRAXAEE—MNT
o BA—LEMFNEIWERT NED A
(Ebgn: Martin, et al., 2015), {E21R ZWH 5 thE A
ERHEMTT A, BMZISMARERRGEML
“ZR” BRIENEE,

REI T —NEAL, FERERAAREES
P WAEAT S B ERNGE, tban (FI o
T | ER “WUAAFOHNEIDT TRETT,
HAEREZEINIARE “FIANULAIEEE IR
B DFAMNEINHEFESUNEN, ABET
TR IR R A AR A ZE S AT IR At AZ
ST IR S A A EEE” (Buckingham
Shum, et al., 2019, p. 6) . 5ZHIFERHIZ 2020 F
LAK RS H I T — KR FIAF R 28247 75 75 8918 XX
(Et 40 . Chen, Rolim, et al., 2020; Ferreira, et al.,
2020; Saint, et al., 2020; Swiecki & Shaffer, 2020; Uz-
ir, etal., 2020; Whitelock—Wainwright, et al., 2020),

BHIRE, tROMEXOATEENNS5FS]
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DHERERZW “L"R”: KEIR/ERIEZEEDM
%, AERFAHERZ LAKKS, ARIBREL@S K
=, FARRICEQXRL, ik, EDMREH K&
BEl, BEZXAREERATAR, LAKRKSH—H, &
ERERMEREMEERTERAAR. IENFRXER
TAERETL, FILTAEME S X LS A Ful
MR REFHREHEERLEX B AERL.

M, FMEeXEFINNEBRINEECME

IEZNER (Kuhn, 1962) &80 #E (Bl2E
W EERIY (The Structure of Scientific Revolutions) Ff
BEe, I—PMR2EOEFE—MUEEEZTEHR
Ao, EESHAXMMERL. Hbh—feXss
BRAEZFHF “ME” FRBENNE . RAEZ R
EEMNERAEATHSRS, BERCIEER
B, FEI+ENERNBILEILRZITE (Cole-
man & Salamon, 1988), %%, L IRFIMNLERR
% (Anderson, et al., 1997) F# B i (Greeno,
1997) Z Bl MFEHAtHIE AR ESE R & A A X ol Fh
XA R “EFN SeXBNESBEL, N XHE
ISR LTE L KRN T W HERAFZARASIWHIE
A, ARFEFLERZE—NEEMRHEFRAAR
HBECH “AHRRE", MEHFNEREE EIREIA
HXZASVCCEMNYT KT, tbanAskiZ3z EDM
AEH—EMHR (LEREX) #HmEs (FEEZ
AKERFEHERTEAARH) LAKKS, Z—FE
EDM K& R EZARILTERA A RS,

FIEMEARREFMELERFZEBXAMREESER, Al
KIMVAARESERNEFEERBR, h2FE, FuT
FINTNEE. ZIDTERITIX LR EFNLEE
HEREZIkEL (B0 Baker, 2019; Peldnek, 2020) ,
XEEPRER NI SRE, FEFf—FsE e, 359
MEBERTREFEEMNINS, TRREAEBERNI
B RAZE” MIRERXENS,

R, BMPAAZSHSIW “STHE” X# “FR
BER” WEEARARR (FizM2, WEFrk, W&
EEEMXMIERL) . HFEMENHMERE M
M XEEES B X HIRAYINRIEE N AR 53 (o),
REXLEEH, EDMRXSHITFEXFEIEN—N4F
5l F o EDM K< %F 3l < 73 T [a] 21 89 4 5% 1% A0
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(2h) FIREIHERT, 2019 FEMAS—HILE 28 FiX
MEFMB X

HNVAAREBLSEXEE AR E D TINR
£, BT REAGEBEZRYFSIN, #E “BER
MRABMERE. HRXMEMIER (Pavlik & Toth,
2010) ARFI TS REALBRM X FENAREMN
SRR “MARA LW, BAXLENSTTEFHRA
& ERAEXMERL T e EARTEFHEEMN
28,” (p. 105)

EEIL, BMPAA—MSERNFEEBAT—
MSERAEROBA LT RRAEEEENNER. TE
FAUIR H — L o] G A9 fRE

E—FECEARLEEFE. ETARRSER. B
IIE & F AR S RENEE F 7 AR EERIEZE
T FriES, AATERSERLTEGHTUNASZE—
HiFE, BATN AR MEARE—MERAHE— B 1R,
BEERMNEZHIERIEFAUC ROCEO.75 HEEY,
A% FEAUC ROC1E0.65 MIHEEL, EREMN . I
MEEIRMIRBINEANIA B EFE~ETEMEm,
WEEBZIRANAE. <EELNTARBELELTESR
B TUNERR I B E BARE RMANETE, Bh
AR TR E R A MUE R, FibBEERETS
RI XL X BREBRE DX LR RN MW, tban,
#H#% (Yeung & Yeung, 2018) BH T —NF4AM
IRENREZIER, AR —EGE @, REET
IEN{E (regularization) 7 7B {045 B F50UN) A 7 2K
BB T BRI L (o), AR SE A FUN AR R
FENEESLERERENIENRERE S, X
o fEF B F AR SERAFHE I SE N ZE I DR
e Fr A 2B R AR B o) /L

ETFARSERARATN N EEFLERSER
FE—HEE AN RUERE &N E e mifR
REAFEGE. EREZSRARXAIERTER
ELKIEAEBT&F “REALI” (discovery with
models) 347 (FEFILRAVEEH AT ERANEFX
KR, BEERHEMIK) (Baker & Yacef, 2009) .
ZEX, BRELNEHEREZEARXRAN—
MEZAA, kN TEMITEKX (Baker & Yacef,
2009) BICHERZRR F1 19% 8918 XU & 2019 £ EDM
AE18%IERB XX ARE LM%, LAKER
ZATEMNMRPLEREENTENMEE (b
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BAN), SBEEFITHNITERNNEREES
(Kovanovic, et al., 2016) . 30 7 X LE 43 47 5 F
FUNgE hEoR . KU EMESEIUEAIER, NF T4
RKEFEFEE. BEUEMNER, A, 2EARESHR
B R LEE ZHITA N L& 53 A sar N AB X T8 22 A9 T 46
¥R, WA EKREATS RS IENFRIAKXTER
(regular expression matching) 4 B £0#8 %1 N\ A 0
W& 4T (Eban: Cai, et al., 2019), WWERZEIAFNK
MR RAFUNGE N ER. KIEMEEEIEAIE
A, MOJ R EIRBERE BB E LRI A MAE S
SIREIRERR BN EM AR EE Ze KBNS Z BIX R
(tbansHER A B 5 4RiL[Ferreira, et al., 2020])
THERTEREAMNE RSN NER THMTER
MR, REGFERERAMRSRITEEEHHITR
MREST—XE—NEFEHSNILRE (Sherin,
etal, 2018), BATMIERS S TITENEE
(Shaffer & Ruis, 2017; Sherin, et al., 2018), {EEUX
ERMHELETREE—MRATNFERNIERE,
b1 F B AR BN R B M BB AU SR RN D T 89
TTREAB . WRIRNEEBHE AT ENBH
26, BMNEREFOTXLRY ., BEESHREN
=, WMRIAEE TS5 E X WL IF 78 A& 4 A9 R4 =¥
i, JBMNERBEFRECNORMEEIR, WK
WEL, tban, MR FEBFETUND FRllHRME
MRELLIREE, HREEEBEXFEETIN—
> WXFZFEHITIHR (Baker, in preparation) .
FERTERTREILN T E X FEMBTEA AT
R BEURESHHMEARSERAERUREYT
B IR R A MRV Z SR ARAOMER, Lt
BIROTWFIMR AT MAETH EAXFE (ELEIAM
M%) TTRERBITRANEFH T BXMINE LK LR
(Et4n: Karumbaiah, et al., 2019), #EEXIMIX
MM R EANIEETIE (feature engineering) . A
MEENAE T BHEBELN — MMSNEEL RS
T REEF A IMIX MR, AR E (Paquette,
etal, 2014) RAMIRTRAIARRBIDELNFEL
W “$h=F" MEH, HIEERATAUNEMEIR
SZHEEIER B X AEHINGAER (Paquette & Bak-
er, 2019),
RESMAEMEEREREZI AR T
TE—NEERE, TERERENE, MEEFEAX

LEARBI IR ER . a0 EPTIR, RES AT RIT T
HURAXEEEER, F1ERREEE28xTM, &
i, FEMEMFRAXERTRLIAENEAH. X
AFTTEL (&0 . Buckingham Shum, et al., 2019;
Holstein, et al., 2019), RBAX A E AT F —M T 68
IMFHIER s A ISERF I DT E AV R B LR F N
FHERESMREZBHEEMENER#HTT, EEE
CRESEBARXENFEHREXENELE, B
RS E N TRAIRE, FHPEEXER T T
MR ZEBEAF~ LK (Rientes, et al,, 2018),
Eit, MRRBEFEAXLBLEFR, XTEREHT
SRR BRIFEI DM N AR,

MNA—NTFTEE, FIDPMEBRFEECMREEE
WRAGEENER, RESE—MEEARSERXAE,
BBFERNESERANT BRRERTEERENTA
2. RATRAMEFEF mEXEBHETTAE
BMTRERERIE, BRXFMAEREEEEM
RZHARSGE®EMOM, Btz T, TEXAREFIRSE
RO EIDFNEEBRERGEETAIER, KKk—
NEBERMAMRAREMROARARKETE
SHEHEBETHREXENZISTNPAENFERZLR
(Pontual Falcéo, et al., 2020), FFIEXPLERFIAN
BRI X BER MR AR EZ MARE R (Daw-
son, et al., 2019) . A—NHEXMBIFESIAFN
& txic (Social and Epistemic Network Signature,
SENS) (Gasevi¢, et al., 2019; Swiecki & Shaffer,
2020), XFFELEHSWE T (KERSE)
INAIRE AT (FERSER) B4 E, BToNE
MIMEZL IS FIARI4EE

F. ERE

AR T W ABIEMEIRR LB E iR
ARG (30, BEREZE. A&RE
SIFEARES) ZEMNXRNREZNAR 24

BAVAAX A HEEPIFFREARE TIEERK
RE LT MMEFE e AR ITRE. XM
SERBWE EHRBEEZNER, MAXXAESE-
ZESMEERE-HREIRE L OERIFHELE K.
RAR RN HEERBHENDHNEFAFZRS IS X M
MERAFAETARINERR, EE2XEEX5mD
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HEFEEBNARBFERANNEEE.
BNFREE— P AFHEFH T HE CHEFEU

WRMLENZW. BEITHRECS, RIMEERBEM

RN T FREA M BARIE R R R F B IEX M

FEGHEMPAR DI HEMUNERA, BETHREKR

FARGHRFT AT R MDA FF R EZY, 3K

IMERE BB E 4r 3 7 MR I BRI AV R IA KX e

EES (ARNEATEEN) REEFESHXRER, B

BN E AT, #BEs B il X R,

FWEEENE, BETHBMNETHEENR,

AT RERE B EiF IR MMM F AN A (AR

FARE, FRARTBMNNTEN), BEFthmEi

M%), BMNEILETREREZRITZOFBASERE

AIRFRIRRR, ARG ML TR, HeERS TN

P4, AXERT AREFEEFHEETETRAFTR

REFMARRB, HR, FITMRFULE R MMERI

SHARRTANR, EHERZUEMEEIMNIAELR

BERAFN. —FMUEK=Z, BATXANTUHE L BR

PEATREBER —MITER—ETRESMUER, K

MAREEEEX, —EfR,

(M ARER] E£EFERARFAEYEZmAH

RIEREFNH AR AR

(5% 3 #f]
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the demand for equity in education, high—quality education, and lifelong learning for all. It is argued that
Internet—based innovation in transforming education is an emerging trend. With this argument in mind,
the article posits that there are five major types of transformation in the educational services supply,
namely in terms of service provider, form of provision, decision—making, mode of provision, and supervi—
sion. The article also discusses potential ways to realize these transformations.

Keywords: Internet; information space; educational supply—side reform; educational services supply; barri—
ers to education; high—quality education; online education; intelligence technology

Four paradigms in learning analytics: why paradigm convergence matters

Ryan S. Baker, Dragan GaSevi¢ and Shamya Karumbaiah

Learning analytics has matured significantly since its early days. The field has rapidly grown in terms
of the reputation of its publication venues, established a vibrant community, and has demonstrated an in—
creasing impact on policy and practice. However, the boundaries of the field are still being explored by
many researchers in a bid to determine what differentiates a contribution in learning analytics from contri—
butions in related fields, which also center around data in education. In this paper, we propose that in—
stead of emphasizing the examination of differences, a healthy development of the field should focus on
collaboration and be informed by the developments in related fields. Specifically, the paper presents a
framework for analysis of how contemporary fields focused on the study of data in education influence
trends in learning analytics. The framework is focused on the methodological paradigms that each of the
fields is primarily based on — i.e., essentialist, entitative /reductionst, ontological/dialectical, and existential—
ist. The paper uses the proposed framework to analyze how learning analytics (ontological) is being
methodologically influenced by recent trends in the fields of educational data mining (entatitive), quantita—
tive ethnography (existentialist), and learning at scale (essentialist). Based on the results of the analysis,
this paper identifies gaps in the literature that warrant future research.
Keywords: learning analytics; artificial intelligence in education; quantitative ethnography; learning at scale;
machine learning; research paradigms

Effects of in—video questions and answers on learning performance
Yaohui Xie, Jiumin Yang, Zhongling Pi and Caixia Liu

Using eye-tracking technology, this study set out to investigate the effect of embedded questions
and answers in video lectures on learning performance and attention allocation and whether expertise re—
versal effect exists. The experiment involved 49 learners with high level of prior knowledge and 45 learn—
ers with low level of prior knowledge from a university. All participants were asked to watch a video lec—
ture without embedded questions, a video lecture with embedded questions but no answers, and a video
lecture with embedded questions and answers. Findings from the experiment show that the video lecture
with embedded questions but no answers not only improved the participants’ concentration but also en-—
hanced their learning performance. Furthermore, there was an expertise reversal effect on the learning
performance whereby video lectures with embedded questions but no answers improved the learning per—
formance of learners with low level of prior knowledge, but not those with high level of prior knowledge.
Keywords: video lecture; in—video question; answer; prior knowledge; learning performance; attention allo—
cation; expertise reversal effect, eye—tracking
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