Chapter 6: Going Beyond Better Data
Prediction to Create Explanatory Models of
Educational Data
Ran Liu, Kenneth R. Koedinger
School of Computer Science, Carnegie Mellon University, USA
DOI: 10.18608/hla17.006

ABSTRACT
In the statistical modelling of educational data, approaches vary depending on whether
WKHJRDOLVWREXLOGDSUHGLFWLYHRUDQH[SODQDWRU\PRGHO3UHGLFWLYHPRGHOVDLPWRāQGD
combination of features that best predict outcomes; they are typically assessed by their
DFFXUDF\LQSUHGLFWLQJKHOGRXWGDWD([SODQDWRU\PRGHOVVHHNWRLGHQWLI\LQWHUSUHWDEOH
causal relationships between constructs that can be either observed or inferred from the
data. The vast majority of educational data mining research has focused on achieving preGLFWLYHDFFXUDF\EXWZHDUJXHWKDWWKHāHOGFRXOGEHQHāWIURPPRUHIRFXVRQGHYHORSLQJ
H[SODQDWRU\PRGHOV:HUHYLHZH[DPSOHVRIHGXFDWLRQDOGDWDPLQLQJHIIRUWVWKDWKDYHSURGXFHGH[SODQDWRU\PRGHOVDQGOHGWRLPSURYHPHQWVWROHDUQLQJRXWFRPHVDQGRUOHDUQLQJ
WKHRU\:HDOVRVXPPDUL]HVRPHRIWKHFRPPRQFKDUDFWHULVWLFVRIH[SODQDWRU\PRGHOV
such as having parameters that map to interpretable constructs, having fewer parameters
overall, and involving human input early in the model development process.
Keywords:([SODQDWRU\PRGHOVPRGHOLQWHUSUHWDELOLW\HGXFDWLRQDOGDWDPLQLQJ ('0 
closing the loop, cognitive models

Across the vast majority of educational data mining
research, models are evaluated based on their predictive
accuracy. Most often, this takes the form of assessing
the model’s ability to correctly predict successes and
failures in a set of student response outcomes. Much
less commonly, models may be validated based on their
ability to predict post-test outcomes (e.g., Corbett &
Anderson, 1995) or pre-test/post-test gains (e.g., Liu
& Koedinger, 2015).
While predictive modelling has much to recommend
LWWKHāHOGRIHGXFDWLRQDOGDWDPLQLQJFRXOGEHQHāW
IURPPRUHHPSKDVLVRQGHYHORSLQJH[SODQDWRU\PRGHOV
([SODQDWRU\PRGHOVVHHNWRLGHQWLI\LQWHUSUHWDEOHFRQstructs that are causally related to outcomes (Shmueli,
 ,QGRLQJVRWKH\SURYLGHDQH[SODQDWLRQRIWKH
GDWDWKDWFDQEHFRQQHFWHGWRH[LVWLQJWKHRU\7KH
focus is on whyDPRGHOāWVWKHGDWDZHOOUDWKHUWKDQ
only thatLWāWVZHOO2IWHQH[SODQDWRU\PRGHOVSURYLGH

an interpretation of the data that has implications for
theory, practice, or both. Here, we review educational
GDWDPLQLQJHIIRUWVWKDWKDYHSURGXFHGH[SODQDWRU\
models and, in turn, can lead to improvements to
learning outcomes and/or learning theory.
Educational data mining research has largely focused
on developing two types of models: the statistical model
and the cognitive model. Statistical models drive the
RXWHUORRSRILQWHOOLJHQWWXWRULQJV\VWHPV 9DQ/HKQ
 EDVHGRQREVHUYDEOHIHDWXUHVRIVWXGHQWVÚSHUformance as they learn. Cognitive models are representations of the knowledge space (facts, concepts,
skills, et cetera) underlying a particular educational
domain. The majority of the research reviewed here
FRQFHUQVFRJQLWLYHPRGHOUHāQHPHQWDQGGLVFRYHU\
:HDOVREULHĂ\UHYLHZRWKHUH[DPSOHVRIH[SODQDWRU\
models outside the realm of cognitive model discovery
that educational data mining research has produced.
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COGNITIVE MODEL DISCOVERY
Cognitive models map knowledge components (i.e.,
concepts, skills, and facts; Koedinger, Corbett, &
3HUIHWWL WRSUREOHPVWHSVRUWDVNVRQZKLFK
student performance can be observed. This mapping
provides a way for statistical models to make inferences
about students’ underlying knowledge based on their
observable performance on different problem steps.
Thus, cognitive models are an important basis for
the instructional design of automated tutors and are
important for accurate assessment of learning and
knowledge. Better cognitive models lead to better
predictions of what a student knows, allowing adaptive
OHDUQLQJWRZRUNPRUHHIāFLHQWO\7UDGLWLRQDOZD\V
of constructing cognitive models (Clark, Feldon, van
Merriënboer, Yates, & Early, 2008) include structured
interviews, think-aloud protocols, rational analysis, and
ODEHOOLQJE\GRPDLQH[SHUWV7KHVHPHWKRGVKRZHYHU
require human input and are often time consuming.
They are also subjective, and previous research (Nathan,
Koedinger, & Alibali, 2001; Koedinger & McLaughlin,
 KDVVKRZQWKDWH[SHUWHQJLQHHUHGFRJQLWLYH
models often ignore content distinctions that are
important for novice learners. Here, we review three
H[DPSOHVRIHIIRUWVWRGLVFRYHUDQGUHāQHFRJQLWLYH
models based on data-driven techniques that alleviate
H[SHUWELDVZKLOHUHGXFLQJWKHORDGRQKXPDQLQSXW
For statistical modelling purposes, the work described
KHUHXVHVDVLPSOLāFDWLRQRIDFRJQLWLYHPRGHOFRPSRVHG
RIK\SRWKHVL]HGNQRZOHGJHFRPSRQHQWV$NQRZOHGJH
component (KC) is a fact, concept, or skill required to
succeed at a particular task or problem step. We refer
WRWKLVVSHFLDOL]HGIRUPRIDFRJQLWLYHPRGHODVD.&
PRGHORUDOWHUQDWLYHO\D4PDWUL[ %DUQHV 7KH
statistical model we used to evaluate the predictive
āWRIGDWDGULYHQFRJQLWLYHPRGHOGLVFRYHULHVLVD
logistic regression model called the additive factors
PRGHO $)0&HQ.RHGLQJHU -XQNHU DJHQHUDOL]DWLRQRILWHPUHVSRQVHWKHRU\WRDFFRPPRGDWH
learning effects.

Data-Driven Cognitive Model
Improvement
'LIāFXOW\IDFWRUVDVVHVVPHQW ')$HJ.RHGLQJHU 
1DWKDQ PRYHVEH\RQGH[SHUWLQWXLWLRQE\XVLQJ
a data-driven knowledge decomposition process to
LGHQWLI\SUREOHPDWLFHOHPHQWVRIDGHāQHGWDVN,Q
other words, when one task is much harder than a
closely related task, the difference implies a knowledge
demand of the harder task that is not present in the
easier one. Stamper and Koedinger (2011) illustrated
DPHWKRGWKDWXVHV')$DORQJZLWKIUHHO\DFFHVVLEOH
HGXFDWLRQDOGDWDDQGEXLOWLQYLVXDOL]DWLRQWRROVRQ

'DWD6KRS1 (Koedinger et al., 2010), to identify and
validate cognitive model improvements. The method
IRUFRJQLWLYHPRGHOUHāQHPHQWLWHUDWHVWKURXJKWKH
IROORZLQJVWHSV LQVSHFWOHDUQLQJFXUYHYLVXDOL]DWLRQV
DQGāWWHG$)0FRHIāFLHQWHVWLPDWHVIRUDJLYHQ.&
PRGHO LGHQWLI\SUREOHPDWLF.&VDQGK\SRWKHVL]H
FKDQJHVWRWKH.&PRGHO UHāWWKH$)0ZLWKWKH
revised KC model and investigate whether the new
PRGHOāWVWKHGDWDEHWWHU
7KURXJKPDQXDOLQVSHFWLRQRIWKHYLVXDOL]DWLRQVRID
JHRPHWU\GDWDVHW .RHGLQJHU'DWDVHWLQ'DWD6KRS2),
SRWHQWLDOLPSURYHPHQWVWRWKHEHVWH[LVWLQJ.&PRGHO
DWWKHWLPHZHUHLGHQWLāHG 6WDPSHU .RHGLQJHU 
0RVWRIWKH.&VLQWKLVPRGHOH[KLELWHGUHODWLYHO\VPRRWK
learning curves with a consistent decline in error rate.
One KC in the original model, compose-by-addition,
H[KLELWHGDSDUWLFXODUO\QRLV\FXUYHZLWKODUJHVSLNHV
in error rate at certain opportunity counts. In addition,
the AFM parameter estimates for the compose-by-addition KC suggested no apparent learning (the slope
SDUDPHWHUHVWLPDWHZDVYHU\FORVHWR]HURDQGQRW
because the performance was at ceiling). A bumpy
learning curve and low slope estimate are indications
RIDSRRUO\GHāQHG.&2QHFRPPRQFDXVHIRUDSRRUO\
GHāQHG.&LVWKDWVRPHRILWVFRQVWLWXHQWLWHPVUHTXLUH
some knowledge demand that other items do not. In
other words, the original KC should really be split
into two different KCs. To improve the KC model, all
compose-by-additionSUREOHPVWHSVZHUHH[DPLQHG
DQGGRPDLQH[SHUWLVHZDVDSSOLHGWRK\SRWKHVL]H
about additional knowledge that might be required on
certain steps. As a result, the compose-by-addition KC
was split into three distinct KCs, and each of the 20
steps previously labelled with the compose-by-addition
KC were relabelled accordingly. The revised model
UHVXOWHGLQVPRRWKHUOHDUQLQJFXUYHVDQGZKHQāW
ZLWKWKH$)0\LHOGHGVLJQLāFDQWO\EHWWHUSUHGLFWLRQV
of student performance than the original KC model
did. Although this KC model improvement was aided by
YLVXDOL]DWLRQVUHVXOWLQJIURPāWWLQJDVWDWLVWLFDOPRGHO
the actual improvements were generated manually
and thus were readily interpretable.
The discovered KC model improvements had clear implications for revising instruction. Koedinger, Stamper,
0F/DXJKOLQDQG1L[RQ  XVHGWKHGDWDGULYHQ.&
model improvements to generate a revised version of
WKH*HRPHWU\$UHDWXWRUXQLW5HYLVLRQVLQFOXGHGDGGLQJ
the newly discovered skills to the KC model driving
adaptive learning, resulting in changes to knowledge
tracing, and the creation of new tasks to target the
QHZVNLOOV,QDQ$%H[SHULPHQWKDOIRIWKHVWXGHQWV
completed the revised tutor unit and the other half
1

http://pslcdatashop.org
*HRPHWU\$UHD×KWWSVSVOFGDWDVKRSZHEFPXHGX
'DWDVHW,QIR"GDWDVHW,G 
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competed the original tutor unit. Students using the
UHYLVHGWXWRUUHDFKHGPDVWHU\PRUHHIāFLHQWO\DQG
H[KLELWHGEHWWHUOHDUQLQJRQWKHVNLOOVWDUJHWHGE\WKH
KC model improvement, based on pre- to post-test gains
(Koedinger et al., 2013). These results show that the
GDWDGULYHQ')$WHFKQLTXHOHQGVLWVHOIWRJHQHUDWLQJ
H[SODQDWRU\.&PRGHOUHāQHPHQWVWKDWFDQUHVXOWLQ
LQVWUXFWLRQDOPRGLāFDWLRQVDQGLPSURYHGOHDUQLQJ
outcomes.

Learning Factors Analysis
/HDUQLQJIDFWRUVDQDO\VLV /)$&HQHWDO ZDV
developed to automate the data-driven method of
.&PRGHOUHāQHPHQWWRIXUWKHUDOOHYLDWHGHPDQGV
RQKXPDQWLPH/)$VHDUFKHVDFURVVK\SRWKHVL]HG
NQRZOHGJHFRPSRQHQWVGUDZQIURPGLIIHUHQWH[LVWLQJ
KC models, evaluates different models based on their
āWWRGDWDDQGRXWSXWVWKHEHVWāWWLQJ.&PRGHOLQ
the form of a symbolic model. As such, LFA greatly
reduces demands on human effort while simultaneously easing the burden of interpretation, even if it
does not automatically accomplish it.
We applied the LFA search process across 11 datasets
spanning different domains and different educational
WHFKQRORJLHVDOOSXEOLFO\DYDLODEOHIURP'DWD6KRS
Across all 11 datasets, this automated discovery process
LPSURYHG.&PRGHOVÚāWWRGDWDEH\RQGWKHEHVWH[LVWLQJ
human-tagged KC models (Koedinger, McLaughlin, &
Stamper, 2012). Importantly, we demonstrated in an
H[DPSOHGDWDVHW .RHGLQJHU'DWDVHWLQ'DWD6KRS DQ
LQWHUSUHWDEOHH[SODQDWLRQIRUWKHVSHFLāFLPSURYHPHQWV
made by the best LFA-discovered model. A manual KC
PRGHOFRPSDULVRQEHWZHHQWKHEHVWāWWLQJ/)$PRGHO
DQGWKHEHVWāWWLQJKXPDQWDJJHGPRGHOUHYHDOHG
that the LFA model tagged separate KCs for forwards
LHāQGDUHDJLYHQUDGLXV DQGEDFNZDUGV LHāQG
radius given area) circle area problems, whereas these
KDGEHHQJURXSHGWRJHWKHUDVDVLQJOHÜFLUFOHDUHDÝ
KC in the human-tagged model. No such differences
were found between the models for other shapes like
rectangles, triangles, and parallelograms. Applying
GRPDLQH[SHUWLVHWRLQWHUSUHWWKHDXWRPDWHGGLVFRYHU\ZHK\SRWKHVL]HGWKDW/)$ÚVPRGHOLPSURYHPHQW
PD\KDYHFDSWXUHGWKHGLIāFXOW\RINQRZLQJZKHQ
and how to apply a square root operation for backwards circle-area problems, which is not required for
forwards circle-area problems nor for the backwards
area problems of other shapes.
:HWKHQDVVHVVHGWKHH[WHUQDOYDOLGLW\RIWKLVLQWHUSUHtation beyond the dataset from which the discoveries
were made. We evaluated the presence of the square
URRWGLIāFXOW\LQDQRYHOGDWDVHW %HUQDFNL'DWDVHW
LQ'DWD6KRS3), one with a different structure
3

Motivation for learning HS geometry 2012 (geo-pa): https://pslcGDWDVKRSZHEFPXHGX'DWDVHW,QIR"GDWDVHW,G 

from that used to make the discovery (Liu, Koedinger,
& McLaughlin, 2014). Among other differences, the
novel dataset contained more backwards circle-area
SUREOHPVDQGLPSRUWDQWO\IRUZDUGV LHāQGDUHD
JLYHQVLGHOHQJWK DQGEDFNZDUGV LHāQGVLGHOHQJWK
given area) square-area problems. These square-area
problems were not at all present in the original dataset
from which the LFA-generated discovery was made.
Applying our interpretation of the discovery, we
constructed a KC model that tags separate forwards
and backwards KCs only for shapes where backwards
steps require computing a square root (squares, circles) but not for shapes where backwards steps don’t
(triangles, rectangles, parallelograms). When used
in conjunction with the AFM, this KC model yielded
WKHEHVWāWWRWKHQRYHOGDWDVHWFRPSDUHGWRVHYHUDO
H[SHUWWDJJHGFRQWURO.&PRGHOV
Since the novel dataset had a different structure from
the original dataset, including differences relevant to
WKH.&PRGHOGLVFRYHU\ LHH[LVWHQFHRIEDFNZDUGV
square-area problems), it would not have been viable
to apply directly the LFA-discovered KC model on this
new dataset. Interpretation is necessary in order to
WHVWWKHJHQHUDOL]DELOLW\RIGLVFRYHULHVDFURVVFRQWH[WV
with non-identical structures. Furthermore, interpreWDWLRQVKHOSDQFKRUDOOVXEVHTXHQWGDWDH[SORUDWLRQDQG
analyses to something meaningful that can then be
translated into concrete improvements to instructional
GHVLJQ2XUFXUUHQWUHVHDUFKLVÜFORVLQJWKHORRSÝRQ
this LFA-generated discovery by assessing learning
outcomes resulting from a tutor redesigned around
the improved KC model (Liu & Koedinger, submitted).

Automated Cognitive Model Discovery
Using SimStudent
An alternative automated approach uses a state-of-theart machine-learning agent, SimStudent, to discover
cognitive models automatically without requiring
H[LVWLQJRQHV6LP6WXGHQWLVDQLQWHOOLJHQWDJHQWWKDW
inductively learns knowledge, in the form of rules, by
observing a tutor solve sample problems and by solving
problems on its own and receiving feedback (Li, MatVXGD&RKHQ .RHGLQJHU 2QHRIWKHEHQHāWVRI
SimStudent is that it can simulate features of novices’
OHDUQLQJWUDMHFWRULHVRIZKLFKGRPDLQH[SHUWVPD\
not even be aware. Real students entering a course
GRQRWXVXDOO\KDYHVXEVWDQWLDOGRPDLQVSHFLāFSULRU
knowledge, so a realistic model of human learning ought
not to assume this knowledge is given. In addition,
SimStudent can be used to test alternative models
of human learning to see which best predicts human
EHKDYLRXU 0DF/HOODQ+DUSVWHDG3DWHO .RHGLQJHU
 )RUVHYHUDOGDWDVHWVVSDQQLQJYDULRXVGRPDLQV
6LP6WXGHQWJHQHUDWHGFRJQLWLYHPRGHOVWKDWāWWKH
data better than the best human-generated cognitive
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PRGHOV /LHWDO0DF/HOODQHWDO 
The output of the SimStudent’s learning takes the
form of production rules (Newell & Simon, 1972), and
each production rule essentially corresponds to one
knowledge component (KC) in a KC model. Using data
IURPDQ$OJHEUDGDWDVHW %RRWK 5LWWHU'DWDVHW
LQ'DWD6KRS4) and in conjunction with the AFM, Li and
colleagues (2011) compared a KC model generated by
SimStudent to a KC model generated by hand-coding
actual students’ actions within the tutor. The SimStuGHQWJHQHUDWHGPRGHOEHWWHUāWWKHDFWXDOVWXGHQW
performance data than the human-generated model did.
More importantly, inspecting the differences between
the SimStudent model and the human-generated model
UHYHDOHGLQWHUSUHWDEOHIHDWXUHVWKDWH[SODLQHGWKH
DGYDQWDJHVRIWKH6LP6WXGHQWPRGHO2QHH[DPSOHRI
such a difference is that SimStudent created distinct
production rules (KCs) for division-based algebra
SUREOHPVRIWKHIRUP$[ %ZKHUHERWK$DQG%DUH
VLJQHGQXPEHUVDQGIRUWKHIRUP×[ $ZKHUHRQO\$LV
DVLJQHGQXPEHU7RVROYH$[ %6LP6WXGHQWOHDUQVWR
simply divide both sides by the signed number A. But,
VLQFH×[GRHVQRWUHSUHVHQWLWVFRHIāFLHQW × H[SOLFLWO\
6LP6WXGHQWPXVWāUVWUHFRJQL]HWKDW×[WUDQVODWHV
WR×[DQGWKHQLWFDQGLYLGHERWKVLGHVE\×7KH
human-generated model predicts that both forms of
division problems should have the same error rates. In
IDFWUHDOVWXGHQWVKDYHJUHDWHUGLIāFXOW\PDNLQJWKH
FRUUHFWPRYHRQVWHSVOLNH×[ WKDQRQVWHSVOLNH
×[ :LWKLQWKHVDPH$OJHEUDGDWDVHWSUREOHPV
RIWKHIRUP$[ % DYHUDJHHUURUUDWH  DUHHDVLHU
WKDQSUREOHPVRIWKHIRUP×[ $ DYHUDJHHUURUUDWH 
0.72). SimStudent’s split of division problems into two
distinct KCs suggests that students should be tutored
on two subsets of problems, one subset corresponding
WRWKHIRUP$[ %DQGRQHVXEVHWVSHFLāFDOO\IRUWKH
IRUP×[ $([SOLFLWLQVWUXFWLRQWKDWKLJKOLJKWVIRU
VWXGHQWVWKDW×[LVWKHVDPHDV×[PD\EHEHQHāFLDO
(Li et al., 2011).
:HK\SRWKHVL]HGWKDWWKHLQWHUSUHWDWLRQRIWKLVSDUWLFXODU
6LP6WXGHQW.&PRGHOGLVFRYHU\ZRXOGJHQHUDOL]HWR
novel problem types, just as the LFA-generated model
discovery did. In a novel equation-solving dataset
5LWWHU'DWDVHWLQ'DWD6KRS5), we tested whether
WKHH[SOLFLWYVLPSOLFLWFRHIāFLHQWGLVWLQFWLRQVLPLODUO\
applied to combine like terms problems. We looked at
GLIIHUHQFHVLQSHUIRUPDQFHIRULWHPVRIWKHIRUP$[
%[ &ZKHUHERWK$%DQG&DUHVLJQHGQXPEHUV
H[SOLFLWFRHIāFLHQWLWHPV DQGLWHPVZKHUHHLWKHU$
RU%ZHUHHTXDOWRRU×ZLWKWKHFRHIāFLHQWSHUFHS4

Improving skill at solving equations via better encoding of algeEUDLFFRQFHSWV × KWWSVSVOFGDWDVKRSZHEFPXHGX
'DWDVHW,QIR"GDWDVHW,G 
5
$OJHEUD,× (TXDWLRQ6ROYLQJ8QLWV KWWSVSVOFGDWDVKRSZHEFPXHGX'DWDVHW,QIR"GDWDVHW,G 
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WXDOO\DEVHQW LPSOLFLWFRHIāFLHQWLWHPV 7KLVDQDO\VLV
FRQāUPHGWKDWH[SOLFLWFRHIāFLHQWLWHPV DYHUDJH
HUURUUDWH  DUHHDVLHUWKDQLPSOLFLWFRHIāFLHQW
items (average error rate = 0.45) among combine like
terms problems. This new dataset not only replicated
WKHRULJLQDOāQGLQJWKDW6LP6WXGHQWPDGHRQGLYLGH
SUREOHPVEXWLWDOVRUHYHDOHGWKDWWKHāQGLQJJHQHUDOL]HVWRDVHSDUDWHSURFHGXUDOVNLOOcombine like terms.
)LWWLQJD.&PRGHOZLWKVHSDUDWH.&VIRUWKHH[SOLFLWYV
LPSOLFLWFRHIāFLHQWIRUPVRIcombine like terms items
UHYHDOHGDODUJHLPSURYHPHQWLQSUHGLFWLYHāWUHODWLYH
to a KC model with a single combine like terms KC.
Furthermore, although the learning curves for both
WKHH[SOLFLWFRHIāFLHQWGLYLGHDQGFRPELQHOLNHWHUPV
.&VUHĂHFWHGVPRRWKDQGGHFUHDVLQJHUURUUDWHVWKH
UHVSHFWLYHOHDUQLQJFXUYHVIRULPSOLFLWFRHIāFLHQW
divide and combine like termsLWHPVZHUHERWKĂDW
ZLWKVORSHVFORVHWR]HUR7KLVVXJJHVWVWKDWVWXGHQWV
ZRXOGEHQHāWJUHDWO\IURPPRUHSUDFWLFHRQDQGPRUH
H[SOLFLWDWWHQWLRQWRSUREOHPVWHSVLQYROYLQJLPSOLFLW
FRHIāFLHQWV+HUHDJDLQWKHH[SODQDWRU\SRZHURIWKH
SimStudent KC model discovery made it possible to
JHQHUDOL]HWKHH[SODQDWLRQWRGLVWLQFWSUREOHPW\SHV
on which SimStudent was never trained.

Comparison to Other Work
Both LFA and SimStudent are capable of producing
FRJQLWLYHPRGHOGLVFRYHULHVWKDWQRWRQO\VLJQLāFDQWO\
improve predictive accuracy but are readily interpreWDEOHDQGWKXVH[SODQDWRU\:HKDYHGHPRQVWUDWHG
that the interpretations yielded by these cognitive
PRGHOGLVFRYHULHVJHQHUDOL]HWRQRYHOSUREOHPW\SHV
not present in the data from which the discoveries were
made. Finally, they produce clear recommendations
IRUUHYLVLQJLQVWUXFWLRQHYHQLQFRQWH[WVWKDWDUH
very different from those in which the original data
ZHUHFROOHFWHG7KHVHDUHDOOKDOOPDUNVRIH[SODQDWRU\
modelling efforts that move beyond simply improving
predictive accuracy to have meaningful impact on
learning theory and instruction.
7KHIDFWWKDWPHWKRGVOLNH/)$DUHÜKXPDQLQWKHORRSÝ
ØWKDWLVUHTXLULQJLQSXWIURPDGRPDLQH[SHUWØKDV
been cited as a limitation. In the case of LFA, one or
PRUHH[SHUWWDJJHGFRJQLWLYHPRGHOVDUHUHTXLUHG
initially in order to produce new model discoveries.
:HDUJXHKRZHYHUWKDWWKLVÜKXPDQLQWKHORRSÝ
feature leads the results of such modelling efforts to
EHH[SODQDWRU\7KHUHKDYHEHHQDQXPEHURIUHFHQW
efforts to fully automate the process of discovering
DQGRULPSURYLQJFRJQLWLYHPRGHOV *RQ]¢OH]%UHQHV
0RVWRZ/LQGVH\.KDMDK 0R]HU 7KHVH
methods have much to recommend, as they dramatically reduce demands on human time and produce
competitive results in predictive accuracy. However,
the resulting cognitive models of these efforts have

not been interpreted or acted upon with respect to
improving instruction.
2WKHUPRGHOOLQJHIIRUWVLQFOXGLQJDÜKXPDQLQWKH
ORRSÝFRPSRQHQWOLNH2UGLQDO63$5)$7DJ /DQ6WXGHU
Waters, & Baraniuk, 2013), have yielded considerably
more interpretable cognitive models than many alterQDWLYHPHWKRGV$OWKRXJKKXPDQVPXVWGRDQ\āQDO
interpretation of modelling efforts, methods like LFA
DQG2UGLQDO63$5)$7DJJUHDWO\LPSURYHWKHOLNHOLKRRG
of generating sensible resulting models by incorporating the human effort up front. In fact, comparing
WKHRULJLQDO63$5)$PRGHO /DQ6WXGHU:DWHUV 
Baraniuk, 2014), which only incorporates concept tags
SRVWKRFWR2UGLQDO63$5)$7DJZKLFKLQFRUSRUDWHV
GRPDLQH[SHUWFRQFHSWWDJVLQWKHPRGHOGHYHORSPHQW
process up front, shows that the latter model results
in much more interpretable cognitive models.
More attention and effort towards generating interpretable cognitive models is, in our view, progress in
the right direction. Nevertheless, as we have argued,
H[SHUWODEHOOLQJLVVWLOOVXEMHFWWRELDVHVDQGGRHVQRW
offer much to advance learning theory using the rich
educational data available. Human involvement improves
interpretability, whereas the data-driven component
offers ways to alleviate subjective biases and advance
our understanding of how novices learn. Methods such
as LFA leverage both the unique strengths of human
involvement and of automation towards creating models
that are more predictive andH[SODQDWRU\

STUDENT GROUPING
A growing body of research suggests that modelling
VWXGHQWVSHFLāFYDULDELOLW\LQVWDWLVWLFDOPRGHOVRI
educational data can yield better predictive accuracies
DQGSRWHQWLDOO\LQIRUPLQVWUXFWLRQ3ULRUDWWHPSWVWR
group students based on features available in educational datasets have focused on techniques such as
K-means and spectral clustering. These techniques
have been used to generate student clusters predictive
RISRVWWHVWSHUIRUPDQFH 7ULYHGL3DUGRV +HIIHUQDQ
2011) and that yield predictive accuracy improvements
ZKHQFOXVWHUVDUHāWZLWKGLIIHUHQWVHWVRISDUDPHWHUV
3DUGRV7ULYHGL+HIIHUQDQ 6¢UN·]\ 0DQ\
clustering techniques, however, tend to result in
VWXGHQWJURXSLQJVWKDWDUHGLIāFXOWWRLQWHUSUHW<HW
interpretation is critical if the results of clustering are
to eventually inform improvements in instructional
SROLF\ HJLQGLYLGXDOL]LQJLQVWUXFWLRQDSSURSULDWHO\
to different groups of students).
In recent research (Liu & Koedinger, 2015), we developed a method for grouping students that not only
dramatically improves the predictive accuracy of the
AFM but inherently lends itself to producing meanLQJIXOVWXGHQWJURXSV%\GRLQJDāUVWSDVVāWRIWKH

$)0WRWKHGDWDDQGH[DPLQLQJV\VWHPDWLFSDWWHUQV
in the residuals (differences between predicted and
actual data) across different practice opportunities,
we consistently found students belonging to one of
WKUHHOHDUQLQJUDWHJURXSV WKRVHZKRH[KLELWĂDWWHU
learning curves than the AFM predicts, 2) those who
H[KLELWVWHHSHUOHDUQLQJFXUYHVDQG WKRVHZKRVH
learning curves are on par with the model’s predictions.
,QWURGXFLQJDSDUDPHWHUWKDWLQGLYLGXDOL]HVOHDUQLQJ
rates to each of these learning rate groups substantially
improves model predictive accuracy, beyond that of
the regular AFM, across a variety of datasets spanning multiple educational domains. Across datasets,
the slope parameter estimates for each of the three
groups were consistent with our interpretation of the
groups (i.e., the estimated group-level slopes were
DOZD\VORZHVWIRUWKHĂDWFXUYHJURXSDQGKLJKHVWIRU
the steep-curve group). Furthermore, in a subset of
GDWDVHWVIRUZKLFKWKHUHH[LVWSDSHUSUHDQGSRVWWHVW
data, we observed a systematic relationship between
learning-curve group and the degree of pre- to posttest improvement (Liu & Koedinger, 2015).
8QOLNHRWKHUPRUHÜERWWRPXSÝPHWKRGVRIFUHDWLQJ
stereotyped groups of students, this method yielded
student groups that are readily interpretable and
SRWHQWLDOO\DFWLRQDEOH)RUH[DPSOHLWLVFOHDUWKDWWKH
ĂDWFXUYHVWXGHQWJURXSUHSUHVHQWVHLWKHUVWXGHQWV
who are already performing at ceiling when they start
the unit or curriculum (and thus do not have much
room for improvement) or students who are starting
anywhere below ceiling but struggling to progress
with the material. In either case, there are clear inVWUXFWLRQDOLPSOLFDWLRQVIRUVWXGHQWVFODVVLāHGLQWR
WKLVJURXS7KHH[SODQDWRU\SRZHURIWKHUHVXOWLQJ
PRGHODJDLQEHQHāWWHGIURPGRLQJVRPHXSIURQW
interpretation and developing the model with an eye
towards interpretability.

TOWARDS BUILDING EXPLANATORY
MODELS
We argue for the importance of considering the interpretability and actionability of educational data mining
HIIRUWVLQSURGXFLQJPRUHH[SODQDWRU\PRGHOV)RUD
PRGHOWREHH[SODQDWRU\RQHVKRXOGEHDEOHWRXQGHUstand why the model achieves better predictive accuracy
than alternatives. In addition, the understanding of
this why should either advance our understanding of
how learners learn the relevant material or have clear
implications for instructional improvements, or both.
:HVXPPDUL]HE\RXWOLQLQJVRPHRIWKHIHDWXUHVWKDW
WHQGWRFKDUDFWHUL]HH[SODQDWRU\PRGHOV
([SODQDWRU\PRGHOOLQJHIIRUWVWHQGWRVWDUWZLWKÜFOHDQÝ
independent variables that have either simple functions
RUPDSWRFOHDUO\GHāQHGFRQVWUXFWV)RUH[DPSOH/)$
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GHULYHVQHZYDULDEOHVIURPH[LVWLQJH[SHUWODEHOOHG
variables using simple split, merge, or add operators.
$QRWKHUH[DPSOHFRPHVIURPDXWRPDWHGDQDO\VHV
of verbal data in education, a branch of educational
data mining that includes automated essay scoring,
producing tutorial dialogue, and computer-supported
collaborative learning. A major consideration in this
DUHDLVKRZWRWUDQVIRUPUDZWH[WRUWUDQVFULSWLRQV
into features that can be used in a machine-learning
algorithm. Approaches to this issue range from simple
ÜEDJRIZRUGVÝPHWKRGVZKLFKFRXQWVWKHIUHTXHQF\
RIHDFKZRUGSUHVHQWLQWKHWH[WWRPXFKPRUHVRphisticated linguistic analyses. One consistent theme
DFURVVāQGLQJVLVWKDWIHDWXUHUHSUHVHQWDWLRQVPRWLYDWHG
by interpretable, theoretical frameworks have been
among the most promising (Rosé & Tovares, in press;
5RVª 9DQ/HKQ 7KXVLQFRUSRUDWLQJVRPH
KXPDQWLPHDQGWKRXJKWLQWRGHāQLQJDQGODEHOOLQJ
these independent variables up front can greatly imSURYHWKHH[SODQDWRU\SRZHURIWKHUHVXOWLQJPRGHO
$QRWKHUIHDWXUHRIH[SODQDWRU\PRGHOVRQHWKDWUHODWHV
most to actionability, is that the dependent variable
PDSVWRDZHOOGHāQHGFRQVWUXFW7KHZRUNRQOHDUQLQJ
UDWHJURXSVLVDQH[DPSOHRIWKLVVLQFHWKHJURXSVWR
ZKLFKVWXGHQWVDUHFODVVLāHGDUHGHāQHGXSIURQWLW
LVFOHDUZKDWLWPHDQVIRUDVWXGHQWWREHLQWKHÜĂDWÝ
OHDUQLQJFXUYHJURXSDVRSSRVHGWRWKHÜVWHHSÝRQH
This makes the results from modelling readily actionable. Another body of research in which the dependent
variable tends to be well mapped to an interpretable
construct is the modelling of affect and motivation
using features of tutor log data. These techniques
XVHSUHGHāQHGSV\FKRORJLFDORUEHKDYLRXUDOFRQVWUXFWVPHDVXUHGWKURXJKTXHVWLRQQDLUHVRUH[SHUW
REVHUYDWLRQVWRGHYHORSDQGUHāQHÜGHWHFWRUVÝWKDW
can identify those constructs within tutor log data
DFWLYLW\ HJ:LQQH %DNHU6DQ3HGUR%DNHU
%RZHUV +HIIHUQDQ'Ú0HOOR%ODQFKDUG%DNHU
2FXPSDXJK %UDZQHU 7KHÜGHWHFWRUVÝDUH

GHYHORSHGVSHFLāFDOO\WRLGHQWLI\SUHGHWHUPLQHG
constructs and, thus, the results of these algorithms
DUHUHDGLO\DFWLRQDEOH)RUH[DPSOH$IIHFWLYH$XWRTutor is an intelligent tutoring system for computer
literacy that automatically models students’ confusion,
IUXVWUDWLRQDQGERUHGRPLQUHDOWLPH'HWHFWLRQRI
these affective states is then used to adapt the tutor
actions in a manner that responds accordingly. An
H[SHULPHQWDOVWXG\ÜFORVLQJWKHORRSÝRQWKLVDIIHFWLYH
detector showed higher learning gains for low-domain
knowledge students who interacted with the Affective AutoTutor compared to a non-affective version
'Ú0HOORHWDO )RUWKHVHPRGHOOLQJHIIRUWVWR
EHIXOO\H[SODQDWRU\WKRXJKLQWHUSUHWDWLRQVRIWKH
independent variables driving the affective outcomes
are also needed.
)LQDOO\H[SODQDWRU\PRGHOVWHQGWREHFKDUDFWHUL]HG
by fewer estimated parameters (independent variables,
RUIHDWXUHV )RUH[DPSOHWKH$)0KDVRQO\RQHSDrameter for each student and two parameters for each
knowledge component. Adding learning rate groups
H[WHQGVWKHPRGHOE\RQO\RQHDGGLWLRQDOSDUDPHWHU
group membership. This makes the contribution of
the added parameter easy to attribute and interpret.
Having fewer parameters also allows each parameter’s
HVWLPDWHVWRKDYHPRUHH[SODQDWRU\SRZHUDOOHYLDWLQJ
issues of indeterminacy. Because the AFM has only one
GLIāFXOW\SDUDPHWHUDQGRQHOHDUQLQJSDUDPHWHUIRU
HDFK.&RQHFDQIRUH[DPSOHPHDQLQJIXOO\LQWHUSUHWD
low learning parameter estimate as suggesting that KC
QHHGVHLWKHUUHāQHPHQWRULQVWUXFWLRQDOLPSURYHPHQW
We have illustrated some ways in which concrete steps
in the design of educational data modelling efforts
FDQ\LHOGPRUHH[SODQDWRU\PRGHOV7KHUHODWLRQVKLSVEHWZHHQWKHāHOGVRIHGXFDWLRQDOGDWDPLQLQJ
learning theory, and the practice of education could
be greatly strengthened with increased attention to
WKHH[SODQDWRU\SRZHURIPRGHOVDQGWKHLUDELOLW\WR
LQĂXHQFHIXWXUHOHDUQLQJRXWFRPHV
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