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ABSTRACT
7KLVFKDSWHULQWURGXFHVWKHDUHDRIGLVFRXUVHDQDO\WLFV '$ 'LVFRXUVHDQDO\WLFVKDVLWV
impact in multiple areas, including offering analytic lenses to support research, enabling
IRUPDWLYHDQGVXPPDWLYHDVVHVVPHQWHQDEOLQJRIG\QDPLFDQGFRQWH[WVHQVLWLYHWULJJHULQJ
RILQWHUYHQWLRQVWRLPSURYHWKHHIIHFWLYHQHVVRIOHDUQLQJDFWLYLWLHVDQGSURYLVLRQRIUHĂHFtion tools such as reports and feedback after learning activities in support of both learning
and instruction. The purpose of this chapter is to encourage both an appropriate level of
KRSHDQGDQDSSURSULDWHOHYHORIVNHSWLFLVPIRUZKDWLVSRVVLEOHZKLOHDOVRH[SRVLQJWKH
UHDGHUWRWKHEUHDGWKRIH[SHUWLVHQHHGHGWRGRPHDQLQJIXOZRUNLQWKLVDUHD,WLVQRWWKH
JRDOWRLPSDUWWKHQHHGHGH[SHUWLVH,QVWHDGWKHJRDOLVIRUWKHUHDGHUWRāQGKLVRUKHU
place within this scope to discern what kinds of collaborators to seek in order to form a
WHDPWKDWHQFRPSDVVHVVXIāFLHQWEUHDGWK:HEHJLQZLWKDGHāQLWLRQRIWKHāHOGFDVWLQJ
DEURDGQHWERWKWKHRUHWLFDOO\DQGPHWKRGRORJLFDOO\H[SORUHERWKUHSUHVHQWDWLRQDODQG
DOJRULWKPLFGLPHQVLRQVDQGFRQFOXGHZLWKVXJJHVWLRQVIRUQH[WVWHSVIRUUHDGHUVZKRDUH
interested in delving deeper.
Keywords:'LVFRXUVHDQDO\WLFVFROODERUDWLYHOHDUQLQJPDFKLQHOHDUQLQJDQDO\VLVWRROV

'LVFRXUVHDQDO\WLFV '$ LVRQHDUHDZLWKLQWKHāHOG
of learning analytics (LA; Buckingham Shum, 2013;
Buckingham Shum, de Laat, de Liddo, Ferguson,
& Whitelock, 2014). It includes processing of open
UHVSRQVHTXHVWLRQVLQHGXFDWLRQDOFRQWH[WVDQGD
large proportion of research in the area focuses on
assessment of writing, but it encompasses more than
that, including analysis of discussions occurring in
discussion forums, chat rooms, microblogs, blogs,
and even wikis. We consider LA broadly as learning
about learning by listening to learners learn, with our
listening normally assisted by data mining and machine
learning technologies, though the published work in
the area may precede but not yet include automation
in all cases (Knight & Littleton, 2015; Milligan, 2015).
Furthermore, we consider that what makes this area
distinct is that the listening focuses on natural language data in all of the streams in which that data is
produced.
This chapter offers a very brief introduction to this
DUHDVLWXDWHGZLWKLQWKHāHOGRI/$EURDGO\'$LVDQ
area that has alternately suffered from two dangerous

PLVFRQFHSWLRQV7KHāUVWLVDQH[WUHPHRYHUH[SHFtation fuelled by the desire of many to have an offthe-shelf solution that will do their analysis work for
them at the click of a button. Those falling prey to this
misconception are almost certainly doomed to disappointment. Making effective use of either the most
simple or the most powerful modelling technologies
UHTXLUHVDORWRISUHSDUDWLRQHIIRUWDQGH[SHUWLVH
7KHVHFRQGPLVFRQFHSWLRQLVDQH[WUHPHVNHSWLFLVP
sometimes resulting from disappointments arising
IURPVWDUWLQJZLWKWKHāUVWPLVFRQFHSWLRQRURWKHU
times coming from a deep enough understanding of
WKHFRPSOH[LWLHVRIGLVFRXUVHWKDWLWLVGLIāFXOWWRJHW
past the understanding that no computer could ever
fully grasp the nuances that are there. While it is true
WKDWGLVFRXUVHLVLQFUHGLEO\FRPSOH[LWLVVWLOOWUXH
that there are meaningful patterns that state-of-theart modelling approaches are able to identify. Much
published work from recent Learning Analytics and
Knowledge and related conferences that illustrate the
state-of-the-art are cited throughout this chapter. A
recent survey on computational sociolinguistics tells
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WKHVWRU\IURPWKHSHUVSHFWLYHRIWKHāHOGRIODQJXDJH
WHFKQRORJLHV 1JX\HQ'RJUX·]5RVª GH-RQJLQ
press), and might be of interest to dedicated readers.
The hope of this chapter is that it provides helpful
pointers to readers who want to dig a little further.
7ZRSUHYLRXVZRUNVKRSVRQWKHWRSLFRI'$VXUYH\
the foundational work within the LA community
(Buckingham Shum, 2013; Buckingham Shum et al.,
 $QH[WHQVLYHRYHUYLHZRILVVXHVDQGPHWKRGV
VLWXDWHGPRUHQDUURZO\ZLWKLQWKHāHOGRIFRPSXWer-supported collaborative learning can be found in
three earlier published journal articles (Rosé et al.,
0X6WHJPDQ0D\āHOG5RVª )LVFKHU
*ZHRQ-DLQ0F'RQRXJK5DM 5RVª $VKRUW
FRXUVHLQWKHDUHDFDQEHIRXQGLQWKHWH[WPLQLQJXQLW
RIWKH)DOO'DWD$QDO\WLFVDQG/HDUQLQJ 1 MOOC
offered on the edX platform. Other resources will be
presented at the end of this chapter.
In this chapter, we are interested in the natural language uttered during episodes of learning. We seek
to be theoretically and methodologically inclusive.
0XFKRIWKHH[LVWLQJZRUNRQGLVFRXUVHDQDO\WLFV
views learning and its connection with language from
a cognitive lens, in other words, seeking categories of
language behaviour whose presence in a discourse
makes predictions about learning gains because of
the connection between the associated discourse
processes and cognitive processes associated with
learning. In this chapter, we seek to view learning and
its connection with language through a social lens in
order to leverage the important interplay between the
cognitive and social factors in learning (Hmelo-Silver,
&KLQQ&KDQ 2Ú'RQQHOO2Ú'RQQHOO .LQJ 
)RUH[DPSOHZHVHHNWRLGHQWLI\GLVFRXUVHSURFHVVHV
that reveal underlying dispositions, attitudes, and
relationships that play a supporting (or sometimes
interfering) role in the learning interactions. Regardless
of the situation in which it is uttered, natural language
is deeply personal and deeply cultural. Embedded
ZLWKLQLWDUHDUWLIDFWVRIRXUSHUVRQDOH[SHULHQFHVDQG
those of generations that came before us. The details
of language choices provide clues about the identities
we purposefully project as well as sometimes those
we seek to hide or even those of which we are not
consciously aware. They project assumptions about
and attitudes towards our audience and our positioning with respect to our audience, or sometimes
just assumptions we want our audience to think we
are making. We use these choices as currency in an
economy of relationships in which we seek to achieve
JRDOVWKDWZHKDYHDGRSWHG 5LEHLUR 
With this understanding, as we use computation as
1
KWWSVZZZHG[RUJFRXUVHGDWDDQDO\WLFVOHDUQLQJXWDUOLQJWRQ[OLQN[
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a lens to aid in our listening to learners, we must acknowledge that we are always abdicating some of the
responsibility for interpretation to the technologies
that sit between us and the learning process, including
whatever was lost or transformed in the recording
into some digital form, and the further reduction and
transformation that occurred during the application
of the analytic technology (Morrow & Brown, 1994).
With that caveat in mind, in this chapter we will focus heavily on questions of model interpretation and
assessment of validity.

SCOPE AND FOCUS OF THIS
CHAPTER
When one initially thinks about analytics, algorithms
immediately pop to mind (Witten, Frank, & Hall, 2011).
However, it is important to take a lesson from applied
VWDWLVWLFVDQGLQVWHDGWKLQNDERXWUHSUHVHQWDWLRQāUVW
$WWKHKHDUWRI'$ZRUNLVDIRFXVRQUHSUHVHQWDWLRQRI
the data. Machine learning models cannot be applied
GLUHFWO\WRWH[WV5DWKHUWKHSUHGLFWRUIHDWXUHVPXVW
EHH[WUDFWHGIURPWKHWH[W7KHVHSUHGLFWRUIHDWXUHV
FDQEHFRQFHLYHGRIDVTXHVWLRQVÜ,VBBIRXQGLQWKH
WH[W"ÝRUÜ+RZPDQ\WLPHVLVBBIRXQGLQWKHWH[W"Ý,I
each feature is one of these questions, then for each
instance, the feature value is the answer to the question.
Interested readers can get a good feel for the breadth
RIVLPSOHIHDWXUHVWKDWFDQUHDGLO\EHH[WUDFWHGIURP
WH[WDQGZKDWLPSDFWWKH\KDYHRQSUHGLFWLYHDFFXUDF\
RIFODVVLāFDWLRQPRGHOVE\H[SHULPHQWLQJZLWKWKH
SXEOLFDOO\DYDLODEOH/LJKW6,'(WRROEHQFK2 0D\āHOG 
5RVª*LDQIRUWRQL$GDPVRQ 5RVª DIUHHO\
DYDLODEOHRIIWKHVKHOIZRUNEHQFKZLWKDQH[WHQVLYH
XVHUÚVPDQXDOH[DPSOHGDWDVHWVLQVWUXFWLRQVDERXW
process, and contact information for researchers who
are willing to offer help.
The key to success with modelling technologies applied
WRWH[WLVWRDVNWKHULJKWTXHVWLRQVZKLFKSURGXFH
meaningful clues. Thinking about this question begins
by considering how language is structured. Though
on the surface language may appear to the naked eye
as a monolithic, unstructured whole, the fact is that
it is composed of multiple layers of structure, each
described within a separate area of linguistics. An
LQWURGXFWRU\VXUYH\RIDOLQJXLVWLFVWH[WERRN 2Ú*UDG\
Archibald, Aronoff, & Rees-Miller, 2009) would be a
valuable resource for researchers desiring to get into
WKLVDUHDRI/$$WWKHāQHVWJUDLQLVWKHVRXQGVWUXFWXUH
level, referred to as phonology and phonetics. Here
WKHEDVLFVRXQGXQLWVRIDODQJXDJHDQGKRZWKH\āW
together into the syllabic structure of a language are
described. A basic alphabet of sounds comprise the
set of phonemes, but within dialects these may be
2
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pronounced in particular ways, which carry social
VLJQLāFDQFHEHFDXVHRIWKHLUDVVRFLDWLRQZLWKDKRVW
of socially relevant variables such as ethnicity, soFLRHFRQRPLFVWDWXVDQGUHJLRQ-XVWDERYHWKDWOHYHO
the inner structure of words is described in a layer
referred to as morphology. This is where systems of
DIā[HVZHOHDUQLQRXUJUDPPDUFODVVHVFRPHLQWRWKH
picture, which change the tenses on verbs or number
on nouns, among other things. Above that is the level
RIV\QWD[ZKHUHWKHJUDPPDWLFDOVWUXFWXUHRIZKROH
sentences is described. Also at the level of a sentence
is the area of semantics, which describes how meaning
LVFRPSRVHGWKURXJKā[HGH[SUHVVLRQVE\FRQYHQWLRQ
RUE\FRPSRVLQJVPDOOHUXQLWVJXLGHGWKURXJKV\QWD[
and referencing low level semantic units at the level
RIOH[LFDOVHPDQWLFV$ERYHWKHVHQWHQFHOHYHOLVWKH
OHYHORIGLVFRXUVHZKHUHZHāQGUKHWRULFDOVWUDWHJLHV
among other aspects of structure. While these technical
terms might be unfamiliar to many readers, they may
provide useful search terms for readers who desire to
āQGUHOHYDQWUHVRXUFHVIRUIXUWKHUUHDGLQJ
If one traces the history of several areas in which natural language data has been the target of automated
analysis, we hear the same refrain, namely the key to
valid modelling is design of meaningful representations.
7KHKRSHLQLQFOXGLQJWKLVH[DPSOHLQWKLVFKDSWHULV
that readers can be spared from learning the same
lesson the hard way. Taking one of the earliest cases
ZKHUHWKLVOHVVRQDERXW'$ZDVZHOOOHDUQHGZDVWKDW
RIDXWRPDWHGHVVD\VFRULQJ 3DJH6KHUPLV 
Hammer, 2012). The earliest approaches used simple
models, like regression, and simple features, such as
counting average sentence length, number of long
words, and length of essay. These approaches were
highly successful in terms of reliability of assignment
of numeric scores (Shermis & Burstein, 2013); however,
WKH\ZHUHFULWLFL]HGIRUODFNRIYDOLGLW\LQWKHLUXVDJH
of evidence for assessment. In later work, the focus
VKLIWHGWRLGHQWLāFDWLRQRIIHDWXUHVPRUHOLNHZKDW
instructors included in their own rubrics for scoring
writing. This investigation led to inclusion of content
focused features, including techniques akin to factor
DQDO\VLVVXFKDVODWHQWVHPDQWLFDQDO\VLV /6$)ROW]
 RUODWHQW'LULFKOHWDOORFDWLRQ /'$%OHL1J 
-RUGDQ*ULIāWKV 6WH\YHUV WRDLGLQ
content based assessments, though these still fall prey
to problems with unigram features since they are also
usually grounded in a unigram language representation.
Other factor analytic language analysis approaches
VXFKDV&RK0HWUL[ 0F1DPDUD *UDHVVHU KDYH
recently been used for assessment of student writing
along multiple dimensions, including such factors as
FRJQLWLYHFRPSOH[LW\,QKLJKO\FDXVDOGRPDLQVWKDWEXLOG
LQVRPHOHYHORIV\QWDFWLFVWUXFWXUDODQDO\VLV&RK0HWUL[
KDVVKRZQEHQHāWV 5RVª 9DQ/HKQ ,QVFLHQFH

education, success with assessment of open-ended
UHVSRQVHVKDVEHHQDFKLHYHGZLWK/LJKW6,'( 1HKP
+D 0D\āHOG0D\āHOG 5RVª 
At this point, it is useful to return to the tension beWZHHQWKHRYHUDQGXQGHUH[SHFWDWLRQRI'$,IZH
think about the challenges in identifying appropriate,
meaningful features, we must come to terms with
the limitations of the lenses we construct through
modelling tools. The analytic technologies applied in
'$PD\VHUYHDVDOHQVLQWKHKDQGVRIUHVHDUFKHUVRU
practitioners that sits between them and the episodes
of learning that occur within the world, or they may
be a filter that mediates the interaction between
learners and instructors, between learners, or between learners and learning technologies. Lenses are
useful precisely because they do not simply transfer
WKHH[DFWGHWDLOVRIWKHZRUOGYLHZHGWKURXJKWKHP
Instead they accentuate aspects of those images that
would not as effectively been seen without them. That
is what we need them to do. At the same time, they
obscure other details that are deemed less interesting
by design. Lenses always distort. But in order to use
them in a valid way, we must understand what each
accentuates and obscures so that we can select an
appropriate lens, and so we can interpret what we
see in a valid way, always questioning how the picture
would be different without it or with a different lens.
Thus, from the beginning, we would caution those
who consume the research in this area, develop these
lenses, or actively apply them in research or practice,
to be wary of what is inevitably lost or transformed in
the process of application. Now this chapter will turn
LWVDWWHQWLRQWRVSHFLāFDUHDVZLWKLQWKHVFRSHRI'$

REPRESENTATION OF TEXT
.H\GHFLVLRQVWKDWVWURQJO\LQĂXHQFHKRZWKHGDWD
will appear through the analytic lens are made at the
UHSUHVHQWDWLRQVWDJH$WWKLVVWDJHWH[WLVWUDQVIRUPHG
from a seemingly monolithic whole to a set of features
WKDWDUHVDLGWREHH[WUDFWHGIURPLW(DFKIHDWXUH
H[WUDFWRUDVNVDTXHVWLRQRIWKHWH[WDQGWKHDQVZHU
WKDWWKHWH[WJLYHVLVWKHYDOXHRIWKHFRUUHVSRQGLQJ
feature within the representation. Imagine that all
you knew about a person was the set of answers to
questions posed during a game of twenty questions,
and now your task is to classify that person into a
number of social categories of interest. If the questions are carefully constructed, you may be able to
make an accurate prediction; nevertheless, you must
acknowledge that much information and insight into
that person as an individual will have been lost in the
process. Once information is lost at this important
stage in the process, it cannot be recovered through
application of an algorithm, no matter how advanced
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and generally effective that algorithm is. Thus, we
HPSKDVL]HWKURXJKRXWWKLVFKDSWHUWKHLPSRUWDQFHRI
careful decision making about representation, careful
UHĂHFWLRQDERXWLQWHUSUHWDWLRQDQGFDUHIXOTXHVWLRQLQJ
of the validity of inferences made. While readers new
WRWKLVDUHDPD\āQGWKHVHFDYHDWVVRPHZKDWLOOXVLYH
WKH\ZLOOEHFRPHFOHDUHUZLWKH[SHULHQFH

Overview
8QLJUDPIHDWXUHVDUHWKHPRVWW\SLFDOIHDWXUHH[WUDFWRUV
XVHGLQWH[WPLQLQJSUREOHPV,QWKHFDVHRIDXQLJUDP
feature space, for each word appearing within the set of
WH[WVLQWKHWUDLQLQJGDWDWKHUHZLOOEHDFRUUHVSRQGLQJ
feature that asks about the presence of that word within
HDFKWH[W:KLOHXQLJUDPIHDWXUHVSDFHVIUHTXHQWO\
achieve reasonably high performance, the models
RIWHQIDLOWRJHQHUDOL]HEH\RQGGDWDFROOHFWHGXQGHU
very similar circumstances to that of the training data.
7KHUHDVRQIRUWKHODFNRIJHQHUDOL]DWLRQLVWKDWWKHVH
XQLJUDPPRGHOVHVVHQWLDOO\PHPRUL]HIRUHDFKFODVV
YDOXHODEHOLQDVXSHUāFLDOIDVKLRQZKDWNLQGVRIWKLQJV
people talk about in the set of instances associated
with that label in the training data. If there is some
consistency in that, then it can be learned by these
PRGHOVEXWWKDWFRQVLVWHQF\UDUHO\JHQHUDOL]HVYHU\
IDU*HQHUDOL]DWLRQFRPHVZKHQWKHIHDWXUHVH[WUDFWHG
come from a relevant layer of structure.
The purpose of the feature-based representation of
WH[WLVIUHTXHQWO\WRHQDEOHSUHGLFWLYHPRGHOOLQJIRU
FODVVLāFDWLRQRUQXPHULFDODVVHVVPHQWZKHUHWKH
objective is to achieve this predictive modelling with
the highest possible accuracy (Rosé et al., 2008; McLaren et al., 2007; Allen, Snow, McNamera, 2015). This
orientation will be the focus of this section. However,
it is important to note that in some work within the
EURDGDUHDRI'$WKHUHSUHVHQWDWLRQZRUNLVWKHIRFXVDQGPHDQLQJLVPDGHRIWKHLGHQWLāHGSUHGLFWLYH
features, and thus the predictive modelling, if any,
serves mainly as a validation of the meaningfulness of
WKHLGHQWLāHGIHDWXUHV 6LPVHN6DQGRU %XFNLQJKDP
6KXP'DVFDOX'HVVXV0F1DPHUD6QRZ
$OOHQ-DFRYLQD3HUUHW0F1DPHUD 
:LWKUHVSHFWWRSUHGLFWLYHPRGHOOLQJIRUFODVVLāFDtion, in this vector-based comparison, the chosen
features should make instances that are of different
categories look far apart within the vector space, and
instances that are of the same category look close
within the vector space. This principle can also be
XVHGWRWURXEOHVKRRWDWH[WUHSUHVHQWDWLRQ)HDWXUHV
WKDWHLWKHUPDNHLQVWDQFHVWKDWVKRXOGEHFODVVLāHG
the same way look different or make instances that
VKRXOGEHFODVVLāHGGLIIHUHQWO\ORRNVLPLODUDUHYHU\
OLNHO\WRFDXVHFRQIXVLRQLQWKHFODVVLāFDWLRQVPDGH
by models trained using representations that include
those features. The problem is often either ambiguous
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features (i.e., features that mean different things in
GLIIHUHQWFRQWH[WVEXWWKHUHSUHVHQWDWLRQGRHVQRW
HQDEOHOHYHUDJLQJWKDWFRQWH[WLQRUGHUWRGLVDPELJuate) or fragmentation (i.e., the same abstract feature
LVEHLQJUHSUHVHQWHGE\VHYHUDOPRUHVSHFLāFIHDWXUHV
some of which are missing or too sparse in your data).
It may also be that the most meaningful features are
simply missing from your feature space, and other
features, which may correlate with the meaningful
RQHVZLWKLQWKHVSHFLāFGDWDXVHGDVWUDLQLQJGDWD
ZLOORIWHQÜVWHDOWKHZHLJKWÝZKLFKHQGVXSEHLQJ
counter-productive when the model is applied to
new data where the spurious correlations between
the meaningful features and less meaningful features
PD\QRWH[LVWRUPD\EHGLIIHUHQW

Case Study
In order to illustrate the thinking that goes into repreVHQWDWLRQRIWH[WIRU'$ZHZLOOVWDUWZLWKDFRPPRQ
H[DPSOHQDPHO\DQDO\VLVRIDIIHFWLQWH[WRWKHUZLVH
known as sentiment analysis 3DQJ /HH ,WLV
RQHRIWKHPRVWKHDYLO\PDUNHWHGDSSOLFDWLRQVRIWH[W
PLQLQJDQGLWLVIUHTXHQWO\WKHāUVWWKLQJUHVHDUFKHUV
WKLQNWRDSSO\WRWKHLUWH[WGDWDZKHQIDFHGZLWKDQDO\]LQJLW:HZLOOEHJLQE\LQWURGXFLQJVRPHLVVXHV
LQWKLVDUHDRIWH[WDQDO\WLFVDQGFRQFOXGHZLWKDQ
investigation of what these analytics do or do not
RIIHULQWHUPVRIH[SODLQLQJSDWWHUQVRIDWWULWLRQLQ
022&VZKHUHRQHPLJKWUHDVRQDEO\H[SHFWWRVHH
PRUHH[SUHVVLRQVRIQHJDWLYHDIIHFWIURPVWXGHQWVZKR
are struggling and ultimately drop out. We will see
WKDWWKHSLFWXUHLVIDUPRUHFRPSOH[WKDQWKDW :HQ
Yang, & Rosé, 2014a). In leading the reader through this
case study, the hope is that the reader will see how
one might progress through cycles of data analysis
from pre-conceptions that start out overly simplistic,
but become more informed through iteration. The
PRVWLQWHUHVWLQJZRUNLQWKHDUHDRI'$RUDQ\DUHD
of analytics applied to rich, relatively unstructured
data, will follow a similar storyline.
6LPSOLVWLFWUHDWPHQWVRIVHQWLPHQWLGHQWLI\WH[WVDV
H[KLELWLQJHLWKHUDSRVLWLYHRUQHJDWLYHVHQWLPHQW
and rely on an association between words and this
affective judgment. Thus, much work has gone into
WKHFRQVWUXFWLRQRIVHQWLPHQWOH[LFRQVZKLFKDVVRciate words with a positivity or negativity score. The
area of sentiment analysis is well developed, gaining
substantial representation in industry, providing
services to businesses related to marketing issues.
Nevertheless, the limitations of the technology are
FOHDU)XUWKHUPRUHZKDWLVOHDUQHGIURPH[DPLQDWLRQ
of the linguistic literature is that much about attitude
LVQRWFRQYH\HGLQWH[WWKURXJKZRUGVWKDWDUHVSHFLIically positive or negative (Martin & White, 2005). This
FDQEHLOOXVWUDWHGZLWKWKHIROORZLQJH[DPSOHUHODWHG
WRWKHZHDWKHU$VWDWHPHQWVXFKDVÜ7KHZHDWKHULV

EHDXWLIXOWRGD\ÝFRQWDLQVWKHUHTXLUHGSRVLWLYHZRUG
KRZHYHUÜ7KHVXQLVVKLQLQJÝLVRQO\REYLRXVO\SRVLWLYH
if one knows that typically sunny days are preferred
RYHUUDLQ\GD\VÜ,WÚVDJUHDWGD\IRUVWD\LQJLQGRRUVÝ
indicates that the weather is not so good, despite
WKHSUHVHQFHRIDSRVLWLYHZRUGÜ0\UDLQERRWVDUH
IHHOLQJQHJOHFWHGÝFRXOGHDVLO\EHWDNHQDVDSRVLWLYH
comment about the weather despite the presence of
a negative word.
Now we will investigate situations more close to
home where the approach may fall short. Because
sentiment analysis is one of the most widely known
and widely used language technologies by researchers
DQGSUDFWLWLRQHUVLQRWKHUāHOGVZKRDUHLQWHUHVWHG
LQWH[WLWLVQRWVXUSULVLQJWKDWDQDO\VLVRIIRUXPGDWD
IURP022&VLVRQHDUHDZKHUHZHāQGDSSOLFDWLRQV
of this technology, and thus that work will be a convenient case study. The rationale for its application
was that discussion forum data may be useful for
understanding better how, why, and when students
drop out of MOOCs, with the idea that students may
GURSRXWEHFDXVHWKH\DUHGLVVDWLVāHGZLWKDFRXUVH
and that dissatisfaction should be visible using sentiment analysis as a lens. In an early such investigaWLRQKRZHYHU5DPHVK*ROGZDVVHU+XDQJ'DXPª
DQG*HWRRU  IRXQGQRUHODWLRQEHWZHHQRYHUDOO
VHQWLPHQWH[SUHVVHGE\VWXGHQWV DVDVVHVVHGXVLQJD
completely automated method) and their associated
probability of course completion. Adamopoulos (2013)
developed a sentiment related assessment method to
measure sentiment associated with different course
DIIRUGDQFHVLQRUGHUWRXQGHUVWDQGZKDWVWXGHQWVH[press their attitudes about in course discussion forums.
7KH\XVHGDFRPELQDWLRQRIDXWRPDWLFDOO\LGHQWLāHG
VHQWLPHQWH[SUHVVLRQVSDLUHGZLWKDJURXQGHGWKHRU\
approach to identify themes in the course aspects
mentioned in connection with attitudes. With this
more detailed view, they were able to identify that not
attitude in general, but attitude towards the professor,
the assignments, and other course materials had the
strongest association with dropout. In more recent
work (Wen et al., 2014a), we pushed the automated
analysis further, increasing the accuracy of sentiment
PHDVXUHPHQWDQGFRQWUDVWLQJVHQWLPHQWH[SUHVVHG
E\DVWXGHQWYHUVXVVHQWLPHQWWKH\ZHUHH[SRVHGWR
as well as contrasting sentiment at the student level
with sentiment at the course level. In this work, the
H[DFWFRQQHFWLRQEHWZHHQVHQWLPHQWUHODWHGYDULDEOHV
and dropout depended upon the nature of the course.
With more probing, it became clear that a far more
QXDQFHGZD\RIFKDUDFWHUL]LQJDIIHFWLQSRVWVZDV
QHHGHG)RUH[DPSOHQHJDWLYHDIIHFWH[SUHVVHGLQ
SXUHO\VRFLDOH[FKDQJHVPLJKWEHGLVFORVXUHOHDGLQJ
WRHQKDQFHGHPRWLRQDOFRQQHFWLRQ3UREOHPWDONLQD
problem-solving course might just indicate engagement

ZLWKWKHPDWHULDO1HJDWLYHDIIHFWZRUGVH[SUHVVLRQV
and images may come up in a literature course where
stories about unfortunate or stressful events are
GLVFXVVHGDQG\HWWKDWH[SUHVVHGVHQWLPHQWPLJKW
have nothing to do with a student’s feeling about the
H[SHULHQFHRIUHDGLQJWKDWPDWHULDORUHYHQGLVFXVVLQJ
that material. We conclude that sentiment analysis is
not as simple as counting positive and negative words.
Individual words are not enough evidence of attitude,
FRQWH[WPDWWHUV6RPHUKHWRULFDOVWUDWHJLHVFRPELQH
negative and positive comments in the same review, and
VRPHWLPHVVHQWLPHQWLVH[SUHVVHGLQGLUHFWO\1XDQFHV
like this observed through qualitative analysis must
be taken into account when representing your data.

UNSUPERVISED METHODS
$YDULHW\RIIDFWRUDQDO\WLF *DUVRQ/RHKOLQ 
and latent variable analysis techniques (Skrondal &
5DEH+HVNHWK&ROOLQV /DQ]D KDYHEHHQ
popular in the area. These may be unsupervised (i.e.,
not requiring pre-assigned labels), supervised (i.e., reTXLULQJH[DPSOHVWRKDYHSUHGHāQHGODEHOV RUOLJKWO\
VXSHUYLVHG LHUHTXLULQJVRPHH[WHUQDOJXLGDQFHWR
learning algorithms, but not requiring a pre-assigned
ODEHOIRUHYHU\H[DPSOH ,QWKLVVHFWLRQZHIRFXVRQ
unsupervised methods. The most popular such techniques in the education space include factor analytics
DSSURDFKHVOLNHODWHQWVHPDQWLFDQDO\VLV /6$)ROW]
 RUVWUXFWXUHGODWHQWYDULDEOHPRGHOVOLNHODWHQW
'LULFKOHWDOORFDWLRQRU/'$ %OHLHWDO PHQWLRQHG
EULHĂ\DERYH7KXVKHUHZHGHOYHVOLJKWO\GHHSHULQWR
the details and discuss strengths and limitations. In
recent work in LA, unsupervised approaches have been
XVHGIRUH[SORUDWRU\GDWDDQDO\VLV -RNVLPRYLİHWDO
2015; Sekiya, Marsuda, & Yamaguchi, 2015; Chen, Chen,
;LQJ VRPHWLPHVSDLUHGZLWKYLVXDOL]DWLRQ
techniques (Hsiao & Awasthi, 2015), or alternating
with or building on hand analysis (Molenaar & Chiu,
(]HQ&DQ%R\HU.HOORJ %RRWK 7KHVH
modelling technologies have widely been used because
UHVHDUFKHUVWKLQNRIWKHPDVDSSUR[LPDWLQJDQDQDO\VLV
RIWH[WXDOPHDQLQJ7KHUHDOLW\LVWKDWWKH\DUHPXFK
less apt at doing so than the prevailing view would
have one believe. These tools do indeed have their
SODFHLQWKHDUVHQDORI'$WRROV+RZHYHUWKHKRSH
of this chapter is to raise the curiosity of the reader
to dig a little deeper in order to foster an appropriate
scepticism, as described above.
Topic modelling approaches have become very popular
for modelling a variety of characteristics of unlabelled
GDWD$ZHOONQRZQDQGZLGHO\XVHGDSSURDFKLV/'$
(Blei et al., 2003), which is a generative model effective
for uncovering the thematic structure of a document
collection. Hidden Markov modelling (HMM) and other
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sequence modelling approaches are becoming popular
IRUFDSWXULQJSURJUHVVLRQVLQVWXGHQWH[SHULHQFHV
(Molenaar & Chiu, 2015). Sometimes these approaches are combined in order to identify how language
H[SUHVVLRQFKDQJHVLQSUHGLFWDEOHZD\VRYHUWLPHLQ
WHUPVRIWKHUHSUHVHQWDWLRQVRIWKHPDWLFFRQWHQW -R
& Rosé, 2015). Statistical approaches such as these are
meant to capture regularities. They are most valuable
as tools in methodologies that value data reduction
DQGVLPSOLāFDWLRQ%HFDXVHWKH\GLVPLVVDVQRLVHWKH
unusual occurrences within the data, they are less
valuable in methodologies that seek unusual happenings
that challenge assumptions. Though one might adopt
an anomaly detection approach to identify instances
that violate assumptions as a way of identifying such
H[DPSOHVLQSUDFWLFHWKHH[DPSOHVIRXQGDUHPRUH
likely to be unusual in ways that are not necessarily
interesting from the standpoint of challenging assumptions of theoretical import.
/'$ZRUNVE\DVVRFLDWLQJZRUGVWRJHWKHUZLWKLQD
latent word class that frequently occur together within
the same document. The learned structure is more
FRPSOH[WKDQWUDGLWLRQDOODWHQWFODVVPRGHOVZKHUH
the latent structure is a probabilistic assignment of
each whole data point (which is a document) to a single
ODWHQWFODVV &ROOLQV /DQ]D $QDGGLWLRQDOOD\HU
RIVWUXFWXUHLVLQFOXGHGLQDQ/'$PRGHOVXFKWKDW
words within documents are probabilistically assigned
to latent classes in such a way that data points can
EHYLHZHGDVPL[WXUHVRIODWHQWFODVVHV7KLVVWUXFture is important for topic analysis. By allowing the
UHSUHVHQWDWLRQRIGRFXPHQWVDVDUELWUDU\PL[WXUHV
of latent word classes, it is possible then to keep the
QXPEHURIODWHQWFODVVHVGRZQWRDPDQDJHDEOHVL]H
ZKLOHVWLOOFDSWXULQJWKHĂH[LEOHZD\WKHPHVFDQEH
blended within individual documents. Each latent word
class is represented as a distribution of words. The
words that rank most highly in the distribution are
those treated as most characteristic of the associated
latent class, or topic.
%HFDXVH/'$LVDQXQVXSHUYLVHGODQJXDJHSURFHVVLQJ
WHFKQLTXHLWZRXOGQRWEHUHDVRQDEOHWRH[SHFWWKDW
WKHLGHQWLāHGWKHPHVZRXOGH[DFWO\PDWFKKXPDQ
LQWXLWLRQDERXWRUJDQL]DWLRQRIWRSLFWKHPHVDQG\HW
as a technique that models word co-occurrence asVRFLDWLRQVLWFDQEHH[SHFWHGWRLGHQWLI\VRPHWKLQJV
WKDWZRXOGEHH[SHFWHGWREHDVVRFLDWHG$WKHDUW
/'$LVDGDWDUHGXFWLRQWHFKQLTXH,WVVWUHQJWKVOLH
LQLGHQWLāFDWLRQRIZRUGDVVRFLDWLRQVWKDWDUHYHU\
common in a corpus, which frequently correspond to
common themes. However, the common themes do
not necessarily have a one-to-one correspondence
with the themes of interest. Unfortunately, that means
within the resulting representation, there will not be
a distinct representation for those themes of interest
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that are not common. Similarly, unusual phrasings
of common ideas will also typically fail to map to an
LQWXLWLYHUHSUHVHQWDWLRQZLWKLQWKH/'$VSDFH5HSUHVHQWDWLRQRIWKHWH[WXDOGDWDLVDOVRDQLPSRUWDQW
FRQVLGHUDWLRQ7\SLFDOO\/'$PRGHOVDUHFRPSXWHG
over feature spaces composed of individual word
features. Thus, whatever is not captured by individual
words will not be accessible to the model.

SUPERVISED METHODS
At the other end of the spectrum are supervised
methods. Taking a somewhat overly simplistic view,
supervised machine learning methods are typically
algorithms that operate over sets of vectors that associate a collection of predictor features, often referred
to as attributes, with an outcome feature, often referred
to as a class value. Recently, applications of supervised
machine learning have been applied to the problem
of assessment of learning processes in discussion.
This problem is referred to as automatic collaborative-learning process analysis. Automatic analysis of
collaborative processes has value for real-time assessment during collaborative learning, for dynamically triggering supportive interventions in the midst
of collaborative-learning sessions, and for facilitating
HIāFLHQWDQDO\VLVRIFROODERUDWLYHOHDUQLQJSURFHVVHV
at a grand scale. This dynamic approach has been
demonstrated to be more effective than an otherwise
equivalent static approach to support (Kumar, Rosé,
:DQJ-RVKL 5RELQVRQ (DUO\ZRUNLQDXWRmated collaborative learning process analysis focused
RQWH[WEDVHGLQWHUDFWLRQVDQGFOLFNVWUHDPGDWD 6ROOHU
/HVJROG(UNHQV -DQVVHQ5RVªHWDO
2008; McLaren et al., 2007; Mu et al., 2012). Early work
towards analysis of collaborative processes from
VSHHFKKDVEHJXQWRHPHUJHDVZHOO *ZHRQHWDO
*ZHRQ$JDUZDO8GDQL5DM 5RVª $
FRQVLVWHQWāQGLQJLVWKDWUHSUHVHQWDWLRQVPRWLYDWHG
by theoretical frameworks from linguistics and psychology show particular promise (Rosé & Tovares, in
SUHVV:HQ<DQJ 5RVªE*ZHRQHWDO
5RVª 9DQ/HKQ :HKDYHDOUHDG\PHQWLRQHG
WKH/LJKW6,'(WRROEHQFKDVDJRRGSODFHWRVWDUW
JHWWLQJH[SHULHQFHLQWKLVDUHD

MOVING AHEAD
Readers who are interested in getting more familiar
ZLWKWKHDUHDRI'$ZRXOGEHQHāWIURPGLJJLQJāUVW
into some foundational literature. It is grounded in
WKHāHOGVRIOLQJXLVWLFV /HYLQVRQ2Ú*UDG\HWDO
2009), discourse analysis (Martin & Rose, 2003; Martin
& White, 2005; Biber & Conrad, 2011), and language
WHFKQRORJLHV 0DQQLQJ 6FKXHW]H-XUDIVN\ 
0DUWLQ-DFNVRQ 0RXOLQLHU 
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