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Abstract  In this chapier, we describe our research and development efforts
relating to eliciting, representing, and analyvzing how individuals and small groups
conceplualize complex problems, The methods described herein have all been devel-
oped and are in vriows sttes of being validated. In addition, the methods we
describe have been automated and most have been integrated in an online model-
based set of tools called HIMATT (Highly Interactive Model-based Assessment
Toeals and Technologies; available for research purposes at hupadhimasttezw uni-
freiburg defegi-binfhrun/himatt.pl and soon w be available on a server at Florida
State Universityy, HIMATT continues 1o expand in lerms of the wools and tech-
nologies included. Our metheds and teols represeat an approach 1o lesrning and
instruction that is now embedded in many of the geaduate courses ot Florida State
Uneversity and alzo at the University of Freiburg. We call our agproach model-based
becanse i infegrates representations of mental models and internal cognitive pro-
cesses with fools that are vsed o (a) assess progress of learning, and (b} provide the
basiz for informative and reflective feedback during instruction.

Kevwords  Beliel netwerks - Cousal disgrams « Coagnitive modeling - Concepl
mapping - Mental models - Model-hased assessment - Technology-hased assessmaent

Introduction

Enowledge is no longer am immobile solid: ot has been iguetied. 1 is sctively moving in all
the cuprents of sockety self (Dewey, 1915, po 250

This quote by John Dewey nearly 1) years ago is particularly relevant now,
That is, in our increasing ly technelogical society, understanding the ebb and flow of
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mentil models, and liguring ool how o help people develop and hone good mental
models—alone and in collaboration with others—are important goals with poten-
tially large educational and cconomic benefits (e.g., Seel, 199%9a; Shute & Zapata-
Rivera, 2008: Spector, Dennen, & Kosealka, 2006).

Mental models have heen researched extensively over the past several decades,
and have been implicated in many phenomena that are fundamental parts of human
cognilion, such as the ability to reason—inductively and deductively—about com-
plex physical and social systems, to genernte predictions about the world, and w
form cauzal explanations for what happens around vz (e.g., Gentner & Stevens,
983 As part of the Instructional Systems progrom ot FSU. we have been building
on the theoretical and empirienl foundations of mental model research. Corrently,
we're using & model-based approach w dezign and develop innovative educational
technologies to (a) represent mental madels (Le. externalized constructions of inter-
nalized structures ), (b analyee their changes over time, and {¢) create instructicnal
imerventions o support learming, We have alse been developing teols to aggregate
mental medel representations, compare those representations, and identify the rea-
sons [or change. We call our approach model-based because i1 inlegrles represen-
tions of mental models and internal cognitive processes with 1ools that are vsed
o assess progress of learning, and provide the basis for infommative and reflective
feedback during instruction.

Thiz chaprer Tocuses on the role of intermal representations (Le., mental models)
in interpreting experience and making sense of things. While internal reprosenta-
tions are nok available for direct and immediate observation, we accept the gen-
eral noton that the quality of internal representations s closely associaled with the
quality of learping. So, (o help instrectional designers and educational echnologisis
improve support for learning, we have devised @ theoretical foundation and a col-

lection of torls o focilitite assessment and o provide personalized, reflective, amd
meaning ful feedback 1o learners, particularly in relation © comples and challenging
problem-solving domains.

W lirst review the foundations of ouwr model-based approach 10 assessment,
learning, and instruction, Then we discuss o variety of wals and techncelogies that
we have been developing and validating in a number of different problem-solving
domaing, We expect these 1ols and technologies 1o evolve and perhaps be replaced
with other teols and technalogies, We alse expect that the underlying foundations
will evalve as scientisls learn more about specific human learning mechanisms,
Hivwvever, in the near-term we believe that a model-based approach to learning and
instruction supporied by the Kinds of toals deseribed here are impoertant for progress
in educational technology research.

Foundations of Our Model-Based Approach

Our model-based research and development rests on two foundations: (1) men-
tal mosdels research and systems thinking (efernal constructs and processes), and
(2} concept maps and belief networks (external representations and entities). We
aim Lo assess the quality of the former via aspects of the latter.
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Internal Constructs: Mental Models and Systems Thinking

As philosophers have long argued, we create internal representations of things
that we experience. The most direct statement of this capability can be fownd
in Wingenstein's Tractatus Logico-Philosophicus: “We make fo onrselves pic-
fures of _.l'n'r'n"' (Wittgenstein, 1922 for an online version, sce hipyifwww.
kls.ongf~jonathanfwittilph.htmli. Psycholegists have expanded and elabomted this
notion of interal representations m the last several decades 1o melude the key con-
strecis of mental models and schema. Becavse these internal constructions are vital
ter howy people come e make sense of and learn about the world, we place particular
emphasis on such intermal representations as the basis for developing proper suppor
for learning,

What is the nature of these intemal constructs? We each hold many different
beliels about the world based on our unigue experiences, and we can conceive of
these beliefs as struciures or netwoerks of concepts (nodes) and their relationships
(links). Some beliefs may be more accurate than others, depending on the exislence
and quality of the underlying evidence, Some beliels may be more or less lirmly
held, depending on the strength of the links, As educators, we would like 10 be able
o make valid inferences about what a person knows and belicves. Beliefs are not
fixed and unchanging. | Instead, belief structures or mental models: {a) are incom-
ph.‘.l:u and i,:u1'|si|'.||'|1|3-‘ I."I.'l."]'..ll"lg; ihi masy contain errors, H'I.i.'\il.'.:il:l'll.:l.f,"prll:-l"l 4, and core
tradictions; {c) may provide simplified explanations of complex phenomena; and
(d) often contain implicit measures of uncertainty about their validity that allow
them o used even il iocorrect dez., llenthaler & Seel, 2005; Seel, 20031, S0 knowl-
edge and beliefs can change, but seldom randomly—there are typically triggering
events that provide the impetus tor change. We will explore this in more detail latee
when we describe our Wols that model evolving beliel networks, and atlempt
identify the basis for change.

Mental models also play a key role in qualitative reasoning. For example, Greeno
(1985 argued that model-based reasoning in specific siteations (e.2.. physics
nomics. and 50 on) occurs when an individual interacts with the objects involved ina
situation in order to manipulate them mentally so that the cognitive operations sim-
ulate (in the sense of thought experiments) specilic tmnslformations of these objects
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which may cocur in real=life situations. In line with symbalic models of cognition,
it is widely recognized that the construction of mental models necessarily presup-
poscs the use and manipulation of signs (used as index. icon, or symBol) to the extent
thiaat mental models are vsed o erganize the symbols of experience and thinking to
achieve a svstematic representation of this thinking as a means of understanding and
explanation dSeel & Winn, 1997, Seel, 19945, Accordingly, in cognitive and educa-
tional psychology, mentad models are considered gealfiarive meniol representalions
wirich are develoged by individuals (or groups ) on the basiy of theie availabie world
knowledye (or beliefs) aiming at solving prodlems or goquiring competence in o
spetcific dowain.

s illustrane. vour beliel that Plia iv o planet Tikely changed in 2006 when the International
Astronombcal Unbon decided to re-classity Plute a2 8 “dwarf plane.”

i WL Bhute et al.

I short, mental models are cognilive artifeets; that is o say they are invenlions of
the mind that represent, organize, and restructure a person’s knowledge and beliefs
vined ) world
Become plasible. For our purposes, complex phenomena include social, wechno-
logical. and natwral systems, whereby o svstem is understood as o designed entity
{designed by humans or by nature} that maintains its existence and functions as a
whole through the dynamic interaction of its parts. A system's inlerdependent paris
formy a umified whole, driven by s purpose; and the various parts generally attempt
o maintain siability or equilibrium throwgh feedback (examples of such systems
include human respiration, energy consuinplion inoo hvbrid vehicle, and the caonces
swelem o determine U5, presidential nominations). The ability 1o understand amd
reason ahout such complex systems is often called sysfems thirking and has been
identified as an essential skill for the 21st century (Federation of Scientists, 2066).
The International Board of Standards for Truning, Performance and Instruction also
regards svstems thinking as a fundamental skill {see hitp:/fwwe ibsipiorg ),

in such a way that even complex phenomena of the (observable or i

External Entities: Concept Maps, Causal Models,
and Belief Networks

As we mentioned earlier, our high-level geal is 1w infer the quality of presumed
internal constructs and processes (mentil models and systems thinking) via valid
techniques that seek o extemalize mtermal, invisible structures. This sk is made
simpler because humans have developed an amazing ability w wlk about (or other-
wise representd their private, imernal representations (thooghts, feelings, beliefs).
Discourse is a vital component of most learning experiences, and Witlgensiein
(19531 recegnized the criticality of discourse in his later work, referring to this abil-
ity as engaging in what he termed fangnage games. A language game is specific o
a group of people who share o common purpose or enterprise. A languag
context spectfic as well as specific 1o a community of speakers, Key aspects of a lan-
guage game include a common vocabulary, 3 set of accepted conventions and rules,
and sets of expected stotements and responses. This notion is relevant 1o oor focus

name is

on as=essing learning in complex domains, Teat is, what people say and how they
relate various aspects of a problem situation are indicative of their understanding,
Examining these external representations, then, provides evidence of the nature and
guality of the intermal representatiens that are the basis for action. These external
Feprresentalions coime in (and can be shaped into) varions Torms ineluding consept
maps. causal models, and belief netwoerks.

Ao concept meap is o dingram showing the relationships among concepis, Con-
cepls are connected with labeled arrows, often in o hierarchical struciure. The rele-
tionship between concepls s specified via linking phrases, such as, “results in,”
“1s reguired by, or “is part o Concepl mapping is the term wsed for visualizing
the relationships among dilferent concepts. Concept maps are frequently ased Lo
examine and assess learners” understanding of complex domains and thelr progress
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towards increased understanding (e.g., Spector & Koszalka, 2004, However, many
of the current studies on concept maps focus on well-defined problems (Freeman &
Urbaceewski, 20000; Ruiz-Primo & Shavelson, 195 and are restricted to a closed
fonmat where concepts are provided by the evaluator (Fele, 20040, This closed for-
miat, while making i easy o seore, provides little insight into the actual process of
learning, or more specifically, the cognitive processes underlying the changes leam-
ers make W their conceptl maps. To examine the underlying processes of concepl
mapping. researchers con provide learmers with the opportumey (o create amd anne-
tate noedes and links i their concept maps (Alpest, 20035, vielding richer and more
accurale maps {Specior ef al., 20061 These annotated maps enoble researchers Lo
vecess, sludy, and determine some of the cognitive processes thiat underlie, trigger,
and explain changes (hath good 2nd bad ) in learners™ mental models,

A cansal moded §s 1ike a concept map, only instead of allowing any type of link
bBetween nodes or concepis, 11 uses canse and elflect logic o describe the behavior
of a svstem, In traditienal cavsal modeling, o network of variables is developed and
the causal relationships between variables are explicitly delineated. It is o model in
which the variables of interest (the dependent variable or variablesp are related o
variols explanatory varinbles (or causal variables) based on a speclfied theory

A belief network is a probabilistic grophical model that represents a set of vari-
ables and their probabilistic independencies. This goes beyoend causal models (e,
“A causes B incthat belier petworks allow for the specification of degree or level of
relationships (e.g.. “If A occurs, thaf will strongly influence 7). Belief nemworks are
in line with our IL_-.Jn.ll of wanting to represent individuals” understanding of complex
phenomena {e.g., systems thinking ), and encompass o wide sange of differen but
related technigues which desl with rensoning wider uncertinty, Both quantiiative
(mainly using Boyesian probabilistic methods) and qualitztive technigques can be
used o Interprel beliel networks, Our approach invelves representing 2 learner's {or
aroup of learmers™) current set of beliefs about o topic by cverlayving Bavesian net-
worrks {Pearl, 19858) on top of students” causal maps. Again, this allows us 10 model
and e gquestion the degree o which relationships among concepts/nodes hold as
well as the srremgtl of the relationships, In addition, prior probabilities con be used
tor represent preconceived beliefs. A probabilistic network provides us with a richer
selof modeling wols that we can use 1o represent the degree o which people ascribe
o particular belief struciure (for more, see Shute & Zapato-Rivera, 2008).

Figurg 1 illustrates a simplified example of the progression from concepts, to
causal maps, to beliel nets when Bayesian networks are overlaid to specify struc-
tire, pode size, and links (e, type, directionality, and strength of association ), Fur-
thermore, evidence can be attached w each node-relationship which either supports
or counters a given claim.

The size of the node in the beliel netwerk indicates a given node's marginal
probabiliny (e.g., pinode | = True) = 0.55—a medium node with o slightly beter-
than-average probability of being wrueh Linky illustrate the perceived relationships
artong the nodes in lerms of fvpe, diveciion, and strengih. Tepe refers 10 the probe-
abilistic or determinisiie representation—defining the nature of the relationship (in
this ease, causes), The sirength of the relationship is shown by the thickness of the

Gty W1 Shate et al.
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link, and the direction indicates thal the refationship has an origin and a destination,
The belief structure in Fig. | models the beliefs of a person (or group of people)
that, for example: (a} nodes | and 2 exist, (b} the corrent probability of node | is
grealer than node 2, and () there is a positive and strong relationship between nodes
| and node 3 {represented by a thick line).

When comparing two belief nets {e.g., the same student at different points in
time; a student with an expert), they may contain the swune concepts, but the size
of the respective nodes, the directionality of relations, andfor the strength of the
links may be very different. Because we have chosen to use Bayesian networks (o
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represent beliel structures, this enables us o examine not only (a) the structure of the
map, but also (b the content (nodes and links), as well as (¢l the underlying evidence
that exists per structure (and per nodel. That is, as part of creating @ current belicf
structure, the student arranges concepls and establishes links, and he or she includes
specific evidence (sources) per claim (Le., arguments and relevant documentation
in support of, or in opposition © a given claim). Figure 2 shows a generic belicf
network with its supporting evidence altached.

Tools and Technologies

The complexity and quantity of data that can be produced in relation (o coneept
maps. causal models, and belief networks has motivated our design and development
ol new soltware oals and methods. These tools are designed o produce numercal
indices (e.g., steuctural similarity between a pair of maps) as well as visual repre-
sentations (often automatically gencrated b that can simultaneously reveal: ta) global
patterns emerging in the maps and the cognitive processes, evenlts, andfor conditions
that trigger changes in the maps: (h) the extent (o which the changing patterns ane
progressing toward 3 target model; and (¢} detailed and precise infonmation on what
and where changes are ocourring within the maps.

To date, we have developed six wols and lechnologies, detailed in this sec-
tion, for purposes of assessing mental models and vsing that information as the
basiz to improve learning. The names of the six tools are: DAT, jMap, DEEP,
ACSKM, SMD, and MITOCAR, The last four have been integrated in o Web-
baged agsessment ol kit called HIMATT (Highly Interactive Maodel-based Agsess-
ment Teols and Technologiest, while DAT and jMap are in the process of being
atezrted, These wols are currently available o hopahimatbesw.uni-freiburg, def
czi-hinfrun/himainpld and saon will ke availiahle on g server at Florida State Uni-
versity. The six tools are summimanzed below,

DAT {Discussion Analysis Tool)

As described earlier, beliel networks represent and analyze links and nodes in causal
maps. Simikaely, sequential analvsis (Bakeman & Gottman, 19975 has been vsed
o madel and analyze segquentic! finks between behavioral events o determine how
likely one given event is followed by another given event. Jeong (2004, 20057 devel-
eped DAT 10 compute the ransitional probabilities berween dialog moves observed
in online debates. For example, DAT produces a transitional probability matrix
to report the percentage of replies w stated argunents (ARG that are challenges
(BUT) va, explanations tEXPLY vs. supponting evidence (EVID ) and the pereentage
of replies 1o challenges that are counter-challenges vs, explanations vs, supporting
cvidence (see Fig. 3

The matrix shown in Fig. 3 represents actual dats from an online debate, The cir-
cled number indicates that 48% of all replies w0 opposing arguments (=ARG) were

it W1 Shute et al.
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Fig. 3 Tmnsitional probability matrix produced by DAT

challenges (+BUTY), for ths group of studeats. DAT also prodoces a correspond-
g T-score matrix e wdentify and auomatically kighlight ransitional probabilities
that are significantly higherflower than expected probabilities 1o determine which
behavioral sequences can be considered a “patiern™ in o group's behaviors

To visually and more efficiently convey the complex data revealed in the transi-
tiomal probability matrix, AT convens the observed probabilitics into ransitional
state dingrams (see Fig, 45, Potential differences in behavior patterns belween exper-
imental groups—such as groups with students that are high vs. low in intelleciual
openncss (Jeong, 2007} —con be easily seen by juxtaposing state diagrams ond
chserving the dilferences the thickness of the links between events (signilving
the stremgth of the transitenal probabilities between given cventsh,

Onee specific patierns and differences are identified between panicular evenis,

DAT automates the process of tabulating mw scores that reveal, lor exammiple, how

Less-open students

Fig. 4 Transitional stale dingrems of response patiens produced by less- vs, more-intellectually
open shdents
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many chullenges are elicited by each argument, or how many explanations are
elicited by eack challenge. These raw scores can then be used 1o test for differences
in the mean number of challenges elicited per argument and the mean number of
explanations clicited per challenge between two or more experimental groups using
Iwo-way analvsis of variance.

j My Ji]

Ancther tool we have recently develeped is an Excel-based software application
called jMap (leong. 2KE; Shute, leong, & Zapata-Rivers, 2008), designed o
accomplish Tour specilic goals: (1) elicil, record, and outomatically code mental
miodels; (21 visually and quantitatively assess changes in mental models ever time,
(3) determine the degree to which the changes converge towards on expert’s or
the agaregated group model; and (4) measure how specilic social andfor cognitive
events and processes le.g., degree to which evidence is presented, degree o which
the merits of presented evidence is thoroughly cross-cxamined) trigger changes in
mental models.

Using jMap, students (and experts, as warranted) individually ereate their causal
maps nsing Excel’s awloshape tools. Causal link sirength is designated by varying
the densities of the links. The strength of evidentiary suppart for a link (not shown in
Fig. 51 is desigiated by dashed lines where longer dashes coivey stronger evidence,
.iMiIP '.|I|hl|'n::[i|_';|||:f codes each s it @ transitional r'|-u|:]lll:|'|1:l',- mairix h.'-" inzeri-
ing two values into each matrix cell—eansal strength of the links between nodes

Bladlanls
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1 i weh wrecrh vebae difssen o e moon
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Fig. & Transitional state
diagrums revealing how
absence v, preseoce of
l,:‘.'i.':lr.'miilr}' support aftects PFioa wm 1
howe causal link stremgths
change over time

Abpence of evdentiany wpport Fresenoe of evidesdisry suppor

(1= weak, 2 = moderate, 3 = strong) and sirength of evidentiary support underly-
ing the links (0 = none, 1 = weak, 2 = moderate, 3 = strong). Figure 5 shows a
student’s map overlaid on an expert’s map.

Oince maps are abulated, jMap repesduces and presents each student s map using
o stamdardized map termplaie (eg., based on an expert’s maph. Using this approsch,
the maps of two or mere leamers andfor experts can be superimposed over one
another. Visual comparisons can be performed between: (a) student A's map pro-
duced at time | vs. time 2; (b} student A's map v, an expert's map; and (¢) a group
map (prodeced by aggregating all maps across all students) vs. an expen’s map,
Users {e.g., teachers, researchers, stdents, ete.) can rapidly toggle hetween maps
produced over different times to animate and visually assess how maps change
over time and the extent o which the changes are converging toward an exper
or eollective group map. Additional jMap wols enable users wo compile raw seores
oo [a) compare quantitative measures (e.g., test the rate of change in the number
ol matching links); and (b)) sequentially analyee and identily patterns in the way
causal link strengths change over time using both jMap and DAT software com-
bined. Figurc 6 shows state diagrams for two groups of students—ithose who did
e include evidentiary support in their causal maps Clefth and those who did (right),
The presence of evidence appears to stabilize students’ causal maps.

ACSMM

Our mext ool is called Analysis Constructed Shared Mental Model { ACSMM ). This
methodology was developed primarily as a way [0 assess feam processes and predict
team performance by determining the degree of overlap or “sharedness™ of mental



Maodel-Based Methods for Assessment, Learning, and Instruction Tl

meesdels anteng weam members (O'Conner & Johnson, 206045 Johnson & O Connor,
20081 The ACSMM methodelogy is based on the understandiog that: 1) teams
with similar ways of thinking are likely 1o work more effectively together than
teams with different ways of thinking (Cannon-Bowers & Salas, 1994 Gueeo &
Salas, 1995, Hockman, 199, and (2) the degree w which a team shares similar
conceplualizations is scen as a key indicator of overall team performance {Salas &
Cannon-Bowers, 20000, That is, as eammiates interact with one another, they begin
e share knowledge, This knowledge staring enables them (o crente cues o similar
manner thus kelping them to make compatible decizions and w ke proper actions
(Klimoski & Mohommed, 1994; Mathieu, Heffner, Goodwin, Salas, & Cannon-
Bowers, 2001, Shared knowledge con help team members anderstand  whal is
cecursing with regard o the task at hand, develop accurate expectations ahout future
member actions and task states, and communicate meanings efficiently.

A common miethod Tor assessing team knowledge hos been via concept maps
fe.g., Herl et al., 1999, Tenthaler, 2006; O Conner & lohnsen, 2004; O'Neil, Wang,
Chung, & Herl, 20041, Through concept mapping, similarity of mental models can
b measured in terms of the proportion of nodes and links shared between one
concept map and ancther (Rowe & Cooke, 19955 Utlizing qualiative techniguees
with an aggregate method of ereating an analysis constructed shared mental model
(ACSMM}, we can capture @ more descriptive understanding than by using only
|.|_I,|:||'|li|;|.|i'c|,] 1g;-:.:|'|1'|5||.|_||1.‘i ﬂpl.'l.'i:fn.:;l”:.-'._ ACSMM can retain mol anly the |||§i-:.:;|| KIFLIC-
ture, but also @ general semantic meaning of the shared mental models.

How does it work? ACSMM involves a methodology where individually-
constructed mental moedels (HCMMs) are elicited, and then o technigue is used such
thaat the sharedness is determined oo by the individuals who provided their mental
models, bug by an analyst or analytical procedure. That 15, ACSMBM provides a sel
of heuristics 1 code the individual maops and then tunstorm the TOMMs into o leum
map Cie., the ACEMM ) without [osing the original perspective of the individual {see
Fig. 7).

The methodology includes several phases: elicitlion design and preparation,
elicitation of individual team member mental models, coding of individoal data,
analysis of data o determine what is shared among team members, and consiruction

MM
IcMm 1= 10
MM MM
Fig. 7 Relationship between
1CMMS (Individual
Constructed Mental Model)
and ACEMM |,'\.r..'||:.'n.i-; ACSMM

Constnscted Shared Mental
Mol y

72 WL Shute ot al.

of the team conceptual representation (e, the team mag ), One of the kev fealures
of ACSMM is that this methed accounts for map relatedness ot the congept, link,
and cluster Jevels, Because individual maps are so unique, the coding sirives (o
reduce the spatial, structural, and logical information thereby permitting compar-
isons among maps, The coding process invelves documenting the explicr infor-
mation on the maps as well as making assessments regarding r'.lrap.'u i information,
which allows lor explication of implicit relalionships by considering the spatial,
strectural, and logical information in the map, The process of coding each ICMM
is much like the process of interpretation. That is, each map iz analyzed and then
the researcher eodes her interpretation in a spreadsheet {or other appropriate wool).
Al least one of two congruency guidelines maest be satisfied before coding implicit
clusters or links: {1} logical and spatial congruoency, or (2) logieal and structural
CONgruency.

This technique was initiolly carried cul by hand, but there are parts of the method-
elogy thut sre automated and can be carried out in HIMATT, ACSMM is designed o
quickly and easily capture mental models and that is the extent at intervening in the
teamis” activities, An allernative approach (nol addressed by the ACSMM methadol-
oy invalves the team members themselves co-constructing o team mental model,

DEEP

The Ddynamic Evaluation of Enhanced Problem-solving (DEEP) (Spector &
Kozzalka, 2U84) methodology is based on the notion that leaming in a complex
domain implies becoming more like an expert (EBricsson & Smith, 19910 and more
skilled an higher-order cavzal reascning and problem solving (Grotzer & Perkins,
2000, A fumdsmemal azsswmption is that it is possible o predict performance and
assess progress of learning by examining a persen’s conceplualization of the prob-
lem space thal person associates with a representative problem. Representations can
then be compared with other representations using the analytic methods of MITO-
CAR (Model Inspection Trace of Concepts and Relations Methodology ) and SMD
Churfoce, Moalching and Deep Structure Meaethodology b, described [ater in this sec-
tion, Moreover, these represemations can be eremted by small geoups, as well os
individuzls, and then analyzed vsing the ACSMM {Analysis Constructed Shared
Mental Modelp methodology or jMAP procedure, discussed earlier

In DEETR, leamers are presented with & shor problem scenario and then asked 1o
identify the most relevant factors influencing the problem situation. Next, learners
are asked to describe each factor and indicate how it is related to other factors, again
describing the natore of each identilied relationship. These representations wmount
to annotated cansal maps nsed in sysiem dynamics o elicit expert models of com-
plex, dynamic systems (Le.. intended to reflect systems thinking); althowgh DEEP
alzo allows for non-cousal links (e.g., correlations, steps in a procedure, examples,
and fermulas), A sample DEEP represeniation is shown in Fig. 8 .

Two reflection questions are asked o complete the problem conceplualization:
(1) What else would vou need 0 know in order to actially resolve this problem
situation? and, (23 What assumptions have yvou made in responding 1o this problem
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Fig. 8 A sample DEEP problem representation

situation? Cine strength of this methodology is that it is relatively simple o use and
understand, minimizing the influence of the eliciution method on the representation.

The annotated causal representations in DEEP can be compared with prior repre-
sentations and with those of experts, using some of the other tools described in this
section (e.g., ACSMM, iMap, SMD, ec.). Three general levels of analysis can be
applied to these representations; serface, struciural, and semantic. A vnigque aspect
of the DEEP methodology is that it is intended for complex problems involving
cuusal relationships that ane interrelated and that may change over time. Moreover,
a variety of graphical representations (e.g., semantic networks, Nowcharts, causal
disgrams, etc.) can be accommodated in this methodology. The graphical repre-
sentations are converted into standard networks for analysis (e.g., causal maps or
beliel networks), The reason for using causal representations as the basis for analy-
5is is that such representations reflect internal relationships among factors and com-
ponents {(i.e., problem dynamics), and causal representations can be derived from
itany other graphical representations when the appropriate docuinentalion 18 pro-
vided (e.g., the descriptions of individual factors),

SMD

The SMD (Surface, Matching, and Deep Structure) methodology (fenthaler, 2006,
2007) wkes graphical representations in the form of cousal dingrams (e.g.. DEEP,
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Map) or asseciation networks (eag., MITOCAR) as inputs and provides similarity
mefrics for purposes of amlysis of menial model development and progeess of leam-
ing. The similarity metrics are derived from graph theory, and allow for comparisons
among surface, matching, and desp structures.

Surface structure analysis s based on the sum of all prepositoons (node-link-
node} in a panicular representation. Mafching structure is based on an analysis of

the shorlest path belween the most distant nodes of the representation (Ha
1974 Wenthder, Masduki, & Seel, 2008} Deep structure 35 based on an a
sis of the semantic similarity of propositions (Tversky, 1977} between a domain-
specilic expert representation and a porticular representation. The autlomated,
on-the-lly analysis of SMD enables insimciors W give learners immediate Teedback
during the lexrning process or while solving complex problems. The same metrics
alzo provide researchers with powerful twols o analyze causal representations and
association networks created using DEEP and MITOC AR, deseribed next.

MITOCAR

The Model Inspection Trace of Concepts and Relations (MITOCAR) methodil-
ogy (Pirnay-Dommer, 2006, 2007} is the final tool in our current HIMATT collec-
tion, And like the others, it is based on mental model theory (Seel, 1991 One of
the wnique features of MITOCAR is its abilny 1o dig deeper into the semantics of
various representations. Towards that end, MITOCAR operates in two phases—an
assessment phose and an inferential phase,

During the nssessment phase of MITOCAR, siudents usually respond in two
roumnds. Im the first round they only provide a number of natural language phrases
{usually sentences, and the program currently accepts English and Gennan linguage
as wputl abeut o specific subject matter of problem area. The program’s parser then
extracts the most frequent concepts from the text corpus and creates an internal net-
work of pairs ol concepts from which 2 proximity vector is constructed. These data
allow ope 1o derve graphical models from text and compare them in several wayvs
(Fruchterman & Reingold, 1991 Ganser & North, 19959 Macdehe, Pekar, & Staab,
02y,

Like SMD, MITOCAR provides a variety of analysis messures based on graph
theory and Tversky-Similarity (Tversky, 1977}, For example, concept matching
{surface level) compares the vse of terms between different models, and struce-
tural malching introduces an algornithm that compares concepis maps in relation o
(@) stricture only Ge.g., providing o testing ground for hypotheses ahout the structure
of expertise), and (b) several density measures (Pimay-Dummer, 2(K165.

I the second round of assessment, the students are asked 10 e how close the
congeps, output by MITOCAR, are 1o their corrent conceprualization (i.e., confi-
dence in the validity of the MITOCAR assessment). The participants also cluster
their concepts From a random 1ist into a list of groups—a method that is sometimes
used in knowledge tracking (Janetzko, 1996). Finally, they are asked o rate the
plausibility of their fellow grouwp members’ source phrases.
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. While the semantic comparizon of MITOCAR uses trnditional measures of simi-
"
= - . . .
H - - o Y ow lariny (Tversky, 1977}, the wehaology of stroctural comparison is unique to MITO-
2 = 5 4 . - 3 . g
_ = 2 E " T om - CAR and can compare models from different subject domainsg (Pirmnay-Dommer,
= = E ) = &
| = S B z B . - S . . - B
z E Z Es a8 T2 5 206k The outputs of MITOCAR are graphical representations created from indi-
(=3 E .2 - : = . . . . .
o =i &5 £t & £ D vidual and geowp statements about @ proklem domain or situation. MITOCAR pro-
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3 " # A I ] . \ . »
3 problem-centered modules, discussion forums, informal settings).
.y - In general, our ool aim 1o produce extenml representations (Le., concepl maps,
=< B
3 . £ . ; L.} cousal models, and beliel networks) that provide insight into internal constructs
E .| = e z R
: g = 5 - = and processes (e.g., mental models and svstems thinking ). These external repre-
L - = E g ¥E2 w0 . . - Lo "
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a T -2 = = £ 5 z ; . .
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E =3 E 2.4, i =3 ] . . .
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ial=| = & erwize interact with their maps. Open or visible student models, as they’re called,
= have been wsed to support knowledge awareness, student reflection, group forma-
¥ _ e z ton, stondent modeling accuracy, and student learning (Bull & Pain, 1995, Kay,
] g _ E = 1998, Hartley & Mitrovic, 2002 Zapata-Rivera & Greer, 2004). Finally, the tools
Teg® 8% = s ; s . . ] . . -
z|2238 % ¥ = £l can provide instructional designers with valuable information on which to base spe-
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G| = 0 4] - (¥ b assessment oels that can capture and measuee mental models. Besearch in this area,
however, must be based on sound theoretical foundations, and employ validated,
= sestlable, and easy-to-use assessment woels, Morcover, these teels need o allow for
] & = 5 = measurement of change—one of the central problems of menlal model research
= - = - L [ B y o ¥ 1 1
Z|= = %] = = = (Seel, 199590, Towards that end, we have been designing and developing twals 1o
=& = = = = =

allow for an assertment of comparisens between mapsimodels, of individuals and
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aroups, and ot varioos points in time—e show nol only where students began, bul
also their learning trajectories, similar 1o the benefits of motion pictures over still
photographs,
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