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Nearly every community of practice develops its own representations to support the practices of the community. For
example, the community of electric circuit designers has developed circuit diagrams to represent electric circuits.
Members of that community rely on such diagrams to discuss, communicate, and document what they do. Past re-
search has established that members of a given community not only tend to interpret the community's representa-
tions in a similar way, but also tend to construct similar representations for a given problem or concept. | argue that
the way in which an individual interprets and constructs the representations of a given community serves as a use-
ful gauge of the individual's membership in the community. Drawing on cultural consensus theory, a framework de-
veloped within cognitive anthropology, | introduce an empirical method that uses the way in which individuals read
and construct representations as a basis for substantiating the existence of a community, and as a basis for assess-
ing an individual's level of membership in a community. To illustrate how the method can be applied, | present an
example drawn from my own research into the use of graphical representations of algorithms (“algorithm visualiza-
tions”) in computer science education. If one accepts the social constructivist premise that learning amounts to be-
coming a fuller member of a community of practice, then the method | introduce constitutes a richer and more valid
means of measuring learning than traditional knowledge testing.

1 Introduction

EXTERNAL REPRESENTATIONS often play an instrumental role in the practices of a community. For
example, electric circuit designers have devised specific ways of representing electric circuits, so that
they can communicate their designs in a way that others in the community can understand. Air traf-
fic controllers have become adept at reading radar plots of the local airspace, so that they can direct
traffic appropriately. And in my own research, algorithmaticians (those who practice the design and
analysis of computer algorithms) have developed standard ways of graphically representing an algo-
rithm's procedural behavior, correctness, and efficiency, so that they can communicate about algo-
rithms more effectively.

Recent empirical studies furnish evidence that the central members of a community read the repre-
sentations of the community in a similar way. For example, Petre and Green (1993) describe a
study that examined the graphical readership skills of expert and novice digital circuit designers.
The participants were asked to answer a series of questions that required them to read and make
inferences on textual and graphical representations of electronic circuits. A key result of the study
was that the reading strategies of the experts “were more consistent as a group” (p. 63) than the
reading strategies of the novices, which tended to be “chaotic” and “varied” (p. 63).

Likewise, recent empirical studies show that central members of a community tend to construct
similar representations of a given problem or concept. For instance, Douglas, Hundhausen, and
McKeown (1995; 1996) and Chaabouni (1996) present empirical studies of how humans construct
visualizations of algorithms. In those studies, they asked computer science graduate students to
construct visualizations of various sorting algorithms (bubble sort, insertion sort, heap sort, and
quick sort) for the purpose of explaining the algorithms to a novice. An analysis of the underlying
semantics of participants' visualizations revealed that, while they may differ significantly at a lexical
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level, their visualizations tended to portray an algorithm in terms of a similar set of semantic primi-
tives.

Social constructivist learning theories such as the one proposed by Lave and Wenger (1991) view
learning not in terms of knowledge acquisition, but rather in terms of increasingly central participa-
tion in the practices of the community. On this view, any observed differences in the ways in which
various individuals perform community activities can be attributed to differences in the individual's
level of membership in the community. A prime example of a significant community practice is the
construction and meaningful interpretation of shared representations. Indeed, one would expect lit-
tle variance in the ways in which the most central members of a given community of practice read
and construct community representations. Conversely, one expect much divergence in the ways in
which non-members of that community read and construct the community's representations.

The social constructivist position thus implies that an analysis of representations can serve as a use-
ful basis for gauging community membership, and hence learning: In particular, an individual's
level of membership in a given community can be gauged by that individual’s level of agreement with
other community members in the activities of representation construction and representation inter-
pretation. Yet, how might we measure the level of agreement between two individuals with respect
to how they interpret and construct community representations?

In this paper, | introduce Cultural Consensus Theory, a formalized, consensus-based model of com-
munity that has evolved out of research in cognitive anthropology. Using this theoretical framework
as a guide, 1 develop an empirical method for measuring individuals’ level of agreement on tasks that
involve the interpretation and construction of community representations. | illustrate the applica-
tion of the method by presenting an example from my own research into the use of graphical repre-
sentations in computer science education. Many questions still remain with respect to the practical-
ity and mechanics of the method—questions that only further empirical studies can answer. None-
theless, 1 hope to make the case here that the method holds promise for social constructivist-minded
educators looking for richer, more valid ways of measuring learning than traditional knowledge
testing.

2 Cultural Consensus Theory

Over the past two decades, a line of research in cognitive anthropology has been concerned with for-
malizing a definition of culture based on consensus. The theory that has evolved out of that re-
search—Cultural Consensus Theory (see, e.g., Boster, 1985; Romney, Weller, & Batchelder, 1986;
Weller & Romney, 1988)—provides a suitable foundation both for determining whether a community
of practice actually exists, and for assessing one’s level of membership in such a community.

According to Consensus Theory, “each [community of practice] may be thought of as having an asso-
ciated semantic domain that provides a way of classifying and talking about the elements in the cul-
ture pattern” (Romney, Weller, & Batchelder, 1986, p. 315). One can think of a semantic domain as
an organized set of symbols (including notations, words, and graphical representations) for referring
to a “common conceptual sphere” (Romney, Weller, & Batchelder, 1986, p. 315). For example, in the
case of algorithmaticians, a common conceptual sphere might be a particular algorithm, and the or-
ganized set of symbols for referring to the algorithm might include a certain analysis involving Big-O
notation; a certain correctness proof involving a loop invariant; a certain pseudocode description; a
certain segment of source code in a programming language; and, most relevant to this research, cer-
tain graphical representations (algorithm visualizations). Moreover, Consensus Theory holds that
the semantic domain associated with a given community of practice is a matter of consensus; the
conceptual spheres characteristic of a community of practice, as well as the symbol systems appro-
priate for referring to them, are precisely those on which the members of the community agree.
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Consensus Theory derives a formal statistical model for assessing the “cultural competence” of the
individual members of a community of practice. The basis for such an assessment are the answers
that a sample of community informants furnish to a set of questions. The questions must be care-
fully chosen so that they address a body of knowledge on which the community of practice is as-
sumed to agree. However, unlike the statistical models traditionally applied to test-taking, Consen-
sus Theory’s statistical model does not assume an objective truth against which informants’ answers
are to be measured. Rather, the model uses informants’ answers as a basis for constructing a cul-
tural truth, according to which informants’ cultural competence can then be assessed.!

Consensus Theory’s statistical model constructs such a cultural truth based on patterns of agree-
ment among informants. The assumption is that “the correspondence between the answers of any
two informants is a function of the extent to which each is correlated with the [cultural] truth”
(Romney, Weller, & Batchelder, 1986, p. 316). In other words, the most central members of the com-
munity, whose cultural knowledge is the most “complete,” are highly likely to agree with each other
by offering identical answers to the questions. In contrast, less central members of the community
are less likely to agree both with each other, and with central members of the community.

A general strategy for performing a Consensus Analysis on a community of practice, then, involves
three steps: first, developing a survey designed to elicit cultural knowledge that members of the
community are assumed to share; second, administering that survey to a sample of people assumed
to belong to the community; and third, analyzing informants’ answers using Consensus Theory’s sta-
tistical model.

3 Using Representation Interpretation and Construction as a
Basis for Consensus Analysis

One of the pioneering applications of Consensus Theory aimed to account for observed differences in
the way in which the South American Aguaruna Jivaro describe varieties of the manioc plant, their
staple sustenance crop (Boster, 1985). Boster set up a garden containing 61 different varieties of the
plant. One by one, he guided his 122 informants through this experimental garden, stopping at each
plant to ask “What kind of manioc is this?” He recorded the words each informant used to describe
the plants, and then performed a Consensus Analysis to determine and explore patterns of agree-
ment among informants.

Obviously, the cultural activity around which Boster looked for consensus—viz., plant naming—is
far simpler than the cultural activities of representation interpretation and representation construc-
tion that | am proposing to analyze using Consensus Analysis. Indeed, representation interpretation
and representation construction involve far more than uttering words. It is not as though one can set
up a “representation garden,” guide informants through it, and ask them to name each representa-
tion. Rather, one must carefully design representation interpretation and representation construc-
tion tasks, so that informants’ performances can ultimately be quantitatively evaluated for agree-
ment.

In this section, | develop a method for using Consensus Analysis in order to calculate individuals’
cultural competence with respect to the cultural activities of representation interpretation and repre-
sentation construction. To illustrate the method, |1 present an example from my own research into
the construction and interpretation of algorithm visualizations in computer science education. Al-
though the method | present is geared specifically toward algorithm visualizations, 1 believe that it
can serve as a foundation for carrying out a Consensus Analysis of the representation interpretation
and construction activities of just about any community.

IHence, the use of the term informant (as opposed to, say, subject) is deliberate; it underscores the fact that participants in a
Consensus Study are informing the researcher of their culture, rather than the researcher subjecting them to a test.

3
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3.1 Designing the Consensus Survey

The consensus “survey” that | propose engages informants in the two activities that are of interest
here:

(1) representation interpretation—meaningfully interpreting a community representation; and

(2) representation construction—constructing a representation that other community members will
understand.

In my own research, | have designed tasks involving the interpretation and construction of algorithm
visualizations. My interest in these tasks was spurred by ethnographic studies I carried out in an
actual undergraduate algorithms course in which students constructed their own visualizations
(Hundhausen, 1999, ch. 4). In those studies, | observed that the ability to interpret and to construct
graphical representations of algorithms was shared by schooled algorithmaticians—those who par-
ticipate in the practice of designing and analyzing computer algorithms. Through constructing and
presenting their own visualizations in course assignments, and through viewing visualizations con-
structed by others, students gradually developed an ability to interpret and to construct graphical
representations of algorithms—an ability that, by the end of the course, more closely resembled the
interpretation and construction skills of their instructor. In other words, by the end of the course,
upon watching a particular visualization, students increasingly agreed on how it mapped back to the
algorithm it represented. Similarly, by the end of the course, students began to graphically represent
the same algorithm in terms of a similar set of semantic elements. In short, one measure of students’
learning in the course was their ability to interpret and construct the representations of the commu-
nity that is in the process of reproducing itself through an undergraduate algorithms course: the
Community of Schooled Algorithmaticans.

3.1.1 The Interpretation Task

In the interpretation task | propose, informants are presented with a well-established community
representation. They are then asked to map graphical elements, attributes, and transformations of
that representation to their underlying semantics. For example, members of the Community of
Schooled Algorithmaticians would be asked to view an identical, well-established visualization of a
well-known algorithm. Figure 1 presents a well-established “sticks” visualization of bubblesort, a
well-known sorting algorithm whose pseudocode is presented in Figure 2. In this visualization, the
sticks represent the elements to be sorted; stick height represents element magnitude. As the visu-
alization progresses, adjacent stick elements are flashed, and smoothly switch places if they are out
of order. By the end of the visualization, stick elements form an ascending or descending ramp, indi-
cating that they are in order.

Figure 1. Classic “Sticks” Visualization of the Bubblesort Algorithm
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1: BuBBLE- SORT( A)

2: for j = n- 1to 1 do

3: for i = 1toj do

4. if (Ali] > Ali+1] then
5: exchange Ali] « A[i+1]
6: end if;

7: end for;

8: end for;

9:

end BUBBLE- SORT;
Figure 2. Pseudocode Description of the Bubblesort Algorithm

To elicit informants’ interpretation of this visualization, we would ask informants to build a table
mapping significant elements, attributes, and transformations in the visualization to their underly-
ing meanings. So that participants have a common basis for their mappings, we would ask them to
anchor the meanings in a common pseudocode description of the algorithm, such as the one pre-
sented in Figure 2. Table 1 presents an example of what a table constructed by an informant might
look like. Stick elements are mapped to entries in the pseudocode array “a.” Stick height (an attrib-
ute of stick element) is mapped to values of the pseudocode array “a.” The visualization transforma-
tion in which two elements flash, as well as the visualization transformation in which two elements
switch places, is mapped to a specific block of pseudocode.

SEMANTICS OBJECT/ATTRIBUTE/TRANSFORMATION
Element of array A Stick

Value of element of array A Height of stick

array “a” Row of sticks

if (Ali] > Ali+1] then Adjacent sticks flash

exchange Ali] « Ali+1] Adjacent sticks change places

Table 1. Mapping the Bubblesort Visualization Shown in Figure 1 to its Semantics

As part of my dissertation research, I have conducted pilot studies that included a task like this one.
I observed that informants who view an identical visualization can and will construct different sets
of mappings. This observation underscores an important point implied by Consensus Theory:
namely, that community representations do not derive their meaning not from absolute rules of hu-
man perception or graphic presentation. Rather, the meaning of community representations, just
like the meaning of natural languages, is a matter of agreement among members of the community.

3.1.2 The Construction Task

I propose a construction task in which informants are first presented with a problem or concept that
is of interest to the community. They are then asked to construct their own representations of that
problem or concept. For example, members of the Community of Schooled Algorithmaticians would
be given a pseudocode description of a well-known algorithm, for which they would be asked to con-
struct a visualization. In prior empirical studies (Douglas, Hundhausen, & McKeown, 1995; Doug-
las, Hundhausen, & McKeown, 1996), we asked computer science graduate students to construct
visualizations of the bubblesort algorithm (described in the previous section) for the purposes of ex-
plaining the algorithm to an introductory-level computer science student who is unfamiliar with the
algorithm. Participants used simple art supplies (colored pens, colored construction paper, scissors)
to construct their visualizations. They “executed” their homemade visualizations by doing such
things as (a) moving construction paper “cutouts” across the table, (b) gesturing, (c) marking up their
visualizations dynamically with a pen, and (d) providing a play-by-play narrative of the action as it
unfolded. Figure 3 presents snapshots of the three visualizations that we observed in the study.

On the surface, the visualizations presented in Figure 3 appear to vary widely. However, by con-
ducting the same kind of semantic-level analysis that we would have informants perform in the in-
terpretation task described above, we can map these visualizations to their underlying semantics, as
shown in Tables 2 and 3. Table 2 maps the objects of the visualizations, along with the objects’ at-
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tributes, to their underlying semantics. Table 3 maps significant visualization transformations to
lines of pseudocode. As these tables indicate, even though the three visualizations differ widely at a
lexical level, they all portray the bubblesort algorithm in terms of a similar semantics. In the next
section, I illustrate that it is possible to use this kind of semantic level analysis as input to a Consen-

sus Analysis.
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Figure 3. Snapshots of the Number, Color and Football Visualizations of the Bubblesort Algorithm Observed in the Studies
of Douglas, Hundhausen, & McKeown (1995, 1996)

SEMANTICS NUMBER AV LEXICON COLOR AV LEXICON FOOTBALL AV LEXICON
entry in array “a” Square Square Stick Figure
value of entry in array “a” Number symbol Color Color (as weight)
array “a” Contiguous row of Non-contiguous row of Contiguous row of figures
squares squares
Inner loop pass history Rows of sorting ele- Ya Ya
ments

Outer loop pass history

Columns of rows

Rows of sorting elements

Rows of sorting elements

Legend explicating order-
ing on sort elements

Y

Triangles with color spec-
trum

Column of color/player
weight pairs

Table 2. Mapping the Lexical Objects and Attributes of the Bubblesort Visualizations Observed by Douglas, Hundhausen, &
McKeown (1995, 1996) to Their Semantics

SEMANTICS

NUMBER AV LEXICON

COLOR AV LEXICON

FOOTBALL AV LEXICON

DO outer loop

Start new column of rows

Create new row of squares

Create new row of football
players

DO inner loop

Create new row of squares

Y

Y

a) Reference elements to be

compared Color elements pink Ya Location of football
b) Compare elements Intuitions about how player
(same, <, >) Ya Ya size relates to running,

tackling, and fumbling

c) Exchange elements

Exchange numbers

Exchange colors

Ball carrier advances by
tackling next football
player in line (thereby ex-
changing positions with
that player)

d) Don’'t exchange elements

Y

Y

Fumble football to next
player in line

Terminate outer loop

Color square in correct
order green

Y

Y

Terminate Sorting

Ordering of natural num-
bers, all squares green

Color squares match legend

Players ordered by weight

Table 3. Mapping the Lexical Transformations of the Bubblesort Visualizations Observed by Douglas, Hundhausen, & McKe-
own (1995, 1996) to Their Semantics
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3.2 Quantifying Agreement

In order to use Consensus Theory'’s statistical model to assess an informant’s “cultural competence,”
we first need a means of quantifying the extent go which two individuals agree. Otherwise, we have
no way of determining the consensus of a community around the activities of representation inter-
pretation and construction.

To determine the level of agreement between two individuals with respect to their performance in
the representation interpretation and construction tasks just outlined, we can make use of the se-
mantic-level analysis technique just described. With respect to representation interpretation, two
informants are said to agree to the extent that they can view a representation and perform a similar
semantic-level analysis on the representation. More formally, let s: be the set of semantic primitives
(i.e., lexical-to-semantic mappings) that informant i1 gleans from viewing a representation, and let sz
be the set of semantic primitives that informant iz gleans from viewing the same representation.
Then the proportion of agreement between informants iz and iz can be defined as the proportion of
semantic primitives in siand sz that are identical:

Is1 C s2]

Is:1 E sz

Proportion of agreement(iz,iz) = (Eq. 1)

In the case of representation construction, the researcher, not the informant, is performing the se-
mantic level analysis. Other than this difference, the agreement between two informants can be cal-
culated in an analogous fashion: Two informants are said to agree to the extent that the representa-
tions that they construct have semantic primitives in common. More formally, let s1 be the set of se-
mantic primitives determined to exist in the representation of informant i1 for problem or concept p,
and let ss be the set of semantic primitives determined to exist in the representation constructed by
informant iz for the same algorithm or concept p. Then Eq. 1 expresses the proportion of agreement
between the representations of iz and i2.

To illustrate how one might apply this definition of agreement, Table 4 computes the pair-wise levels
of agreement among the three visualizations presented in Figure 3, based on the semantic-level
analysis presented in Tables 2 and 3.

PAIR

PROPORTION OF
AGREEMENT
(OBJECTS AND ATTRIBUTES)

PROPORTION OF
AGREEMENT
(TRANSFORMATIONS)

PROPORTION OF
AGREEMENT
(ToTAL)

Number-Color

416 (67%)

316 (50%)

7/12 (58%)

Number-Football

416 (67%)

4/8 (50%)

8/14 (57%)

Color-Football

5/6 (83%)

316 (50%)

8/12 (67%)

Table 4. Computing the Pair-Wise Proportion of Agreement among the Visualizations Presented in Figure 3

This definition of informant agreement raises three general issues that require further discussion.
First, it is unclear whether analysts will use similar vocabulary to describe mappings. If they do not,
it may be difficult to interpret whether their analyses actually concur. Based on pilot studies | have
conducted to explore these issues, | have concluded that analysts choices on both sides of the map-
ping must be sufficiently constrained, so that agreement between them is not subject to interpreta-
tion, but rather can be determined unambiguously. Constraining analysts’ choices entails requiring
them to identify unambiguously each visualization element they wish to map (perhaps by having
them use software to point-and-click at each element), and requiring them to express semantics in
terms of a common pseudocode description.

A second issue raised by the above definition of agreement is that, in the case of the representation
construction task, the sets s1 and s1 are subject to the interpretation of an analyst trained in the se-
mantic-level analysis technique. To minimize the bias of a single analyst, we would ideally have a
set of trained analysts perform independent semantic-level analyses on informants’ representations;
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the intraclass reliability coefficient (see, e.g., Shrout & Fleiss, 1979) of the analysts could then be in-
corporated into the Consensus Analysis.

The third issue raised by the above definition of agreement is that it may oversimplify the notion of
semantic agreement. Indeed, Tversky (1977) has developed a formal model for assessing the agree-
ment between two sets of semantic features that is far more sophisticated than Eq. 1 (set intersec-
tion divided by set union). In particular, given a domain of feature (i.e. semantic primitive) sets {su,
Sz, . . ., Sn}, Tversky defines a function s(a,b) to be the relative similarity between feature sets a and
b. The function s(a,b) assigns a value to each pair of feature sets, such that s(a,b) > s(c,d) means
that a is more similar to b than c is to d. The function s(a,b) is defined as a linear contrast between
the semantic primitives in set a and b:

s(a,b) = gf(a C b) —af(a—b)—bf(b - a) (Eq. 2)

where f(a C b) counts the number of primitives that a and b have in common; f(a — b) counts the
number of primitives belonging to a but not to b; f(b — a) counts the number of primitives belonging
to b but not to a; and q, a, and b are weightings indicating the relative importance of these three en-
tities. Notice that, in contrast to Eq. 1, Eq. 2 provides a framework for weighting the relative impor-
tance of various features of a semantic domain. In performing a Consensus Analysis, one would do
well at least to experiment with the Tverskian model, in addition to using the intuitive formula for
proportion of agreement presented in Eq. 1.

3.3 A Sample Consensus Study

Based on the ideas just discussed, | conclude this section by sketching out an example of out how one
might design and analyze a Consensus Study of representations. As discussed above, my own re-
search is interested in the practices of the community in the process of reproduction through an un-
dergraduate algorithms course—what I call the “Community of Schooled Algorithmaticians.” This
community shares a sense of not only what is important and interesting about algorithms, but also of
how to communicate about algorithms. Such communication almost invariably involves the use of
visual representations of algorithms—"algorithm visualizations.” Thus, for social constructivist-
minded educators, students’ convergence on expert-like performance in visualization interpretation
and construction constitutes an important gauge of learning within an undergraduate algorithms
course.

A Consensus Study centered around these activities could be used to measure the effectiveness of
alternative pedagogical treatments in facilitating students’ convergence on expert competence in an
undergraduate algorithms course. In order to establish the “cultural truth” in these tasks, we must
first have a group of expert algorithmaticians (i.e., instructors) complete visualization interpretation
and construction tasks (see Section 3.1) for two different algorithms. The results of our semantic
level analysis of their tasks would be fed to Consensus Theory’s statistical model, in order to deter-
mine the “cultural truth” for these tasks—that is, the "culturally correct” set of semantic primitives
that experts glean from (interpretation tasks) the visualizations that they view, and include in (con-
struction tasks) the visualizations that they construct in the tasks.?

Once we run the experts through our study, we are ready to recruit our student informants. The
idea is to employ a between-subjects design in which we divide students into two groups, each of
which completes an alternative set of learning exercises. Before completing these learning exercises

2According to Consensus Theory’s statistical model, the higher the average cultural competence among informants, the fewer
informants are required to determine the “cultural truth” with a high level of confidence. For example, if the average level of
cultural competence among participants is 0.8 (i.e., informants agree with each other 80% of the time), then we need only 6
participants to determine the “cultural truth” at the .95 confidence level (Romney, Weller, & Batchelder, 1986). Thus, the
number of expert informants we would actually need to attain an acceptably high level of confidence (0.95) cannot be known
precisely in advance. Rather, it is determined by the results of intermediate Consensus Analyses. A preliminary estimate is
that six to ten experts would be needed.
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(which may span just a few hours, but more likely will span an entire academic semester), both
groups complete interpretation and construction tasks for the first of the two algorithms. The re-
sults of a semantic-level analysis of these tasks are fed into a Consensus Analysis, so that we can
determine students’ baseline cultural competence with respect to the expert informants in the study.
Then, upon completing their respective pedagogical treatments, both groups of student informants
complete interpretation and construction tasks for the second of the two algorithms. Once again, the
results of a semantic-level analysis of these tasks are fed into a Consensus Analysis, in order to de-
termine students’ “final” cultural competence with respect to the expert informants in the study.

At this point, we are in a position to test for significant differences between the two groups. If the
average change in one group’s level of cultural competence (that is, the difference between its final
and baseline cultural competence) is significantly higher than the average change in the other
group’s level of cultural competence, then that would be grounds for concluding that one pedagogical
treatment is more effective than the other.

4 Conclusion

This paper has introduced a novel method for measuring an individual’'s competence within the im-
portant community activities of constructing and meaningfully interpreting external representa-
tions. The premise, rooted in sociocultural constructivist learning theory (Lave & Wenger, 1991), is
that learning amounts to increasingly central participation in a community of practice—that is, an
ability to perform activities that are important to the community in a way that increasingly resem-
bles a community expert’s performance. The theoretical foundation of the method is Consensus
Theory, a formalized, consensus-based model of community that has evolved out of research in cogni-
tive anthropology. According to Cultural Consensus Theory, there is no such thing as absolute truth.
Rather, Consensus Theory’s formal model makes it possible to derive a “cultural truth” based on pat-
terns of agreement among community members.

The main obstacle to using Consensus Theory as a means of measuring individual competence with
respect to representation construction and interpretation is the difficulty in quantifying the extent to
which two individuals agree in these activities. To overcome this obstacle, | have introduced a tech-
nique called semantic-level analysis, in which the lexical features of a representation are mapped to
their underlying semantics. The number of semantic elements that representations have in common
can then be used as a basis for quantifying the extent to which they are in agreement. Such a quan-
titative measure of pair-wise agreement is all that Consensus Theory’s model requires in order to
derive the cultural truth around representation construction and interpretation, and in order to de-
termine each individual’s level of cultural competence.

Through an example from my own research into the use of algorithm visualization in computer sci-
ence education, I have demonstrated how one might use the method introduced here as a novel
means of measuring learning—one that incorporates learners’ performance in constructing and in-
terpreting the representations of a community of practice. | hope that the example | have presented
has convinced you of the potential of this method. At the same time, | want to underscore that what |
have presented here is just a beginning. Consensus Theory originally evolved out of an interest in
studying differences in the names people have for things such as plants. Shifting from the relatively
simple domain of nhames to the potentially complex domain of graphical representations is quite a
leap. Clearly, much empirical research remains to be done in order to refine the method, and in or-
der to demonstrate its feasibility and utility in practice.
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