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Abstract objective: The use of icons and other graphical components in user interfaces has become nearly
ubiquitous. The interpretation of such icons is based on the assumption that different users perceive the shapes
similarly. At the most basic level, different users must agree on which shapes are similar and which are different. If this
similarity can be measured, it may be usable as the basis to design better icons.

Design: The purpose of this study was to evaluate a novel method for categorizing the visual similarity of graphical
primitives, called Presentation Discovery, in the domain of mammography. Six domain experts were given 50 common
textual mammography findings and asked to draw how they would represent those findings graphically. Nondomain
experts sorted the resulting graphics into groups based on their visual characteristics. The resulting groups were then
analyzed using traditional statistics and hypothesis discovery tools. Strength of agreement was evaluated using
computational simulations of sorting behavior.

Measurements: Sorter agreement was measured at both the individual graphical and concept-group levels using

a novel simulation-based method. “Consensus clusters” of graphics were derived using a hierarchical clustering
algorithm.

Results: The multiple sorters were able to reliably group graphics into similar groups that strongly correlated with

underlying domain concepts. Visual inspection of the resulting consensus clusters indicated that graphical primitives
that could be informative in the design of icons were present.

Conclusion: The method described provides a rigorous alternative to intuitive design processes frequently employed in

the design of icons and other graphical interface components.
® J Am Med Inform Assoc. 2005;12:338-345. DOI 10.1197 /jamia.M1628.

Background

Graphical user interface models such as those found in the
Microsoft Windows™ or Mac OS™ operating systems have
become ubiquitous in the modern computing environment.
A key component of such interface models is the use of graph-
ical elements, such as icons, as presentation models! for tasks
and objects within a given context (for example, the folder
and document icons commonly used to present file storage
objects in the context of a computer’s operating system).
The usefulness of icons in the domain of health care comput-
ing applications has been evaluated in studies examining
their effectiveness in conveying complex medical data or con-
cepts, such as that found in medical records® and radiology
reports.3 However, despite a significant amount of literature
describing the evaluation of existing icons and ways in which
icons can be combined within graphical user interfaces,* there
is a paucity of literature describing rigorous methodologies
for the initial design of icons or their graphical components.
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The need for rigorous methods for the design or selection of
icons varies with application domain. In some application do-
mains, for example word processing, it is relatively easy to lo-
cate graphic designers with domain expertise and an intuitive
grasp of the metaphor of reference (e.g., the desktop meta-
phor).? The health care environment is one of many that do
not share this advantage. In addition, within the health care
environment, there are multiple subdomains (e.g., administra-
tive, clinical, research), each with unique metaphors. These
subdomains, combined with the breadth of data elements
and concepts that need to be modeled in health care applica-
tions, lead to significant challenges in the design of suitable
iconic presentation models. As in other highly technical areas,
it is difficult to find individuals who possess both interface de-
sign skills and an intuitive understanding of the given do-
mains concepts. Finally, owing to the time-sensitive nature
of many health care activities and the need for both rapid
and accurate interpretation of critical data, ambiguity con-
cerning the intended meaning of an icon or graphical element
is highly undesirable. Because of these difficulties, the conven-
tional intuitive approach to the design of icons® is far from
ideal for the design of health care computing applications.

A more structured approach to the design of icons has been
proposed, known as Presentation Discovery.” Presentation
Discovery consists of four major steps:

1. The identification of target domain concepts for use in
a presentation model

2. The elicitation of candidate graphical primitives that repre-
sent the selected domain concepts from domain experts
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3. The categorical sorting of candidate graphical primitives
into consensus clusters based on their visual characteristics

4. The extrapolation of representative prototype graphics
from the consensus clusters.

This approach incorporates both the knowledge of domain
experts during the generation of candidate graphical prim-
itives and the personal constructs used by the targeted
end-user community during the subsequent categorical sort-
ing phase of the methodology. An important characteristic
of Presentation Discovery, compared with other methods
that have been proposed to evaluate iconic presentation
models, is that it is intended for use in the early design
phase of a software project (e.g., during initial prototype
development and iterative refinement) to enable designers
to select the best constituent members of an iconic presenta-
tion model.

This study focuses on steps 3 and 4 of the Presentation
Discovery methodology, which supposes a level of consis-
tency among experts during the elicitation phase of the
process. This work extends the Presentation Discovery
methodology by providing novel techniques to evaluate
such consistency, thus mitigating potential problems that
could result from an inconsistent body of prototypical
graphics. In particular, it evaluates several of the premises
that underlie Presentation Discovery. In doing so, the authors
intend to address the following questions:

1. Do multiple sorters without domain expertise group
graphics together in a similar manner?

2. Will the application of conventional hypothesis discovery
tools to the sorted graphics yield clearly differentiable
groupings of prototype graphics?

3. Will the resulting groups of graphics correlate back to the
original domain concepts?

The experimental context is the development of icons that
may be used to present concepts commonly found in textual
mammography reports. It is important to note that the evalu-
ation of these premises is limited by methods used to identify
the domain concepts, including the corpus analysis tech-
niques used, which rely on automated natural language pro-
cessing and expert knowledge elicitation. Furthermore, the
types of concepts modeled in the described study are limited
to diagnoses and anatomic modifiers and therefore cannot
project the effects of representing more complex procedural
concepts. These limitations are discussed in greater detail
later.

Generation of Candidate Graphical Primitives

Fifty typical mammography findings were used to generate
the graphics in the original Presentation Discovery study
and in this analysis. These findings were derived from
the Columbia University Medical Center Clinical Data
Repository (CDR), which contains more than ten years of
mammography reports. These reports have been processed
using the MedLEE Natural Language Processing System
since 1994.%° This allows reports to be retrieved based on spe-
cific findings. A query of the CDR yielded 10,000 mammogra-
phy reports that had been coded using the MedLEE system.
Reports containing negative findings were eliminated from

the initial group, and 10% of the remaining reports were
selected at random. From the randomly selected group of
reports, duplicates or reports containing nondescriptive
findings were eliminated, and the remaining reports were
inspected manually, yielding a group of 105 commonly used
findings. From these 105 findings, 50 were selected manually
to include roughly equal portions of masses, calcifications,
and other findings (Appendix 1, available as an online data
supplement at www.jamia.org).”

Six radiologists were each given a survey booklet with 50
findings. Each page of the booklet contained one of the 50 se-
lected textual findings, an anatomic outline of the breasts, and
two check boxes allowing the subject to indicate whether the
best presentation of the specific finding was a blank diagram
or that the subject could not ascertain a way to draw the given
finding. The radiologists were then instructed to draw what
they considered the best graphic for the given finding or to
check one of the provided boxes as necessary (Fig. 1).7

Sorting

Of the resulting 300 survey pages, those that did not contain
a graphic were discarded; the remaining 238 were masked to
prevent subsequent sorters from reading the textual finding
associated with each drawing, and the order of the surveys
was randomized. A group of six graduate students in the
Columbia University Department of Biomedical Informatics
was asked to sort the surveys into groups based on the visual
similarity of the graphics, a process known as categorical sort-
ing."® Nonradiologists were intentionally selected as sorters
for two reasons. First, it was thought to be a more rigorous
test of the method because the sorters would use only the ap-
pearance of the graphics rather than higher level domain
knowledge to inform the sorting process. Second, in many in-
stances, it may be difficult to recruit sufficient domain experts
for both the elicitation and the sorting phases, making the
use of nonexpert sorters desirable. Therefore, it is important
to validate the ability of such nonexperts to reliably sort
graphics for which they do not have expert-level domain
knowledge. Three of the subjects were medical doctors. Of
the remaining three subjects, two had backgrounds in the nat-
ural sciences, and one had a background in computer science.
None of the subjects were radiologists. The resulting groups
created by each subject were recorded into a 238 X 237
element matrix for later analysis. The matrix corresponds to
the pair-wise grouping of each graphic with the other 237.
Whenever a sorter placed two graphics in the same group,
the corresponding cell was assigned a value of 1; if a pair
were in different groups, the cell was assigned the value of 0.

Analysis

The matrices for all sorters were summed together into a sin-
gle 238 X 237 element agreement matrix (Fig. 2, available as
an online data supplement at www.jamia.org). Each cell
had a value between 0 (corresponding to no sorters placing
the two indicated graphics in a group together) and 6 (corre-
sponding to all sorters placing the two indicated graphics in
a group together). For the purposes of subsequent data anal-
ysis, those cells in the agreement matrix that remained unas-
signed (e.g., those having a weight of 0) were censored.

Using the cell values recorded in the agreement matrix, aggre-
gate user agreement (A) for all pairings of a single graphic
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Figure 1. Example graphical

prototypes generated by domain

experts. For elicitation, each sur-

X vey page contained the breast
template shown and one textual
finding. Each graphic corresponds
/ to one of the following findings. A:
“Multiple surgical clips are again

noted in the outer upper quadrant
of the left breast.” B: “Malignant
appearing lesion right breast ten
o’clock.” C: “There are scattered
microcalcifications seen through-
out the left breast. These calcifica-
tions most likely represent early
. dystrophic  calcifications.”  D:
“There is an 8-mm spiculated mass
in the right breast at one o’clock

[A] (WA |
/1 ]l
/o N\ 4}
/ , |!'J: ".t’i e\ !71* fl
& U 2 <
I I \
\‘H] UF/ 0

with the remaining 237 graphics (representing a single row or
column of the agreement matrix) was calculated for each
graphic using a simple average of non-zero cells:

Equation 1: Aggregate user agreement (where s is the score
of any nonzero cell for the given row or column and # is the
number of nonzero cells in that row or column). This yields
the average agreement score for all possible pairings of
a single graphic with all other graphics.

Thus, if a given row or column of the agreement matrix con-
tains only scores of 6 or 0, the aggregate user agreement is 6.
Similarly, if the sorters are evenly split and the given row or
column of the agreement matrix contains only scores of 3 or
0, the aggregate user agreement is 3. If all the sorters agreed
on one association, but only half assigned a second associa-
tion (e.g., one cell is assigned a score of 6, one cell a score of
3, and multiple cells assigned scores of 0), the agreement
would be 4.5.

i e / intense

that corresponds to an area of
shadowing by ultra-

sound.”

Average group size (G) for the set of unique groups of
graphics created by the individual sorters was calculated us-
ing the following method:

i
2. S;
G=S—
]
Equation 2: Average group size (where j is the number of
unique groups created by the sorter and S is the number
of elements in a given unique group).

As described previously, for each unique textual finding, six
radiologists were asked to draw representative graphics.
Thus, sorters were presented with as many as six drawings
representing the same domain concept. This group of draw-
ings will be referred to as a concept group (e.g., the graphics
represent a common textual finding). Concept-level agree-
ment was analyzed by calculating how often graphics repre-
senting the same concept were grouped together by the
sorters. This was computed by averaging the 16 unique com-
binations of the set of six graphics that comprised each such
concept group.
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Computational Simulation of Sorting Behavior
Because the sorters in this study were not given predefined
groups into which the provided graphics were to be sorted,
each observer created a different number of groups having
a unique number of members. Such an outcome is common
in studies using categorical sorting. Due to this variability in
group size and composition, conventional statistical measures
of interobserver agreement were not applicable."" A certain
amount of apparent sorter agreement would occur by chance.
To evaluate the level of actual versus random sorter agreement
in the study data set, a computer simulation was constructed
to emulate random sorting behavior. Summary statistics
(such as aggregate agreement) could be computed on the sim-
ulated agreement matrix and compared with the observed
values. The simulation could also be run multiple times to
generate variance statistics. The authors hypothesize that the
greater the difference between the observed and random ma-
trices, the more likely it is that the observed agreement matrix
represents the result of a reproducible, significant categorical
organization of the objects under study by the sorters.

This simulation was implemented by modeling the results of
sorting as a forest of fully connected graphs, where each ver-
tex represents a single graphic and the edges between vertices
represent the placement of two graphics into the same group.
An exhaustive description of the simulation is beyond the
scope of this work. Initial studies quickly demonstrated that
simply populating an agreement matrix with random values
yielded nonsensical results. Further study confirmed that the
simulation needed to accurately replicate the behavior of
multiple sorters grouping items together; assigning initial
edges or incrementing edge weights between vertices during
multiple iterations (Fig. 3, available as an online data supple-
ment at www.jamia.org). To model observed sorting behavior
in a more equitable manner to the sorting behavior of actual
subjects, a number of constraints were incorporated into the
simulation, as enumerated below:

® Group size: Larger groups produce higher levels of random
agreement, thus the simulation needed to account for the
group sizes in the real-world data set.

® Group size variance: Since there was significant variability in
observed group sizes, it was necessary to model this feature
computationally. Therefore, the simulation creates groups
of sizes that fall within the statistical distribution found
in the observed sorting study under consideration.

® Transitive closure: The simulation was designed to prevent
the creation of nonsensical edges (e.g., nonsymmetric
edges). It is important to note that the creation of non-
sensical edges in this context would be a violation of the
transitive nature of the edgewise connectivity required to
comparably represent an observed agreement matrix. As
an example, given three graphics, symbolically represented
as A, B, and C, if A and B are in the same group, and B and
C are placed in the same group, then A and C must be in the
same group as well.

To generate statistics that could be compared with the real-

world data, the simulation was run 100 times using the

same numbers of sorters and groups as occurred in the real-

world data set. Each simulated data set was recorded and

subjected to the same analysis as that performed on the study

data set to generate predicted aggregate agreement scores for

the simulated agreement matrices. From these 100 scores,

a mean and standard deviation were computed. These were
subsequently compared with the observed data set using con-
ventional statistical significance tests. One hundred runs were
selected as a convenient threshold. Pilot studies with as many
as 1,000 iterations were also performed. Visual inspection of
the results confirmed that the model was linear above 100
iterations.

Hypothesis Discovery Tools

The previous metrics are able to determine sorter agreement
at the individual graphic or pairwise level but do not measure
larger clusters or higher order relationships. To evaluate
higher order relationships in the study data set, hypothesis
discovery tools were used. The goal of hypothesis discovery
tools is to provide an objective or semiobjective means of de-
termining previously unknown or unrecognized classifica-
tions or groupings within a large data set. In this study,
cluster analysis (a type of hypothesis discovery tool) was
used to determine the underlying organization of the multi-
ple groups of graphics created by the sorters. Cluster analysis
can be generally described as “an exploratory data analysis
tool which aims at sorting different objects into groups in
a way that the degree of association between two objects is
maximal if they belong to the same group and minimal other-
wise”  (http://www.statsoft.com/textbook/stcluan.html).
Specifically, an unweighted pair group centroid hierarchical
clustering algorithm was applied to the agreement matrix.
Such hierarchical clustering algorithms are agglomerative,
beginning with each graphic as an individual cluster and re-
cursively aggregating clusters based on Euclidean distance
measures derived from the pairwise comparison of the indi-
vidual row or column that defines the sorting characteristics
of a given cluster (representing either a single graphic or an
aggregate sequence derived from previously -clustered
graphics).'*"3

d(i,j) = \/‘Xﬂ - x]'1’2+|x,‘2 - sz|2+...+]xi,, — x]-p|2

Equation 3: Euclidean distance measure between cluster i
and cluster j, where each cluster is characterized by p pa-
rameters. The distance is calculated from the pairwise com-
parison of each matching set of parameters in the respective
clusters.”

Subsequent analyses can then be performed using statistical
measures applied to the proximity matrix (consisting of clus-
ter elements and Euclidean distance measures) that results
from the clustering algorithm. This type of algorithm was
chosen because, unlike other similar hypothesis discovery
tools, it does not require the preanalysis designation of cluster
sizes (e.g., number of cluster members) and cluster instances
(e.g., the number of resulting clusters). Given the variation in
group size among the sorters, such a preanalysis designation
would introduce undesirable bias into the data analysis pro-
cess. The algorithm, as implemented in SAS Institute’s J]MP
5.0.1a statistics package running on Mac OS™ 10.3.2, pro-
duced the previously described proximity matrix, including
intergraphic Euclidean distance measures that can be used
as an indicator of cluster “tightness” (e.g., the higher the dis-
tance measure, the less closely related the elements of the
cluster).'* Cluster analysis was performed at both the indi-
vidual graphic and concept group levels (e.g., each derived
element in a cluster was the group of graphics that
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represented a single textual finding). For each resulting clus-
ter, the ratio of the number of unique findings associated with
the graphics that comprise the cluster to the total number of
graphics in the cluster was calculated. The clustering algo-
rithm generated a dendrogram of the resulting clusters,
which was used for visual inspection of the results (Fig. 4,
available as an online data supplement at www.jamia.org).
Dendrograms are a visualization of the hierarchical structure
generated by the clustering algorithm, providing a “tree-like
diagram that summarizes the process of clustering...similar
cases are joined by links whose position in the diagram is
determined by the level of similarity between the cases”
(http://obelia.jde.aca.mmu.ac.uk/multivar/gloss.htm).

Data Visualization

To evaluate the agreement and proximity matrices for dis-
cernible patterns, data visualization tools were applied to
the study data set. Prior to visualization, one axis of the agree-
ment matrix was sorted based on the order of graphics in the
dendrogram (above) and the other axis was sorted based on
original domain concept. Using this sorted matrix, a heatmap
was constructed, using HeatMap Builder (http:/ /quertermous.
stanford.edu/heatmap.htm) (Fig. 5). The heatmap was then
inspected visually and selectively annotated to indicate pat-
terns associated with discrete concept meanings of interest.

Results

The six sorters generated 169 unique groups of graphics. The
groups created by the individual sorters ranged in size from 6
to 68 graphics. Average group size ( G) was found to be 8.46
and aggregate observer agreement ( A) was 4.07 with a stan-
dard deviation of 0.65. Of particular interest was the distribu-
tion of group size when comparing sorters with a medical
background who consistently created fewer, larger groups
and sorters with a nonmedical background who created
a larger number of smaller groups, especially as was the
case with the sorter whose background was in computer sci-
ence (Fig. 6, available as an online data supplement at
www.jamia.org). Compared with the observed sorter agree-
ment, the computer model yielded a predicted aggregate
agreement of 0.42 with a standard deviation of 0.17. The
magnitude of this difference (5.6 standard deviations), in
the absence of conventional statistical measures for such
data, demonstrates that agreement among the sorters was
highly significant (Fig. 7, available as an online data supple-
ment at www.jamia.org). While visualization of agreement
at the individual graphic level does indicate the existence of
a number of “near plateaus,” the number of these phenomena
approximates the number of sorters, and therefore the au-
thors have concluded that it would be premature to postulate
that this demonstrates the existence of a true, reproducible
phenomenon.

Consensus clustering yielded 87 unique clusters of graphics,
with an average cluster size of 4.4 elements (e.g., graphics)
and an average distance between cluster elements of 2.84
(Fig. 8, available as an online data supplement at www.
jamia.org). The average ratio of unique findings to total ele-
ments in a given cluster was found to be 1.56. The resulting
consensus clusters generated by the complete hierarchical
clustering algorithm were inspected visually and found to
contain usable groups of prototypical graphical elements
(Fig. 9, available as an online data supplement at www.

jamia.org). These clusters consistently exhibited “tight” inter-
graphic distances, which were reflected when visually com-
paring the graphics. A concept-group aggregate agreement
score was produced by calculating the mean aggregate agree-
ment for all six graphics associated with each original textual
finding. The analysis at the concept-group level yielded an
observed aggregate agreement (A) of 4.16. Concept-group
level aggregate agreement predicted from the simulation
was 1.02 with a standard deviation 0.20 (Fig. 10, available
as an online data supplement at www.jamia.org), indicating
a high level of statistical significance. Cluster analysis at the
concept-group level yielded 15 clusters, with an average clus-
ter size of 4.27 unique findings and an average distance be-
tween findings of 5.33.

The relationship between the clusters of graphics and the un-
derlying concepts can be explored through the use of data vi-
sualization tools."*'® The heatmap visualization used in this
study (Fig. 5) is sorted along the vertical axis based on the
cluster order generated by the hierarchical clustering of indi-
vidual graphics (as is reflected in the resulting dendrogram).
The heatmap is sorted along the horizontal axis by mean
cluster order for the graphics associated with the previously
defined concept groups. As a result, if the sorters always
sorted graphics associated with different findings into differ-
ent groups, the heatmap would show a single diagonal one
cell wide. The more that graphics derived from different find-
ings are sorted into similar groups, the greater are the width
and “fuzziness” of the diagonal. It is clear from the high level
of structure in the heatmap that specific meanings are
strongly associated with certain graphics. This also shows
that some findings demonstrated more overlap with other
findings and associated graphics than others. The implica-
tions of this are discussed later.

Discussion

The results of this study support the assumptions underlying
the use of Presentation Discovery as a method for developing
the graphical primitives of an iconic presentation model.
Specifically, the following two assumptions were found to
be true:

® Nondomain experts reliably and consistently grouped
graphics into similar groups. Aggregate sorter agreement
(A) was found to be extremely high at both the individual
graphic (~67.8%) and concept-group (~69.3%) levels, espe-
cially in comparison with the predicted values generated
by the computer model.

® Application of clustering algorithms to the sorted groups
produced consensus clusters that were similar enough to
have produced prototypical iconic primitives.

The purpose of this study was to evaluate components of
a proposed method for the prospective selection of graphical
primitives for use in the development of new icons. At the
most basic level, this approach presumes that such a presenta-
tion model would provide acceptable usability in the human-
computer interaction context. For this to be the case, end users
must be able to interpret the meaning of such icons efficiently
and with a minimum of ambiguity. As stated earlier, there is
a paucity of literature that addresses this type of prospective
selection process. However, several studies have retrospec-
tively evaluated the ability of end users to interpret icons sim-
ilarly,>* lending support to such an argument. The results
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Figure 5. Heatmap of concept-group clusters ordered by
concept-group cluster index on the X axis (e.g., ordered by an
average hierarchical clustering algorithm location index for
each member of the concept-group) and hierarchical cluster-
ing index on the Y axis (e.g., the hierarchical clustering
algorithm location index assigned to each graphic when
reading from left to right in the resulting dendrogram). Each
cell in the heatmap is of equal size, and the intensity of cell
shading indicates the level of agreement observed between
the two graphics as indicated by the X and Y coordinates of
the cell. This visualization demonstrates the existence of
overlapping concept meanings for some graphics. Selected
clusters of interest are annotated with the type of concept-
group finding most frequently present in the given region.
DC = diffuse calcification; SK = skin thickening; CD = cystic
disease; DN = density; MA = masses; FC = focal.

of these studies have led to the conclusion that in many in-
stances, the speed and accuracy of interpretation of iconic mod-
els is superior to that demonstrated with alternatives such as
text, tabular data, or traditional graphics (e.g., histograms
or pie charts).'® Such studies have focused almost exclusively
on retrospective analysis of the usability of existing iconic pre-
sentation models rather that examining the qualities of such
graphics prospectively, as was done in this study. This differ-
entiation is critical to the underlying premises of Presentation
Discovery, in that the method is intended for use in a domain
in which no preexisting body of graphical primitives exists,
which allows for the integration of both expert knowledge
and subsequent hypothesis discovery tools, as described in
the preceding discussion. However, such retrospective stud-
ies have generated a number of theoretical constructs that
are helpful in providing context to the results of this study.

One such construct postulates that iconic presentation models
derive usability from the manner in which end users interpret
a superclass of interface objects known as “metaphor
graphics.”’” The theory behind the use of “metaphor
graphics” is that such presentation models recontextualize
data from the digital form, allowing users to use inherent cog-
nitive strengths in the areas of pattern matching and mental

modeling to interpret and act on the data being presented.
The expressiveness of a given “metaphor graphic” (e.g., the
ability to convey a discrete datum or concept) relies on the
level of mapping between its physical form and its intended
function. This mapping can be classified as belonging to
one of four classes'®:

® Resemblance, in which the icon represents an image analo-
gous to the intended concept

® Exemplar, in which the icon serves as an example of a class
of concepts

® Symbolic, in which the icon conveys a reference to a level of
abstraction higher than that of the intended concept

® Arbitrary, in which the meaning of the icon must be learned
by the user

In general, resemblance and exemplar metaphors are believed
to be more intuitive than symbolic or arbitrary metaphors."
The graphics created in this study appear to be predomi-
nantly of the first two types. However, a significant limitation
to the metaphor graphic construct is that it does not provide
a method for creating such graphic but rather only proposes
a means of evaluation.

An alternative construct is derived from the field of semiotics,
a discipline that examines the design, interpretation, and der-
ivation of meaning for “signs.”” A “sign” is defined as an ob-
ject that is intended to represent a concept to the intended end
user. The semiotic construct defines three components in-
volved in the interpretation of “signs”: an object, which is
the concept to be represented; the representamen, which is
the sign used to represent the object; and the interpretant,
which is the concept as understood by the intended end
user. The relationship between these three components,
known as semiosis, has been systematically represented as
the Pericean Triad (Fig. 11, available as an online data supple-
ment at www.jamia.org). Implicit in the Pericean Triad are
three key subrelationships’:

® The relationship between the object and the representamen,
known as the “representation” relation

® The relationship between the representamen and the inter-
pretant, known as the “interpretation” relation

® The relationship between the interpretant and the object,
known as the “effect” relation.

The overall effectiveness of a sign is dependent on the
strength of these three relationships. Weaknesses between
any of the relationships in the triad may lead to an erroneous
effect relation. Most studies of iconic presentation models
focus on the effect relation, and to a lesser extent, the inter-
pretation relation. Little attention is paid to the representation
relation, thus omitting a key component of the triad. This is in
large part a consequence of the fact that most applications of
semiotics to icon design have been limited to studies of exist-
ing icons in which the representation relation is often taken as
a given. Presentation Discovery complements semiotic-based
evaluation methods because it provides a way to address the
representation relation prospectively.

A third theoretical construct related to Presentation Dis-
covery is Kelley’s Personal Construct Theory.?! This theory
proposes that people contextualize information through cat-
egorization and that they are able to reliably communicate
these categories to other individuals. The categorical sorting
technique used in Presentation Discovery is a variant known
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as an “all in one sort,” in which the sorter performs a single
sort of all objects to be sorted based on either sorter, as is the
case in the Presentation Discovery process, or investigator-
specified criteria. The use of the all in one sort is well suited
to situations in which the study designers are interested
in the quantification of inherent categories within the body
of items to be sorted (usually through the application of
hypothesis discovery or statistical tools)."” In the case of
Presentation Discovery, this process is used to quantify
relationships between newly discovered graphical primitives
as perceived by potential end users of the resulting presenta-
tion model under study. Thus, Presentation Discovery can
be viewed as an operationalization of Personal Construct
Theory.

In addition to the theoretical constructs, which may serve to
inform the design of iconic presentation models, a number
of practical issues are regularly reported on in literature de-
scribing icon design methodologies. Commonly described dif-
ficulties in the development of iconic languages include the
problems of expressiveness and ambiguity.*'” One of the judg-
ments thaticon designers must make is deciding the number of
discrete concepts in a domain that can be reliably represented
by icons. Although there are no concrete rules for this decision,
the tools demonstrated in this study can be used in two ways to
address this problem. First, the number of consensus clusters
provides an insight regarding the number of domain graphics
that are easily differentiable. For example, the existence of 15
unique concept-group clusters of graphics in contrast to 50 tex-
tual findings used to generate the graphics is highly suggestive
that it will be impossible to create an icon set that reliably cap-
tures all the distinctions among the original 50 findings.
Anecdotally, the original Presentation Discovery analysis,
using slightly different methods, resulted in 16 different
prototypical iconic primitives.” Given the similarity of some
concepts in the set of original mammography findings, such
as “suspicious calcification” versus “suspicious microcalcifi-
cation,” this is not surprising. Furthermore, visualization of
the consensus clusters created by the sorters, as seen in the pre-
viously described heatmap (Fig. 5), provides insight into
which concepts will be easiest to differentiate. It can be seen
in the heatmap that some pairs of initial findings show almost
identical patterns of associated graphics, while others show no
overlap. The pattern observed in the heatmap indicates that
masses and calcifications will be easiest to differentiate, while
distinctions within these groups will be harder to discern. The
pattern further suggests that some groups of graphics, such as
the central mass of graphics attributed to masses, are more het-
erogeneous. Such a finding is to be expected and leads to the
hypothesis that for some constructs, multiple candidate
graphics will be generated by the Presentation Discovery
methodology. One potential explanation for this phenomenon
is the varying artistic abilities of the domain experts who ini-
tially provided the candidate graphics used in the study. An
open question that results from these findings is whether met-
rics may be applicable to the described data types to determine
the maximum number of discernible graphics in this type of
study or if such a process will remain reliant on manual inspec-
tion and knowledge-based heuristics.

This work lies at the interface between Knowledge Ac-
quisition (KA)'®**2° and Requirements Analysis (RA).”
Traditionally, the definition of the internal concepts and logic

of an application have been separated from the design of the
visual presentation. The former (i.e., KA) involves expert sys-
tem developers and focuses on determining the ways in
which domain experts conceptualize and reason about a do-
main. The application of KA methodologies in the biomedical
domain has been reported on in a number of instances, usu-
ally in the context of defining and structuring clinical guide-
lines and knowledge-based heuristics.”>*** Numerous KA
techniques exist, for example, interviews, formal and infor-
mal usability analysis, repertory grid analysis, laddering,
and various sorting techniques (e.g., card sorts, categorical
sorts, and picture sorts). 10263031 A1l these techniques rely
on the ability of domain experts or targeted end users to cat-
egorize concepts from the domain in a reliable manner.
Personal construct theory suggests that this ability is derived
from the inherent capacity of humans to contextualize and
make sense of their surroundings through a process of creat-
ing and communicating categories.21 In contrast, the design
of the visual presentation and work flow of an application
(i.e., RA) has traditionally involved interface designers using
different techniques and assumptions.27 Like KA, RA often
involves the elicitation of information from domain experts.
However, this separation is not absolute, and techniques con-
ventionally associated with KA have been used to address
purely visual aspects of user interfaces.'>**** In fact, the
growing field of Interaction Design®’-** is grounded on the be-
lief that the visual presentations and underlying conceptual
models must be more tightly integrated. To our knowledge,
Presentation Discovery is the first application in a biomedical
domain of techniques, normally associated with KA, to the
purely visual presentation aspects of an application.

Limitations

The described study is limited due to the use of a data set de-
rived from a single discipline (e.g., radiology reports) and the
nature of the findings used to generate the set of candidate
graphical primitives, which represented only objects (nouns)
and not actions (verbs) or modifiers (adjectives). Although
the graphics came from a specific domain, the methods used
in this study are domain independent. In particular, the
original textual findings were identified through text mining
of a large corpus using a natural language-processing tech-
nique to minimize researcher-induced bias. However, this
approach may not be applicable to all domains owing to
the scarcity of accurate natural language-processing systems,
and therefore it may be necessary to use other methods, such
as expert consensus or manual review of the source data, to
develop the initial concept list. The subsequent methods
used were selected to minimize reliance on domain-specific
characteristics or a priori knowledge of the data set. Therefore,
the methodology could be applied to a wide variety of health
care domains in which a similar finding-at-location descrip-
tive structure is used to represent narrative information.
It is also important to note that during the second phase
of the Presentation Discovery process, nonexperts were
used to sort the study graphics; this approach was used to
replicate real-world circumstances, where it may be difficult
to recruit domain experts for both phase one and two.
However, it could be posited that the use of domain experts
for sorting might yield different results. Direct comparisons
between expert and nonexpert categorizations of graphical
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primitives were beyond the scope of the present study. The
role of domain expertise in the sorting phase of Presentation
Discovery process remains an open question,*>* and one of
ongoing research.

Conclusion

The objective of this study was to explore some of the as-
sumptions underlying Presentation Discovery. The results
have demonstrated that these assumptions hold true in the
context of icons intended to represent objects in one domain,
specifically concluding that multiple sorters could reliably
group such graphics together into similar groups and that
through the use of hypothesis discovery tools, higher order
groups could be identified. The applicability of these methods
to other concept classes, such as processes, remains an open
question. Furthermore, this study has provided two contribu-
tions to the development of human-computer interfaces.
First, it demonstrated that nonexperts in a domain can reli-
ably sort domain-specific graphics. Second, it demonstrated
a novel method for the measurement of such agreement
through the development of a new simulation-based statisti-
cal method for assessing user agreement for categorical sort-
ing. These statistical methods will have application to many
other interrater agreement problems in which the number
and size of groups is not uniform.
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