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ABSTRACT

Design as a socia activity characterized by information
exchange, compromise and negotiation frames much of our
understanding of the design process. At the heart of this social
activity is the development of a shared understanding of the
design problem. The design stakeholders jointly form a shared
understanding through a process of defining the problem,
exploring the space of solutions and searching for information.
A shared understanding is a critical element in successful,
collaborative design. This paper describes aformal approach for
identifying shared understanding in design by analyzing the
documentation. By mining the documentation for signatures of
a shared understanding, specifically a common frame of
reference and a similar voice, a shared language and vocabulary
of the design could emerge. Information management tools built
around the shared understanding would be more effective in
directing and a erting the design team of relevant information.

INTRODUCTION

Design is a word that has been defined in many different
ways. Among its many meanings (e.g., design is a formal
process, design as a social activity) there runs a common
thread, linking the cognitive processes of a designer (or
designers) to the tangible entities that are produced when a
designed object is experienced. In a collaborative, team-based
engineering design environment, design knowledge is
generated, codified, and reflected on in an ongoing process

between the various stakeholders. Learning occurs when the
designers synthesize concepts, expressed through drawings
and models based on their knowledge, and then reevaluate that
knowledge based on what they have just learned. Eventually, a
shared understanding of the design emerges when the design
team establishes a common frame of reference. Developing the
shared understanding relies on the exchange of information and
mutual agreements as to the relevance and meaning of that
information (Citeraet al., 1995).

Within a multi-disciplinary  collaborative  product
development environment, in which teams of engineers from
multiple organizations work together supported by information
services and a computing infrastructure, design occurs as a
social process of reaching a “shared understanding” (Toye et
al., 1995) of the design problem, the requirements and the design
process itself. Social interaction in the design process is a
significant determinant of the success of collaborative design
(Bucciarelli, 1994).

Because design engineers will bring with them their own
language, jargon and perspectives to the design team, or
“design identities’ (Kilker, 1999), incompatible viewpoints
among design team members may result in ineffective
collaborative, sub-optimal decision-making and impaired
projects. Identifying when design teams have reached a shared
understanding, or not, is not only an important management aid,
but also an advancement in understanding how design teams
acquire and maintain their collective identity.

1 Copyright © 2001 by ASME



Design teams succeed when they pool their resources to
negotiate different design perspectives and specialties. When
these viewpoints break down due to disagreements,
collaboration and design suffer.

As afirst step towards identifying a shared understanding
among design teams in situ, we present a methodology for
identifying shared understanding in design documentation at
the detailed stage of design. Sociological theories of
communication and studies in design communication offer the
theoretical underpinnings for our methodology, while the
implementation draws upon the computational linguistic
techniques of natural language processing and latent semantic
analysis. The hypothesis of the research is that mining design
communication documents for topical similarity and voice
similarity, identifiers of a common frame for reference of the
design team, can reveal a shared understanding of the design.
The underlying aim of the research then is to discover the
terminological patterns in design text as a basis for
characterizing a shared understanding in design.

IDENTIFIERS OF SHARED VISION

A shared understanding of design is necessary for the
successful completion of a design project. The shared design
understanding often manifests through the use of similar jargon
in documentation because vocabulary differences can create
communication problems. Designs that are riddled with
conflicting visions result in conflict and a stalled design
process.

According to some prevailing theories of inter-personal
communication (Wertsch, 1991), a shared understanding
between communicators is comprised of two components. a
topical or contextual component and a voice component. The
topical or contextual component is comprised essentially of the
topic, for example; component X in assembly Y or the fina
colors of component X share contextua similarity through
component X. Components of voice, in collaborative design,
can be as simple as the jargon or specific language used in the
design team. On a deeper level voice, particularly the voice of
designers operating in a team environment, becomes defined
more as the ability of adesigner to borrow the shared vision of a
design team. In group communication, true collective
understanding occurs when the “team is on the same page” asit
is popularly called. Getting “on the same page” requires
achieving group acceptance of a common set of vocabulary.
This is particularly important when designers on the team come
from different disciplines or backgrounds. Similarities in voice
between designersin agroup are critical to progressing through
the design process.

Perhaps more important is the concept of a collective voice.
Bahktin (Wertsch, 1991) wrote extensively that effective group
communication occurs when the group shares a voice, and in
fact the intra-member dialogues are merely extensions of this
shared voice. When a speaker wishes to address a group or a
teammate, the speaker borrows a voice from the collective

group. This collective group voice is dynamic and changes as
the team progresses, but effective group communication occurs
when al members are able to borrow from and relate to this
combined group voice.

Thus, one could argue that a @mmon topic and voice
forms the basis of shared understanding. Although topical and
voice similarity may not be the only indicators of a shared
understanding, they are likely sufficient factors. Research in
information use in design (Lloyd, 2000; Baird, 2000) have
surfaced that words and phrases used by designers in the
design process often capture personal experience and
contribute to a wider narrative at the team, project or
corporation level. Research in small group interactions and the
broader socio-cultural environment in which the interaction
occurs offers insight into language and the purpose of
communication. The actual conditions of the use of the
language relates to forming a shared understanding between the
communicators. One theory proposed suggests that a voice, or
“speaking personality,” exists in any social setting (Wertsch,
1991). The process of understanding the communication
between speakers demands that each participant understand
not only the vocabulary of the communication but also the
corresponding context in which the communication took place.

These theories offer insight into the function of texts as a
means of communication between members of team, and in
particular, a design team. The purpose of the design
communication is to establish a set of coherent ideas, for the
stakeholder to “get athought across.” As opposed to a merely
passive purpose, namely the passive transmission and
reception of information, the text serves an active role of
generating new meaning. Embedded in design documents is
information regarding the design vision of an individual
designer, a vision the designer is attempting to communicate
and advance. Extracting this vision is the primary objective of
thisresearch.

METHODOLOGY

General Approach

In order to identify design vision in documents using a text
analysis approach, it is first necessary to represent the design
documents in a matrix format. The rows of the matrix represent
al of the unique words found within the corpus, the columns
represent each individual document and the cells represent the
frequency of each word as it appears in each document.
Singular value decomposition is applied to this matrix and the
dimensions of the matrix are reduced to an optimal value.
Singular vectors represent each document in the reduced space.
In this reduced space, the singular vectors for each document
are correlated to each other by measuring the cosine between
the vectors. Documents that are closely correlated in this
manner can be said to share a similar design vision. The
following text explainsin detail the methods of analysis.
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Document Representation Method

To apply our methodology, the corpus of text data needs to
be represented as a matrix in which the rows of the matrix
correspond to the unique words found in the text and the
columns represent each text passage and, in this case, each
author (Salton and McGill, 1983). The cells of the matrix
represent the frequency that each word occurs in each
document. A representation of this matrix is shown inFigure 1.

? Doc, Doc, O Doc,
gWord 0 0 1 1
v ”\Nord 1 0 1 0
f,Word 1 1 1 1
g 0 1 2 0 1
aNord ., 2 0 2 0

Figure 1 Representative Word Document Matrix

The log-entropy weights are then computed for this matrix.
Log-entropy weights for the matrix are calculated using the
following formula (Deerwester et al., 1990).

Iog( freq; ?1)

’)JZJ((’) fequ)* ( ? frequ ))
?] 1?]

@

Identifying shared vision using LSA

Latent Semantic Analysis (LSA) is a full-text indexing and
retrieval method that takes advantage of implicit higher-order
structure in the association of terms within documents to detect
semantic similarities (Deerwester et a., 1990). In thiscase, LSA
was used to find both contextual similarities between design
documents and similarities in the voices of design document
authors. LSA was chosen as an analysis tool because of its
demonstrated successes in identifying contextual meanings of
documents as well as identifying voice of a given documents
author (Landauer, et a., 1998). LSA is an anaytica tool that
extracts the meaning of documents and of words by applying a
deep statistical analysis to a large corpus of text and mapping
word frequency to a series of documents. The mathematical
foundation for LSA liesin Singular Vaue Decomposition (SV D),
amethod for reducing the dimensions of amatrix.

The baseline theory suggests that by looking at the entire
range of words chosen in a wide variety of texts, patterns will
emerge in terms of word choice as well as word and document
meaning. LSA is unique in its method to analyze text; in its
analysis, there is no consideration of word order or syntax.
Furthermore there are no human constructed dictionaries, expert
knowledge or domain-specific knowledge bases required. There
have been a number of applications for LSA, both practical and
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theoretical. LSA has been used with some success to grade
college essays automatically (Landauer et a., 1998). The results
of this experience show that with proper administration of the
L SA the assigned grades from LSA do not markedly differ from
those of human graders. Other applications of LSA alow
information retrieval to occur more accurately (Landauer et al.,
1998). Using L SA to map out the meanings of a series of words,
document queries can be run to retrieve contextualy similar
documents, even when documents contain no common words
with the query. The importance and practicality of this is
obvious, and it is an improvement over word coincidence based
correlation methods.

LSA is able to find similarities in documents that are not
always apparent with simple word coincidence based methods.
By representing what is by nature a very high dimensional
space in an aptly chosen lower dimension, correlations between
documents are better able to be determined. For instance take
two documents (d; and d,) that are very similar in bpic,
although they use different vocabularies. Comparing these two
documents directly using a standard technique such as
keyword matching will yield a low correlation because these
documents share few words. LSA allows you to compare these
documents not only directly against each other, but also with a
large corpus of other documents. Similarities in words and
documents become more apparent when documents are
compared in this larger space. That is to say that the words
used in d may not be the same as the words used in d
although how they are used in context would be similar. LSA is
able to make these types of comparisons; the ability for LSA to
remove the obscuring “noise” makes LSA useful as an
analytical tool for discovering the primary conceptual content of
documents.

Graphically, the ability to reveal “latent” semantic similarity
between documents is illustrated in Figure 2. Suppose that
documents d,; and d, both regard a common subject, but do not
share many words. Many information retrieval systems would
fail to correlate d, and d, together because they compute the
relevance between two documents as the cosine between the
vector representations of the document (Cooper, 1973a; Cooper
1973b). This meansthat correlations are merely a measure of the
overlap of words between the two documents. Figure 2 shows
that in this high dimensional space, the correlation between d;
and d, is simply the cosine of angle ?,. A large angle between
them would indicate low similarity. Applying LSA on a large
corpus of text including d; and d, would show that when alower
dimensional space is developed the angle between the two
documents, ?,, has been reduced and as such the correlation
between the documents revealed. This occursas LSA isableto
find similarities in words based upon higher degree similarities,
that is if a third document d; uses several words from both d;
and from d, LSA will infer the correlation between d, and d,
through their mutual correlation to ds.
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Figure2 Using L SA to Reveal Document Similarity

SVD operates over the document by term matrix described in
Figure 1. SVD takes the original matrix and represents it as the
product of three matrices. The first matrix describes the row
entries as vectors derived from the orthogonal singular values.
The second matrix is a diagonal matrix that represents singular
values to ensure that when the other two matrices are multiplied
together the result is of the same magnitude as the original
matrix. The third matrix is similar to the first, athough it
represents the original columns of the matrix rather than the
rows. It is possible to reconstruct the original matrix without
using the entirety of the three derived matrices. All that is
required is enough factors to match the smallest dimension of
the original matrix. Furthermore, a least squares bestfit
approximation of the original matrix is capable of being obtained
by reducing the dimensions of the three derived matrices.

By choosing only the first n dimensions of the three
derived matrices, an ndimensional projection of the original
matrix is obtained. If the first matrix is reduced to three
dimensions, only the first three singular vector values will be
retained. To correlate documents, the singular vectors for each
author are correlated together by measuring their cosine
(Deerwester et a., 1990).

It is possible to use LSA to find similarities in documents
based on a variety of variables. By thoughtfully choosing how
to group documents into the original word-document matrix
both contextual similarities and voice similarities, the
components of a shared design vision, can be discovered.

Decoupling voice similarities and topical similarities
in documents

LSA’s ability to correlate documents based upon contextual
similarities has been well documented. LSA has the ability to
correlate documents together by comparing the meaning of the
document, not merely word by coincidence. (Landauer et al.,
1998) The improved performance allows LSA to accurately

correlate documents together based on content, not merely by
word co-incidence. The advantages of this are obvious; two
documents discussing the same design project would not
normally be found highly correlated if in one document the
project were referred to by project number and the other
document referred to the project by name. LSA is able to
determine that, in alarge corpus of text, the manner in which the
project number is used is similar to the manner in which the
project name is used and from that the two documents would be
identified as being highly correlated. In terms of identifying
design vision in a corpus of design documents, it becomes
important to find more than simply the contextual correlation
between documents. One also needs to identify the voice of the
documents author. Experiments show that in performing LSA the
information regarding voice shows up and is in fact coupled
with the information regarding context. Discovering the voice
components of documents within the LSA therefore requires
isolating voice components from contextual similarities in those
documents.

EXPERIMENT AND RESULTS

To validate our hypothesis, we applied our agorithm to
documents on engineering courseware design from the
www.needs.org database. This website hosts an online
catalogue of engineering education courseware. Authors submit
online courseware to the catalogue for distribution over the
Internet. Included with each piece of courseware is a brief
description of the courseware. These descriptions serve as the
starting point for this experiment. Only those descriptions that
were written by the author of the courseware, as opposed to the
cataloger or database manager, wereincluded in this study.

These data were chosen for several reasons. First, the
descriptions represent a communication of the design vision of
the courseware author. The author, for example, may express
how a disk drive should be designed. In addition, the
descriptions are intended for similar audiences. Finaly, the
authors exist in a relatively similar space, that is, engineering
education. The similarity in context of all of these documents
isolates voice variability to the individual author. That isto say,
within this confined space each individual author brings an
individual voice in, but each author is working within the same
contextual space so that the collective voice from which the
author would borrow voice from could potentially be the same.
Discovering voice in this data set can be reduced to identifying
an author for a given document based upon voice similarities.
The nature of this data set allows usto validate our hypothesis.

The first component of our hypothesis deals with
identifying shared understanding in design documentation
through topical similarity. We selected a group of engineering
courseware that contained both similar and dissimilar
engineering content. If our hypothesis is correct, namely that
LSA can discover both contextual and voice similarities, then
the LSA analysis should reveal groupings of documents similar
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in topic. The results of the LSA analysis are expressed
graphically in Figure 3.

Dim4

Figure 3 Similarities in Design Vision Visualized in 2-
Dimensional L SA Space

Figure 3 displays our set of design documents, each
represented by a point, as correlated to other design documents
in a 2-dimensional LSA space. Note that the two axes of Figure
3 are labeled Dim 2 and Dim 4. As this is a two-dimensional
representation of avery high dimensional space, these two axes
were chosen simply as a visual representation of the clusters of
documents. These two dimensions display a representation of
the overall cluster. Dim 2 and Dim 4 represent the second and
fourth most significant singular values found in the singular
vectors that represent each document in the LSA space. The
closer two documents are together in this chart, the closer they
share common understanding. It isimportant to note that while
Figure 3 offers an efficient visualization mechanism for what the
L SA results are, figure 3 is not an analytic tool. The correlations
between documents truly become meaningful when many more
dimensions are utilized. To be Rigorous, more dimensions are
necessary, upwards of 300 dimensions, to correlate documents
accurately (Landauer et al., 1998). What can be seen in Figure 3
is acluster highlighted in the circular region near the origin that
consists of 8 documents all dealing with Multimedia Case
Studies in Engineering Design. These 8 documents consist of
documents dealing with the design of disk drives, printers,
automobiles, human powered vehicles and toys. The
commonality in the documents is in their focus on the design
process and their multimedia nature. It can be seen that in fact
these documents share at least a common topical component. In
this representation of the LSA space the fact that the 8

documents lie in a horizontal line is a good indicator of higher
dimensional correlations. Further more these documents are
located near the majority of points in the space. This makes
sense because a mgjority of documents in the www.needs.org
database deal with engineering design and analysis topics. The
cluster that these documents form is located near the origin in
Figure 3. The www.needs.org database catalogs more than just
engineering courseware documents. Also included in the
database are documents dealing with other types of sciences.
For example a cluster of chemistry courseware is located in the
top right quadrant of Figure 3. The three documents circled deal
with chemistry education resources for teachers. While these
documents are correlated tightly with each other they are
removed from the core of the database contents. The results
from this analysis demonstrate how LSA is able to accurately
discern topical similarities in documents as well as sort through
documents based upon topical similarities.

However, the above results merely show that documents
regarding the same subject matter become highly correlated in
the LSA space. These results do not demonstrate what elements
of the documents go into forming these correlations. As such
these results cannot offer strong evidence that the groupings
aso indicate voice similarity. These results may only
demonstrate that documents that share topical similarities. In
this case Engineering Design and Chemistry, appear to be
correlated highly in the LSA space. To more closely examine the
hypothesis of being able to correlate a voice to an author, one
must demonstrate that the topical similarities and voice
similarities in documents are independent of each other. If they
were not independent, then we would not know if two
documents were similar because they were similar in subject or if
they were similar invoice. Thelatter isthe desired result.

In order to isolate similarities in voice from similarities in
topic, the original data set was placed into two word document
matrices. One matrix contained in its columns each document.
The second matrix contained in its columns the documents
grouped by topic. The topic grouping was done manually based
on expert knowledge of the content. The topics were reflective
of the field of study the document was based upon. Eighteen
topics were used to represent the corpus of text.

N

Voice wector

Topic vector
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Figure4 Vector Representation of Topic and VVoice Components

For the first matrix, we ran LSA to revea the singular
vectors representing each document. This is the standard
analysis. We then ran LSA on the second matrix, resulting in
the singular vectors representing each topic. We then took the
orthogonal projection of the first matrix onto the most
significant singular vector from the second matrix to reveal the
singular vectors describing each document independent of
topic. These vectors represent the voice component of the
original document vector. Graphically thisis shown in Figure 4.
Using the resultant singular vectors, we compared their ability
to assign an author to a document by calculating the “Average
Rank.”

The “Average Rank” indicates the number of authors that
the system predicted as potential authors of a document. The
lower the rank, the better the prediction, and hence attribution,
of voice to author. Out of a possible 110 authors the system
was able to rank the correct author in the top 10% as the most
likely author of the test document. Figure 4 shows the results of
this method. By reducing the LSA space to; 10, 20, 40 and 80
dimensions better results were achieved. The results from these
orthogonolized results are compared to results where the author
was identified with out isolating the topical components of the
document. This means that the singular vectors for each
document were compared without first orthogonolizing them
with the singular vectors from the topically grouped data set.

Isolating Voice
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Figure5 Identifying Voice Independent of Topic

The effects of LSA showed that the voice of an author
could be better identified with the isolation from topic, than
without. This demonstrates two concepts; one, voice similarity
exists within a set of design documents, and two, authors can
use a similar voice even when writing different documents. This
is significant because a single design team may have a similar
voice throughout its projects, even though each project may fall
into a different topical category. The improvement in average
rank as LSA retains more dimensions demonstrates that higher

dimensional LSA representations alow for better ultimate
results. With LSA it is necessary to optimize the number of
dimensions to reduce the space too. When this technique is
applied to a larger corpus of data, it will become necessary to
optimize the number of retained dimensions.

Ultimately many factors may be involved in determining the
similarities in these design documents, further research will
move towards a more complete understanding of the issues.
The results of this work show that similarities between
documents based upon topical similarities are able to be
ascertained, this research also shows that characteristics exist
within a document that allow the author of the document to be
ascertained. These characteristics are likely the voice
components of the documents author, although further
exploration of this is necessary to fully claim that voice
similarities are the elements that exist independent of topic.

CONCLUSIONS

This paper described a formal methodology for identifying
a shared understanding in design by analyzing design
documentation. The premise of the paper is that topical
similarity and voice similarity are identifiers of a shared frame of
reference of the design. Using the computational linguistic tool
of latent semantic analysis, engineering courseware design
documents written by various authors were analyzed to reveal
highly correlated groups of topics and independent voices.

The results demonstrated not only the capability to reveal a
shared understanding by analyzing the documentation, but also
that by isolating topic from the documents, it is possible to
ascertain acommon voice. Thisis aninteresting result because
it suggests that effective design teams might participate in
multiple projects yet communicate with a single voice.
Comparing these results with protocol studies of design teams
(Ullman, 1988) would be an interesting areafor further study.

The extension of this research is to anayze the
communication between designers in a design team to verify
whether our methodology can also identify a shared
understanding in design teams. While these resultsindicate the
ability to find shared understanding at the completion of a
design, it would be interesting to understand the evolution of a
shared understanding during the full life-cycle of the design.

The implications of this research and future work suggest
not only a means for the management of design teams, for
example, detecting and diagnosing non-functioning design
teams, but also a means for understanding the evolution of
information needs in design teams. For example, team meetings
might be unproductive if information is brought to bear that is
of relevance to only a few individuals. Instead, documents of
potential interest to all individuals could be directed to the
design team. Some members may use too much jargon in their
communication, separating their voice undesirably from the
group’s voice. The language can be modified or the team
educated to get that particular perspective reflected. While one
cannot ignore the organizational and social barriers of getting to
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a shared understanding among team members, identifying
barriers to overcome offersacrucial first step.

For a large organization in which different types of design
are occurring in many different areas, being able to determine
the design vision of a design team makes possible several
potential methods to improve design productivity. With
information available regarding the design vision of team
members, it becomes possible to group designers together by
common vision. This becomes useful in terms of identifying the
information needs of a group and then directing useful
information to the team. Likewise, providing a convenient
means for identifying and classifying information in the
personal information of designers offers an attractive means for
design information sharing (Court et al., 1997) between team
members who share acommon interest in topic or voice. On the
flip side, a design team in which each member shares too similar
a design vision may regress to “groupthink,” where the design
team is too homogeneous in their thinking to allow the creative
process to work (Kilker, 1999).

Many challenges exist in determining what information an
engineer wants to see as well as modeling designer information
needs (Lowe et a., 1999). The technique shown in this paper for
ascertaining topic and voice in design information offers a basis
for progressing towards developing solutions for capturing the
information needs of design teams and then finding data of
interest to them.

Ultimately work in this areamay show that as a design team
progresses through time, a commonality of design vision can be
reached. The premise of the methodology is that the design
specifications and solutions as communicated through design
documents relate to a shared understanding of the design. This
paper has shown the potential for, and the direction of
preliminary work in this field. Future investigation will shed
more light onto the phenomenon of shared vision and will
ultimately lead to a better understanding of the collaborative
design process.
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