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ABSTRACT

Thanks to recent advances in computing power aeddsp
designers can now generate a wealth of data on riernma
support engineering design decision-making. Unfuately,
while the ability to generate and store new datatinaes to
grow, methods and tools to support multi-dimensicfeta
exploration have evolved at a much slower pace.relieer,
current methods and tools are often ill-equipped at
accommodating evolving knowledge sources and expert
driven exploration that is being enabled by compaormtal
thinking. In this paper, we discuss ongoing resedinat seeks
to transform decades-old decision-making paradigrated in
operations research by considering how to effelgticenvert
data into knowledge that enhances decision-makigl@ads
to better designs. Specifically, we address dewigiaking
within the area of trade space exploration by catidg
human-computer interaction studies using multi-digienal
data visualization software that we have been dgvwey. We
first discuss a Pilot Study that was conductedam gnsight
into expected differences between novice and exjeaision-
makers using a small test group. We then presentdsults
of two Preliminary Experiments designed to gairighsinto
procedural differences in how novices and expests multi-
dimensional data visualization and exploration soahd to
measure their ability to use these tools effecfivelhen
solving an engineering design problem. This wangports
our goal of developing training protocols that sopgefficient
and effective trade space exploration.

1. INTRODUCTION
The concept development stage, when the desigmeisne

to consider a large number of design variationgnis of the
most important stages in the design process [f]s dluring

this stage that the human designer’'s knowledge and
experience is vital to the success of the producbntinual
improvements in computing power allow today’'s eegirs

and designers to simulate and evaluate more design
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alternatives quicker and more cheaply than eveorbef2].
Rapid visualization and analysis combined with nlode
integration can allow decision-makers to exploraedesign
space quickly and efficiently [3]Trade space exploration is a
promising decision-making paradigm that providesisual
and more intuitive means for formulating, adjustirend
ultimately solving design optimization problems.[4This is
achieved by combining multi-dimensional data vigatlon
tools with visual steering commands to allow designto
“steer” the optimization process while searchingtfte best,
or Pareto optimal, designs. By keeping designémsthe-
loop,” trade space exploration allows decision-nake form
preferences as they explore design options to tstiecbest
design [2]. To support trade space exploratioseaechers at
Penn State University and Penn State’s Applied &ebe
Laboratory (ARL) have co-developed the ARL Tradea@p
Visualizer (ATSV). ATSV has evolved into a platiorfor
conducting research in human-computer interacttonstudy
how designers use multi-dimensional data visuatinatools
to display — and explore — complex trade spaces.

This paper presents results from ongoing reseanchrt
formalizing methods, tools, and procedures to supfrade
space exploration.In particular, we examine how decision-
makers use multi-dimensional data visualizatiomefp make
decisions during trade space exploration. We fiistuss a
Pilot Study that was conducted to gain insight idifferences
between novice and expert decision-makers usingadl $est
group. We then present the results of two Preliminary
Experiments designed to gain insight into proceldura
differences in how novices and experts use muttietisional
data visualization and exploration tools and to snea their
ability to use these tools effectively when solviran
engineering design problem. The effectivenessefriovices
and experts in using different tools was measunealigh two
methods: (1) their ability to meet the objectivetlod example
problem and (2) the percentage of feasible designerated.
A feasible design is one that meets all of the taimds
specified for the given problem.

The next section discusses related work in tradeesp
exploration as well as some background informatioto
expertise and decision-makingAn overview of the multi-

Copyright © 2009 by ASME



dimensional data visualization and visual steedagabilities
within ATSV is then presented in Section 3. Settid
describes the test problem used in this work and th
experimental set-up for the Pilot Study and Prelamy
Experiment. The results and findings are discugse&kction

5, and conclusions and future work are outline®éction 6.
The results of this study will be used for a se@mdtudy to
develop training protocols for novice decision-make

2. REVIEW OF RELATED WORK

2.1. Trade Space Exploration

Trade space exploration problems are characteriged
designing complex systems such as automobilegaéirand
spacecraft which require tradeoffs between multiple
conflicting and competing objectives [4]. Tradeacp
exploration — a more general term for Balling’s 4gn by
Shopping” [5] paradigm — is a promising alternatit@
optimization-based design as it provides a visudl iatuitive
means for formulating, adjusting, and ultimatelylvea
multi-objective design optimization problems [4Designers
can “shop” for the best design as they explore ghesi
alternatives and gain insight into tradeoffs andsieility.
Each design within a trade space may contain masjgd
variables creating a multi-dimensional trade sfjéte

ATSV provides an experimental platform to supptwe t
evaluation of multi-dimensional data visualizatiand visual
steering tools as a means to convert data into lauge to
help solve engineering design problems that involadeoffs
between multiple conflicting criteriaAs an exploration tool,
ATSV allows decision-makers to identify relationshi
between different design variables and to dynaryicabply
constraints and preferences in real-time by viewdngplex
design spaces using multi-dimensional data visagdin tools
[6]. ATSV’'s visualization capabilities are sumnzad in
Section 3. Designers using ATSV populate tradeaspavith
designs by importing previously generated designsising
ATSV’s visual steering commands, or samplers [73 a
discussed in Section 3. Trade space exploratidesgned to
keep decision-makers “in-the-loop” during the dasig
optimization process [4]. Recent research usinG¥AT8] has
shown that keeping the decision-maker “in-the-loaiting
the design process results in a 4x -7x increatieeimumber of
Pareto optimal designs generated for a given nundfer
function eavluations.This improvement is seen regardless of
the combination of visual steering commands seteeed
they order in which they are employed. These stidire
promising, but further evidence is needed to vadidthe
benefits of trade space exploration.

2.2. User Expertise and Decision-Making

Since ATSV uses visualization as the main form sdru
feedback from the system, it is important to unt@derd the
differences between novice and experts with resfecsing
visualization tools. Seo [9] states that interactexploration
of multi-dimensional datasets can be challengincpbse it is
difficult to see patterns in more than three dinems Klein
[10] states that expertise is based on a persdoilgyato
recognize and match patterns. The ability to peecpatterns
and then to match patterns to actions in decisiaking is
built up through experience and practice [11]. niribis we
can gather that novices may not have yet develtdpegattern

recognition ability of expert users and thereforaynstruggle
with higher dimensional data visualization. Viewgidata in
more than three dimensions also makes it hardelisiover
relationships, outliers, clusters, and gaps in tlaa [9].
Pattern detection is important especially for depalg user-
centered methodologies such as trade space expiorat
because humans are capable of learning from patizna
using this knowledge to improve their performance a
manner unattainable by current algorithms [12].ditidnally,
Petre [13] finds that both perceptual and inteipeet
readership skill for graphical representations nigstearned.
Thus there is a clear difference between the wajces and
experts utilize visualization tools [14] as lessperenced
users are unable to interpret graphical cues thay tme
helpful. Among the strategy differences betweevices and
experts, Petre [13] states that novices tend téuservisibility
with relevance whereas experts are able to matttbrpa and
disregard irrelevant information.

Many aspects of the trade space exploration proaess
akin to naturalistic decision-making, which attempto
describe how decisions are actually being madéénfield.
Similar to trade space exploration, naturalisticcisien-
making pertains to various goals and sub-goalsdtatikely
to change as new information is received and pigsrchange
[2,11]. Engineering design problems often cont@mpeting
or shifting goals and time constraints which chtdze the
circumstances for naturalistic  decision-making [15]
Recognition-primed decisions are said to occurdturalistic
decision-making [10], where experienced decisiorkens are
able to spend more resources assessing a situatizar than
assessing different courses of action. Experiertmaision-
makers do not use their resources to generate &f lssible
decisions before making a decision; rather theywdf@am
previous experience to accept and reject optioesabra time.
This provides the user with improved situationalaesamess
and enables the decision-maker to better work unites
constraints by being continually prepared to itétian action
[11]. In this way naturalistic decision-makingingluenced by
the expertise of the decision-maker. Studies tsoevn [11]
that experts place emphasis on situational assesswtale
novices emphasize deciding the course of action.

Since expert users have developed the ability ¢mtity
the appropriate path to a solution they processindtion in a
non-goal specific manner [16]. Conversely novitesd to
work backwards from the solution which does notnpote
knowledge toward non-goal specific problem solvingince
experts use generalities to work toward the satutid a
problem they are better able to use their knowletgsolve
varying problem types which trade space explorapie@sents.
Another distinction between novices and experthésrelative
frequency of which they use specific processes. [INgvices
tend to use a passive strategy of collecting dath seeing
what happens whereas an expert’s ability to reassults in a
much more varied mix of decision-making process@shis
should translate into trade space exploration embsolving
with experts using a wider range of visualizatiool$ and
sampling techniques. Experts will probably useidewrange
of visualization techniques to track more variables
simultaneously because they are able to betterttemebig
picture whereas novices may become confused bgiuheber
of data elements [10]. This is partially due te flact that
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novices treat every piece of information as an feshelent unit
[18] while experts use ‘chunking’ to treat sevedistinct
items of information as a single unit. This allowsperts to
track more relevant information and have bettenasibnal
awareness than novice decision-makers [17].

User expertise affects what a decision-maker nfredsa
decision-aiding program such as ATSV. Expert uslersire
rapid response times, brief and non-distractingllfeek, as
well as the ability to carry out actions with a ified number
of commands [19]. Novice users on the other hawlire
informative feedback about task accomplishment aff as
effective support methods toward task completioochsas
instructions, dialog boxes, and online help. Idlewrfor a
novice to carry out tasks successfully a limitednber of
actions should be required [19]. Shneiderman Ei8jgests
that users be allowed to control the density obrimfation
feedback that a system provides. Similarly thegush be
allowed to control the density of displays which S\
currently provides, as expert users prefer disptaylse more
densely packed than novices. In light of thisuemmary of
ATSV’s multi-dimensional data visualization toolsdavisual
steering capabilities for decision-aiding is giwext.

3. VISUALIZATION AND VISUAL STEERING TOOLS

3.1. Multi-Dimensional Data Visualization Tools

ATSV is a Java-based application developed to stippo
trade space exploration research. Thus, ATSV |mldie of
visualizing multi-dimensional trade spaces usingphl 1-D
and 2-D histograms, 2-D scatter, scatter matrixi parallel
coordinate plots, linked views [20], and brushi@d][ Figure
la shows a glyph plot that can display 8-dimendiona
information using the spatial position of an icanrépresent
three variables of a design while an additionaé fixariables
can be represented by the glyph’'s size, color,ntateon,
transparency, and text overlay. Multiple histogrplots can
be displayed within a single window as shown inuféylb.
Parallel coordinate plots, shown in Figure 1c, espnt
designs using polylines [22] that intersect patakees
representing data dimensions. A scatter matrig [Sgure 1d)
is used to view all combinations of 2-D scattertglo

3.2. Visual Steering Commands

ATSV offers a variety of visual steering commands,
introduced in [7], which allow designers to guideet
generation of new designs within the trade spakiee visual
steering commands currently available include; 13siB
Sampler, 2) Point Sampler, 3) Attractor Sampler, 4)
Preference Sampler, and 5) Pareto Sampler. A brief
description of each command follows.

Basic Samplersire used to populate the trade space and
are typically invoked if there is no initial dataa@lable. The
user can sample the design space manually usidgr dhiar
controls for each input dimension or randomly. Whe
sampling randomly, the user specifies the humbesaofiples
to be generated and the bounds of the multi-dino@asi
hypercube. Monte Carlo sampling then randomly dashe
inputs — drawing from a uniform, normal, or triafeu
distribution — and executes the simulation modelriisg the
corresponding output in the database. The bouriddhe
design variables can be reduced at any point ts Hia
samples in a given region. An example is showrigure 2.
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Figure 1. Multidimensional Visualization Examples - a)
Glyph Plot, b) Histogram Plots, ¢) Parallel Coordinates,
d) Scatter Matrix
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Figure 2. Example of Basic Sampler

Point Samplersallow the user to manually sample the
design space by moving slider bars for each in@utable
using the controls shown in Figure 3. As such, Baént
Sampler allows designers to perform one-factor-titre
parametric studies of the simulation model if thegfer this
to random sampling. After moving a slider bar, $iraulation
model is executed at the design point specifiedhleycurrent
setting of all slider bars.
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Figure 3. Slider Bar Controls for Point Sampler
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The Attractor Sampleris used to generate new sample
points near a user-specified location in the trepace. The
attractor is specified in the ATSV interface withgeaphical
icon that identifies am-dimensional point in the trade space,
and then new sample points are generated neattthetar —
or as close as they can get to the attractor. khtwenst to
the user, the attractor sampler generates newspasihg the
Differential Evolution (DE) algorithm [23], whichsaess the
fitness of each new sample based on the normaliznetidean
distance to the attractor. As the population eesln DE, the
samples get closer and closer to the attractor.eXample is
shown in Figure 4 where the user specifies andttrao fill
in a “gap” in the trade space (see Figure 4a).rigwe samples
cluster around Attractor_1 (see Figure 4b).

(a) 100 initial samples (b) New samspdenerated

nedractor
Figure 4. Example of Attractor Sampler

Preference-based sampleadlow users to populate the
trade space in regions that perform well with respe a user
defined preference function. New sample points aso
generated by the DE algorithm, but the fithessamhesample
is defined by the user’s preference structure austef the
Euclidean distance. An example of the prefereraset
sampler is shown in Figure 5. Using ATSV's brughend
preference controls, the user specifies a desirmitomize
Objl and maximize Obj3 with equal weighting (seguFre
5a). Figure 5b shows the initial samples shadsgdan this
preference, and Figure 5¢c shows the new samplesiewthe
concentration of points increases in the directiof
preference, namely, the upper left hand corneh@fpiot.

Pareto Samplerare used to bias the sampling of new
designs in search of the Pareto frontier once ther tnas
defined his/her preferences on the objectives. Die
algorithm is again used to accomplish this samplig is
modified to solve multi-objective problems [24]. Axample
of this sampler is shown in Figure 6. Using thensa
reference (i.e., minimize Objl and maximize Obj3hvwequal
weighting), Figure 6a shows the Pareto points i ithitial
samples while Figure 6b shows the Pareto frontiéer a
executing 7 generations of the DE with a populatime of 25
points. These visual steering commands can be togedher
in any combination to explore the trade space. Mlmed in
concert with the ATSV, designers have a powerful
multidimensional visualization tool with the capléhi to
“steer” the optimization process while navigatirte ttrade
space to find the best design. The next secticerdmes the
experimental set up and test problem used to iigatst the
use of these tools to support design decision-ngakiuring
trade space exploration.
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Figure 6 . Example of Pareto Sampler (Pareto points
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4. EXPERIMENTAL SETUP AND USER TRIALS

4.1. Test Problem

The test problem used in this study is the combaosti
chamber design model [25] depicted in Figure 7e ®hginal
problem was split into two subsystems, Thermodyeamnd
Geometry, so that two subsystem designers coul# worthe
problem simultaneously for collaborative optimipati[26].
The inputs to both subsystems are five continu@rarpeters
that describe the geometry of the combustion chammbe are
confined to the bounds listed in Table 1. The ys®d for the
problem can be found in [25] and are repeated6h [2

Head Face
Position at
Top Dead s

Center _L

h = sficr=1)

Figure 7. Combustion Chamber Variables [25]
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The objective in this problem is to maximize the=8fic
Power of the combustion chamber, or in this casmitomize
the Negative Specific Power (NSP), which is a figrcof b,
d, ¢, and w. The corresponding brush/preference cbntro
settings are shown in Figurea®d Figure 9 for the Geometry
and Thermodynamics subsystems, respectively. /A&s b
seen in these two figures, in addition to having game
objective there is a global constraint on the eagitroke for
both subsystems. The Geometry subsystem hasddiganal
constraints, and the Thermodynamics subsystem bas f
additional constraints, each of which are a contimnaof
system parameters that must remain less than at &mgero.

Table 1. Inputs and Bounds for Combustion Chamber

Design Lower | Upper
Variable Full Name Bound | Bound
b cylinder bore, mm 70 90

d intake valve diameter, mm 25 50

de exhaust valve diameter, mim 25 50

(o compression ratio 6 12

revolutions per minute at
w peak power, +1000 5 12

Figure 8. Brush/Preference Control Settings for the
Geometry Subsystem

Figure 9. Brush/Preference Control Settings for the
Thermodynamic Subsystem

4.2. Pilot Study

A Pilot Study was preformed on a small test gronp i
order to gain some insight into what potential eliéinces may
be observed between expert and novice users. é&lgrert
refers to the level of expertise with ATSV, not exse with
the problem itself. The experts in these studiad &t least
three to six years experience using and applyinG¥To a
wide range of problems. Some of the experts wdse a

developers of the software. The novice users hel fo no
experience using or applying ATSV. For this stuthe
participants acted as both the Thermodynamic amuh@é&y
subsystem designers. This means that they comkined
constraints from Figure 8 and Figure 9 to find feasible
design with the lowest NSP. The purpose of thistFtudy
was not to produce statistically significant resultut rather
give insight into potential trends to guide the elepment of
and be further tested in the Preliminary Experireent

4.2.1.Description of User Trials

The Pilot Study was conducted by comparing theoasti
and results of two novice and two expert users gushe
combined Geometry and Thermodynamics subsystemgmob
described in Section 4.1. Neither group of decisitakers
had solved this particular problem before. Eachr usas
given an unlimited amount of time to solve the peoln Both
novices were given an overview of ATSV to beconmmaifar
with ATSV'’s visualization and exploration capabéd before
starting the problem. An expert user was availdblethe
novices to answer any questions related to usidgigual
tools in ATSV or to clarify the problem, but notdaide them
in their solution of the problem. The study wasetved and
video recorded for analysis.

4.2.2.Discussion of Pilot Study Results

Since only four users completed the Pilot Studyaitks
analysis of the data was not conducted. Insteadapalysis
focused primarily on procedural differences betwéen two
groups, namely, how novices and experts used ATS36lve
the problem. One thing that clearly distinguishestween
expert and novice users is their use of variousalization
tools in understanding multi-dimensional data tdphguide
parameter changes. After setting initial values il
constraints, experts and novices encountered thmae sa
problem, namely, no feasible designs were observathile
the novices were surprised at the results and didknow
what actions should be taken next to analyze multi-
dimensional data and generate feasible designsexperts
seemed to expect the initial results and wastetinm® before
opening multiple visualization windows like scattaatrices,
parallel coordinates, and multiple 3D views to eksmwhat
dimensions may overcome this challenge. In adjgsti
parameters, the experts used visualization toalgfidance
and their approaches seemed heuristic, but effsctiv
meanwhile, the novices appeared to be using tridtearor.
When feasible designs were finally obtained, theeets could
recognize them and they used visualization toolairago
verify them from various aspects, while novice ss@mained
uncertain about the results.

From this Pilot Study, we observed three basiediffices
between the novices and experts:
- novice users appear to be less experienced in

understanding multi-dimensional data;

novice users are not as familiar with the procesiume

solve problems using ATSV; and

novice users appear less able then the expertgatoate

the results by themselves.

While these differences are not surprising, we siage that
they may be due to some of the following reasons:
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novice users appear to lack an appropriate menvalem

[27] of what tools to use to make sense of compled

multi-dimensional data;

novice users appear to lack a mental model of wi@s

to use to solve problems; and

the inability of our system to help users see where

possible results may be and to what extent availdata

may be close to the final results.
Thus, it would be useful to develop a model abawt people
understand multi-dimensional data and how peopleeso
design problems. By using survey, interview, aod tata
analysis we can learn where decision-makers eneount
problems or what those problems could be and tlade t
preemptive actions to warn users of potential impas We
also need to understand how experts overcome thmgssses
and with what tools. Based on knowledge gainethfexpert
users, novices should be provided with procedunahitedge
based on their situations. Furthermore, visuabiratools can
be improved by developing a model to asses to wktdnt
data are close to a target and then providing usghssuch
information to guide their exploration. These fimgs guided
the development of the experiments described next.

4.3. Preliminary Experiments

For the Preliminary Experiments, the participardied as
only theGeometry subsystem designer and solved the problem
to the best of their ability. This was done priityato reduce
the complexity of the problem given the resultstlud Pilot
Study. The development of ATSV and its testing hods
have been influenced by work with practitioners][28Vhile
we have not used specific methods, our analysishef
software has evolved over the years based on gpeeéds
and requests. There currently exist many wellbtistaed
usability inspection methods for human computeerittion
(HCI) [29]. Methods such as cognitive walkthrougbs
formal usability inspections could be useful foderstanding
the differences between novices and experts irrdustudies.
For the purposes of this analysis we use a combmaif
empirical and formal testing with real users tat @scision-
making strategies while calculating user perforneanc

4.3.1.Description of User Trials

Data for the Preliminary Experiment was collecteaif
results of giving the Geometry subsystem desigmlpro to a
group of people who are novices at trade spacesdn but
have experience with many of ATSV’s visualizatioools.
Therefore, junior and senior mechanical and indhistr
engineering undergraduate students were selectéeasial
group. As part of their regularly scheduled clabgy were
introduced to ATSV and its visualization tools angloration
capabilities, as well as an overview of trade spaqsoration.
Students were then given ten minutes to perfornn #malysis
and solve the Geometry subsystem problem, aftechwtiine
they submitted the log file and data set associatal their
analysis. The log file tracks all of the user'si@ts while
ATSV is being used, and from this we were abledtednine
which visualization and exploration methods eachdeit
used as well as to measure how many designs theyrated
during the analysis. The data file listed all b tfeasible
designs generated by each student, from which ahebar of
feasible designs and the best design were extractadall,

twenty-seven students submitted both files andrdormed
consent form giving us permission to use their data

Data for the second Preliminary Experiment waseoctédd
from the results of giving the same design problera group
of five expert users. Again, these designers weresidered
expert users because they each had three to siks yea
experience in solving trade space exploration gnoisl and
using ATSV, as well as their general acceptanoexpsrts by
their peers. These experts did not have experienleing this
particular design problem. To match the previouwice
experiment the experts were restricted to ten resuio
perform the analysis. Their procedure was videonmded to
capture their actions and any insights into theésign
strategy. Corresponding log files and data filesrevalso
collected to compare to the novices.

4.3.2.Performance Measures

There were two performance metrics used for this
analysis. Since the problem has only one objech\&P, this
was the first metric used. The nature of the dbjecllows
designs to have very large range of NSP, from @eassitive
one-thousand to around negative sixty (as seeriguaré- 8).
Noting the larger range of positive NSP values@spared to
negative NSP values, and that only negative NSBegahre
acceptable, it is easy to see how large positiveegaof NSP
can skew the dataset. Thus the Modified Thompsaun [BO]
technique was used to discard outlier points. &leaimakers
who were unable to generate any feasible pointghmse best
NSP design was determined an outlier are hencefeféred
to as Underperforming Decision-Makers (UDMs). & i
important to capture the fact that some users yriErmed
since a high percentage of UDMs indicates thatdigsion-
makers are having a difficult time meeting theijeative.

The second metric used was the percentage of feasib
designs generated during a single trial. Sincatixedly few
designs were generated by some of the novices giiha
Preliminary Experiment, this metric is useful besmit is less
dependent on the number of designs generated. Thus
decision-makers who have a higher percentage dfitfiea
designs are considered more successful.

4.4. Reference Data Sets

Several reference data sets were generated foraztaap
to the trial results. These data sets were ranggmherated
within ATSV. In particular, data sets for 250, 5@33, and
1000 designs were generated using the Basic Santpler
represent random sampling of the trade space. trieds were
performed for each desired number of designs with lhest
NSP value and number of feasible designs recomieeaich.

5. ANALYSIS AND DISCUSSION OF RESULTS

Our data analysis focuses first on which visuaiimaand
exploration tools were used by the decision-malkersolve
the design problem. Additionally, the performameeasures
from Section 4.3.2 are used to evaluate how welld#cision-
makers explored the trade space to reach theictzge

5.1. Usage of Visualization and Sampling Tools

Figure 10 displays the percentage of novice ancemxp
users that used each available visualization amplsag tool
discussed in Section 3. Starting with the vision tools,
Figure 10 shows the limited range of visualizatioethods
that the novices used. Almost every novice us&l Seatter
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Plots as their primary method for visualizing thede space.
From the log files it could be seen that studersisdumany
variations of 2-D Scatter Plots and sometimes usattiple

Scatter Plots simultaneously. This result suggistisnovices
are more comfortable using lower-dimension viswdion

tools. Only 40% of the novices used 3-D Glyph ®lofThe

performance of these users is examined more indpes?.

O Novices

W Experts

Percentage of Decision-Makers Using Tool (%)

S IR C S S S Y
PR \\& _QQ;@ & & (@ @Q\ (@ & @Q\
O & F L S & F P F P P
2NN AN IR SIS g & & &
o’ N ® & &S
R NP S G LA
Qfé N3

Visualization or Exploration Tool

Figure 10. Percentage of Novice and Expert Users
Utilizing Each Visualization Tool and Sampling Method

Figure 10 also shows that the novices never usgdfn
the remaining four multi-dimensional data visudiiaa tools
(Scatter Matrices, Parallel Coordinates, 1-D andD 2-
Histograms), even though they were introduced ésdhtools.
This may indicate a tendency for the novices to thse
visualization tools with which they are most familiand not
try new tools when learning how to use ATSV. Hoewev
since none of the experts used histogram ploterithis may
indicate that they were not appropriate for thigtipalar
design problem. Since the novices were not intteduto
Parallel Coordinates during their introduction t@3V their
exclusion of them during the analysis is not s@ipg given
their exclusion of the other three visualizationlso Unlike
the novices, expert decision-makers used a widetyaof
visualization tools both individually and as a gsouGuiding
novice users to use these excluded visualizatiots tasing
support tools to help them effectively understarthatithey
are visualizing, should support the use of moreiedar
visualization methods. Encouraging decision-makerngse a
wider variety of visualization tools will help theexplore the
trade space more effectively; however, it is imaott to
understand which tools are situationally appropriat

The results for trade space sampling methods ddtail
Figure 10 show similar results to the visualizattonls. All
of the novices were able to use brushing to spetiir
constraints, and every novice also used the Bamioper at
least once to sample the trade space. Sincednsnonplace
to start a trade space exploration problem with a@si®
Sampler run, we expected that every novice woulel tis
sampler. What is interesting though is the nundiedesigns
the novices generated trough random sampling assepipto
other methods. Most novices used the Basic Samagl¢neir
primary sampling method. They were most likelyt jriging
to sample until they found feasible designs, whintiicates

that they were goal oriented but did not have theblem
solving strategy necessary to best reach theirctbsge This
supports the goal-specific nature of novice deoisiaking
discussed in Section 2.2. Learning from expertisi@t-
makers to understand effective non-goal-orientedblem
solving strategy would be desirable.

Although the novices were introduced to all of the
sampling methods, only one-third of novices use@ th
Attractor or Point Sampler. Their performance caned to
the other novices is explored more in Section 5.2
negligible amount of novices utilized the Prefeenc Pareto
Sampler. The experts demonstrated the use of arwéhge
of sampling methods similar to the visualizatioolso All of
the samplers can be very useful in trade spaceoeatjon;
therefore, it should be a priority to guide andamage users
to use these tools when appropriate.

5.2. Measuring Performance

For comparison purposes the novices were splitthmee
subsets: (1) novices using low-dimensional visadiin tools
only, (2) novices using higher-dimensional visuatiian tools,
and (3) novices using advanced samplers (sampkysni
the Basic Sampler). Comparison between data sets w
performed using two-sample t-tests, with the onledaun-
paired samples hypothesis test methodology [31}valBes
less than 0.05 indicate a statistically significactiange
between datasets.

5.2.1.Using NSP as The Metric

Figure 11 shows the results of the trials with N&Pthe
metric. The decision to remove outlier points vmaade in
accordance with the discussion in Section 4.3.2cesin
including the outlier points severely skew the data. The
distribution of NSP values for both the novices angberts
can be seen in

Figure 12. Including the outliers in the data wbbhkve
skewed the mean NSP value for all novices from3#2with
no outliers) to 48.01. Even though a majority fed hovices
performed with similar results, including the oet§ greatly
changed the mean and the standard deviation ofldtesets.
The real value is from the approximately two-thiodsiovices
that preformed similarly; however, the percentagedata
points that were excluded from each dataset areritaupt to
note and are presented later in this section.

Experts

Basic Sampler (883
Designs)

Novices Using
Advanced Samplers

Novices Using Higher-
Dimensional
Visualization Tools

Novices Using Only

Low-Dimensional
Visualization Tools

All Novices

T T T T T T T T T T T
0 -5 -10 -15 -20 -25 -30 -35 -40 -45 -50 -55 -60 -65
Average NegSpecPower for Best Feasible Design

Figure 11. Dataset Comparison using NSP as the Metric
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Figure 12. Distribution of NSP for Novices and Experts

The average number of designs generated by theesvi
was just over 883; therefore, the data set of B&simpler
trials with 883 designs generated each run is #st tata set
to compare to the novice data. A statisticallyigngicant
difference between All Novices and the Basic Samplith
883 designs in Figure 11 shows that the noviceprrgucing
only a small improvement in NSP over purely random
sampling. This result is verified by Figure 13,ig¥hshows
the average NSP values of four Basic Sampler teghinst
the numbers of designs generated, as well as at poin
representing the average NSP value versus the gevera
number of designs generated by the novices. Asbeaseen,
the novices barely outperform pure random samplifidnis
suggests that novices are not able to effectively ATSV's
visualization and sampling tools in a strategic nearand are
in essence randomly sampling the trade space.
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Figure 13. Number of Designs Generated vs. Average
Best NSP for Basic Sampler and Novices

The data in Figure 11 also indicates that the Basic
Sampler of 883 designs out-performs novices usimgplt
Plots, the Attractor Sampler, or the Point Sampheryvever,
this change is only statistically significant witkspect to the
higher-dimensional visualization tools (Glyph Pjotgth a p-
value of 0.029. This indicates that the novices raot using
these trade space exploration tools effectivelynese results
also may indicate that novices are not able to shothe

appropriate trade space exploration tools durirg dlesign
process. Figure 1Ahlso indicates that the overall novice
population out-performs novices using Glyph Plothe
Attractor Sampler, or the Point Sampler; howevereoagain
this result is only statistically significant ingltase of higher-
dimensional visualization tools with a p-value dd®4.

Basic Sampler (883
Designs)

Novices Using
Advanced Samplers

Novices Using Higher-
Dimensional
Visualization Tools

Novices Using Only
Low-Dimensional
Visualization Tools

All Novices

0.00 500 10.00 15.00 20.00 25.00 30.00 35.00 40.00 45.00
Percentage of UDMs (%)

Figure 14. Percentage of Underperforming Decision-
maker’s for each Dataset

Figure 14 summarizes the percentage of UDMs, as
described in Section 4.3.2, for each dataset. dffactive
analysis techniques the percentage would approaoh as
every decision-maker is able to meet the objeatiitke similar
aptitude. The data in Figure 14 shows that fornalices,
there are a significant percentage of decision-msakeat are
underperforming. This percentage is in the rarfgle Basic
Sampler, again showing the novices’ similarity #ndom
sampling. Novices using glyph plots or the Atteaickampler
had lower percentages but that can mainly be at&ibto the
larger standard deviation of the data sets resgulinfewer
statistical outliers.

5.2.2.Using Percentage of Feasible Designs as Metric

Figure 15 presents the results of the trials wilcpntage
of feasible designs as the metric. For this aiglve were
once again faced with the decision of whether ¢ataminclude
the outlier points for the novices. Unlike thelmus from the
previous section, data points that were removed fthese
datasets were the best performing points (greatest
percentages). Thus, by removing the outliers vee saying
that the novices performed worse in the trial ttregy actually
did which inappropriately handicaps their resultéinother
reason to keep the outlier points is that they wearteextreme
points as seen in Section 5.2.1 and do not skewoteeall
dataset with their inclusion. Therefore the outpeints were
included for this metric.

Figure 15 also shows that novices out-performed the
Basic Sampler in every case. Novices using glylospthe
Attractor Sampler, or the Point Sampler producebigher
percentage of feasible designs than the Basic Semafibne,
however this improvement was not statistically gigant (p-
value < 0.05). Experts out-performed All Novicasdathe
Basic Sampler data sets with a p-value < 0.04 oh emse.
This certainty would be greater if not for the krgtandard
deviation of the expert results.
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Figure 15. Comparison of Datasets using Average
Percentage of Feasible Designs as the Metric

5.3. State Transition Activity Diagrams

Figure 16 and Figure 17 illustrate the state tt#onsi
activity diagrams [32] for the study groups in eeliminary
Experiment for the novices and experts, respegtival these
figures, the circles represent the different sanspknd the
squares represent the different visualization tosisd by the
decision-makers. The size of the circles are pitpwal to

the percentage of designs generated using that lisgmp

method across the total population of that respedtiataset.
Similarly, the size of the squares is proporticieathe number
of times that visualization tool was utilized. Tlagrows
between the squares and circles represent tramsibietween
specific tools (e.g., the novices tended to switaguently
between the Basic Sampler and the Scatter Pldtpe \eight
(thickness) of each arrow is proportional to thenber of

times a transition between those tools was perfdrme

Transitions that were not repeated — or occurrééduently —
are not represented by arrows. The informationl isecreate
these diagrams was ascertained from the log fjesdzking
transitions between tools and recording the nurobelesigns
generated with each sampler.

As mentioned, Figure 16 represents the state tramsi
for the novices. From this diagram we can seettte@hovices
relied heavily on the Basic Sampler and the BrusdfdPence
window. The Scatter Plot was used as the primathod of
visualizing the data with the Glyph Plot being usedy
occasionally. As discussed in Section 5.1 thesgcas did
not utilize the Scatter Matrix, Parallel Coordirsteor
Histogram plots. The novices used the Attractan8ar the
most frequently; however, over twice as many desigere
generated with the Basic Sampler. The Point Sarrgohel
Pareto Sampler were used to generate a relativeller
number of designs in comparison. In terms of thaditions,
there were many transitions between the Basic Sangpid
the Scatter Plot as well as between the Basic Sangid
Brush Preferences. There are also quite a fewsitiams
between the Brush Preferences window and the $dalibé
Most of the novices’ transitions were between thasee tools
(Basic Sampler, Scatter Plot, and Brush Prefergrstesning
that they are primarily utilizing the simplest tedh ATSV.
These novices also often used the attractor samyitlin the
Scatter Plot meaning they liked lower-dimensiortabators.

Figure 16. State Transition Activity Diagram - Novices

Figure 17. State Transition Activity Diagram - Experts

Figure 17 represents the state transitions forethert
users in the Preliminary Experiment. Similar te tovices in
Figure 16, the experts utilized the Scatter Ploith vihe
greatest frequency. However, the experts alsaiéetly used
Parallel Coordinates, Scatter Matrices, and thepksli?lots
when appropriate. One of the notable differenega/éen the
novices and the experts is that the experts usedBtsic
Sampler much less frequently. Not captured in &gl is
that the experts primarily used the Basic Sampeinitially

populate the trade space and then only used thes mor

advanced samplers thereafter. The experts gedemadst of
their designs using the Pareto Sampler, which isharp
contrast to the novices. The Attractor and Prefege
Samplers were moderately used, while the Point S&amyas
used to generate only a relatively few number sfgtes.

From Figure 17 the most common expert transiticars ¢
also be seen. In particular, Parallel Coordinategttractor
Sampler was the most frequent transition, showhmat the
experts preferred to use multi-dimensional attractombined
with Parallel Coordinates to visualize the tradecgp The
strongest two-way transition was between the PaBatopler
and the Scatter Plot. Many experts also transtiobetween
the Basic Sampler and the Scatter Plots. This shbat after
initially populating the trade space, the expeited to view
the designs that were generated before specifyhmgyr t
preferences and constraints. The Pareto SampteiGyph
Plot also had a large frequency of transitions betwthem as
the experts sometimes visualized the three-dimeati@areto
surface while using the Pareto Sampler to loolcf@nges.
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5.4. Implications of the Results

The results suggest that novices were able to lygeh g
plots, the Attractor Sampler, or the Point Samplih limited
success to find trade space regions with morelfEadesigns.
Despite this, they were not able to significanttyprove their
single-objective over purely random sampling. destingly,
novices using glyph plots performed worse then wlmle
population of novices. This suggests that novaresnot able
to use higher-dimensional plots effectively to finelgions
with feasible designs.

Since the novices performed so poorly while using a
limited scope of trade space exploration toolds iapparent
that novice users would benefit from more trainioguse a
wider variety of visualization tools and samplingethods.
Using a wider variety of visualization tools andmgding
methods should allow novices to have a better @taieding
of the trade space and where important tradeoftsiroclt is
also important to understand the reason why nowvitesot
use certain tools and address these issues; wherttrding
more background and training for tools that theg aot
familiar with or guiding them to use each tool wheis most
valuable to support decision-making and exploration

Engineering design problems are very diverse, dmed
most appropriate visualization and exploration ot use
will vary from problem to problem. Understanding what
way individual tools, or combinations of tools, da@ used to
gain a better understanding of the problem is shimgtthat is
not easily trained and is best learned through rspee.
Since novices do not yet have a large range ohitsitoal
experience to draw upon, training protocols woudtphteach
novices how to find patterns in the data and tterfilout
irrelevant information. Not captured in the resubresented
in Section 5 was the fact that novices tended teusd the
visualization tools they selected by not viewinge th
dimensions of greater importance. In this wayytéehibited
the tendency of confusing visibility with relevands].

The Preliminary Experiments addressed many of the
potential differences between novice and expertrsuse
identified in the Pilot Study. The novices tendedbe less
able to analyze multi-dimensional data and lackesbdg
strategy toward solving the problem. Although #wpert
strategies appeared heuristic, studying their @gtixansitions
provided insight into their decision-making stragsg It is
our goal to take what we learn for the experts @ath the
novices effective problem solving strategies.

Interestingly, the experts appeared to utilize tifferent
design strategies. Two of the experts relied Hgaon
visualization tools to find patterns in the datandathen
carefully selected the appropriate sampling tealmiq This
approach appeared to be appropriate for solving teaye
space exploration problem regardless of the nurabemputs,
constraints, and objectives. Other experts tookaathge of
the ability to rapidly generate new designs andféioe that it
was a single-objective problem. Thus they usedelow
dimensional visualization tools to watch the pregien of the
objective function as they applied various samptechniques
to quickly generate thousands of designs. Regssdié the
technique used, the experts produced consistenifjh h
performance; however, the experts that took adgentd this
being a single-objective problem performed notitgdietter.
Future studies will determine if their strategiesywwhen they

—
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are solving problems with different numbers of itgu
constraints, and objectives. It is important tdenm which
situations different strategies are most successful

6. CONCLUSIONS AND FUTURE WORK

This research suggests that novice decision-makers
currently ineffective at using our research testb®@SYV, in
particular, and multi-dimensional data visualizatitmols, in
general, to help solve a design problem. In tleeg®riments
keeping the novice decision-makers “in-the-loopt diot
significantly improve design performance over pymendom
sampling. This can be attributed to the fact that novices
did not effectively use the variety of tools avhl&to them
but rather used the same tools repeatedly basedhe&n
limited training. Encouraging novices to use aaewvigariety
of visualization and exploration tools should impgodesign
performance as indicated by previous research [33].

Going forward we plan to perform Cognitive Task
Analysis [10] to elicit the trade space exploratiorowledge
from expert users and formulate this information that
novice users can learn and benefit. This woulduthe the
information collected with the expert study presenin this
paper as well as additional expert studies withfediht
numbers of variables, objectives, and constrainBome of
this work has already been conducted comparingethre
objective problem of varying complexity [34], withther work
to follow. Conducting future studies on experts ckevelop
basic trade space exploration guidelines to bengigenovice
users. Schneiderman [10] states that a guidetioesiment
can promote consistency among multiple designeSsnce
decision-makers are often left without an ordegppr@ach to
explore data [11] this knowledge elicitation wouddrtain to
how to effectively use visualization and samplingls and
when these tools are most beneficial during trapece
design. In addition to consistency, guidelines Maiso help
promote non-goal-specific problem solving which
characteristic of expert decision-makers [16]. #ddally, it
would be valuable to understand why novices pickest’
design when multiple competing objectives are presas
compared to how an expert would select that design.

There were limitations with this work. For the @il
Study there was a very small population size due to
availability of participants, particularly expersars available.
For the Preliminary Experiment, our test group Viméted to
undergraduate students who were mostly Industmgjirteers
— they had experience with optimization but nouslization
or the test problem they were trying to solve. Arendiverse
sample population may have produced different tesuAlso,
the time that the novices were given to conduct the
Preliminary Experiment was limited to ten minuteséuse of
class restrictions. We would have liked to give #tudents a
little more time to explore the trade space. Sifiade Space
Exploration is a relatively new field, there weilsaaa limited
number of experts available to participate.

is

ACKNOWLEDGEMENTS

This work has been supported by a grant from the
National Science Foundation (Grant No. CMMI-0620048
Any opinions, findings, and conclusions or recomdaions
in this paper are those of the authors and do eoessarily
reflect the views of the National Science Foundatio

Copyright © 2009 by ASME



REFERENCES
[1] Wright, H., Brodlie, K., David, T., 2000, "Nayating High-
dimensional Spaces to Support Design Steering,"

Proceedings of IEEE Visualization 2Q(Ralt Lake City, UT,
IEEE Computer Society Press, pp. 291-296.

[2] Simpson, T. W., Spencer, D. B., Yukish, M. Stump, G.,
2008, "Visual Steering Commands and Test Problemns t
Support Research in Trade Space Exploratidknierican
Institute of Aeronautics and AstronautiedAA-2008-6085.

[3] Jordan, D. D., Spencer, D. B., Simpson, T. Wukish, M.
A., Stump, G. S., 2008, "Optimal Spacecraft Trajges Via
Visual Trade Space ExplorationAAS/AIAA Space Flight
Mechanics MeetingGalveston, TX, AAS-08-246.

[4] Simpson, T. W., Carlson, D. E., Congdon, C. &tymp, G.,
Yukish, M. A., 2008, "Trade Space Exploration ofAéng
Design Problem Using Visual Steering and Multi-
Dimensional Data Visualization4th AIAA Multidisciplinary
Design Optimization Specialist Conferen8ghaumburg, IL,
AIAA-2008-2139.

[5] Balling, R., 1999, "Design by Shopping: A NewrBdigm?,"
Proceedings of the Third World Congress of Striaitand
Multidisciplinary Optimization (WCSMO-3)Buffalo, New
York, University at Buffalo, 295-297.

[6] Stump, G. M., Yukish, M. A., Simpson, T. W., Hia,
Nathan E., 2003, "Design Space Visualization arsl It
Application to a Design by Shopping Paradig;ddSME
Design Engineering Technical Conferencghicago, IL,
ASME, DETC2003/DAC-48785.

[7] Stump, G. M., Simpson, T. W., DonndelingerAJ, Yukish,
M., 2007, "Visual Steering Commands for Trade Space
Exploration: User-Guided Sampling with Exampl&SME
Design Engineering Technical Conferenceas Vegas, NV,
DETC2007/DAC-34684.

[8] Carlsen, D., Malone, M., Kollat, J., Simpson, W., 2008,
"Evaluating the Performance of Visual Steering Cands
for User-Guided Pareto Frontier Sampling During dera
Space Exploration,ASME Design Engineering Technical
ConferenceNew York, NY, DETC/DAC-49681.

[9] Seo, J., Shneiderman, B, 2005, "A rank-by-featu
framework for interactive exploration of multidimganal
data,"Information Visualization4, 96-113.

[10] Klein, G., 1998, Sources of Power: How People Make
Decisions Cambridge, MA, The MIT Press.

[11] Randel, J. M., Pugh, H. L., Reed, S. K., 1998ifferences
in expert and novice situation awareness in nastial
decision making " International Journal of Human-
Computer Studie#l5, 579-597.

[12] Jiang, X., Gramopadhye, A. K., Melloy, B. J2004,
"Theoretical issues in the design of visual insjpect
systems,"Theoretical Issues in Ergonomics Scienbé€3),
232-247.

[13] Petre, M., Green, T. R. G., 1993, "Learning Read
Graphics: Some Evidence that 'Seeing’ an Informatio
Display is an Acquired Skill,Journal of Visual Languages
and Computing4, 55-70.

[14] Zzhu, Y., 2007, "Measuring Effective Data Vidiaation,"
Advance in Visual Computingpringer Berlin/Heidelberg,
pp. 652-661.

[15] Orasanu, J., Connoly, T., 1993, "The reinvemtdf decision
making. In G.A. Klein, J. Orasanu, R. Calderwoaul] &£.E.
Zsambok,"Decision Making in Action: Models and Methods
Norwood, CT, pp. 3-20.

[16] Gilmour, P., Corner, J., 1998, "The Role ot tkxpert's
Decision Making Skills in Management,33rd Annual

11

Operational Research Society of New ZealaAdckland,
195-204.

[17] Bouwman, M. J., 1984, "Expert vs Novice DeaisiMaking
in Accounting: A Summary,Accounting Organizations and
Society 9(3/4), 325-327.

[18] Wiedenbeck, S., 1986, "Organization of progmany
knowledge of novices and expertdgurnal of the American
Society for Information Sciencg7(5), pp. 284-299.

[19] Scneiderman, B., 1998Designing the User Interface:
Strategies for Effective Human-Computer Interaction
Reading, Addison-Wesley.

[20] Buja, A., McDonald, J. A., Michalak, J., Stakt, W., 1991,
"Interactive Data Visualization Using Focusing and
Linking," IEEE Conference on VisualizatiorBan Diego,
CA, IEEE Society Press, 156-163.

[21] Becker, R. A. a. C., W. S., 1987, "Brushinga&erplots,"
Technometrics29(1), 127-142.

[22] Stump, G. M., Yukish, M. A., Martin, J. D.,i8pson, T. W.,
2004, "The ARL Trade Space Visualizer; An Enginegri
Decision-Making Tool,"L0th AIAA/ISSMO Multidisciplinary
Analysis and Optimization Conferenddlbany, NY, AlAA,
AIAA-2004-4568.

[23] Price, K., Storn, R., Lampinen, J., 200Bijfferential
Evolution - A Practical Approach to Global Optimiim,
Berlin, Springer-Verlag.

[24] Robic, T., Filipic, B., 2005, "DEMO: Evolutionfor
Multiobjective Optimization,"3 International Conference
on Evolutionary Multi-Criterion OptimizatignGuanajuato,
Mexico, Springer, pp. 520-533.

[25] Wagner, T. C., Papalambros, P. Y., 1991, "@ptiEngine
Design Using nonlinear Programming and the Engine
System Assessment ModelTechnical Report No. SR-91-
154, Ford Motor Cq.Dearborn, MI.

[26] McAllister, C. D., Simpson, T. W., 2001, "Midtsciplinary
Robust Design Optimization of an Internal Combustio
Engine," ASME Journal of Mechanical Desigh25(1), pp.
124-130.

[27] Kieras, D. E., Boviar, S., 1986, "The roleaomental model
in learning to operate a deviceCognitive Scienge8, pp.
255-273.

[28] Stump, G. M., Simpson, T. W., Yukish, M., OldaJ. J.,
2004, "Trade Space Exploration of Satellite Data&kding a
Design by Shopping Paradigm2004 IEEE Aerospace
ConferenceBig Sky, MT, IEEE, IEEE-1039-04.

[29] Neilson, J., Mack, R. L., 1994sability Inspection Methods
New York, NY, John Wiley and Sons.

[30] St-Onge, L., Archambault, J. F., Kwong, E.bSabi, M.,
Vadas, E. B., 2005, "Rapid Quantitive Analysis of
Magnesium Stearate in Tabulates Using Laser-induced
Breakdown Spectoscopy,"Journal of Pharmaceutical
Science8, pp. 272-288.

[31] Devore, J. L., 1995,Probability and Statistics for
Engineering and the Scienc&¥adsworth Publishing.

[32] Booth, T., 1967Sequential Machines and Automata Theory
New York.

[33] Carroall, J. M., Carrithers, C., 1984, "Traigi'Wheels in a
User Interface,'Human Aspects of Computing7(8), 800-
806.

[34] Wolf, D. R., 2009, "An Assessment of Novice dus
Decision-Making Strategies during Visual Trade Spac
Exploration, Mechanical Engineering," M.S. Thesfenn
State University, University Park, PA.

Copyright © 2009 by ASME



