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ABSTRACT
One of the major challenges faced by the decision maker in the
design of complex engineering systems is information overload.
Effective exploration of the design space requires the generation
and analysis of numerous design alternatives, each represented
by multiple design variables and corresponding objective values.
When the size and dimensionality of the data exceeds a certain
level, a designer may become overwhelmed and no longer be
able to perceive or understand the underlying dynamics of the
design problem at hand, which can result in premature or poor
design selection. There exist various visual analytic tools
designed to relieve the information overload, such as BrickViz,
Cloud Visualization, ATSV, and LIVE, to name a few. However,
most of them do not explicitly support the discovery of key
knowledge about the mapping between the design space and the
objective space, such as the set of high-level design features that
drive most of the trade-offs between objectives. In this paper, we
introduce a new interactive method, called iFEED, that supports
the designer in the process of high-level knowledge discovery in
a large, multiobjective design space. The primary goal of the
method is to iteratively mine the design space dataset for driving
features, i.e., combinations of design variables that appear to
consistently drive designs towards specific target regions in the
design space set by the user. This is implemented using a data
mining algorithm that mines interesting patterns in the form of
association rules. The extracted patterns are then used to build a
surrogate classification model based on a decision tree that
predicts whether a design is likely to be located in the target
region of the tradespace or not based on the driving features only.
The classification performance and the compactness of this tree
are used as figures of merit to evaluate the set of driving features,
and are provided to the user to facilitate iteration. Initially, the
extracted patterns that constitute test nodes of the classification
tree are likely to be primitive (simple combinations of design
variables). The proposed method enables the user to build and
test more compact and higher-level driving features through an
interactive process. Higher level driving features will result in
more compact classification trees while improving classification
performance, helping the user to gain insights and build a mental
model of how design variables are mapped into objective values.
The validity and effectiveness of such approach are tested on a
controlled experiment with human subjects.

1. INTRODUCTION
Many modern engineering systems such as aircrafts,
nuclear power plants, and satellite systems are extremely
complex, and their scale and scope can be immense [1].
Interactions between subsystems, sometimes even across
different levels of hierarchies, may give rise to emergent
behaviors that are difficult to predict. Designing such a complex
engineered system still remains a challenging task.
After the introduction of the concept of decision-based
design [2], most research efforts in engineering design have
focused on developing fully-automated optimization
technologies to find a single point solution that provides
maximum “value”. Under this approach, various design
alternatives are rank-ordered through mathematical calculation
of the “value” of each design, which can be defined in various
ways [3,4]. This requires a priori articulation of preferences
among different attributes. In some cases, this is relatively
simple; for example, for a for-profit organization, value can be
defined as the expected utility of the net present value of the
project over its lifetime, which incorporates both revenues and
costs, opportunity costs, inflation, uncertainty and risk aversion.
In other cases however, especially in the case of early-phase
design (e.g. conceptual design and system architecting) of
unprecedented systems in not-for-profit organizations, the
design problems are usually ill-defined and the stakeholders may
not know exactly what they really want until they have some idea
of what the design space looks like. For example, consider the
case of architecting the next generation Earth observing satellite
system for scientific purposes. In this case the primary
stakeholder is the scientific community, whose preferences are
hard to express with a single-dimensional value function, since
such function would have to factor in many different
measurement attributes for which it is very hard to establish
combined preferences, such as spatial resolution, temporal
resolution, accuracy, spectral sampling, and so forth.
More recently, a new paradigm of “design by shopping”
[5] has emerged as an alternative. This has led to the
development of various multi-objective optimization techniques,
visual analytics, and tradespace exploration tools [6,7]. Under
this paradigm, a designer explores multiple design alternatives
and chooses a design that best matches his or her preference.
Such practice gives the designer more control over the design
and selection process. This is inherently an interactive process,
where the human designer and the computer have to be able to
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communicate with each other effectively.
Communications between the human and the computer
can occur in both directions; from the computer to the human,
and vice versa. For example, the computer should be able to
show the visualization of the tradespace and provide all the
relevant information in a compact form. After observing the
provided information, the designer should be able to express
preferences between possibly-conflicting objectives and select a
set of designs among the vast number of possible design
alternatives to examine it further in detail.
The capability of exchanging information between the
human and the computer is becoming more critical, as the
improvements in computational power and the developments of
efficient multi-objective optimization algorithms [8,9] have
enabled the simulation of a large number of design alternatives.
If the communication framework is not carefully designed, a
human designer can be overloaded with too much information.
To address this issue, much work has explored new data
visualization and tradespace exploration techniques [10–16].
However, most of the existing tools lack explicit support for
high-level knowledge discovery and testing. Here, the high-level
knowledge refers to the knowledge that would require more
logical operators and design attributes to express, compared to
low-level knowledge. For example, a designer may be interested
in learning why certain designs are mapped to the particular
location in the objective space. However, such information may
not be explicitly available in existing visualization methods.
One possible way of encoding such information is as a rule
that has the form of an if-then association: if feature X (design
space) is present in architecture A, then architecture A is likely to
be good. Using such information, we define a driving feature as
the combination of design variables that appear to drive designs
to a desired (target) region of the tradespace [17]. Throughout
this paper, we use the terms “feature” and “pattern”
interchangeably to mean a combination of design variables and
their corresponding values. While many automatic feature
selection and extraction algorithms exist [18–20], they suffer
from the curse of dimensionality, since the space of candidate
features is possibly unbounded. Therefore, the success of these
algorithms in practical design problems requires the intervention
of the human in the feature selection process.
In this paper, we propose and test an interactive strategy
called iFEED (Interactive Feature Extraction for Engineering
Design) that can extract a compact set of driving features of a
design problem, represent its structure and assess its predictive
power using classification trees. One of the major advantages of
this tool is that the human designer can actively participate in the
knowledge discovery process, and can get new insights on the
functional mapping between the design space and the objective
space. Ultimately, this will result in better designs selected and
more value to the decision maker.
Through a controlled experiment, we compare the
effectiveness of this strategy in helping the user learn the driving
features of the problem compared with the current standards:
advanced visual analytic techniques (scatter plots, dynamic
filters) and automatic feature extraction techniques.

The rest of the paper is structured as follows: Section 2
provides a review on current visual analytic tools. Section 3
describes the research gap and the main goal of our research.
Section 4 introduces iFEED, and describes what the major steps
are in the method. Section 5 describes how preliminary
experiment is designed to test the effectiveness of iFEED.
Section 6 presents the result. Section 7 discusses the conclusions
and Section 8 provides the limitations of this research and
opportunities for future works.
2. LITERATURE REVIEW
With the emergence of the “design by shopping” paradigm
[5], multi-objective optimization tools have been developed to
generate a large number of design alternatives [21]. Each of these
design alternatives are represented by a set of design variables
and corresponding objective values. Because of the large size
and the high dimensionality of the data, a human designer faces
the challenge of information overload [22], which occurs when
the amount and complexity of information available exceeds the
human’s cognitive capability. Therefore, the need for powerful
analytical tools to aid in tradespace exploration has grown in the
past decade.
Various interactive visualization techniques have been
developed in this regard. For instance, BrickViz [10] aims to
reduce the designer’s cognitive load by representing groups of
designs using boxes. Many other researches have focused on
providing techniques to visualize high dimensional space. Cloud
visualization [11] enables visualization of both design space and
objective space simultaneously, and the link between them. It
also accommodates multi-dimensional view using cascading
windows. ARL Tradespace Visualizer [12,13] enables multidimensional analysis of the tradespace by creating glyph plots,
linked-views, histogram, and parallel coordinate plots. Hyperspace Diagonal Counting (HSDC) method [15] visualizes the
Pareto Frontier for an n-dimensional objective space. However,
the neighborhood points are not maintained during the
visualization process. Hyper-Radial Visualization (HRV) [16]
suggests an improved method to visualize the Pareto Frontier for
an n-dimensional objective space. The major function of most of
these tools is visualizing the objective space to see the trade-offs.
Subsequent developments to some of these visualization
tools have been to add new functions that incorporate more
human inputs reflecting users’ preferences. A visual design
steering method called Graph Morphing [23,24] enables the
designer to pause the optimization process and “steer” it into
certain direction. Visual steering commands implemented in [25]
make use of user guided samplers to redirect or narrow down the
search during the tradspace exploration. Chiu and Bloebaum also
implemented a technique that generates new designs within the
region of interest identified by the designer [26].
Another line of effort is being put on combining interactive
visualization and automated analytic tools such as data mining
[22,27–29]. A justification for this approach is that humans and
computers are complementary in the knowledge discovery
process: humans are good at thinking holistically and
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recognizing patterns, whereas computers are good at introducing
exhaustiveness, rigor, and speed in analyzing data.
Some researchers have taken this approach to help the
human designers learn about the design problem better. The
framework developed by Zhang et al. utilizes clustering
algorithms to draw nested boxes, each of which represents a
cluster at a different dimension or scale [30]. The user can
interactively select different clustering dimensions and their
order to provide a view of how objective values may vary
depending on the changes of design variables.
Another tool called LIVE developed by Yan et al. combines
the interactive visualization with data-oriented analytic tools
such as decision trees and clustering [31]. In this tool, the user
can interactively choose a group of designs as target designs and
construct a decision tree. The decision tree will show the user
what combination of design values may lead a design into the
user-specified target area in the objective space. The user can
also run clustering algorithms within the design space to see how
different clusters of designs are mapped in the objective space.

features are defined as sets of design variables that play major
roles in defining the location of designs in a user-selected region
of the objective space. iFEED is based on a dialogue (two-way
communication) between the human designer and the computer
analytic tool. The key idea is to start from a set of low-level
driving features mined from an automated algorithm, and to
progressively identify and build up higher level features by
incorporating the human knowledge and problem-solving
capability. The surrogate model constructed using low-level
features will likely be complex and difficult for the user to draw
any meaningful insight from it. On the other hand, the model
constructed using high-level features may have a more compact
form, and therefore easier to understand.
The immediate goal of iFEED is to let the user gain new
insights on how design variables affect the objective values as he
or she interacts with the tool. It has been demonstrated that the
knowledge gained in this process can later be used in making
optimization and tradespace exploration more efficient [17]. The
process consists of 5 steps, as shown in Figure 1. The 5 main
steps are: 1) formulation of candidate driving features; 2)
Selection of a region of interest in the tradespace (e.g. high
performance, low cost, and low Pareto ranking designs) and
defining a label based on it; 3) Identifying a set of driving
features from the set of candidate features that lead to the region
of interest; 4) Building a compact form of classification using the
driving features as predictors and the region of interest as the
label; 5) Evaluation of the classifier. At this point, the user goes
back to Step 1 to refine the candidate features, or terminates if
he or she is satisfied with the results.

3. RESEARCH GAP AND GOALS
In 2010, Bertini and Lalanne did a literature review on
recent approaches that combine advanced technologies in
information visualization and data mining to facilitate the
process of knowledge discovery [29]. They argue that there still
are unexplored opportunities in the way visualization and data
mining are integrated. One of their suggestions is to make it
possible for the user to build high-level hypotheses and complex
models using patterns mined by computational methods. By
building such high-level models, the user can gain some insights
into the relationship between objective values and input design
variables. The limitation that exists in most of the current
visualization and visual analytic tools is that it is difficult, if not
impossible, to build high-level models of the design problem in
an explicit manner. The user may observe visualization outputs
of different tools and deduce high-level models, but this process
is still limited by the human cognitive capacity and the
complexity of the visualized content. Moreover, it also requires
some effort to test and evaluate these models, as they may need
to be transformed into the form compatible with the analysis tool.
The framework introduced in [31] is a notable exception,
as it has the capability of generating surrogate models based on
classification trees. However, it does not go beyond low-level
pattern detection, with each of the test nodes in the decision tree
having only a single design variable and its corresponding range.
As low-level features constitute each test node, the constructed
decision tree is usually large in size, and it is difficult to draw a
meaningful insight on the user’s part. Furthermore, the tool does
not provide any platform that the user can use to input high-level
features and test them.
4. IFEED
4.1 Overview of iFEED
In this paper, we propose an interactive strategy called
iFEED that can be used to extract a compact set of driving
features and build a surrogate model with them. Here, driving

Figure 1. The flow chart showing major steps taken in iFEED for identifying
and testing driving features.
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Figure 2. The main interface of iFEED. (a) The scatter plot with interactive functions to select designs (b) Different menus for constructing driving
features and setting their threshold values. (c) Bar charts displaying the predictive power of driving features. Each bar corresponds to one driving
feature

Note that step 1 and step 2 rely on the human input to the
computer, and step 3 and 4 are carried out by automated
processes. Step 5 involves both components. To support such
collaborative effort, both interactive visualization and data
mining techniques are used to implement iFEED. The main
interface of iFEED is shown in Figure 2. The following subsections will explain each of the steps in more detail.

compared to patterns mined from conventional data mining
algorithms.
For example, consider the task of architecting an Earth
observing satellite system, where the key design decision is to
assign sets of remote sensing instruments to be used in different
spacecraft. If we use automated data mining algorithms, the
mined patterns will be simple combinations of design variables
such as: ‘instrument A and B are assigned to spacecraft X’, or
‘instrument C is not assigned to spacecraft Y’. However, these
patterns are low-level and therefore difficult to make useful
interpretations. In contrast, the human designers with expert
domain knowledge can come up with higher level patterns such
as: ‘instrument A and B are not assigned to spacecraft flying in
Sun-synchronous orbits with dawn-dusk local time of ascending
node’, or ‘No more than 2 heavy instruments are assigned to each
spacecraft’. These patterns are considered higher level, as they
require more design variables and logical operators to express.
Such high-level, compact patterns not only make the search
process more efficient, but also make it easier for human
designer to understand the result in later steps.
4.2.2 Selection of a region of interest in the tradespace
The second step is to select a region of interest in the
objective space in order to mine patterns that appear more often
in the selected region compared to the unselected region. The

4.2 Interactive Steps of iFEED
4.2.1 Formulation of candidate driving features
The first step in iFEED is to formulate candidate driving
features using domain-specific knowledge and insights obtained
by observing the structure of the design problem. The human
designer pre-specifies the structure of all patterns to be searched,
thereby limiting the feature space that the computer has to search
to a tractable size. This step is justified, as the space of all
possible design features is essentially unbounded in size and
therefore too large to be searched exhaustively.
Some may point out that there exist various strategies in
conventional data mining algorithms [18,19] that automate the
process of reducing the feature space. While this is true, there is
an advantage in having the user set the candidate driving
features. Patterns specified by the human can be higher-level
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X → Y is defined as the probability of a design containing feature
Y, given that it contains X:

selection can be made in two different ways. The first approach
is to define an analytical function that differentiates the designs
of interest from the rest. This function can be continuous (e.g.,
expected utility, or NPV), discrete (e.g., Pareto ranking), or
binary (e.g., being on the Pareto front, objective values being
within certain range). The second approach is to manually select
a region or regions based on interactive visualization of the
tradespace.
Both methods require human input, which is entered
through the GUI shown in Figure 2. The main interface contains
a scatterplot that displays design alternatives in objective space.
The user can make selection of designs by setting target Pareto
rankings, or range of objective values to be satisfied with each
design. Another option is to make selection visually, by dragging
mouse on to specific regions on the scatterplot.

conf(X → Y) =

Confidence is used as a level of strength of an association rule.
For formal definition and detailed explanations, refer to [18].
In this study, we use an additional metric called lift (also
called interest) [34] defined as following:
lift(X → Y) =

𝑃(𝑋 ∧ 𝑌)
𝑃(𝑋)𝑃(𝑌)

This value is related to the level of statistical dependency
between X and Y. If these two sets were independent, lift would
be equal to 1.
Each classification association rule has a corresponding
support, confidence, and lift. Rules that have all three of these
values higher than their corresponding thresholds are accepted.
Then the antecedent, or the left-hand-side of all classification
rules become the driving features and are provided to the user
through the GUI as shown in Figure 2c. The predictive power of
driving features is presented using bar charts, of which the height
can represent either support, confidence, or lift. The user can
hover over each of the bar and relevant information is presented
in the data tip. The thresholds for support, confidence, and lift
can also be set by the user through the GUI.

4.2.3 Identifying a set of driving features
The third step is to identify driving features using
association rule mining [18], which is a method used to reveal
interesting relations between variables in a database. A typical
example is shown using market baskets. Given a database
containing a large number of transaction records in a
supermarket, we can discover that some items are often bought
together. For instance, {peanut butter, jelly, bread}. From this set,
we can generate an implication rule such as {peanut butter and
jelly} → {bread}. Likewise, we can define an association rule X
→ Y, where X and Y are both combinations of binary attributes
of a design. This rule suggests that the presence of a feature X
implies Y. The major advantage of mining association rules is
that the knowledge is encoded in a human-learnable way. Newell
and Simon have shown that the way human experts reason can
be modeled using logical rules [32].
Classification association rule mining extends this idea, by
introducing class labels and treating them as additional binary
attributes [33]. Then rules of form X → c are only mined, where
X is a set of attribute values and c is a class label. In iFEED, X
represents features in the design space, and c indicates whether
a certain design belongs to the targeted region in the objective
space or not. Therefore, each association rule provides a link
between the design space and the objective space.
Based on this structure, we can generate a large number of
association rules. The subsequent mining process filters out rules
that are statistically insignificant or not useful. In conventional
association rule mining, two measures are often used: support
and confidence. The support of a feature X is defined as the
proportion of instances that contain X among all instances of
design in the database. This can be written as:
supp(X) =

𝑠𝑢𝑝𝑝(X → Y) 𝑠𝑢𝑝𝑝(𝑋 ∪ 𝑌)
=
= 𝑃(𝑌|𝑋)
𝑠𝑢𝑝𝑝(𝑋)
𝑠𝑢𝑝𝑝(𝑋)

4.2.4 Building a classifier using driving features
Once the set of driving features has been identified, it can be
used as a training set to train a classifier that classifies whether a
certain design belongs to the target region or not. In iFEED, a
classification tree is trained using the C4.5 algorithm [35]. A
classification tree model is used, because it is known as one of
the most human understandable classification models and it
introduces hierarchical structure among different features. C4.5
follows a divide-and-conquer approach. At each node, it selects
the feature that provides the largest information gain when a set
of designs traced to that node are divided according to that
particular feature. All features considered as the splitting criteria
come from driving features identified in the previous step. If all
of the designs in the remaining set are in the same class at
particular node, it becomes a leaf node. The algorithm runs
recursively until each path is connected to a leaf node. After the
classification tree is constructed, it is displayed to the user
through the GUI. The user can check the feature used at each test
node, and see the classification statistics (the number of designs
traced to that node, and the percentage of correctly classified
designs) at each leaf node. The user can also interactively expand
and collapse each node to adjust the pruning level of the tree.
The purpose of the classification tree is not to predict a
certain metric precisely, but to provide hierarchical structure and
priority information about the driving features, so that the user
can gain insights about the relative importance of a feature
compared to others. This may aid in identifying a small number

|{𝑋 ∈ 𝑡, 𝑡 ∈ 𝐷}|
= 𝑃(𝑋)
|𝐷|

where X is a feature of interest, t is one particular design, and D
is the dataset of multiple designs. A high support for X means
that X appears frequently in the designs of the database. A
minimum support threshold is used to filter out features that are
statistically insignificant. The confidence of an association rule
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of features that are present in designs within a desired location
in the objective space.

number of participants. The following sections provide details of
the experimental setup.

4.2.5 Evaluation of the classifier
After the classifier is presented to the user, he or she can
evaluate them based on the classification accuracy and the level
of compactness as figures of merit. The confusion matrix can be
used to define the classification accuracy of the tree. Both
accuracy and compactness are dependent on the set of driving
features used to train the classifier. For example, when the
driving features only have small confidence and lift values, the
classifier is likely to have low classification accuracy. This is
because driving features with low confidence and lift are not
prominent features that separates desirable designs from other
designs well. In addition, when the set of driving features only
contain low-level design features, the classification tree will
have more nodes and therefore, will be larger in size. In contrast,
high-level driving features will result in a decreased number of
nodes and a smaller tree. Thus, the level of compactness can be
used to check if driving features are high-level or not.
Based on these observations, the user can evaluate the
driving features and their corresponding classification tree. If the
classification accuracy or the level of compactness are too low,
the user must go back to Step 1 and define new higher level
candidate driving features. Otherwise, the user can decide to
terminate the whole process.

5.1 Hypotheses
The experiment aims to examine the efficacy of iFEED
compared to pre-existing design and analysis tools. The
effectiveness of iFEED can be measured in several aspects: the
amount of factual knowledge that the user gains about the design
space, the improvements in the user’s ability to generate a point
design that is considered to be good based on the user-defined
value function, and the increase in user’s trust on the tool. Based
on the above, three hypotheses were developed.
- H1: iFEED enhances the users’ understanding of the design
problem and major trade-offs compared to pre-existing tools
- H2: iFEED enhances the users’ ability to come up with a new,
high-value design, compared to pre-existing tools
- H3: iFEED increases the users’ trust on the tool, compared
to pre-existing tools
The first hypothesis comes directly from the fact that iFEED
is intended to aid users in analyzing and discovering new
knowledge about the design problem. Using iFEED, the user can
select the target region in the objective space and mine patterns
that are frequent among the designs in the region. The user can
further identify the structure and relative importance of these
features using a classification tree. Then the user can derive and
test higher level driving features based on this information.
During this interactive process, the user will have chances to
learn what design variables play major roles in locating a design
into a certain region of the objective space.
The second hypothesis is developed from the assumption
that, if the user has gained enough factual knowledge and is able
to synthesize it, then he or she should be able to propose a design
that is likely to be good according to the value function. It is
assumed that a designer who has gained more knowledge will be
able to propose designs with higher value.
The third hypothesis is based on another assumption that a
user will trust the output of the tool more if he or she understands
how it was obtained. In iFEED, the user plays an active role in
the knowledge discovery process, making it clearer to the user as
to how the resulting driving features are obtained.
In addition to these three hypotheses, one more hypothesis
was added:
- H4: Introducing a hierarchical structure and the notion of
relative importance among the set of driving features
supports the knowledge discovery process

4.3 Implementation of iFEED
The iFEED tool is implemented following a client-server
model. The client receives user inputs and visualize data, while
the server does all the data handling and analysis. The client side
includes the GUI, which is built using HTML, CSS, and
JavaScript. Visualizations of data and interactive interface are
made using a JavaScript library called D3. As the GUI is built on
web technologies, it can be displayed using any web browser on
any device regardless of hardware and operating system. The
server side contains algorithms that generate the driving features
using association rule mining, and construct classification trees.
These algorithms are implemented using Java.
5. EXPERIMENT METHODS
The primary aim of iFEED is to help designers gain new
insights on what combination of design features drives the tradeoffs in the objective space. In order to test the effectiveness of
iFEED, we designed a series of controlled experiments with
human subjects. The experiment consists of two major steps
called the learning session and the problem solving session. First,
in the learning session, the human subjects are provided with
iFEED or other variant tools to analyze thousands of design
alternatives generated for a real world design problem. Then in
the following problem solving session, a problem set is given to
the human subjects to test how much knowledge and insights the
subjects have gained during their interactions with the tool. After
the problem set has been graded, the scores are used to check if
the users have benefited in using iFEED compared to other tools.
In this paper, we conduct a preliminary experiment with a limited

This hypothesis is added because it is not obvious that
constructing a classification tree will add any value in presenting
and testing driving features.
5.2 Experiment conditions
In order to test the hypotheses, we divided all human
subjects into four groups. Each group is given different set of
tools to analyze data during the learning session, as summarized
in Figure 3.
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Conditions

Scatter
plot

Filter

Interactive
DF mining

Classification
tree

5.3 Evaluation criteria
After each participant completes the learning session, they
are given a problem set to solve. The problem set contains 5
questions asking for demographic information, 2 questions
regarding the user’s trust towards the tool, and 15 questions
asking about the design problem. Demographic information
questions asked a participant’s age, gender, educational level,
undergraduate major, and whether he or she had a prior
engineering design experience in the same domain as that of the
test problem (satellite system design). 15 questions that asked
about the design problem have two different types: multiplechoice questions and design synthesis questions.
First, multiple-choice questions mostly test the user’s
factual knowledge about the design problem. For example, some
problems ask what range of objective values can be achieved
when a constraint is applied to modify the boundaries of the
design space. There are also problems that ask about the
sensitivity of objective values to changes in design decisions.
Other questions ask about the coupling effects between different
design decisions, such as synergies or interference effects.
Another type of problems is the design synthesis task. Here,
the user is asked either to propose a new “good” design or to
improve the given design. It is assumed that, in order for the
designer to successfully provide answers to synthesis type of
questions, he or she needs to have enough of factual knowledge
and be able to apply it to more complex conditions.

Automated
DF mining
(apriori)

Baseline
Interactive
DF
iFEED
Automated
DF
Figure 3. Different set of tools provided to each group of test subjects. The
green boxes represent that corresponding function is implemented in the
given tool.

The first group of participants are provided with a
conventional analytic tool which includes a basic scatter plot and
filters. The scatter plot displays a large number of design
alternatives in the objective space. The test problem for this
study has two objectives, so the scatter plot is displayed on a 2D
plane. When there are more objectives, the scatter plot can be
obtained either by forcing the user to choose 2 to 3 objective
values or by implementing dimension reduction to project the
objective space in 2D or 3D.
Filters allow the user to selectively highlight designs on
the scatter plot based on their design variables. For example, if a
user sets the range of values for a particular design variable, then
the filter highlights all designs whose design variable has a value
within the specified range. This helps the user to concentrate on
a specific set of designs or learn how designs with the similar
range of design inputs are distributed in the objective space.
The second group is provided with interactive driving
feature mining along with a scatter plot and filters. The user can
interact with the GUI and extract driving features using
association rule mining. The user can also generate and test new
driving features. The mined driving features can be sorted based
on their lift, confidence, or support.
The next group is provided with the same tools as the
previous group with the additional capability of generating
classification trees, which adds hierarchical structure to the
driving features. This group gets the full functionality of the
iFEED method proposed in this paper. The user is instructed to
try to find a compact form of classification tree by introducing
high-level driving features.
The last group is provided with the tool that also consists
of scatter plot and filters. In addition, the given tool is capable of
extracting driving features automatically. In this case, the driving
features are extracted with minimal interaction with the user. The
target region in the objective space is automatically fixed and
driving features are mined using apriori algorithm, which is one
of the classical methods used in association rule mining [18]. The
apriori algorithm includes automatic candidate generation steps
and pruning method. No user input is used for setting the target
region in the objective space or for generating candidate driving
features.

5.4 Test Problem
The experiment is carried out using a real-world problem
previously studied by the authors [36]. The problem is to design
a system architecture of an Earth Observing Satellite Systems
that gives good value-to-cost to the climate scientific
community. The system architecting problem has been
simplified into a mathematical formulation of an assignment
problem between a set of instruments and a set of orbits. Given
a set P of candidate instruments and a set O of candidate orbits,
the architectural space is defined as the mapping of P onto O.
Each instrument in P can be assigned to more than one
orbit in O, or it may not be assigned to any orbit at all. The size
of the architectural space is then defined as 2|𝑂||𝑃| , where |𝑂|
is the number of candidate orbits and |𝑃| is the number of
candidate instruments. In our test problem, we have |𝑂| = 5
and |𝑃| = 12 , and therefore 260 total number of possible
architectures. Each architecture can be represented by a Boolean
matrix M where M(o, p) = 1 if instrument p is assigned to orbit
o, and M(o, p) = 0 otherwise.
A total of 2,619 architectures were generated and
displayed in the scatterplot of the GUI. For each architecture, two
objective values, a cost metric and a science benefit metric, were
calculated using a simulation tool previously developed in [37].
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Table 1. Preset Candidate Driving Features
Name of the
feature

Arguments

Description

Present

𝐼𝑖

Instrument 𝐼𝑖 is present in at least one of the orbits

Absent

𝐼𝑖

Instrument 𝐼𝑖 is absent in all the orbits

InOrbit

𝑂𝑖 , 𝐼𝑗

Instrument 𝐼𝑗 is present in orbit 𝑂𝑖

NotInOrbit

𝑂𝑖 , 𝐼𝑗

Instrument 𝐼𝑗 is not present in orbit 𝑂𝑖

Together

𝐼𝑖 , 𝐼𝑗 ,(𝐼𝑘 )

Instruments 𝐼𝑖 , 𝐼𝑗 (and 𝐼𝑘 ) are present together in any orbit

TogetherInOrbit

𝑂𝑖 , 𝐼𝑗 , 𝐼𝑘 ,(𝐼𝑙 )

Instruments 𝐼𝑗 , 𝐼𝑘 (and 𝐼𝑙 ) are present together in orbit 𝑂𝑖

Separate

𝐼𝑖 , 𝐼𝑗 ,(𝐼𝑘 )

Instruments 𝐼𝑖 , 𝐼𝑗 (and 𝐼𝑘 ) are not present together in any single orbit

emptyOrbit

𝑂𝑖

No instrument is present in orbit 𝑂𝑖

numOrbitUsed

n

The number of orbits that have at least one instrument assigned is n

Based on this problem formulation, we pre-specified the
structure of candidate driving features to be searched as shown
in Table 1. This task is problem-specific, as the domain
knowledge, problem structure and formulation can all be used in
introducing high-level features.

introduced in Section 5.1, and the error bars are not displayed in
the figures.
Figure 4 summarizes the result for each group of
participants. Figure 4a shows the average scores of each group
of participants for multiple choice questions. The multiple choice
questions test the participant’s factual knowledge. The figure
shows that those who used interactive DF and iFEED
outperformed the ones who used the baseline and automated DF.
This is in agreement with the first hypothesis H1. However, the
result is contradictory to H4, as the subjects who were provided
with classification trees performed more poorly compared to the
ones who were not given classification trees. The difference in
the scores were not statistically significant.
Figure 4b and Figure 4c shows the average scores for two
different design synthesis problems. The first one was to improve
a given design by making a limited number of changes in the
design variables, and the second one was to come up with a new
design from the scratch. For both tasks, the subjects who were
given only the basic tools (scatterplot and filters) performed
poorly compared to other groups. However, in the task where the
users were asked to create a new design, the automatic DF group
performed better than the groups that used interactive methods.
This result does not agree with the second hypothesis H2.
Figure 4d shows the level of trust felt by each group of
subjects, on the analytic tools they have used. The group that
used iFEED felt slightly more trust towards the tool compared to
other groups. Interestingly, the subjects who used automated
driving feature function felt the least trust, even less compared
to those who used only the basic functionalities. This may
indicate that when the user does not know how certain
information is generated, he or she may feel less trust towards
that information even when it is useful. This is in partial
agreement with the third hypothesis, H3.

5.5 Experiment Protocol
Before the start of the learning session, each participant is
briefed on the context of the design tasks. Then they are provided
with verbal explanations on how to use the analytic tools. This
includes explanations on how to retrieve information from the
scatterplot, how to use filters, how to set the target region in the
objective space, and how to obtain driving features. After all the
explanations are provided, the participants are given 40 minutes
to interact with the given tool and to analyze the given designs.
During this learning session, the participants were encouraged to
take notes. After the learning session is finished, a problem set is
given to each participant to solve. While solving problems, the
participants were allowed to refer only to their own notes. There
was no time limit for problem solving session.
5.6 Participants
There were total 12 participants in this study. The average
age of all participants was 24.75 with the standard deviation of
3.67. There were 9 males and 3 females, 7 majoring in
engineering, 2 in science, and 3 in business or economics. There
were 4 undergraduate students, 7 graduate students, and 1
holding a doctorate degree. 7 participants had some previous
experience in satellite system design, but this factor did not have
any statistically significant influence on the results.
6. RESULTS
The results of the experiment in this paper are meant to be
preliminary. There were only 3 participants for each group. Note
that, because the number of participants was very small,
statistical testing could not be used to reject null hypotheses
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Figure 4. The result of the pilot experiment. (a) The average scores for multiple choice questions. (b) The average scores for design synthesis task, where the user
was asked to improve a given design by modifying design variables. (c) The average scores for design synthesis task. The users are asked to come up with a new
design. (d) The level of trust felt by each group on the tool they have used.

7. CONCLUSION
In this paper, we presented a new interactive knowledge
discovery method called iFEED. It is aimed to help the human
designer analyze a large dataset containing design alternatives
with corresponding objective values and design variables. The
method includes having the designer select a target region in the
objective space, and mining driving features, which are the
combinations of design variables that consistently lead a design
into the target region. The driving features are mined using
concepts from association rule mining. Then hierarchical
structure is introduced to the driving features. Based on the
performance and the level of compactness of classification trees,
the user can devise and test new higher level driving features.
This interactive process is expected to facilitate the designer in
gaining high-level knowledge about the design problem. A
preliminary experiment was conducted in an effort to test the
effectiveness of iFEED.

[2]

[3]

[4]
[5]

[6]

8. LIMITATIONS AND FUTURE WORK
The findings of this paper is primarily limited by the small
number of participants. In order to observe statistically
meaningful results, the experiment has to be carried out with a
significantly greater number of participants. Moreover, iFEED
has only been tested on a specific system architecting problem
containing only Boolean design variables. In principle, however,
the method can be applied to any general complex engineering
design problem with the mix of continuous, discrete, and
categorical design variables.
For future work, we plan to apply the knowledge
discovered using iFEED to support the design optimization
process. The if-then format of driving features mined from
association rules makes it easy to incorporate driving features in
heuristic optimization. There have been efforts to incorporate
domain-specific knowledge to make optimization process more
efficient [9,38]. Some preliminary result from [17] shows
promises in applying driving features for this purpose.
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