
Refinements to the Variety Metric for Idea Evaluation

Abstract

Systematically developing innovative products demands effective idea gener-

ation methods. The effectiveness can be verified based on a set of metrics,

of which the variety metric is one. It is demonstrated that this metric ex-

hibits several shortcomings, such as the lack of level-based measurements,

and arbitrarily defined level weights. The currently applied variety metrics,

furthermore, do not measure the degree of uniformness of the distribution of

ideas over nodes on an abstraction level. A level-based, correctly normalized

variety metric which accounts for the degree of uniformness of the distribu-

tion of concepts over nodes, is proposed, and is shown to resolve the above

issues.

Keywords: engineering design, conceptual design, creativity, evaluation,

variety

According to Milton (2003), top innovating companies can generate over

75% of their revenue from products and services that were not in existence

five years ago, indicating that, for an enterprise, one of the ways to maintain

its competitive advantage is to develop innovative products. It is furthermore

commonly believed that design decisions determine up to 70 % of total prod-

uct costs (Dowlatshahi, 1992). Although the exact figure is disputed (Ulrich

& Pearson, 1993; Barton et al., 2001), it is safe to say that the cost correlates

strongly to the early phases of the engineering design process, such as the
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problem definition, the information gathering and the idea generation phase.

For the latter phase, a plethora of idea generation methods exist (Silverstein

et al., 2008). The effectiveness of these methods is mostly claimed based on

anecdotal evidence, and only recently formal experiments have been set up

to prove and compare their effectiveness (Linsey, 2007; Weaver et al., 2009),

and to delineate their proper usage conditions (Linsey, 2007).

In process-based studies, the effectiveness of these methods is analyzed

in controlled experiments through the observation of specific cognitive pro-

cesses. These experiments are time-consuming, inherently subjective (Shah

et al., 2000), and their external validity is highly uncertain when extrapo-

lating the results to more complex engineering problems (Shah et al., 2000).

For these reasons, outcome-based studies, in which the effectiveness of idea

generation methods is solely based on the generated designs, are predom-

inant (Shah et al., 2000). In outcome-based studies, the different aspects

of the generated designs, and the idea space formed by these designs, are

quantified by a number of metrics. This research proposes refinements to

one of the existing metrics, the variety metric, in order to allow for more

detailed analyses of the variety at each abstraction level, and to account for

the degree of uniformness of the distribution of ideas over the nodes.

The next section offers an overview of the related research on the differ-

ent idea evaluation metrics. Section 2 details the existing variety metrics.

Section 3 identifies the problems with the current variety metrics by means

of examples, and proposes refinements to the variety metric. Section 4 for-

mulates conclusions, and the final section outlines possible future research

trajectories.
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(Hair)

(Metal wire)

(Very high rotational speed)

(a) Shaver concept in which hair is cut by a

metal wire at a very high rotational speed.

(Archimedes’ screw) (Sharp edge)

(b) Shaver concept in which hair is cut by

an Archimedes’ screw with a sharp edge.

Figure 1: Two sketches of concepts generated for a new electric shaver. Translations of

the handwritten Dutch words are added in parentheses.

1. Related Research

1.1. Definitions

In the context of this research, a concept is defined as a set of ideas (each

from a different level of abstraction), and their relationships, which are as a

whole expected to perform one or more required functions as subject of an

identified problem. A concept can be represented by sketches or wordings, as

illustrated by Figure 1 depicting two sketches of concepts generated for a new

electric shaver. Design sketches typically focus on the aspects necessary to

convey a concept without providing an illustration of the complete product

or appliance. Figure 1a, for instance, shows a sketch of a concept involving

a metal wire that cuts hair as it rotates at a high speed, but does not depict

non-essential elements such as a handle or an electric motor.

An idea is the representation of a concept at a certain level of abstraction.

A common set of recognized abstraction levels, also often referred to in this

research, are the physical principle, the working principle, the embodiment

and the detail level (Shah et al., 2000; Linsey, 2007). Figure 1a and Figure
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1b show two concepts sharing the same idea of cutting to remove hair at

the physical principle abstraction level. Other concepts can use other ideas

to remove hair at the physical level, e.g. burning hair or dissolving hair

chemically. At a working level, however, the two concepts depicted in Figure

1 apply different ideas, e.g. Figure 1a depicts a concept applying the idea of

planar rotatory motion to cut, while Figure 1b shows a helical rotating motion

as a working principle level idea. At the embodiment level, an idea typically

stands for one or more parts, e.g. using a rotating wire to cut, or using the

Archimedes’ screw to cut. The lowest, or detail, level can be thought of as a

blueprint of the concept, e.g. exact description and dimensions of the screw

used to cut.

The definitions of a concept and an idea are based on previous research by

other authors. Srinivasan & Chakrabarti (2010) propose similar definitions,

although implemented on a different set of abstraction levels based on the

SAPPhIRE model (see Section 2.2.5). According to Linsey (2007) an idea

must provide one or more of the functions as defined by the functional basis

proposed by Hirtz et al. (2001). Apart from this more strict definition of

a function, these definitions are similar to the definitions applied in this

research. The definitions of an idea and a solution method in Shah et al.

(2003) are similar respectively to the definition of a concept and an idea in

this research. The definitions are also in agreement with Jansson & Smith

(1991) explicitly including ideas as well as relationships in concept space.

1.2. Existing metrics

Figure 2 provides a high-level overview of the different metrics for mea-

suring the creativeness of ideas and ideation methods based on Dean et al.
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Metrics which are quantifiable based on a tree encoded set of ideas

Novelty

Quality

Specificity
Thoroughness
Completeness

Variety
Flexibility

Quantity
Number of unique ideas

Creativity

Relevance

Workability
Feasibility

Implementability
Technical feasibility

Acceptability
Known Constraints

Originality

Rarity
Unusual
Infrequency

Paradigm 
Relatedness

Implicational 
explicitness

Completeness

Ingenuity
Surprising
Imaginative

Clarity

Effective
Solves the problem
Design Specifications

Applicability

Figure 2: Overview of ideation effectiveness metrics.

(2006). However, in contrast to Dean et al., but in accordance to Shah et al.

(2000), novelty is not part of quality. Figure 2 furthermore includes the vari-

ety proposed by Shah et al., which is also not covered by Dean et al. Figure

2 depicts multiple names for the metrics, since the terminology used for the

different metrics is inconsistently applied among researchers. This overview

is meant as a high-level guideline to map and compare metrics between dif-

ferent studies. The subsections below provide a more in-depth explanation

of the respective metrics.

1.2.1. Quantity metric

Early work by MacCrimmon & Wagner (1994) gives an overview of the

applied quantitative and qualitative measures for idea generation in the con-

text of group decision support systems studies, and states that the quantity or
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the number of generated unique concepts is a commonly agreed upon metric.

Different protocols for determining the quantity of concepts were developed

(Bouchard & Hare, 1970; Dean et al., 2006). Later work by Linsey et al.

(2005) in the domain of ideation method evaluation presents a formal proce-

dure to quantify the number of unique concepts.

The quantity is a metric on a set of concepts. This metric is not correlated

with the average quality of the generated concepts (Diehl & Stroebe, 1987)

unless the participants are forced to deeply explore subdomains in which

case a positive correlation is recorded (Rietzschel, 2005). In unrestricted

experiments, a higher number of concepts leads to an increase in the quality

of individual concepts after selection, since every generated idea is believed to

have an equal chance to be of high quality (Rietzschel, 2005). This is reflected

in the brainstorming’s mantra “Quantity breeds Quality” (Osborn, 1957). A

number of studies have provided further proof of this positive correlation

between the number of ideas on the one hand, and the total quality of all

ideas, or retained average quantity of the ideas after selection on the other

hand (Diehl & Stroebe, 1987; MacCrimmon & Wagner, 1994).

1.2.2. Variety

In the domain of design fixation, early work from Jansson & Smith (1991)

defines the flexibility for a participant as the number of different approaches

to the design problem divided by the total number of designs for that par-

ticipant. Although not explicitly defined, in this definition, a design and

an approach can be interpreted as, respectively, a concept and an idea at a

high abstraction level. A low flexibility is interpreted as a narrow range of

generated ideas, while a high flexibility is indicative of a broadly searched
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idea space.

Shah et al. (2000) propose variety as a more formal measure of the ex-

plored concept space during idea generation. This metric is applied to an

encoded tree-like structure of the idea space, and gives higher weights to dif-

ferentiation occurring in higher abstraction levels. In later research, Nelson

et al. (2009) and Srinivasan & Chakrabarti (2010) propose refinements to the

variety metric, which are detailed further in Section 2.

1.2.3. Novelty

Dean et al. (2006) define novelty as a dimension of a more encompassing

quality metric. Novelty is further subdivided in originality and paradigm

relatedness. The former expresses the degree to which an idea is not only rare,

but is also ingenious, imaginative, or surprising, while the latter expresses

the degree to which an idea is radical or transformational.

Since rarity can be quantified, other research has used it as a measure in

its own right (Connolly et al., 1990), as substitute for originality (Jansson

& Smith, 1991), or as substitute for the novelty metric as a whole (Shah

et al., 2000; Linsey, 2007). Peeters et al. (2010) propose to calculate the

novelty for each abstraction level leading to a more fine-grained analysis of

the effectiveness of the applied idea generation method.

The originality and paradigm relatedness should ideally be calculated

based on a universe of all relevant ideas to compare against. This universe

is fictitious, but Shah et al. (2000) propose two approaches to estimate the

originality. The universe for comparison can be defined as all preconceived

ideas assembled by experts before analyzing the results of the experiments.

Another approach is to define the universe for comparison as the set of all
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ideas generated by the experiment participants themselves. Shah et al. (2003)

demonstrate that the second approach allows to automatically calculate the

originality after encoding the ideas in a tree-like structure. The second ap-

proach is however not without limitations when applied to systematic inno-

vation tools aiming to generate only few high quality ideas, such as TRIZ

(Altshuller, 1999). In this case, the universe of comparison can not be built

from the generated concepts, but should be built using the first approach, or

by applying the second approach using another technique as baseline, such

as brainstorming (Peeters, 2010).

1.2.4. Quality

Dean et al. (2006) propose the quality metric with subdimensions work-

ability, relevance, specificity, and novelty. In some studies, quality is defined

as the technical feasibility of an idea and how well it meets the design spec-

ifications (Shah et al., 2000). Due to the inherent subjectiveness, the latter

is however also often disregarded in idea generation method research (Lin-

sey, 2007). In these studies, quality is synonymous for technical feasibility or

implementability, which can be coded through a more clearly defined scale

(Linsey, 2007).

The quality of a set of concepts is sometimes calculated as the sum of

the quality of each concept, often referred to as the total quality. Some

studies recommend calculating the quality of a set of concepts as the average

of the quality of all concepts, sometimes referred to as the average quality

(Rietzschel, 2005), while other studies recommend defining quality as the

highest quality, or average of the quality of all concepts above a certain

quality threshold (Diehl & Stroebe, 1987; Girotra et al., 2010).
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As detailed above, other research (Connolly et al., 1990; Jansson & Smith,

1991; Shah et al., 2000; Linsey, 2007; Srinivasan & Chakrabarti, 2010) has

treated the novelty metric as a separate dimension. This categorization,

also depicted in Figure 2, seems to be preferred in the domain of ideation

method evaluation. The paragraphs below detail the other subdimensions of

the quality metric.

Workability. Figure 2 adheres to the subdivision of workability in acceptabil-

ity and implementability as proposed by Dean et al. (2006). The acceptability

metric is the degree to which a concept is socially, legally or politically ac-

ceptable, while the implementability metric expresses how well an idea can

be applied from a technical perspective.

Relevance. Relevance is further divided in applicability and effectiveness as

proposed by Dean et al. (2006). Applicability is the degree to which the

concept applies to the problem at hand, while the effectiveness expresses

the degree to which the concept is expected to solve this problem. A more

detailed overview and explanation of these metrics can be found in Dean

et al. (2006).

Specificity. MacCrimmon & Wagner (1994) measure the thoroughness, also

called the specificity (Dean et al., 2006), or the completeness of a concept, a

criterion originally adopted from the U.S. Patent Register regulations. This

metric expresses the extent to which a concept is clearly, concisely, and ex-

actly detailed, and can be measured by experts based on a predefined scale

(Dean et al., 2006). Based on the concept of deferring concept evaluation

(Osborn, 1957), it can be argued that specificity is less suitable for measur-
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root
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1 11 1 1 1

3

Total number of concepts = 6

Physical Principle level, 
weight = 10

Working Principle level, 
weight = 6

A concept

Figure 3: Example of the genealogy tree of a concept set.

ing the effectiveness of an ideation method. This might explain the fact that

specificity is a less widely used metric.

2. Existing Variety Metrics

2.1. Variety proposed by Shah

Shah et al. (2000) propose the variety metric as a formal measure of

the explored concept space. The generated concepts are encoded in a tree

structure. Figure 3 illustrates such an idea genealogy tree with 6 concepts,

each detailed by one idea at the working principle level, and grouped in

two separate ideas at the physical principle level. Each node in the tree

represents an idea, and the dotted ellipse in this figure exemplifies one of the

six concepts as a combination of an idea at the physical principle level with

an idea at the working principle level. A genealogy tree is constructed for

each system function to improve. The variety is calculated from

V = 10
m∑
j=1

fj

4∑
k=1

Skbk
Vmax

(1)

where V is the variety score; m is the number of different functions to im-

prove; fj is the weight assigned to a certain function indicating its impor-

tance; Sk is the weight for level k, Shah et al. (2003) propose 10, 6, 3, and 1
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as weights for respectively the physical principle, the working principle, the

embodiment and the detail level; bk is the number of nodes at level k; Vmax

is the maximum variety score obtainable. In contrast to Equation (1), Shah

et al. (2003) explicitly state that, if there is only one branch at a given level,

that level shows no variety and the score for that level should be zero. Fur-

thermore, according to Shah et al., Vmax is the variety score for the case that

all ideas use different physical principles, and equals the number of concepts

multiplied by the weight for the physical principle level S1. Since S1 equals

the applied normalization factor 10, Equation (1) can be simplified as

V =
m∑
j=1

fj

4∑
k=1

Skbk
n

(2)

where n is the number of concepts. Applying Equation (2) to the genealogy

tree in Figure 3 results in a variety score of (10 ∗ 2/6) + (6 ∗ 6/6) = 9.33.

Because higher abstraction levels are given higher weights, differentiation at

higher abstraction levels leads to a higher variety score compared to the same

differentiation at lower abstraction levels.

2.2. Refinements

In later research, Nelson et al. (2009), and Srinivasan & Chakrabarti

(2010) propose several refinements to the variety metric detailed in the sec-

tions below.

2.2.1. Weights

As detailed by Section 2.1, Shah et al. (2003) propose 10, 6, 3, and 1

as weights for respectively the physical principle, the working principle, the

embodiment and the detail level. However, in an earlier publication, Shah
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et al. (2000) propose a slightly different set of weights: 10, 7, 4, and 1. While

this illustrates the arbitrary nature of the exact value of the weights, it

also exemplifies the underlying reasoning that a set of weights must ensure a

higher variety score for separation at higher levels in comparison to separation

at lower levels. In line with this reasoning, Nelson et al. (2009) propose 10, 5,

2, and 1 as a different set of weights to ensure that at least two ideas at a lower

hierarchical level should be added to equal the variety gained from adding an

idea at a higher hierarchical level. Srinivasan & Chakrabarti (2010) propose

another set of weights based on the SAPPhIRE model, but explicitly state

that these are arbitrarily chosen. Since no research provides evidence for

which set of weights is preferable, a possible research trajectory encompasses

the optimization of the weights to obtain a variety metric correlating strongly

with the interpretation of variety by experts (see Section 5).

2.2.2. Average variety

Nelson et al. (2009) argue against averaging the variety metric per con-

cept. The variety as defined by Shah et al. should however not be interpreted

as an average variety, or a metric for a single concept, but as a metric for the

shape of the idea space tree. A low variety is indicative of a slim tree, while

a high variety indicates a wider tree, especially at higher abstraction levels.

This interpretation of the variety metric is clear from Equation (1). Possibly,

the interpretation as an average variety has its origins in Equation (2), in

which the denominator equals the number of concepts. The denominator, of

course, in turn depends on the definition of Vmax in Equation (1).

The variety as proposed by Shah et al. was also never intended as a

encompassing measure of the design space explored, as can be derived from
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following quotes (Shah et al., 2003): “This measure (variety) is necessary

to counterbalance the quantity measure” and “Exploring the design space

implies the number and variety of design alternatives discovered”. Not av-

eraging the variety, as proposed by Nelson et al. (2009), hence implies a

redefinition of the original variety metric.

Nelson et al. (2009) further argue that a variety value can only be calcu-

lated for a set of multiple design ideas, unlike novelty, which can be calculated

for a single design. From this, Nelson et al. derive that, although an average

novelty score for a set of designs is a relevant metric for a set of designs, an

average variety score per design is not, as the variety score only applies to

the set itself. Although appealing, this deductive reasoning is flawed. The

following example illustrates this by applying the reasoning proposed by Nel-

son et al. (2009) to the unbiased estimator of the variance for a population

defined as (Ross, 2004)

s2 =
1

n− 1

n∑
i=1

(xi − x̄)2 (3)

where s2 is the estimate of variance, x1, x2, ..., xn is a sample of n values

taken from the population, and x̄ is the mean value of the n values. Like vari-

ety, the unbiased estimator of variance is not defined for a sample containing

only one value. Following the deductive reasoning proposed by Nelson et al.

(2009), and since the estimator of variance is calculated by averaging as il-

lustrated by Equation (3), it should not be used as it only applies to the set

itself. However, the unbiased estimator of variance is not interpreted as an

average, but as a metric on a sample set of values, just as the variety is to

be interpreted as a metric on the generated design space. The fact that the
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Figure 4: Examples of concept set genealogies for variety refinement discussion.

variety calculation features a division by the number of ideas hence does not

preclude interpreting the variety as a metric for a design set.

2.2.3. Single metric

Nelson et al. (2009) propose the use of a unified metric to allow easy com-

parison of different ideation techniques, arguing that the use of multiple met-

rics makes comparison between design sets difficult. Other research applies

multiple metrics (Shah et al., 2003; Linsey, 2007; Srinivasan & Chakrabarti,

2010; Wilson et al., 2010). Based on the analysis of the effectiveness of the

ideation tool PAnDA (Verhaegen et al., 2011), Peeters et al. (2010) illustrate

the additional benefits of fine-grained metrics, such as a separate variety and

novelty score for each abstraction level. Section 3.1 proposes a refinement to

the variety metric allowing such fine-grained analysis.

2.2.4. Double-counting ideas

Nelson et al. (2009) illustrate flaws in formulation of the variety metric

based on Figure 4. Calculating the variety with Equation (2) reveals 10.67

and 10 for respectively concept set (a) and (b). Nelson et al. argue that,

since concept set (b) demonstrates the maximum variety, Equation (2) should

result in a variety lower than 10 for concept set (a). Nelson et al. attribute
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this to the double-counting of ideas in Equation (2), and propose to count

the number of differentiations at each node instead of the number of ideas

at each level, which effectively resolves the double-counting of ideas. This

modifies the variety metric to

V =
m∑
j=1

fj

(
S1 (b1 − 1) +

4∑
k=2

Sk

∑bk−1

l=1 dl
n− 1

)
(4)

where dl is the number of differentiations at node l, which is also equal to the

number of branches emanating from node l minus 1. The division by n− 1,

equaling the maximum number of differentiations, normalizes the metric from

0 to 10. The double-counting of ideas in a metric, however, in itself does not

constitute a problem. The variety of concept set (a) exceeding 10, can also

be interpreted as a consequence of an inconsistency between the numerator

and denominator in Equation (2). The numerator counts the number of ideas

at each level, while the denominator counts the number of concepts. Nelson

et al. (2009) have adapted the numerator in Equation (2) to not count the

number of ideas, but instead count the number of differentiations, which for

the complete concept tree equals one less than the number of concepts.

Following Srinivasan & Chakrabarti (2010), and consistent with the def-

initions of an idea and a concept given in Section 1.1, the generated ideas

from all abstraction levels form an idea space, while a concept space is the

collection of all generated concepts and thus includes ideas and their rela-

tionships. Since the variety metric by Nelson et al. (2009) counts the number

of differentiations per node, it takes into account the relationships between

ideas at different levels, which together with the ideas form the concepts. The

metric proposed by Nelson et al. (2009) hence operates in concept space, and
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is therefore considered a concept space variety metric.

However, taken into account that the variety of concept set (a) exceeding

10 is caused by an inconsistency between the numerator and denominator in

Equation (2), another solution is to adapt the denominator in Equation (2)

to count the number of ideas in accordance with the numerator. In contrast

to the concept space variety metric proposed by Nelson et al. (2009), such a

variety metric does not account for the relationships between the ideas, and

hence, is considered an idea space variety metric. The distinction between

idea space variety and concept space variety is an important contribution

made explicit in Srinivasan & Chakrabarti (2010). Section 3.1 details a

proposal for a level-based idea space variety metric based on the adaptation

of the denominator in Equation (2).

2.2.5. Variety based on SAPPhIRE

The SAPPhIRE model was developed by Chakrabarti et al. (2005) and

expresses the function, behavior and structure of systems in different ab-

straction levels, being State, Action, Part, Phenomena, Input, oRgan and

Effect (SAPPhIRE). Figure 5 illustrates how the SAPPhIRE model links

these constructs through the following causal relationships: parts (P) create

organs (R), which together with various inputs (I) activate a physical effect

(E), which in turn creates a physical phenomenon (Ph) and changes the state

(S) of the system. These state changes can be interpreted as actions (A), as

new inputs (I), or as changes that create or activate parts (P) (Chakrabarti

et al., 2005).

Based on the SAPPhIRE model, Srinivasan & Chakrabarti (2010) propose

two variety scores, the idea space variety on the one hand, and the concept
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Figure 5: The SAPPhIRE model. (Chakrabarti et al., 2005)

space variety on the other. The idea space variety is calculated as

V (IS) =

p∑
j=a

wj(nj − 1) (5)

where V (IS) is the idea space variety score; j is summed over all abstraction

levels of the SAPPhIRE model. The number of ideas at a level j is nj; and

wj is the weight of the abstraction level j. wj is arbitrarily set to 7, 6, 5,

4, 3, 2, and 1, for respectively the action, state change, input, phenomenon,

effect, organ and part abstraction levels. If the number of ideas at a certain

abstraction level j is 1, then the level’s idea space variety equals zero. If

the number of ideas at a certain level is 0, then (nj − 1) and the level’s

variety will become negative. Srinivasan & Chakrabarti (2010) justify this

as a penalty for skipping an abstraction level. It can be argued that such

a penalty should be included in a specificity or thoroughness metric. The

(nj − 1) in Equation (5) is different from the number of differentiations in

Equation (4), since Nelson et al. propose the number of differentiations per

node, while Srinivasan and Chakrabarti group all ideas per abstraction level
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when calculating the idea space variety.

Srinivasan & Chakrabarti (2010) define the concept space variety as the

average of the variety of all concepts. The variety of a concept is calculated

using the following steps:

(a) The first generated concept has a variety score of zero;

(b) The second generated concept is compared to the first. The idea at the

highest abstraction level that discriminates the second concept from the

first is identified. The weight of this abstraction level determines the

variety of the second concept.

(c) In general, the nth generated concept is compared to all previous con-

cepts, identifying the idea at the highest abstraction level which differ-

entiates this concept from the n − 1 previous ones. The weight of this

abstraction level is the variety score of the nth concept.

The variety of a concept is clearly dependent on the order in which the

concepts are generated, e.g. the first concept always receives a variety score

of zero.

In contrast to the idea space genealogy trees as proposed by Shah, the

SAPPhIRE model allows for non-tree-like idea space structures. Figure 6a

depicts a section of such a non-tree-like idea space structure from Srinivasan

& Chakrabarti (2009). In this example, a lower level idea node is connected

to two different higher level idea nodes, thus forming a closed path or cycle

that conflicts with the characteristics of a tree. However, the above proposed

concept space variety is only deterministic for tree structured idea spaces,

and care should be taken when interpreting the results for non-tree-like idea

spaces. A simple example without tree structure illustrates the dependency
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straction levels as proposed by Shah et al. (2003)

Figure 6: Illustrations of non-tree-like idea space structures.

of the concept space variety on the generation order of the concepts. Given

two abstraction levels, action and state change, with weights respectively 7

and 6, and three concepts. Each concept consists of two ideas as illustrated

by the non-tree-like idea space in Figure 6b. If Concept 1 is generated first,

it receives a concept variety of zero. Secondly generating Concept 2 followed

by Concept 3, gives a concept variety of 7 and zero respectively. Secondly

generating Concept 3 followed by Concept 2, results in a concept variety of

6 and 7 respectively. Hence, depending on the generation order, the concept

space variety equals (0 + 7 + 0)/3 = 2.33 or (0 + 6 + 7)/3 = 4.33. It can be

argued that under the assumption of a tree structured idea space, the concept

space variety proposed by Srinivasan & Chakrabarti (2010) is deterministic,

and similar to the variety in Equation (4) as proposed by Nelson et al. (2009).
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3. Proposed refinements

3.1. Refinement for the maximum variety and a variety measure for each

level

Section 2 illustrated a solution by Nelson et al. (2009), eliminating the

double-counting of ideas and resulting in a properly normalized concept space

variety metric. However, as already stated, another solution entails adapting

the denominator in Equation (2) to count the number of ideas, i.e. a redef-

inition of Vmax in Equation (1). Such a metric is considered an idea space

variety metric, since it only takes into account the abstraction levels at which

ideas occur, but does not operate on the relationships between ideas.

As stated in Section 1.2.2, the calculation of the variety requires a geneal-

ogy tree. However, the procedure to build a genealogy tree for an idea space

variety metric is slightly different from the procedure to build a genealogy

tree for a concept space variety metric as described hereafter. Although only

defined by examples in Shah et al. (2003) and Nelson et al. (2009), it can be

assumed that the genealogy trees construction is governed by the following

rule: A node of the genealogy tree has child nodes only if multiple concepts

are related to this node and this node is not part of the detailed design ab-

straction level. Indeed, adding a child node to an existing node with only one

concept would not contribute to the overall concept space variety score as the

number of differentiations is zero for that node. This reasoning is supported

by the counting of differentiations instead of nodes, see the double-counting

refinement by Nelson et al. (2009) in Section 2.2.4.

However, for an idea space variety metric, also nodes with only one con-

cept or idea are accounted for. Hence, the genealogy tree is extended to the
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Figure 7: Genealogy trees for a concept space (a) and an idea space (b) variety metric.

lowest abstraction level. If a concept, which is unique by definition (see quan-

tity metric in Section 1.2.1), is not detailed to the lowest level of abstraction,

additional nodes representing implicit ideas are added to the genealogy tree.

The addition of an implicit idea is exemplified by Figure 7 in which the node

with white background in the genealogy set (b) represents the addition of

an implicit idea to ensure correct idea space variety calculation. As already

explained above, the concept space variety scores for genealogy sets (a) and

(b) are equal if calculated based on the number of differentiations, see the

double-counting refinement by Nelson et al. (2009) in Section 2.2.4. The con-

struction of a genealogy tree with implicit nodes, furthermore, ensures that

the number of nodes on an abstraction level is monotonically non-decreasing

from higher to lower abstraction levels. This concurs with the assumption

of a tree-like idea space, i.e. even if two concepts are only detailed to the

physical principle abstraction level, it is assumed that the concepts cannot

have similar ideas on lower abstraction levels. It can be argued that adding

additional implicit ideas at lower abstraction levels can lead to the false im-

pression that the concepts are detailed to this level in the concept generation

phase. However, this aspect of the generated concepts is measured by the

specificity or thoroughness metric (see Section 1.2.4), and it should therefore
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not be incorporated in the variety metric.

Based on a genealogy tree as illustrated by Figure 7, i.e. if needed ex-

tended with implicit ideas, it is proposed to calculate the variety for each

level. This entails redefining Vmax in Equation (1) as Vkmax being the max-

imum obtainable variety on level k. Since the genealogy tree is extended

with implicit ideas if needed, Vkmax can be defined equal to the number of

concepts multiplied by the weight of that level, hence Vkmax equals n ∗ Sk.

This modifies Equation (1) to

Vk = 10
m∑
j=1

fj
Skbk
Vkmax

= 10
m∑
j=1

fj
bk
n

(6)

where Vkmax is the maximum variety for level k, bk equals the number of

nodes on level k, and n is the number of generated concepts. Since, as

detailed above, the number of nodes is monotonically non-decreasing from

higher to lower abstraction levels, bk and therefore Vk in Equation (6) are

monotonically non-decreasing from higher to lower abstraction levels, i.e. the

variety at a given abstraction level cannot be lower than the variety of the

above level.

Applying Equation (6) to the extended genealogy tree (b) in Figure 7

results in a physical level variety score of 10 ∗ (2/3) = 6.67 and 10 ∗ (3/3) =

10 for the working principle level. Equation (6) also illustrates that the

maximum variety for a level is only achieved when no ideas are grouped on

that level, nor on any of the levels below. This is typically the case for the

lowest level of abstraction, and only if every node on that level belongs to a

single concept.

Metrics at each abstraction level clearly illustrate the exact level at which
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variety is lost through the grouping of ideas, while this information is lost in a

combined metric. Based on the comparison between the ideation effectiveness

of brainstorming and the systematic ideation tool PAnDA (Verhaegen et al.,

2011), Peeters et al. (2010) state the necessity of level-based values for the

novelty metric. In contrast to the overall novelty value, which failed to

discern between both ideation methods, the analysis of level-based novelty

values indicated that the PAnDA tool positively affected the novelty value on

the working principle level, while having little impact on the novelty value at

the physical principle level. The physical level novelty value was furthermore

found to be strongly correlated with the background of the participants.

Without level-based metrics, the PAnDA tool would not have been identified

as enhancing the novelty value. In a similar study, Peeters (2010) also report

the necessity for level-based variety metrics.

3.2. Accounting for the degree of uniformness of the distribution of ideas

The variety defined by Shah et al. (2000), and the variety proposed by

Nelson et al. (2009), both consider the genealogy set (a) and (b) in Figure 8

to have the same variety. Applying Equation (2) from Shah et al. results in

a variety score of ((10 ∗ 2) + (6 ∗ 10))/10 = 8 for both (a) and (b). Applying

Equation (4) from Nelson et al. results in (10∗(2−1)+6∗((5−1)+(5−1)))/9 =

6.4 for (a), and (10 ∗ (2 − 1) + 6 ∗ ((1 − 1) + (9 − 1)))/9 = 6.4 for (b). The

refinement from Equation (6) proposed in Section 3.1 results in a variety

score of 10 ∗ (2/10) = 2 for the physical principle level and 10 ∗ (10/10) = 10

for the working principle level, again for both (a) and (b).

However, set (a) should have a higher variety than set (b), since the latter

focuses more on a specific part of the idea space, and is thus less broad.
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Figure 8: Example sets with different degrees of uniformness of the distribution.

This statement is supported by the following reasoning. Given a genealogy

structure with only two nodes both at the physical level as illustrated by

set (c) in Figure 8, Figure 9 depicts the values for the variety metric as

proposed by Shah et al. (2003) for different distributions of 100 concepts

over these two nodes, e.g. 35/65 on the abscissa denotes a distribution with

35 concepts in one node and the remaining 65 concepts in the other physical

level node. As illustrated by Figure 9, the variety as proposed by Shah et al.

(2003) remains constant when concepts are rearranged in the idea genealogy

tree, i.e. a concept is recoded from one branch to another. This leads to a

constant variety score of 10∗(2/100) = 0.2 for all distributions except for the

0/100 distribution, for which the variety score is 0.1. The latter distribution

changes the genealogy structure, i.e. the removal of one branch, triggering

a sudden change from the constant value to 0.1. In fact, the 0.1 value for

the 0/100 distribution is obtained from Equation (1), although Shah et al.

(2003) propose to define it to be zero. However, it is easily verified that both

values result in a non-gradually changing variety score. Although the above

reasoning is exemplified by the variety metric proposed by Shah et al. (2003),

it applies to the variety metric proposed by Nelson et al. (2009) to the same

extent.
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Figure 9: Illustration of the gradual behavior of the proposed refined variety metric.

In respect to the goal of the variety metric as an ideation effectiveness

metric, a variety metric which changes more gradually, and is less sensitive

to small changes, would be preferable. For example, an ideation tool gener-

ating an idea distribution 1/99 over the physical level nodes, and an ideation

tool generating a 0/100 distribution should be considered almost identical as

almost all generated concepts are alike. In fact, it can be argued that, given

the uncontrollable and spontaneous nature of idea generation, it is unlikely

that designers will generate concepts with a 0/100 distribution, even if the

ideation method is aimed for such a distribution. Hence, a variety metric

that is highly sensitive to structural genealogy changes and that does not ac-

count for the distribution of ideas can be expected to overestimate the actual

variety of the idea set. It is therefore concluded that a refined variety metric

gradually accounting for the distribution of concepts over nodes is preferable

25



over the existing variety metrics which are only sensitive to changes in the

genealogy structure.

From Equation (6), it is derived that the above described non-gradual

behavior of the variety metric is caused by the factor bk. It is proposed to

replace bk with a factor reflecting the degree of uniformness of the distribu-

tion, gradually ranging from one to bk for, respectively, the case in which

all ideas grouped into one branch, and the case of a uniform distribution

over bk branches. Different measures for the degree of uniformness of a dis-

tribution are known, such as the Shannon entropy (Shannon, 1948), as well

as economic measures as the Theil index (Theil, 1967), Gini index (Gini,

1997), Atkinson index (Atkinson, 1970), and Herfindahl index (Herfindahl,

1950). The latter index ranges from 1/bk to one, with higher scores for a

non-uniform distribution. The inverse of the Herfindahl index, hence, ranges

from one to bk with higher scores for a uniform distribution, and is consistent

with the above formulated requirement. The Herfindahl index is calculated

as

Hk =

bk∑
i=1

p2i (7)

where Hk is the Herfindahl index at level k; bk is the number of nodes at

level k; pi is the probability of node i. Substituting bk in Equation (6) by

the inverse of the Herfindahl index leads to a level-based idea space variety

metric accounting for the degree of uniformness of the distribution of ideas

over nodes, which can be expressed as

Vk = 10
m∑
j=1

fj

(
1

nHk

)
= 10

m∑
j=1

fj

(
1

n
∑bk

i=1 p
2
i

)
(8)
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The variety metric proposed in Equation (8) is furthermore monotonically

non-decreasing from higher to lower abstraction levels, i.e. the variety at an

abstraction level cannot be lower than the variety of the above level. This

concurs with the assumption of a tree-like genealogy, in which concepts with

different ideas on a level cannot have similar ideas on a lower abstraction

level. The monotonically non-decreasing property is easily verified based on

the following reasoning. A node can have one child or multiple child nodes.

In case the node has one child, the probability of that node is the same as its

child node, and hence does not influence the difference between the variety

score of both levels. If a parent node has multiple child nodes, the sum of the

squared probabilities of the child nodes is less than the squared probability

of the parent node, which leads to a lower Herfindahl index and a higher

variety for the lower abstraction level in Equation (8).

Applying Equation (8) to the example set (a) in Figure 8 results in

a variety score of 10 ∗ (1/(10 ∗ ((5/10)2 + (5/10)2))) = 2 for the physi-

cal principle level, and 10 ∗ (1/(10 ∗ (10 ∗ (1/10)2))) = 10 for the working

principle level. For set (b), the variety of the physical principle level is

10 ∗ (1/(10 ∗ ((1/10)2 + (9/10)2))) = 1.22, while variety of the working prin-

ciple level remains 10. From this example, it is clear that the inverse of

the Herfindahl index, which replaced bk in Equation (6) leading to Equa-

tion (8), indeed penalizes the abstraction levels in which the ideas are more

concentrated in a limited number of nodes.

Figure 9 furthermore illustrates that Equation (8) ensures a gradual

changing variety score between the maximum and minimum obtainable vari-

ety with bk nodes for, respectively, a uniform distribution over bk nodes and
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an abstraction level with only one branch.

The reasoning and examples in this section illustrated the need for a

variety metric that accounts for the degree of uniformness of the distribu-

tion of ideas, and although the proposed refinement based on the inverse of

the Herfindahl index does resolve this issue, other measures for the degree

of uniformness of a distribution might correlate better with expert variety

estimations on real life data and merit further research (see Section 5).

4. Conclusions

The analysis of the existing variety metrics reveals several shortcomings.

Firstly, a single variety metric is built based on weights assigned to the

different abstraction levels. A single metric, however, lacks the necessary

discriminating power to analyze and compare the results of different idea

generation methods. The applied weights are, furthermore, arbitrarily as-

signed. Based on this analysis, it is proposed to calculate a variety measure

for each abstraction level.

A second shortcoming which led to an incorrect scaling in the original

variety metric proposed by Shah et al. (2003), is the inconsistent application

of idea space versus concept space metrics. In addition to the concept space

variety metric proposed by Nelson et al. (2009), a correctly scaling idea space

variety metric is proposed encompassing a variety measure for each abstrac-

tion level.

As a third shortcoming, it is shown that the existing metrics do not

measure the degree of uniformness of the distribution of ideas over nodes on

a given abstraction level. It is proposed to account for this using the inverse of
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the Herfindahl index as a measure of the disorder on an abstraction level. The

resulting level-based variety metric has the required discriminating power, is

correctly scaled and accounts for the degree of uniformness of the distribution

of ideas. In contrast to the existing variety metrics, the proposed metric is

sensitive to changes in distribution of ideas over nodes on a given abstraction

level in the genealogy structure, and it furthermore exhibits a monotonically

increasing behavior from higher to lower abstraction levels.

5. Future Research

Currently, research on the ideation effectiveness metrics is limited to val-

idating existing and proposed metrics on a set of synthetic examples. This

is a necessary step, but in future research these metrics are to be validated

on more elaborate sets of synthetic, and real life, idea genealogy trees sup-

plemented with expert variety estimations. An online software tool, called

mIDGenes (Verhaegen, 2011), is being developed to allow researchers to de-

fine such synthetic and real life examples of idea genealogy trees. The tool

also enables researchers to rapidly define new variety metrics, and to test

these, along with the existing variety metrics, on different genealogy trees.

Addition of expert opinions will allow for the optimization of the abstraction

level weights to ensure the alignment of the variety metric to expert opinions.

As another research direction, and in addition to the proposed idea space

metric, a level-based concept space metric accounting for the degree of uni-

formness of the distribution of ideas over nodes should be developed. In con-

junction, different measures for the degree of uniformness of the distribution

of ideas can be examined for a concept space metric, such as the Shannon in-
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formation entropy, or inequality measures for income distributions, e.g. Theil

index, Gini index, or Atkinson index. It should be investigated which mea-

sures exhibit which properties, such as gradually changing, low sensitivity to

small changes in genealogy structure, and monotonically increasing.

As a third research direction, it can be investigated whether real life

concepts are composed of ideas from all abstraction levels, or whether ab-

straction levels are frequently discarded, and how this influences idea space

and concept space variety metrics.

As a last research direction, the repeatability of the coding of the concepts

in a genealogy tree, e.g. by different researchers, should be investigated

together with robustness of the applied idea effectiveness metrics to different

genealogy encodings of the generated concept set.
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