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Abstract 
At the first gate of an innovation process, a group 

of experts has to partition a large number of ill-
defined ideas into two sets: those that are to remain 
under consideration and those that are to be 
eliminated. We propose a collaborative algorithm to 
perform this task which is based on a method used in 
computer-based sorting. The design goal of our 
algorithm was to combine individual and group 
decision-making to achieve an optimal balance 
between speed and simplicity on the one hand and 
quality of result on the other. The algorithm was 
compared experimentally with individual and group 
methods using a test set consisting of 125 ideas. The 
measures of quality of the new method were close to 
those of the group result, while its execution time and 
cognitive load were close to those of the individual 
method. We conclude that our algorithm is well-
suited to the given task. 

1. Introduction  

1.1. Background  

The goal of innovation is to give companies a 
competitive advantage. This can be in the form of 
new or improved products or services, more efficient 
production processes or new business models. 
Innovations can vary extremely in scope and 
complexity, for example from incremental 
improvements to an existing product to the 
introduction of radical new technologies. These have 
a corresponding variation in the ease with which they 
can be recognized and evaluated [6]. 

Many studies have shown both the importance of 
innovation and the difficulty organizations have in 
evaluating ideas.  

In 2008, for example, a leading German 
newspaper conducted a survey of 230 selected CEOs 
and general managers representing a wide range of 
sectors and company sizes [9]. When questioned 

about innovation, 72% of the respondents stated that 
innovation is and will continue to be important for 
the success of their companies. The same respondents 
also stated that the biggest obstacle to being more 
innovative was the quality of their in-house decision 
processes. A similar study by IBM of more than 1000 
international CEOs [12] came to similar conclusions. 

In a study conducted by a leading management 
consultancy [2], the fate of 1919 new product ideas 
from a selection of companies was traced as they 
passed through a stage-gate process as illustrated in 
the next section. After an initial evaluation, 564 ideas 
remained under consideration. After a second 
evaluation, 369 ideas were left. After a final 
evaluation, 176 products were launched. Of these, 52 
were accepted by the market, but only 11 of them 
were successful. These 11 successes had to pay for 
the entire innovation effort. In addition, it is unknown 
how many potential successes were killed off during 
the evaluation process. Clearly, the selection of ideas 
is important, but also expensive and error-prone. 

1.2. Motivation 

In order to generate innovations reliably, 
companies may establish an innovation process. This 
innovation process is divided into an idea phase and a 
development phase, commonly known as the Front 
End and the Back End [18]. Studies [16] [17] have 
shown that the Front End of Innovation (FEoI) tends 
to be unstructured and uncontrolled, whereas the 
Back End is better structured and controlled. In this 
paper, we are interested in the FEoI, which defines 
the development of an idea from its creation up to a 
business concept ready for implementation. 

The most common model for the innovation 
process is the Stage-Gate process of Cooper [4]. 
Here, stages, in which development projects are 
advanced, alternate with gates, in which the projects 
are evaluated and then either promoted to the next 
stage or killed off. A typical process may have up to 
five stages and gates. 
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Requirement 5: Minimize selection errors. The 
algorithm should minimize the possibility of rejection 
errors, since these lead to lost opportunities. 

The experimental results presented in Section 5.2 
show to what extent our algorithm meets these 
requirements. 

Our requirements of a selection method for 
decision making in the FEoI are consistent with those 
of Paasi et al [22]: 

(a) fast reduction in the number of ideas and 
projects in the innovation development process, 

(b) qualitative evaluation techniques early in the 
process when faster, less expensive methods are 
preferred to more accurate quantitative 
techniques [...], and  

(c) a simple process for approximating expert 
consensus without requiring face-to-face 
meetings of experts. 

2. Assumptions and hypothesis 

We consider two alternative methods for 
performing the selection task. 

In the first method, all ideas are considered by the 
group, and a discussion takes place on whether to 
accept or reject each idea (discussion method). 

In the second case, the ideas are distributed 
among the participants, who then make the decisions 
for their own subset of the ideas independently 
(parallel method). 

The design of our algorithm is based on the 
following assumptions: 

Assumption 1: The time needed to evaluate a set 
of ideas is longer for the discussion method than for 
the parallel method. 

Assumption 2: The group's trust in the results is 
higher for the discussion method than for the parallel 
method. 

Assumption 3: The discussion method will 
produce fewer subjective rejection errors than the 
parallel method. A subjective rejection error occurs 
when an individual decision-maker disagrees with the 
group's rejection of an idea by the selection method. 

Assumption 4: The discussion method has a 
higher cognitive load than the parallel method.  

Assumption 5: In accordance with the findings of 
Miller [21], we assume that decision-makers are able 
to partition a set of five ideas easily. A larger set will 
result in a high cognitive load and/or more selection 
errors. 

Assumption 6: A group discussion of a 
representative subset of the ideas can give 
participants a general feeling for the quality of the 
entire set of ideas. 

 

Based on the above set of assumptions, our 
selection algorithm is derived from the following 
hypothesis: 

Hypothesis. Combining local partitioning of 
subsets of ideas with group establishment of 
overall quality can yield a selection algorithm 
whose speed is comparable to the parallel 
method and whose quality of results is 
comparable to that of the group method. 

 
In Section 4 we describe our algorithm, and 

Section 5 describes an experiment that tests this 
hypothesis. 

3. Related work 

3.1. Characterization within existing schemes 

Table 1 shows a small four-dimensional 
taxonomy of decision-making methods as well as the 
location of our selection task within the taxonomy. 

The first dimension denotes whether a single or 
multiple decision-makers are involved. The second 
dimension distinguishes between single-criteria and 
multi-criteria methods.  

The third dimension is concerned with the scale 
of measurement used to make judgements. Scales of 
measurement fall into the four categories nominal, 
ordinal, interval and ratio, in increasing order of 
expressiveness [23]. Since our task is a selection, a 
nominal scale is sufficient to represent the 
evaluations.  

The fourth dimension describes the type of 
decision to be made, or decision problematic [23]. 
Choice means choosing one or more alternatives as 
the most preferable, Sorting means assigning 
alternatives to categories, and Ranking is the 
organization of alternatives in order of preference. 

Table 1. Taxonomy of decision analysis methods 

#DM Single Multi 
#Criteria Single Multi 
MoS Nominal Ordinal Interval Ratio 
Res. Choice Sorting Ranking 

 
As will be seen in Section 4, although the 

selection task requires only a nominal scale for 
representation, our algorithm requires comparison 
judgements, which correspond to an ordinal scale. 

ThinkLets [5] are a concept designed to support 
and standardize facilitation methods for collaborative 
work. ThinkLets are abstract "patterns of 
collaboration" that can be used to facilitate a wide 
range of collaborative tasks. In [19], Kolfschoten et 
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al propose criteria for each pattern with which the 
effectiveness of any given implementation of that 
pattern may be judged. 

The primary goal of our algorithm corresponds to 
the ThinkLet pattern Reduce, which is defined in [19] 
as "move from having many concepts to a focus on 
fewer concepts that the group deems worthy of 
further attention". More specifically, the algorithm 
corresponds to the sub-pattern Filter and the criterion 
Relevance of selected information. 

However, our algorithm also contains elements of 
other ThinkLet patterns. The pattern Evaluate has the 
goal of "move from less to more understanding of the 
relative value of the concepts under consideration" 
[19]. This is the function of the group discussion 
phase of our algorithm (Steps 5 and 6 in Section 4.2). 
The appropriate sub-pattern is Communication of 
preference. Important activities in this phase are 
surfacing preferences, assumptions, agreement and 
disagreement. Thirdly, our algorithm also implicitly 
implements the ThinkLet pattern Organize, defined 
in [19] as "move from less to more understanding of 
the relationships among concepts the group is 
considering." Our algorithm creates a structure of the 
ideas (shown in Figure 2) which shows their 
relationships with respect to how well they meet the 
evaluation criterion. The appropriate sub-pattern is 
Organize and the criterion is Number of correctly 
categorized items. Finally, our algorithm has an 
element of the pattern Consensus, defined as "Move 
from having fewer to having more group members 
who are willing to commit to a proposal." This is also 
an implicit function of the discussion phase of our 
algorithm. The sub-pattern is Building commitment 
and the criterion is Satisfaction of participants.  

We conclude that both the primary and secondary 
aspects of our algorithm can be found within the 
ThinkLet taxonomy. However, it should be noted that 
ThinkLets do not solve the problem of idea selection 
themselves, they merely provide abstract "patterns" 
which are open to different implementations. 

3.2. Approaches to selection in MCDA 

Multi-criteria decision analysis has several broad 
categories of models for representing the problem 
and the judgements. However, most of the modeling 
effort goes into dealing with the multiple criteria, 
which is not needed for our application. It is therefore 
sufficient to consider the comparatively small 
number of approaches for solving the single-criterion 
problem. 

Methods based on utility theory [8] assume that 
cardinal judgements can be made about the 
alternatives. In some cases these are "points" on an 

interval scale, in others they are formally utilities 
(and therefore on a ratio scale). Although not usually 
presented as such, scoring methods such as SMART 
[11] are also based on the assumption of utility. 

Kann et al [14] claim that utility-based methods 
are inappropriate for the first selection step for a 
number of reasons. Most important among these is 
the argument that it is difficult or even completely 
inappropriate to assign numerical values to raw ideas. 
Even for a simple task such as choice of summer 
vacation activity, it is meaningless to assign points to 
"Go on a cruise to Antarctica" and "Learn to paint" 
in the absence of any further information about these 
two alternatives. As Bana e Costa et al [1] point out, 
"They require [the decision-maker] to be able to 
produce, either directly or indirectly numerical 
representations of his or her strengths of preferences, 
which is not a natural cognitive task." 

Kann et al [14] also point out that in the case of 
multiple decision-makers, there is no guarantee that if 
two decision-makers independently assign the same 
number of points to two alternatives, that these two 
alternatives have the same value. Preference 
judgements, however, do not have this drawback. 

The second important class of MCDA methods is 
based on the outranking principle [20]. These 
methods work in an ordinal scale and use pairwise 
judgements to elicit preferences between alternatives 
from the decision-makers. For raw ideas, these 
judgements are much easier to make. 

Some outranking methods, as well as the Analytic 
Hierarchy Process (AHP) [23] allow degrees of 
intensity in their pairwise comparisons. Since our 
task is merely selection, rather than ranking, this 
degree of precision in the judgements may be 
exaggerated. For the FEoI, we claim that a canonical 
pairwise comparison which indicates simple 
preference is sufficient. Furthermore, many 
outranking methods require O(n2) pairwise 
judgements, which is prohibitively expensive, even 
for a modest number of alternatives. 

Kann et al [14] and Kempe et al [15] both present 
approaches for the first selection problem in the FEoI 
in the case of a single decision-maker. In the former 
case, a sorting method is used, whereas in the latter, a 
partial sorting method is proposed. In both cases, a 
ranking algorithm is used to solve a selection 
problem, whereas our approach is merely a selection 
algorithm. Nevertheless, the arguments presented 
there to justify the use of ordinal scales and simple 
preference judgements are applicable in our case too. 

In conclusion, none of the investigated methods 
or categories of methods fulfill our requirements for 
our first idea selection step. 
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Our algorithm is based on two methods from the 
field of Computing for determining the median of an 
unsorted list. The first method, called the median-of-
medians algorithm, was introduced by Blum et al [3] 
in 1973. It finds an element in an unsorted list which 
approximates the median in linear time by 
partitioning the list and computing the local medians 
in each sub-list. The second algorithm by Dor and 
Zwick [7] computes the exact median using a related, 
but much more complex approach. 

4. The threshold algorithm 

In this section, we describe our new algorithm. 
We refer to it as the threshold algorithm, after its key 
feature. 

4.1. Median-of-medians algorithms 

The first median-of-medians algorithm on which 
our collaborative selection method is based was 
proposed as an auxiliary procedure for sorting and 
selection algorithms. Its purpose is to find an element 
in an unsorted list which approximates the median.  

The underlying principle of this method is to 
divide the list into subsets of five elements. For each 
of these subsets, the median can be determined using 
no more than six pairwise comparisons. The median 
of the medians of these subsets is then an 
approximation to the median of the original list. If the 
number of subsets needed is greater than five, the 
procedure is applied recursively. It can be shown that 
the element chosen by the method lies between the 
30% and 70% quantile in the list using O(n) pairwise 
comparisons, where n is the number of elements in 
the list. The 30% quantile consists of those elements 
that are below the medians of their subsets which 
themselves are below the median of medians. The 
70% quantile is defined in an analogous manner. 

The median-of-medians has two characteristics 
that are useful for our selection task. Firstly, the 
method is able to determine an element whose 
definition depends on the contents of the entire 
dataset by examining only a representative sample of 
the data. Secondly, the determination of the medians 
in the subsets can be executed in parallel. 

The method by Dor and Zwick computes the 
exact median of the dataset. It achieves this by 
extending the median-of-medians algorithm to also 
consider the elements of the subsets which are not 
determined to be either in the 30% or the 70% 
quantile. The algorithm is, however, no longer 
parallelizable. 

4.2. Algorithm description 

The first idea selection step is a partitioning task: 
the raw ideas are to be assigned to the categories 
accepted and rejected. The median-of-medians 
algorithms also create partitions – the elements below 
and above the median, respectively. For the selection 
task, we will define a threshold idea that lies on the 
boundary between the accepted and rejected ideas. 
This idea is the least preferable element in the 
partition accepted. 

The threshold algorithm for the collaborative 
selection of ideas consists of the following seven 
steps: 
Step 1: Divide the set of ideas into subsets of size 

five. 
Step 2: Assign one subset to each decision-maker.  
Step 3: Each decision-maker assigns the ideas in 

their subset which meet the evaluation 
criterion to a local partition pre-accepted 
and those which do not meet the criterion to 
the local partition pre-rejected. 

Step 4: Each decision-maker selects the idea from 
their pre-accepted partition which meets the 
evaluation criterion least well. This idea we 
call the personal threshold idea. 

Step 5: The decision-makers form a group, compare 
their personal threshold ideas and agree 
which of them should go into the global 
partition accepted and which should go into 
the global partition rejected. 

Step 6: The decision-makers decide in a further 
discussion which of the accepted personal 
threshold ideas meets the evaluation 
criterion least well. We call this idea the 
global threshold idea. 

Step 7: Each decision-maker assigns the ideas in 
their subset to one of the global categories 
accept or reject. Three cases must be 
distinguished: 

a. Their personal threshold idea is the global 
threshold idea: All pre-accepted ideas are 
accepted and all pre-rejected ideas are 
rejected. 

b. Their personal threshold idea was rejected 
by the group. All pre-rejected ideas are 
rejected. Compare all pre-accepted ideas to 
the global threshold idea and accept or reject 
them accordingly. 

c. Their personal threshold idea was accepted 
by the group. All pre-accepted ideas are 
accepted. Compare all pre-rejected ideas to 
the global threshold idea and accept or reject 
them accordingly. 
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Figure 2 visualises the state of the algorithm after 
the execution of Step 6 in the case of five decision-
makers and 25 ideas. Decision-maker a has assigned 
three ideas to pre-rejection (the white circles) and 
two to pre-acceptance (the black circles), of which 
the inferior one becomes his or her personal threshold 
idea (the large black circle). The other decision-
makers b, c, d and e have partitioned their subsets 
analogously. The result of the group discussion was 
to accept the personal threshold ideas of decision-
makers a, b and c (large black symbols), and to reject 
those of decision-makers d and e (large white 
circles). Decision-maker c's idea is the least 
preferable of the three accepted ideas and becomes 
the global threshold idea (large black pentagon). At 
this moment in the algorithm, five more ideas can be 
automatically assigned to the acceptance set, namely 
those which are known to be better than the three 
personal threshold ideas that have already been 
accepted. These are denoted in the diagram by 
squares. Similarly, six ideas can be immediately 
assigned to the rejection set, because they are worse 
than personal threshold ideas that the group has 
decided must be rejected. These ideas are identified 
in the diagram by triangles. Before Step 7 in the 
algorithm, the status of the five ideas belonging to 
decision-makers a and b which are assigned to the 
pre-rejection sets is not yet determined – all that is 
known about them is that they are less preferable than 
an idea which is good enough. Similarly, the four 
ideas in the pre-acceptance sets of decision-makers d 
and e are only known to be preferable to personal 
threshold ideas that the group has rejected. In Step 7, 
therefore, decision-makers a, b, d and e must 
compare these remaining ideas with the global 
threshold idea in order to determine their final status. 
 

 
Figure 2.  State of the algorithm after Step 6 

The visualisation illustrates the key ideas behind 
the algorithm. Each decision-maker partitions their 
local subset of ideas into those to be accepted and 
those to be rejected. However, this partitioning is 
based on knowledge of the local subset alone; the 
decision-maker has no feeling for the overall quality 
of the entire set of ideas. Their personal threshold 
idea is a representative of the quality of the ideas in 
his or her subset. This preliminary partitioning is 
analogous to the first step of the median-of-medians 
algorithm, and the personal threshold idea is 
analogous to the local median. The group discussion 
of the five personal threshold ideas enables each 
decision-maker to form an impression of the quality 
of the set of all 25 ideas. Lastly, the final status of 
their personal threshold idea enables them to 
establish the quality of their subset of ideas with 
respect to the entire set. 

4.3. Discussion 

In the first phase of the algorithm (Steps 3 and 4), 
the experts work independently to partition subsets of 
the ideas. The experts have a simple cognitive task to 
perform (pairwise comparisons of ideas) and the 
maximum possible degree of parallelism is utilized. 
This phase therefore achieves a conditional 
partitioning in the minimum possible time. 

In the group phase (Steps 5 and 6), the experts 
compare and discuss one representative idea from 
each of their assigned subsets (the personal threshold 
idea). In doing so, they build a shared mental model 
of the overall quality of the complete set of ideas. In 
addition, they agree on the idea that separates the 
accepted ideas from those that are to be rejected (the 
global threshold idea). In this phase, a common 
understanding of their expectations is achieved and 
thus consensus in the overall result. This is achieved 
based on the smallest possible scope of discussion, 
namely one idea per subset. 

In the third phase of the algorithm (Step 7), the 
experts independently determine the final partitions 
by comparing the ideas in their assigned subsets to 
the global threshold idea determined by the group. 
Again, since this is performed entirely in parallel and 
is based on pairwise comparisons, it achieves the 
maximum possible speed at low cognitive load. 

The algorithm depends on the experts' ability to 
make consistent pairwise comparisons of ideas based 
on a single evaluation criterion. There are many 
reasons to doubt that this condition will always hold 
in practice; however, many algorithmic decision-
making methods make similar assumptions.  

It is important to note that the choice of 
evaluation criterion is important. It should not be 
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(perhaps implicitly) composed of mutually 
conflicting sub-criteria, as this may lead to 
inconsistent judgements between the experts. Neither 
should the criterion depend on information that is 
unavailable to the experts. An example of this would 
be the criterion "will this idea make one million 
dollars profit per year?" Such a criterion is typical in 
practice, but depends on information that is not 
available at Gate 0 (for example the results of market 
research) and contains mutually conflicting criteria 
(such as earnings potential and implementation 
costs.) 

A better formulation for a criterion for the first 
idea selection step would be "Might this idea attract 
new customers?" or "Might this idea provide 
significant value to our customers?" More generally, 
the criterion should be of the form "contains at least 
one aspect that makes it worth investigating further".   

As stated in the introduction, this work is purely 
algorithmic in motivation: we do not consider the 
cognitive or social phenomena associated with 
collaborative activities. Of the three phases of the 
algorithm, only the second – the group discussion of 
the threshold ideas – is genuinely collaborative. Our 
algorithm makes no assumptions about how this 
phase is carried out; it simply assumes that the 
required result is forthcoming. The actual 
implementation of the discussion is left up to the 
facilitator, who must then assume responsibility for 
an efficient and effective discussion. 

5. Experiments 

5.1. Experimental Design 

We designed an experiment to test the 
assumptions and hypothesis presented in Section 2 
and whether the threshold algorithm met the 
requirements of Section 1.3. The experiment 
compared the threshold algorithm to the discussion 
method and the parallel method of Section 2: 

Method M1: Fully parallel individual selection 
The set of ideas was divided into equal subsets. 

Each decision-maker received one subset and 
partitioned it independently into accepted and 
rejected sets. The overall partitions are simply the 
unification of the individual ones. 

M2: Full group selection 
The group discussed each idea in turn and came 

to a consensus on whether to accept or reject it. 
M3: The threshold new partition algorithm 
The group performed the algorithm described in 

Section 4.2. 
 

We had 20 subjects who were all students of an 
innovation course at the University of Magdeburg. 
These were divided into four decision-making groups 
(DMG1 to DMG4) of five persons each. 

We used as input for the experiment 125 raw 
ideas for attracting new customers to a supermarket 
that had been generated previously by a different 
group of students. These ideas were divided into four 
sets (I1 … I4) consisting of 25 ideas each. Each team 
then carried out each method with a different idea set 
with the help of a facilitator. This was to ensure that 
the group did not become accustomed to the task, 
thus distorting the experiment. Table 2 shows the 
sequence of methods Mi carried out by each group 
DMGk using input idea sets Ik. 

Table 2. Twelve idea selection experiments 

Group Method/ 
Idea set 

Method/ 
Idea set 

Method/ 
Idea set 

DMG1 M1 I1 M2 I2 M3 I4 

DMG2 M1 I2 M2 I3 M3 I1 

DMG3 M1 I3 M2 I4 M3 I2 

DMG4 M1 I4 M2 I1 M3 I3 
 
Each group was instructed that their task was to 

determine which of the 25 ideas currently under 
consideration should be accepted for further 
investigation and which should be rejected. The 
criterion given to each group was "Could this idea 
attract new customers to our supermarket?" This 
criterion is deliberately loosely defined. It even 
allows ideas to be selected that – at first sight at least 
– are impossible to implement, incompatible with 
strategy, or even illegal. This is very important at the 
beginning of the innovation process, since very often 
closer investigation will reveal solutions to such 
perceived problems. 

For each experiment we noted the selection result 
and the time needed to obtain it. 

After each experiment, the decision-makers filled 
in an evaluation form in order to determine their 
subjective reactions to the algorithm and the selection 
results. 

5.2. Results and interpretation 

In Section 1.3, the first requirement of our 
selection algorithm was that it be fast. Table 3 
(upper) shows the average times that were needed by 
the DMGs to carry out each selection method. As 
expected in Assumption 1 (see Section 2), method 
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M1, in which decision-makers make selection 
decisions in parallel, was considerably faster than the 
discussion method M2. The new algorithm M3 took 
twice the time of the parallel method, but only half 
the time of the discussion method. We therefore 
conclude that our Assumption 1 is correct. 

Table 3 (lower) shows the speed of the three 
methods as experienced subjectively by the 
participants. The answers were given in the form of a 
four-level Likert item ranging from slow (one point) 
to very fast (four points). The results shown are 
summed over all responses and normalized to a range 
between 20 and 100. It can been seen that the 
decision-makers felt that the new partitioning 
algorithm M3 went as fast as M1, even though the 
former in fact needed twice as long. The new 
algorithm therefore exceeded our expectations based 
on the subjective passage of time. 

Table 3.  Actual and perceived durations 

Actual durations 
M1 M2 M3 

6:00 min. 24:30 min. 11:45 min. 
 

Perceived speed 
M1 M2 M3 
81 58 80 

 
Our second requirement of the new method was 

that the decision-makers accept the selection results. 
In order to study this, we measured two attributes. 
First, we asked the participants about their level of 
trust in the selection methods' ability to produce a 
good selection result (untrustworthy - one point, 
trustworthy - four points). The responses are shown 
in Table 4. The results are not surprising, since, in the 
first case, every member of the group experiences 
and contributes to the evaluation of every idea, 
whereas in the latter case, they never even see 80% of 
the ideas, but must trust the judgement of the other 
members of the group blindly. The decision-makers' 
trust in the new algorithm M3 lies between that of the 
parallel and the discussion methods. This correlates 
with the proportion of group communication in each 
of the methods: M1 has no group communication 
whatsoever, M2 discusses all the ideas, and M3 
discusses 20% of the ideas.   

Table 4. Trust in algorithm 

M1 M2 M3 
61 88 73 

 

Table 5 shows the degree of acceptance of the 
selection results. As expected (Assumption 2), the 
discussion method was more successful than the 
parallel approach. However, contrary to our 
expectations, the new algorithm did not engender 
more trust than the parallel method, despite its 
collaborative component. 

Table 5. Acceptance of results 

M1 M2 M3 
74 86 76 

 
Our fifth requirement was to minimize the 

selection errors. We assumed (Assumption 3) that the 
discussion method will produce fewer subjective 
rejection errors than the parallel method. The results 
shown in Table 6 confirm this assumption (16 
compared to 33 errors). Here, M3 performs very well: 
although its discussion is limited to only 20% of the 
overall number of ideas, it results in a number of 
subjective rejection errors that is comparable to that 
of the discussion method. Thus, if the full discussion 
is taken as a reference point, Requirement 5 is met. 

There is an apparent contradiction between the 
results obtained for acceptance of results and number 
of rejection errors: although M3 performed almost as 
well as M2 with regard to the latter criterion, the 
participants showed less trust in its results. We 
conjecture that this is due to a lack of process 
transparency with M3. The way the method reaches a 
partitioning may be unclear – at least to those without 
a background in Computer Science. Future work will 
attempt to verify this conjecture and search for means 
to visualize the new algorithm. 

Table 6. Number of subjective rejection errors 

M1 M2 M3 
33 16 18 

 
We were also interested in the participants' 

subjective impression of the number of errors 
generated by each of the methods. The results for the 
question, "How free of errors is the result of the 
selection method?" (many mistakes - one point, 
error-free - four points) are shown in Table 7. There 
is no significant difference between the values 
obtained. This result is surprising, since we had 
expected a positive correlation with the values 
obtained in Table 5 and Table 6, and we are unable to 
offer an explanation. 
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Table 7. Subjective error-free result 

M1 M2 M3 
75 78 75 

 
One of the requirements (Requirement 4) of the 

new algorithm is that it does not generate a high 
cognitive load. Table 8 shows the participants' 
subjective impression of the complexity of the three 
methods. We assume that carrying out pairwise 
comparisons individually generates a lower cognitive 
load than participating in a group discussion 
(Assumption 4). The results support this assumption: 
as is the case for trust in the results (see above), the 
cognitive load correlates positively with the 
proportion of discussion in the method. 

Table 8. Cognitive load 

M1 M2 M3 
88 68 78 

 
Summarizing, we can say that in most cases, our 

assumptions about the different effects of discursive 
and individual evaluation of raw ideas were correct. 
The new threshold algorithm, which was founded on 
these assumptions, was able to meet the requirements 
we demanded of it. Despite the unexpected 
underperformance of M3 in the acceptance of the 
results of the group, M3 supports the hypothesis in 
Section 2. Thus M3 is a compromise between the 
speed of a parallel selection method and the quality 
of a group discussion. Work is still needed to 
improve the acceptance of results and the trust in the 
algorithm. 

5.3. Limitations 

There are a number of potential limitations that 
have an effect on our results. The task for idea 
selection was to select ideas for a supermarket. Real-
life tasks can be harder because the ideas are more 
complex and the participants can have a large stake in 
the outcome. For this reason we cannot assume that 
the results of our experiments can be generalized for 
any selection task in the FEoI. 

The decision-makers in the experiments were 
students at the University of Magdeburg. This group 
is quite homogenous and might therefore experience 
a higher level of trust than is the case in a typical 
professional group. Since the threshold algorithm 
allows a significant proportion of the ideas to be 
selected by individual members of the group, the 
confidence in the result may be lower. 

In FEoI practice, much more than 25 ideas must 
be partitioned. We believe that as the number of ideas 
increases, the advantage of the threshold method will 
become more pronounced, since the group discussion 
becomes increasingly strenuous and the number of 
unseen ideas in the parallel method will generate 
more and more scepticism about the accuracy of the 
selection. 

Our method was designed for implementation as a 
computer-based tool. However, our experiments were 
carried out in a face-to-face environment. The 
algorithm depends on the establishment of a 
consensus about the overall quality of the ideas in a 
group discussion. If computer-based discussions are 
less able to create consensus in a group than face-to-
face ones, this might reduce the level of trust in the 
selection result. 

6. Conclusions 

6.1. Summary 

This paper presents a new collaborative selection 
method for the FEoI. It is based on a median-of-
medians approach from Computer Science. We were 
able to show that this algorithm is both fast and has a 
low cognitive load, but at the same time produces a 
competitive result, both in terms of the degree of 
acceptance by the decision-makers as well as in the 
number of subjective rejection errors. 

Our original concern that the method – which has 
an unusual structure compared to other selection 
techniques – might not be accepted by decision-
makers can be discarded. 

The method could be implemented in several 
ways. It can be carried out both as a face-to-face 
workshop and also as a computer-based collaborative 
method. A hybrid method is also conceivable, in 
which the decision-makers carry out their individual 
evaluation tasks at the beginning and end of the 
algorithm in a distributed manner, but meet 
physically for the group discussion in the middle of 
the algorithm. This would still be much more 
efficient than carrying out a meeting in which the 
group selects the entire set of ideas. 

Since the results show that the described approach 
is been accepted we can now create a computer 
system in order to make further investigations. 

6.2. Open questions and future work 

We can see two possible directions for next 
research steps. 

Firstly: In our method we gave each decision-
maker a set of five ideas. This could be too complex. 
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In a computer-assisted method it would be possible to 
present the ideas as a sequence of pairwise 
comparisons, which would reduce process effort. 

Secondly: Most decision problems involve 
multiple criteria. It would be interesting to try to 
extend the threshold algorithm to the multi-criteria 
case, perhaps as a kind of outranking method. 

Furthermore, the authors discovered the following 
research questions during the development of the 
threshold algorithm: 
• What other ways apart from the group discussion 

of representative ideas are there to enable the 
decision-makers to quickly establish a feeling for 
the overall quality of the set of ideas? 

• Instead of using the worst idea of the accepted-
set as the threshold idea, the algorithm would 
also allow the best idea of the rejected-set to be 
used. What effect might this change lead to? 

• What factors might increase the acceptance of 
the results? 

• What could be added to the threshold algorithm 
in order to avoid subjective rejection errors? 

• Since the algorithm is sensitive to the choice of 
threshold ideas, it would be interesting to study 
the factors that affect that choice. Are radical 
ideas, for example, particularly likely to be 
chosen as threshold ideas? 
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