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Abstract. [Context and motivation] Novel web-based requirements elicitation
tools offer the possibility to collect requiremepteferences from large number
of stakeholders. Such tools have the potential ravige useful data for
requirements prioritization and selectiofiQuestion/problem] However,
existing requirements prioritization and selectiechniques do not work in this
context because they assume requirements ratings & small number of
stakeholders' groups, rather than from a large murabindividuals. They also
assume that the relevant groups of stakeholders baen identified a priori,
and that all stakeholders within a group have dreespreference$Principal
ideag/results] This paper aims at addressing these problems filyiag cluster
analysis techniques used in the area of market esefgtion for identifying
relevant groups of stakeholders to be used forirespents decision-making.
[Contribution] We describe clustering analysis techniques thatbeaused in
this context and evaluate their adequacy on a pélsé study.
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1 Introduction

There is an increasing trend towards using webebagglication such as forums,
wikis, and recommender systems to elicit and ping requirements from very
large number of stakeholders [1], [2]. For exam@¢akeSource is a web-based
toolset that helps requirements engineers ideptifyect stakeholders, elicit product
requirements and stakeholders’ preferences forethesjuirements by asking
stakeholders to recommend other stakeholders, peopew requirements, and rate
already submitted requirements [3]. These systegis collecting data that could be
used for understanding stakeholders and their pmedes, identifying conflicts, and
guiding requirements selection and prioritization.

There exists a wide range of qualitative and qtente techniques for identifying
the best tradeoffs among the preferences of meltgpthkeholders [4]. Cost-value
based requirements prioritization techniques relyeticiting the relative costs and
value of each requirements for each stakeholdenspgf5]. By assigning weights to
all stakeholders groups, one can compute the dweahle of a requirement as the
weighted sum of its value for each stakeholdersugroand rank the set of
requirements accordingly. Different variants osthpproach are used in practice [6],
[7], [8]. Generating a full ranking of requiremetitased on a single numerical value
hides conflicts between stakeholders instead ofosrg them. More recent



requirements selection techniques have therefakelb at the problem as a multi-
criteria decision problems and developed supparefploring the space of optimal
solutions and reasoning about the fairness of@hairements selection [9], [10], [11].

All these techniques have been developed in a xbateere requirements values
are elicited for a small number of stakeholdergugs only. They do not scale to the
context of online requirements elicitation toolsem values are elicited from a large
number ofindividual stakeholders. Furthermore, they assume that henuas
groups of stakeholders can be identified a primg that the value of a requirement
for a given group represents the consensus vatuaifstakeholders within that group
(which leaves the problem of handling divergencésopinion within a group
unresolved). An additional difficulty specific tmline elicitation tools is that some
groups of stakeholders are likely to be under-regméed or over-represented in the
collected ratings. For example, stakeholders whee haore time to express their
preferences online are likely to be over-representempared to more busy
stakeholders whose opinion may be no less importatfie project success.

The objective of our work is to study the applioatiof clustering techniques for
identifying homogenous groups of stakeholders tiaat be used as input to existing
requirements selection and prioritization techngue

Our stakeholders clustering technique takes ad istalkeholders’ values for a set
of requirements to be evaluated, and generatestpsta set of stakeholders groups
together with the value of each requirement fordheup. These groups and values
would then be used by existing decision-making réples to produce either a
ranking of requirements based on their values, Bameto optimal front and fairness
analysis diagram used for exploring tradeoffs. @roblem is very similar to the
problem of market segmentation for product develepnand marketing [12]. In this
area, one distinguishes between customer’'s chaisticte that are product-
independent such as his age, location and reveohesgacteristics that are product-
dependent such as his perceptions, benefits andityoyor the product. Our
stakeholders clustering approach consists of ifjémti stakeholders groups from
their ratings which are product-dependent charities, instead of grouping them
according to product-independent characteristich sis their job title or age.

The generated groups should be as homogenous siblpas the sense that all
stakeholders within a group have roughly simildings for all requirements. When
generating these groups, there is a conflict betwai@imizing the number of groups
and maximizing their homogeneity. An extreme sitiratin which each stakeholder
forms a single group would be very homogenous hutlevnot help decision-making.

This paper describes our approach and illustratesigse on a pilot case study
conducted at UCL where we explore the impact ohgidlifferent group size and
compare clustering approaches.

2. Using Cluster Analysisto Group Stakeholders: An Example

Similarity between stakeholders’ ratings is deteei by the distance between the
stakeholders’ ratings. A smaller distance impliesigher similarity between the
ratings. If we have two ratings and | from stakeholders i and j for the same
requirement, the distance d between them is gigen a



d=|1"i'rj| 1)
When we have n requirements, R.... R, this distance is computed as the
Euclidean distance between the two sets of rafmgall n requirements:

d=\/[(rli-rlj)2+(r2i-rzj)2+... +(rm-rm-)2] 2)

Our approach will use the weighted average linkadgstering algorithm [12]. This
clustering algorithm is an agglomerative hierarahione that helps us form a
hierarchy of stakeholders with stakeholders withrengimilar ratings grouped lower
in the hierarchy. The level of similarity decreases we move up the hierarchy.
Furthermore, the chosen clustering algorithm hderoproperties that are highly
desirable in our context. It is a robust algorittitat reproduces the size and shape of
the clusters as they occur in the dataset as glaselpossible. It is not prone to
reversal and chaining problems and it considersittes of the clusters when merging
them [13]. The algorithm also has the benefit ahgeleterministic.

To test our approach, we have carried out a suateyCL asking 50 potential
stakeholders to rate 5 requirements R1, R2, RHMMRS5 for an online calendar on a
10 point scale. We obtained responses from 47 lstddters, labeled S1 to S47. Our
product-specific characteristics are the valuesach requirement to the stakeholders.
We have also gathered a few product-independentactaaistics related to the
stakeholder like position at UCL, number of yeardJ&L, and average number of
hours spent online per day. Table 1 shows a saofiplee data collected.

Tablel. Sample data collected from survey carried olWGit.

Stakeholder Position Time spenton No. of years Ratings
internet daily (hrs) at UCL

R1 R2 R3 R4 R5

S1 Technical/ 6 4 5 3 10 10 10
Admin

S2 Research 10 7 3 10 3 3 3

S47 Academic 4 3 4 4 9 4 2

Figure 1 shows the dendogram representing theectugenerated by the weighted
average linkage clustering algorithm on these gatinA dendogram is a two-
dimensional diagram that depicts how the agglori@rair division are done at the
different stages of the cluster analysis [13]. Yhaxis depicts the distance among the
ratings while the X-axis lists the stakeholders tiestopmost level of the hierarchy at
cut off 10, we have a single cluster with all 4@kstholders. When we move to the
next level at a cut off of 9 we have 3 clusterse Tihst one consists of stakeholders
S26 to S31 in the dendogram, the second one cendistakeholders S2 to S34 and
the third one consists only of stakeholder S9. Asdecrease the distance along the
Y-axis i.e. increase similarity, we have an inchegsiumber of clusters which are
smaller in size. We can see that in some caseisjdndl stakeholders are added to a
cluster very late (at a greater distance) and tlaeseoutliers whose ratings could
either be discarded or investigated in more degitedding on the importance and
expertise of the particular stakeholder. One sxemple is stakeholder S9.
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Fig 1. Dendogram for cluster analysis using weighted ayesfimkag:

When using our technique, requirements engineard tedefine where they wa
to cutoff the hierarchy to get the optimal clusters ieithcontex. To explore the
impact of such decisions, vhave decided to cuiff the dendograms at twplaces,
that is, at distance &nd ¢. At cut off 8 we have 4 clusters and at cut off 6 hewe ¢
clusters.In each group, the value given to a requiremernbaken to be the medic
value for all stakeholders in the gro

To assess the quality of the generated grou and their associated requireme
value, we comparéor each stakeholder the distance betwthe requirement value
for the group towhich the stakeholders belong athe actual values given by t
stakeholderFor comparison purposes we valsocompute the distance of the act
ratings fromthe media of ratings with no clusterinf.e. all stakeholders are put ir
single group) andvhen the stakellders are groupk by their position at UCI The
results of this comparison are showrFigure 2for stakeholders S1 to S20 (the otf
are not shown to save spa

The figure shows that the median values used t@sept the stakeholders with
clustering and grouping by role are generally farfrom the actual ratings of tt
stakeholdershan when clustering is used at all. With clustg, it can be seen th
with a cut off at a lower difference results in adia@ value closer to the actual rat
of the stakeholder. Stakeholder S9 is an outlieit &sa cluster on its own and t
median values with clustering will be the actudings of the stakeholdt
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Fig 2. Distance between the actual ratings of stakeholdedsthe median ratings for their
group using different cluster sizes and approaches.

To further demonstrate how the overall decisioncpss is improved, we fed the
median for the clusters (labeled G1 to G3) at ¢tiBanto the Volere prioritization
template [6] giving equal weight to all of the dieis. We have dropped the ratings of
outlier S9, so we are left with 3 groups each hgvinweight of 33%. How to
determine the weight to be given to each clustecuisently left to the decision
maker. We intend developing techniques to helprdeteng this weight based for
example of the number of stakeholders it contaimd @n the composition of the
group. Figure 3 shows the ranks of our requiremextsr running the Volere
Prioritization using the median of ratings with amithout clustering. The value and
ranking of the requirements are different in the @pproaches. For example, when
stakeholders are first grouped in clusters, requaérg R2 moves above R1 and R5 in
the ranking order. As we have shown in Figurehi tanking is obtained by using
median requirements values for each cluster tratlaser to the actual values given
by each stakeholder than the overall median valberwno clustering technique is
used. The identification of the clusters also aiows to explore different tradeoffs
and analyze the fairness of the decisions.
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3. Conclusion

We have introduced the concept of segmentationtadebolders using clustering
analysis. The proposed technique was tested ototgaise study at UCL and the
results show that there is an improvement in ol/etakeness of the ratings used to
make decisions when using cluster analysis. Ourdéuvork includes implementing a
tool to enable requirements engineers to use #aisnique. We aim to enhance the
technigue with methods to describe the profilestakeholders belonging to a group
and help decision makers assessing the weight taadsggned to each group.
Divergences among stakeholders rating within a gnmight also be used to detect
ambiguous requirements. Our immediate future pdato itest our technique on large
independent data sets [3].
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