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Abstract. The Analytic Hierarchy Process (AHP) has been successfully
used in the past for the selection of components, as presented in case stud-
ies in the literature. In this paper, an empirical study using AHP to rank
components is presented. The components used in the study are for data
compression; each implements one of the Arithmetic Encoding (AREC),
Huffman coding (HUFF), Burrows-Wheeler Transform (BWT), Fractal
Image Encoding (FRAC), and Embedded Zero-Tree Wavelet Encoder
(EZW) algorithms. The ranking is a semi-automated approach that is
based on using rigorously collected data for the components’ behavior;
selection criteria include maximum memory usage, total response time,
and security properties (e.g., data integrity). The results provide a clear
indication that AHP is appropriate for the task of selecting components
when several criteria must be considered. Though the study is limited
to select components based on multiple non-functional criteria, the ap-
proach can be expanded to include multiple functional criteria.

1 Introduction

The selection of components is recognized as a challenging problem in compo-
nent based software engineering [1-3], as there are complex technical, legal, and
business considerations that need to be simultaneously and iteratively addressed
as development proceeds. When selecting a component, the number of criteria
can be large. Established metaheuristic search techniques [4] from the artificial
intelligence community have been proposed to search for software components
including genetic algorithms [5,6] and evolutionary algorithms [7]. Alternative
approaches using multi-criteria decision making (MCDM) techniques have also
been employed as a solution to this problem [2,8-12]. One well known MCDM
technique is the Analytic Hierarchy Process (AHP).

Case studies are available in the literature that report the successful use of the
AHP approach [9-11]. The data supporting the description of the components
in these studies appears to be obtained from vendor specifications, etc. Here,
we rigorously collect data about the components as the foundation for their
selection. We note that other sources [1,13] have provided arguments against



the use of the AHP approach for the selection of components; this is discussed
in Section 4.

In this paper we present an empirical study for the ranking, using AHP, of
components based on non-functional criteria. To the best of our knowledge, no
such work is currently available. A relatively small number of empirical studies
in component based software engineering have become available over the years,
which include the representation and selection of UNIX tool components [14],
support for regression testing of component based software [15], design of a
knowledge base used for business components [16], variations in COTS-based
software development processes used in industry [17], and the use of fuzzy logic
to specify and select components based on a single selection criterion [18]. Due to
the very limited number of empirical studies available in the area of component
based software engineering, this study makes a substantial contribution to the
literature.

The results of this study provide a clear indication of the suitability of AHP
for this task. In addition, the approach can be extended to incorporate functional
requirements and the possible integration of components when no suitable alter-
native implements all required functionality.

The remainder of this paper is organized as follows. A general description of
AHP is presented in Section 2. An empirical study for the selection of components
for non-functional requirements using AHP is the subject of Section 3. Section 4
presents relevant related work. Conclusions and extensions of the work described
in this paper are addressed in Section 5.

2 Analytic Hierarchy Process (AHP)

The problem of selecting the best alternative from a set of options that are
characterized by criteria that may be qualitative, quantified with different units
of measure, and conflict with each other has been under investigation for cen-
turies [19]. The decision making approaches proposed to address this problem
are called multi-criteria decision making (MCDM) methods. There are numer-
ous MCDM methods available including the Weighted Sum Method, Weighted
Product Method and Analytic Hierarchy Process (AHP) [20, 21].

The AHP method has three main steps [22] (refer to Figure 1). The first step
is to structure the decision making problem as a hierarchical decomposition, in
which the objective or goal is at the top level, criteria used in the evaluation are
in the middle levels, and the alternatives are at the lowest level. The simplest
form used to structure a decision problem consists of three levels: the goal at the
top level, criteria used for evaluation at the second level, and the alternatives at
the third level. We use this form to present the second and third steps in the
AHP.

The second step is to create decision tables at each level of the hierarchical
decomposition. The matrices capture a series of pairwise comparisons (PC ma-
trices) using relative data. The comparison can be made using a nine point scale
or real data if available. The nine point scale includes: [9,8,7,...,1/7,1/8,1/9],
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where 9 means extreme preference, 7 means very strong preference, 5 means
strong preference, and continues down to 1, which means no preference. The
reciprocals of the above levels are also available. For example, if a comparison
between “a” and “b” is evaluated as 7, then the comparison between “b” and
“a” is 1/7.

For the top level of the decomposition, a single importance matrix (IM)
is defined, which captures the relative importance of each criterion; these are
considered in the second level. For example, if the evaluation criteria are response
time (RTP), memory usage (MU), data security (DS), and data integrity (DI),
then the decision maker compares their importance, two at a time in a four
by four matrix. For example, a decision maker may determine that the RTP is
strongly preferred to DI. In this case the pairwise comparison of RTP /DI has
the value 5; DI/RTP has the inverse value 1/5. In AHP, the values captured in
the IM reflect the relative importance of criteria, i.e., the requirements, from the
decision maker’s perspective. The IM does not capture additional relationships
among the criteria, such as synergistic or conflicting relationships. The criteria
are assumed to be independent. This is likely to be the case in many decision
making situations, in which the conflicting or synergistic relationships among
the requirements are not well understood.

The IM for the top level provides a means to prioritize the requirements for
the decision making process. Using the comparison data in the matrix a priority
vector can be calculated, for example, with an eigenvector formulation. This
priority vector is used in the third step, when the priorities are aggregated.

The decision tables for the middle level capture a pairwise comparison (PC)
matrix for the alternative solutions for each evaluation criterion. Consequently,
each evaluation criterion has a PCi. For example, if there are four evaluation
criteria and five alternatives to choose from, then this results in four PC that
are five by five. The priority vector for each of these decision tables is calculated.
Here again, an eigenvector calculation can be used. The priority vector can be
represented in normalized form, such that the sum of the elements is equal to
one. This vector is used in the third step, when the priorities are aggregated.
In AHP, the values captured in a PC matrix do not explicitly capture other
relationships such as synergistic or conflicting relationships that are present in
the alternative solutions.

The third step aggregates, or synthesizes, the priorities so that the “best”
alternative can be chosen. Options for the aggregation include a distributive
mode and an ideal mode. As these two options have been shown to give the
same result 92% of the time [23], we present the distributive mode here and
refer the reader to [23] for a discussion of the ideal mode. The distributive mode
calculation uses the priority vector calculated in step one as a weight vector,
W, and the normalized priority vectors calculated in step two to define a new
matrix A. Each element A;; represents the normalized priority calculated in
step two for alternative i and evaluation criteria j. To calculate an alternative’s
overall priority, each row in the matrix is multiplied by the weight vector and



the multiplied elements are added together:

4
Alternative priority i = Z(wj * Aij) (1)
=1

The alternative with the largest value represents the best alternative.

3 Empirical Study

An empirical study of how to select components based on non-functional criteria
is addressed in this Section. First, a set of available components is described in
Section 3.1. This is followed by Section 3.2, which presents all the steps to rank
these components according to two distinct scenarios.

3.1 Compression Components

Though there exist a large number of compression techniques, the subset used in
this section has been reduced to five compression components: Arithmetic En-
coding (AREC), Huffman coding (HUFF), Burrows-Wheeler Transform (BWT),
Fractal Image Encoding (FRAC), and Embedded Zero-Tree Wavelet Encoder
(EZW). It is our understanding that they provide a broad spectrum in terms
of the features of interest (e.g., response time, compression ratio, quality, etc).
Source code for these components is available over the Internet. As a first step,
the credibility of the source code for both compression and decompression has
been assured based on available reviews and references given by various web
sites, a thorough code walk through, and testing the components. In some cases
the source code has been modified so that it could compile in the lab environ-
ment using the g++ compiler (with default settings) on Sun Solaris. A brief
description of the components/techniques used in the case study follows.

— Huffman Coding: this is a lossless approach based on statistical features of
the file to be compressed. The more frequently the occurrence of a symbol,
the smaller the bit code used to represent it.

— Arithmetic Coding: differently from Huffman Coding, this approach assigns a
floating point output number to a sequence of input symbols. The number of
bits in the output number is directly proportional to the size and complexity
of the sequence to be compressed. It is also a lossless method.

— Burrows-Wheeler Transform: this method is based on sorting the input se-
quence in a certain way to improve the efficiency of compression algorithms.
As the previous two methods, it is also a lossless approach.

— Embedded Zero-Tree Wavelet Encoder: this approach is based on the use
of wavelet transforms to compress images (2D-signals). Extensions to other
signal dimensions is also possible. Images are compressed using a progressive
encoding with increasing accuracy. The better the accuracy, the better the
quality of the image. Therefore, this is not a lossless approach.



— Fractal Image Encoding: this method is based on the representation of an
image as an iterated function system (IFS). Blocks of the image that are
similar are then equally represented. This is also a loss data approach.

Based on the characteristics of compression algorithms, four attributes are
analyzed here: total execution time (TET), compression ratio (CR), maximum
memory usage (MU), and root mean-square error (RMSE), where total execution
time is the combination of compression plus decompression time and RMSE is
a quality measure. Other features can be easily included according to users’
needs. A set of 271 images were collect to evaluate the components. To capture
the performance for small, medium, and large images, their size were uniformly
distributed in the range from 10KB to 10MB. Also, different types of images
were used (e.g., raw, pgm, jpg, and png). To compute the averages and standard
deviations in Table 1, each component was executed 10 times for all the images.

TET (in s) MU (in KB) CR RMSE

avg std avg std avg std avg std
HUFF| 111.3 | 1324 2135270 21.63 1.167 0.379 0 0
AREC| 180.3 | 237.3 2135103 3.37 1.248 0.555 0 0
BWT | 473.3 | 371.1 | 2137885 603.5 3.334 13.277 0 0
FRAC| 89.5 73.3 2138986 | 2155.99 | 58.427 | 104.68 | 50.55 | 32.43
EZW | 380.4 | 485.4 2142957 4732 4.226 0.837 39.35 27.91

Table 1. Average and standard deviation results for the five compression components
and each feature of interest.

3.2 AHP Steps

The three steps defined in Section 2 and seen in Figure 1 are presented next in
the context of the selection of components for image compression.

AHP Step 1 At this point the structure of the problem has already been
defined as a three level hierarchical decomposition. The problem is the selection
of image compression components; the four criteria of interest have been defined.
The data for each of the available alternatives have also been collected, providing
2710 data points for each alternative.

AHP Step 2 The first step after defining the features to be considered in
the computation of the rank of the five components is to decide their relative
importance. Using Saaty’s scale [22], the user defines the relative importance of
each feature compare to each other. Since four features are under consideration
here, a 4 X 4 matrix, as seen in Table 2 results. For example, if the user defines
that TET is two times more important than CR then IM; 2 = 2; consequently,



TET | CR | RMSE | MU
TET 1 2 1/3 5
CR 172 1 1 3
RMSE 3 1/4 1 2
MU /5 | 1/3 | 1/2 1

Table 2. Importance Matrix (IM) for the four features of interest for scenario 1.

IM, 5 = 1/2 in Table 2. If quality (represented by RMSE) is three times more
important than MU then IMs34 = 3 and IMy 3 = 1/3, as seen in Table 2.

The goal of creating the IM is to facilitate the computation of the weights
of each feature. It is, in general, difficult for the user to directly compute the
weights. Using the AHP approach, the user decides the relative importance of
just two features, which greatly eases the task. The weights can now be computed
by finding the eigenvector associated with the largest eigenvalue of IM. In this
case, the eigenvector is

™ = [0.5373 0.6616 0.5035 0.1417 |© (2)

In order to avoid scale issues, the values in 2/ are normalized to 1 using to

Eqg. 3. The measurements under consideration here are all in a ratio scale which
is closed for arithmetic operations. Therefore, the normalized results obtained
from Eq. 3 maintain the same scale properties as the original data.

M

MN €Ty

7 - 4 IM
ijl Zj

T

(3)

The new normalized weights z '™ " for the features are now:
2™ = [wrpr wor wrmse Wi |7
=[0.2914 0.3588 0.2730 0.0768 | T (4)

As can be verified from Eq. 4, the sum of the weights is 1. Also, it is clear that
compression ratio (the weight of CR is represented by the second value in the
vector) plays a more important role in the users selection while memory usage
(the weight of MU is represented by the fourth value in the vector) has almost
no influence. The other two features have similar importance.

The next step on the AHP approach is to compute pair-wise comparison
matrices (PC matrices) for each feature. Using the average values of TET from
Table 1 we can compute the entries for PCTET. Each entry is computed using
Eq. 5 below.

TET;
TET, (5)
where TET}, for k = {I(AREC),2(HUFF),3(BWT),A(EZW),5(FRAC)} is

the average total execution time (extracted from Table 1) for each of the al-
ternatives. For example, TETaArpc = 180 and TETyyrpr = 111 resulting in

TET __
PG =



TET AREC | HUFF | BWT | EZW | FRAC

AREC 1.0000 0.6172 | 2.6252 | 2.1101 | 0.4945

HUFF 1.6203 1.0000 | 4.2536 | 3.4189 | 0.8012

BWT 0.3809 0.2351 | 1.0000 | 0.8038 | 0.1883

EZW 0.4739 0.2925 | 1.2441 | 1.0000 | 0.2343

FRAC 2.0224 1.2482 | 5.3093 | 4.2675 | 1.0000
Table 3. Pair-wise comparison (PCTET) matrix for total execution time (TET) for
the five available components.

PCFFT = 1.62. It should be noticed that execution time has an inverse effect,
that is, the lower the execution time the better. Therefore, the numerator and
denominator in Eq. 5 are inverted. The same is true for RMSE and MU. Ta-
ble 3 presents the results of the pair-wise comparison for PCTET. As before,
to find the rank/weight for execution time for each alternative, we compute the
normalized (to avoid scale issues when comparing, for example, execution time
with RMSE) eigenvector associated with the largest eigenvalue for PCTET. This
results in the values in Eq. 6

2TETY — [0.1819 0.2947 0.0693 0.0862 0.3679 |7 (6)

Based solely on execution time and Eq. 6, the rank for the components would
be: 1¥-FRAC, 2"--HUFF, 3"“-AREC, 4*-EZW, and 5*-BWT. Sorting the ex-
ecution time column of Table 1 leads to the exactly same order which is a good
indication of the accuracy of the approach. Therefore, one could argue against
the computation of eigenvalues and eigenvectors when it is much easier to sim-
ply sort the average execution time. This could be true when only one criterion
is being considered, but does not apply for multi-criteria problems as the one
described here. Therefore, we need to consider the computation of weights for
the remaining features.

MU AREC HUFF BWT EZW FRAC
AREC | 1.0000 1.0001 | 1.0013 | 1.0037 | 1.0018
HUFF 0.9999 1.0000 1.0012 | 1.0036 | 1.0017
BWT 0.9987 0.9988 1.0000 | 1.0024 | 1.0005
EZW 0.9963 0.9964 | 0.9976 | 1.0000 | 0.9981
FRAC 0.9982 0.9983 | 0.9995 | 1.0019 | 1.0000
Table 4. Pair-wise comparison (PC™Y) matrix for memory usage (MU) for the five
available components.

The pair-wise comparison matrices PC™Y for memory usage and PCHMSE
for root mean square error are computed similarly to what has been done to
PCTET  They are shown, respectively, in Tables 4 and 5. To avoid division



RMSE | AREC | HUFF | BWT | EZW | FRAC

AREC 1.0000 1.0000 | 1.0000 |40.3588 | 51.5568

HUFF 1.0000 1.0000 | 1.0000 |40.3588 | 51.5568

BWT 1.0000 1.0000 | 1.0000 |40.3588 | 51.5568

EZW 0.0248 0.0248 | 0.0248 | 1.0000 | 1.2775

FRAC 0.0194 0.0194 | 0.0194 | 0.7828 | 1.0000
Table 5. Pair-wise comparison (PC™5) matrix for root mean square error (RMSE)
for the five available components.

by zero problems, a value 1 has been added to each entry, related to RMSE,
in Table 1. Now, following exactly the same steps used in the computation of

2TETY  the eigenvectors zMU" and zBMSE™ are computed and the results are
shown in Eqgs. 7 and 8.

2MUN = [0.2003 0.2003 0.2000 0.1995 0.1999 |” (7)

LBMSE™ _ 103285 0.3285 0.3285 0.0081 0.0064 |” (8)

As expected, due to only small variations on the amount of memory used by
each approach, there is little difference in the weights in & Ut Also, as can be
seen in Eq. 8, the weights for AREC, HUFF, and BWT are the same and are
much larger than the weights for EZW and FRAC. This behavior is expected
since the first three are lossless approaches.

The computation of the weights for Compression Ratio (CR) presents a
small distinction when compare to the previous features. The computation of
the weights for TET, MU, and RMSE are based on an inverted gain, i.e., the
smaller the value, the better. This is captured in Eq. 5 by switching the numer-
ator and denominator. In the case of CR (the larger the ratio the better), such
inversion is not necessary which leads to the use Eq. 9.

CR;

PCCE —
J CRj

CR AREC HUFF BWT EZW FRAC
AREC 1.0000 1.0691 0.3743 0.2953 0.0214
HUFF 0.9354 1.0000 0.3501 0.2762 0.0200
BWT 2.6717 2.8563 1.0000 0.7890 0.0571
EZW 3.3861 3.6201 1.2674 1.0000 0.0723
FRAC | 46.8079 | 50.0414 | 17.5198 | 13.8234 | 1.0000
Table 6. Pair-wise comparison (PC®®) matrix for compression ratio (CR) for the five
available components.
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Using the values from Table 1 and Eq. 9 leads to matrix PC“? presented in
Table 6. The computation of the normalized eigenvector 2CE" is done as before
resulting in the values presented in Eq. 10

2" = [0.0182 0.0171 0.0488 0.0618 0.8541 |7 (10)
TET CR RMSE MU
WTET = 0.2914 WCR = 0.3588 WRMSE = 0.2730 wpmu = 0.0768
AREC 0.1819 0.0182 0.3285 0.2003
HUFF 0.2947 0.0171 0.3285 0.2003
BWT 0.0693 0.0488 0.3285 0.2000
EZW 0.0862 0.0618 0.0081 0.1995
FRAC 0.3679 0.8541 0.0064 0.1999

Table 7. Synthesis Matrix (SM) for the ranking of the five compression components.

AHP Step 3 The final step in the computation of the rank for the five compo-
nents is to combine the weights for each feature [ wrpr wer wrmsE wary | (line
1 in Table 7) with the weights computed for all the pair-wise comparison matri-
ces. Each column in Table 7 correspond respectively to xTETN, xCRN, gRMSEY
and zMU" Now, using Eq. 1 from Section 2 leads us to the results in Table 8.

All the values used up to this point are referred to as Scenario 1 in Table 8.

)

Alternative | Scenario 1 - Rank | Scenario 2 - Rank
Components| Value [|Position| Value |Position
AREC 0.164627 (3) 0.236828 (2)

HUFF | 0.197030 | (2) | 0.263210 | (1)
BWT 0.142737 | (4) | 0214710 | (4)
EZW 0.064837 | (5) | 0.052667 | (5)
FRAC | 0430719 | (1) | 0.232586 | (3)

Table 8.

FRAC has the first position in the rank, as seen in Table 8. This is clearly
the best choice as FRAC has the best response time (TET) and by far the best
compression ratio (CR). These two features have the two highest weights, as
seen in Eq. 4. The difference of these two features for FRAC is so large that it
compensates the poor quality of the compressed images (due to a high RMSE).
The second and third positions in the rank, respectively HUFF and AREC,
present average execution time and reasonably compression ratio when compare
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to the two approaches in the bottom of the rank. In addition, they are loss-
less approaches justifying their rank placement. EZW is clearly the last place in
the rank; it has poor response time, the compression ratio is not outstanding,
and RMSE is high. We can conclude that, for this scenario, the rank computed
using AHP has been able to capture the user’s preference in an adequate manner.

Now let us assume a different scenario, refer hereafter as Scenario 2. To
compute the rank of the components for a new scenario, only the importance
matrix needs to be changed. That is, what is changing are the user’s preferences
(captured now by a new IM in Table 9) and not the comparative behavior of
the components (still captured by PCTET PCCE pCEMSE and PCMY). As
can be seen in Table 9, quality (RMSE) has now a much higher importance than
in the previous scenario.

TET | CR | RMSE | MU
TET 1 2 1/5 5
CR 12 1 1/4 3
RMSE 5 1 i 2
MU 1/5 | 1/3 | 1/2 1

Table 9. Importance Matrix for the four features of interest for scenario 2.

The new normalized weights z!™ " for scenario 2 are presented in Eq. 11.

2™ =0.2353 0.1445 0.5240 0.0961 |7 (11)

Replacing the values from Eq. 11 in Table 7 leads to the results of Scenario
2 in Table 8. As can be seen, the increase of the importance for quality (RMSE)
results in two lossless components (HUFF and AREC) overtaking FRAC in the
rank. Again, AHP has been able to properly select the best alternatives under
a given scenario. Additional scenarios were also used in this study. In all cases,
the AHP approach has been able to rank the components and identify the best
alternative.

As we can see from the two scenarios described above, changes in IM lead to
changes in the selection of components. Therefore it is important to know how
sensitivity is IM to these changes. Initial experiments indicate that the sensitivity
depends not only on the values of IM but also on the values for SM. That is,
if the values in one column of SM are close, a small change in IM may change
the rank of the components. However, if the values are far apart, changes in IM
need to be more significant in order to affect the rank.

4 Related Work

Diverse approaches to component selection have been proposed such as pro-
cesses that use MCDM [2,8-12], keyword matching combined with knowledge
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based approaches [24,25], analogy based approaches (including case based rea-
soning) [26-28], and fuzzy logic [18,29].

The AHP, an established MCDM approach, has been adopted in component
selection approaches that have reported successful case studies [9-11]. OTSO,
for example, is one of the earliest component selection approaches that uses
AHP [9]. The OTSO process is composed of subprocesses to search, screen, and
evaluate component alternatives; there is an additional subprocess to rigorously
define the evaluation criteria. The evaluation definition subprocess refines the
requirements for the components into a hierarchical decomposition. The evalua-
tion criteria include functional, quality (non-functional), business concerns, and
relevant software architecture. The AHP was selected in OTSO for the compo-
nent evaluation because it provided a systematic, validated MCDM approach.
The OTSO approach has been applied in two case studies with Hughes cor-
poration in a program that develops systems to integrate and make available
Earth environment data from satellites [9]. One study has involved the selection
of a hypertext browser tool. Initially, the search resulted in over 48 tools; the
screening process reduced this to four tools which were evaluated with respect to
evaluation criteria refined from the initial requirements. The evaluation required
322 pairwise comparisons by the evaluators. This was deemed feasible because
AHP tool support was used. The results of the case study indicated that the
AHP approach produced relevant information for component selection and the
information was perceived as more reliable by decision makers. ArchDesigner [30,
31] is another example of a component selection approach based on AHP. Their
results are also a indication of AHP’s applicability for the component selection
problem.

The strengths and limitations of using AHP have been discussed within the
context of component selection [1,13]. The strengths presented include that it
only requires a pairwise comparisons of alternatives and a pairwise weighting
of selection criteria, which reduces the burden on experts and it enables consis-
tency analysis of the comparisons and weights, which allows the quality of the
information on the criteria and alternatives to be assessed. In addition, the AHP
allows the use of a relative ratio scale [1..9] or real data for the comparisons [23]
and has been successfully used in component selection approaches, as reported
in case studies.

The limitations presented include the assumption of independence among
the evaluation criteria, the difficulty in scaling the approach to problems with
a large number of comparisons, which would burden the experts in a manual
approach, and determining if the AHP is the best approach among the many
MCDM alternatives available. Stating these limitations, the approach has been
questioned by some for its usefulness in component based software engineering.

Given the arguments that support and question the use of AHP in component
selection, we believe a more extensive empirical study investigating the effective-
ness of using the AHP approach for component selection in a semi-automated
approach is needed.
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5 Conclusions and Future Work

An empirical study is presented in this work to investigate using the AHP ap-
proach to select components using non-functional criteria. The application of
AHP has been constrained to non-functional attributes of functionally equiva-
lent components. The approach is semi-automated, to provide scalability. The
importance matrix, which reflects the required behavior of the component, is cre-
ated manually. Data about the non-functional behavior of a set of compression
components are collected including memory usage, response time, root mean
square error, and compression ratio; the data are used to automatically cre-
ate the pairwise comparison decision tables for the criteria. The data collected
about the behavior of the components (e.g., criteria such as memory and re-
sponse time) reflect the intrinsic synergistic and conflicting relationships among
the criteria in the components. Once the importance matrix and the pairwise
comparison tables are available, the data are synthesized and a ranking is auto-
matically calculated. The results of the study indicate the AHP is an effective
ranking approach. This approach can be applied to the selection of components
using other non-functional criteria, however, designing the data collection for
the components’ behavior may be non-trivial.

The limitations of the study include that a comparison on the use of AHP
and alternative MCDM techniques is not considered. This study needs to be
conducted in the future work. In addition, the limitation of using the AHP
with respect to the assumption of independence is not addressed in this study.
In the future, the composition of multiple components that will integrate to-
gether and provide a set of functional capabilities with minimal overlap will be
investigated. The extension can be considered as follows. First, non-functional
requirements can be used to rank the components as done in this paper, let us
refer to this rank as R, . Now, let us assume that a set of K functionalities is
desired F' = {f1, fa,..., fx }. An IM matrix comparing the relative importance
of each functionality f; can be used to define their weights. PC matrices can then
be constructed to verify which alternative implements each of the functionali-
ties. The availability of these matrices allows for the computation of a new rank
Ry accounting for the functional requirements. Ranks R, ¢ and Ry can now be
combined to compute the final rank of the available components. Let us assume
a component Cj is the first choice in that rank.

It is likely that the selected component C; does not implement all the desired
functions. In this case, the process above can be repeated for the remaining
components but now focusing only on the functionality that is not implemented
by C;. This process can be repeated until all functional requirements have been
satisfied. Clearly, there are compositional issues that still need to be addressed.
However, the goal of this section is to present a potential expansion of the use
of AHP and not to validate it.
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