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Abstract—Analysts elaborate precise and verifiable specification models, using as inputs non-functional requirements and
assumptions drawn from the current environment studied at
design time. As most real world applications exist in dynamic
environments, recently there has been research efforts towards
the design of software systems that use their specification models
during runtime. The main idea is that software systems should
endeavor to keep their requirements satisfied by adapting their
architectural configurations when appropriated. Unfortunately,
such specifications models use specific numbers (i.e. values)
to specify non-functional constraints (NFCs) and may become
rapidly obsolete during runtime given the drastic changes that
operational environments can go through. The above may create
circumstances when software systems are unaware that their
requirements have been violated. To mitigate the obsolescence of
specification models we have already proposed to use computing
with words (CWW) to represent the NFCs with linguistic values
instead of numbers. The “numerical meanings” of these linguistic
values are computed from the measurements of non-functional
properties (NFPs) gathered by a monitoring infrastructure. This
article introduces the concept of “QoS-drift” to represent a
significant degree of change in the “numerical meanings” of the
linguistic values of the NFPs in the service market. We add
to our former proposal a QoS-drift’s vigilance unit to update
linguistic values only when a QoS-drift is detected. Therefore,
the new models are proactive and automatically maintained, what
results in a more efficient assessment of run-time requirements’
compliance under non-stationary environments. We validate the
effectiveness of our approach using (1) a service market of 1500
services with two NFPs, (2) a synthetical QoS-drift and, (3)
five systems built by different service compositions. We have
detected that four of the five systems experienced requirements
violations that would not have been detected without the use of
our approach.
Index Terms—concept drift, specification models, requirements@run.time, computing with words, fuzzy logic.

I. I NTRODUCTION
Service-based systems (SBSs) [1], which are systems built
by compositions of (generally) third-party and distributed
services, are under an environment that is intrinsically dynamic
and open [2]. Mainly, due to the inherent competition between
functionally-equivalent service providers new services may
need to be selected during runtime. Therefore, a service
composition or configuration (C) selected at design time to
implement the requirements (R) of a SBS will not necessarily
remain as a valid implementation during runtime. For instance,
the services that compose C could drop their non-functional
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properties levels for which were selected. Thus, SBSs must be
capable of adapting to changes dynamically [2].
Self-adaptive systems (SASs) [3] have been proposed to
enable systems dynamic adaptation during runtime according
the changes in the environment. Specification models used at
design time are also used during runtime [4] making systems
requirements-aware [5]. One advantage of requirements-aware
systems is that they can monitor the requirements’ compliance
during runtime and trigger an adaptation when appropriated
(for instance, replacing a violator configuration C by C 0 ).
Monitoring the compliance of the requirements (R) can be
done according to Zave and Jackson [6] by monitoring the
compliance of the specification model (S) [6]:
S, K ` R

(1)

The specification model is derived by analysts from the
requirements and the knowledge domain (K) that they have
about the environment. Therefore, it is safe to believe that S
will remain as a valid implementation of R if and only if, K
does not drastically change from the moment that K was built
until the moment the requirements compliance is assessed.
However, due to the facts that (1) specification models
depends of K, (2) K is built by analysts from the perceptions that they have about the environment (before runtime),
(3) SBSs are under a highly dynamic environment [2] and,
(4) perceptual systems are frequently degraded by changing
environments [7], specifications model S of SBS may become
quickly and frequently obsolete during runtime. Thus, dynamic
adaptive systems may not be aware that their requirements
have been violated, because technically C still satisfies S
however, S is not anymore a valid representation of R.
In the specific case of SBS, non-functional requirements are
the main source of obsolescence of specification models. At
design time, analysts gather the functional and non-functional
requirements (FRs and NFRs respectively) of the system under
development and by each FR they determine with stakeholders
a set of non-functional constraints (NFCs). NFCs are typically
expressed as linguistic terms (e.g. “fast” or “reliable”) that map
well the common use of natural language of stakeholders [8].
However, in order to make them verifiable, NFCs are typically
refined by analysts into a set of precise specifications using
numerical ranges of specific metrics [8] [9]. For instance, a
requirement like {R: a fast service to obtain weather forecast}
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could be reified to a specification model {S: a service capable
to forecast weather with a response time less than 150 [ms]
is acceptable} given that the knowledge domain of analysts
was {K: the average response time of services capable to
forecast weather is approximately 200 [ms]}. However, due
to the constant competition between functionally-equivalent
services, in general service providers tend to improve their
services in terms of non-functional properties (NFPs). Thus,
making analysts change their perceptions about the numerical
meanings of the NFCs and therefore, making S of SBSs
become obsolete.
To mitigate the temporal obsolescence of S during runtime
(addressing one kind of uncertainty identified in SASs [10]),
we have already proposed [11] to represent S as abstract
specification models (S ∗ ) using the computing with words
(CWW) [12] approach. On the one hand, NFPs are modeled as
linguistic variables [13], whose values are linguistic values or
concepts (as for example “fast”) instead of precise numbers.
On the other hand, analysts specify the NFCs of their models
with these “words” or linguistic values. The main drawback
of our former proposal was its computational cost, since the
numerical “meanings” of the NFCs had to be computed every
time a specification model was assessed.
Specification models become obsolete only when the domain knowledge drastically changes. Therefore, in this paper,
we propose to improve our former proposal by recompute
the numerical meanings of the NFCs only when a QoS-drift
(concept drift in the non-functional properties) on the service
market has been detected.
The reminder of this paper is organized as follows: Section
II summarizes the related work needed to elaborate our proposal; Section III introduces the formal mechanism added to
the CWW engine to detect QoS-drifts, and present a proposal
to mitigate the obsolescence of specification models by using
it; Section IV presents a case study; and finally, Section V
concludes the paper.

eled as a fuzzy set. These sets are built by the stakeholders’
consensus or by using data-driven algorithms like fuzzy cmeans [17]. Unfortunately, the sets built at design time do not
necessarily remain valid during runtime (due to the inherent
trend of improvement of the service market provoked by the
competition between functionally-equivalent services). These
sets (i.e. their “meanings”) tend to (positively) shift through
the time, which means that NFCs are temporally uncertain.
As far as we know, there is not proposal to address the
temporal uncertainty of “words” in CWW. We have found
several proposals to reduce the number of “repeated” concepts
in clustering methods, for example, where two or more fuzzy
sets are merged into one if they represent the same concept
[18] according to a similarity index. In the next Section, we
adapt that technique to determine the local concept drift of
a “word” during a given time, by computing the similarity
between two fuzzy sets representing a common “word” at
different instances of time.
III. P ROPOSAL
Since SK is a valid representation of R if and only if K
has not drifted, this article proposes to expand our former
proposal and make systems aware of the concept drift in their
environment (i.e. when K changes drastically to K 0 ).
To detect the QoS-drift we propose to determine temporarily
the similarity between the two fuzzy sets that represent the
same linguistic value but at different times. We have reused
a technique to improve the quality of fuzzy clustering results
[18], that as far as we know, has not been previously used to
determine temporal similarity.

II. P RELIMINARES
Concept drift occurs when the context shifts induce changes
in the target concept [14]. The degree of environment’s change
can be classified as random noise, random trends (gradual
changes), random substitutions (abrupt changes), or systematic
trends [15]. Concept drift is a notion taken from the machine
learning research community (an Artificial Intelligence (AI)
sub-area [16]); however, most current techniques assume that
data conforms to a stationary distribution. In our case, NFCs
depend on the stakeholders’ perceptions about the “meanings”
of the linguistic values of NFPs. They are typically expressed
using natural language. We already proposed [11] to use CWW
to represent the specification models. We modeled the NFPs
as linguistic variables and their domain values as linguistic
values. These “words” are the base to analysts to specify the
NFCs of specification models with linguistic values instead of
numbers [11].
Traditionally, Fuzzy logic has been used to solve CWW
problems [12], where each “word” or linguistic value is mod-

Fig. 1. Architecture of the recommendation framework to support (at runtime)
monitoring of requirements’ satisfaction by architectural configurations and
recommendation of adaptations when appropriate

We model our proposal as a recommendation framework
capable to serve several SBSs. Figure 1 shows the main components. Its core component implements the CWW approach
(inspired on the perceptual computer [19]), which is constituted by the encoder and the decoder component, besides of
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the CWW engine. All of them use a common codebook [19],
which is in this case, comprised by all the concepts (linguistic
values) over each NFP of each functional category of services.
The novelty in this article with respect to our former proposal
is that we introduce to the CWW engine a vigilance unit
capable to detect the QoS-drifts occurring in the services
market, in order to automatically update the “meanings” of
the “words” or linguistic term set of the codebook.
The following subsections explain each stage, dividing them
into those stages needed for the framework setup and those
required to serve the SBSs.
A. Framework Setup: Choice of Linguistic Term Set and its
Semantics
The linguistic term set with its semantics (Ł) is defined to
be used by analysts refining their subjective judgments into
linguistic decision models. In order to transform R into a
S ∗ , subjective judgments (typically NFRs) must be expressed
as linguistic values using one of the terms of the linguistic
term set. Each linguistic term is a “word” with a “meaning”.
On the one hand, the “word” is a granule or fuzzy set [12],
and on the other hand, the “meaning” is the numerical range
of a specific metric that changes through time because it is
built using the “perceptions” that stakeholders have about
the domain. Then, if the environment changes, perceptions
should too. Formally for SBSs, let S = {s1 , . . . , sm , . . . , sM }
be the set of service alternatives previously present in the
environment. Let Q = {q1 , . . . , ql , . . . , qL } be the L quality
attributes describing each service in the market of services.
Let Q(s, t) = {q1 (s, t), . . . , ql (s, t), . . . , qL (s, t)} be the quantitative measurements of the L attributes of the service s at
time t. Let CS = {CS1 , . . . , CSi , . . . , CSI } be the functional
taxonomy of services comprised by I functional categories.
Let CS = {s1 , . . . , sj , . . . , sJI } be a functionally-equivalent
set providing equivalent services in terms of functionality (also
known as a functional category) comprised of JI services.
Let LV [l,i] be the linguistic variable representing specifically the quality attribute l of the service set CSi . Let
[l,i]
[l,i]
[l,i]
LV [l,i] = {LV0 , . . . , LVp , . . . , LVP } be comprised by
the P possible linguistic values that it can take (where not
necessarily P is the same for each LV ). We represent each
[l,i]
linguistic value of each linguistic variable LVp
∈ Ł as
a type-1 fuzzy set (or just fuzzy set) [12] (other kind of
fuzzy sets could be chosen depending of the specific problem).
Since typically service measurements of each non-functional
attribute can be arranged in an ordinal scale, we have chosen
for SBS’s a linguistic symbolic computational model based
on ordinal scales and max-min operators [20] (other linguistic
computational models are also available [21]). For the sake
of simplicity, we assume for each linguistic variable LV [l,i]
P = 5 and the same linguistic values or “words”, as follows:
[l,i]
[l,i]
[l,i]
[l,i]
[l,i]
{LVpoor , LVf air , LVgood , LVvery good , LVexcellent }
[l,i]
We also have chosen for each “word” (LVp ) a membership
function of triangular form (Figure 2) defined as a triangular
fuzzy number A in the interval [0, 1]. Technically, the membership function is the “meaning” of the “word”. A can be

Fig. 2. Linguistic values of a linguistic variable

completely defined by (a1 , c, a2 ), whose membership function
is defined as follows:
 x−a1
if a1 ≤ x < c
 c−x1
a2 −x
if c < x ≤ a2
µA (x) =
(2)
 a2 −c
0
otherwise
where |(a2 − a1 )| is the support of the fuzzy set and c is
its centroid. To define each meaning of each “word” of the
[l,i]
language Ł = ∪{LVp } K is needed. In other words Ł
depends on K, and because K depends on the time, Ł also
depends on the time, Ł(KT ) as the top right box of Figure 1
shows.
We have proposed already [22] a data-driven mechanism to
obtain, by clustering techniques (fuzzy c-means), the several
“meanings” of the linguistic values available in this language
(also known as codebook in Perceptual Computing [23], explanatory database instantiated [24] or premises in the CWW
community [24]). We chose a data-driven mechanism to set
the “meanings” of the linguistic term set due to the high
dimensionality of the alternative space and their non-functional
attributes [22]. Using the fuzzy c-means, we initially obtained
by each “word” the Gaussian membership function representing each linguistic value. Then, for the sake simplicity, we
approximate here the three central “words” with a triangular
membership function and the two words on the left and right
extreme with a semi-trapezoidal function with infinite limit to
the right or left respectively (as Figure 2 shows). Therefore, let
L(KT ) = ∪{LVpi } be the language (linguistic term set with
its semantic) that will support analysts during later stages on
to transform their requirements models R into S ∗ (a linguistic
decision model LDM ).
B. Framework Setup: Choice of Linguistic Information Aggregation Operator
Zadeh [24] discusses several linguistic aggregation operators that can help analysts to build their LDM s. In the
particular case of SBSs, we have chosen the disjunction and
conjunction linguistic aggregation operators, meaning that
when a FR is constrained in a LDM , analysts can aggregate
several NFCs using AND and OR operators. The resolution
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process performed inside the CWW engine (at later stage)
depends on the type of linguistic aggregation operator; more
details can be found in [24] regarding how fuzzy constraints
are propagated and how defuzzification is conducted for each
kind of aggregation.
C. Framework Runtime: Automatic Synchronization of the
“Meanings” of “Words” with the Changing Market
If functionally-equivalent alternatives are competing in
terms of non-functional properties, the stakeholders’ perceptions about what means each “word” (in this case quality
level) will change. In this scenario, granules representing each
linguistic value of each linguistic variable will tend to shift
through time in a direction where “words” are more demanding. For instance, Figure 7 shows how the “meanings” of the
“words” {“poor”,“fair”,“good”,“very good”,“excellent”} of a
specific linguistic variable of a specific functional category
have drifted to the left from period of time t1 to period of time
t2 because this quality attribute in this particular category is
of the kind “the smaller, the better”, then it is expected that
services competing in terms of this attribute tend to improve
it by lowering its value.

Fig. 3. Local drift of the linguistic values of a non-functional property
(response time) of a functionally-equivalent set of services

In the center of Figure 1’s left side, the Model Inspector
surrounds the CWW engine. The Model Inspector allows this
framework to support analysts in finding initial configurations
or adapting the current ones when requirements are violated
during runtime. Inside the Model Inspector subsystem, the vigilance unit component is constantly aware of the alternatives in
the (services) market, gathering instant information Kt about
the alternatives’ non-functional measurements. This vigilance
unit builds the domain knowledge KT (which is comprised
by the “meanings” of all the “words”) from the perceptions
drawn from the accumulated observations of the environment
(using fuzzy c-means).
During runtime, this vigilance unit will be periodically verifying that the current knowledge domain KT is not outdated
by monitoring the global drifts on KT . A global drift occurs if
and only if the percentage of granules that have locally drifted
between two, not necessarily consecutive, periods of time is
greater or equal than a pre-tuned threshold. We define the local
drift of a granule as a quantization of how much different are
the fuzzy sets representing it at different times.

Fig. 4. Six different cases to calculate the similarity of two fuzzy set with
triangular shape

For our special case, in which the fuzzy sets have a triangular shape, we reuse the similarity index defined in [18], where
authors defined this index to determine (not temporarily) when
two fuzzy sets At and Bt are too similar and therefore they
should be merged into just one:
T
M (A B)
T
SAB =
(3)
M (A) + M (B) − M (A B)
T
S
where and denote the intersection and union of fuzzy sets
A and B, respectively, M (·) is the size of the fuzzy set, and
0 ≤ SAB ≤ 1. We define that a granule has locally drifted
if and only if Drif tAB = κ(1 − SAB ) where Drif tAB >
threshold is one of the six cases which are shown in Figure
8, whose formulas can be found in [18]. The variable κ takes
the value 1 if cA is located at the left side of cB and takes the
value -1 in the inverse case. If cA = cB then κ is 0. In order
to avoid false drifts, κ should not rely only in the value of at
a single period of time but should consider the trend over its
historical values through the time.
The vigilance unit determines that a global drift has occurred by (i) gathering the latest measurements from the
alternatives (Kt ), (ii) computing offline the new “meanings” of
all the “words” according to Kt using a data-driven algorithm
and, (iii) determining by each “word” if a local drift has
occurred between the fuzzy sets obtained using Kt and the
previously existent in KT and, finally by (iv) determining if
the number of local drifts is greater than the defined threshold. When a global drift is confirmed, then, the “meanings”
obtained using Kt replace the old outdated “meanings” of KT .
D. Framework Runtime: Defining the Specification Model S ∗
During this phase, the analysts start by refining the R into
S ∗ in order to use it at design or deployment time to select
a C that implements S ∗ and therefore R, as well as during
runtime to verify the satisfaction of R by a particular C. In
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order to facilitate the understanding of this section, we explain
how analysts refine a simple R of a SBS: {A quite fast service
and highly reliable capable of sending email}.
As the left side of Figure 1 shows, the LDM is
built by transforming R written as a set of propositions
in natural language (NL) ({propositions in N L}+)
into
a
set
of
aggregated
propositions
using
“words” (fagg ({propositions using words}+)) by
encoding it with the available “words” in Ł(KT ).
Analysts
reify
({propositions
in
N L}+)
into
({propositions using words}+) by (i) interpreting
constraints as “quite fast” as { a response time at least “very
good” } (where “very good” is the p-th linguistic value of
the non-functional attribute l of the functional category CSi ,
[l,i]
LVp ). Then, they repeat the same process by each NFC
(e.g. “highly reliable” as { a reliability at least “excellent” }.

1

FR (where not necessarily all the FRs will have the same
numbers of constraints). Let vx ∈ V = {v1 , . . . , vx , . . . , vX }
be the relative importance of the F Rx in the model, wyx ∈
Wx = {w1x , . . . , wyx , . . . , wY x } be the relative importance of
the non-functional property y for the F Rx in the model. Let
I(Ck , F Rx ) be the indicator function that returns 1 if there is
a service so ∈ Ck providing the required functionality x. Let
c(Ck , Kt ) be a function that obtains the measurement values
[y,x]
of the service so ∈ Ck at time t. Let µp
be the membership
function of the NFC (the minimal acceptable class 1 that
[y,x] KT
a service so ∈ C should provide). Let µp
(c(Ck , Kt ))
be the membership degree of the measurement of service
so ∈ Ck at time t to the (at least) fuzzy set representing
the NFC LV [y,x] at time t. The output of the Model Inspector
is the belonging degree to the type-1 fuzzy sets: acceptable
solution and non acceptable solution . Then, this crispy value
is decoded back as a set of proposition in NL, which in this
case, is just a recommendation of what alternative to select
(at system’s deployment time when a configuration C must
be selected to implement R) or the assessment of a particular
configuration C (at system’s runtime when it is necessary to
verify the C is still R’s compliant).

0.8

IV. C ASE S TUDY
0.6

0.4

0.2

0
300

350

400

Fig. 5.

450
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µexcellent
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(c(Ck , Ktu ))

If there are more than one NFC or FR, analysts assign to
each one a relative importance (between “high”, “medium”,
“low”) and then aggregate them by using the operators defined
in section III-B. Then, the output of the function fagg is
processed by the encoder component, whose output is S ∗
which is expressed in terms of the fuzzy sets that represent
each “word” or NFC used in the model.
Let Ck be the k th architectural configuration comprised of a
composition of O services {s1 , . . . , so , . . . , sO }, with O ≤ X.
The Model Inspector receives as a model representation of S ∗
a fuzzy multi-criteria decision making that can be used by the
CWW engine to assess architectural configuration alternatives
Ck using the measurements obtained at time t but under the
conditions of KT (S ∗ (Ck , Kt , KT )) as follows:
!
YX
X
X
X
[y,x] KT
wyx µp
(c(Ck , Kt )) I(Ck , F Rx ) (4)
vx
x=1

y=1

where X is the number of FRs in the model and YX is
the number of non-functional properties constrained by each

We have built a service dataset from the well-known open
catalogue ProgrammableWeb (PW),2 by selecting only 150
APIs (SOAP services) of 10 different functional categories
(provided by the catalogue). Services at PW present high QoS
variability because they may be reused by several mashups at
once. We have built a collector to gather the data from PW and
a certifier component over the SoapUI project3 to consume the
services regularly and obtain measurements for two metrics:
response time (RT) and throughput (Thr).
Due to space constraints, we only show a case study
with a SBS and a single requirement R mapped into S ∗ :
{a service to “handle proteins” with a response time at
least “excellent”}. According to PW, only 19 SOAP services
are available to perform several operations with proteins, all
of them belonging to the Science functional category. Since
there is only one constraint, its importance is set to high
(“H”). The model S ∗ (Ck , Kt , KT ) entering the CWW engine
is


[RT,Science] KT
µexcellent
(c(Ck , Kt )) I(Ck , F RScience )
For each so ∈ Science in Kt , there is an architectural
configuration Ck (in this case of only one service each)
that is a potential candidate to implement S ∗ (and therefore
1 Notice that we work with the minimal acceptable class: if a configuration
C satisfies S ∗ with a better class (e.g. “excellent”), its satisfaction will be
maximum. The CWW engine does not return the optimal solution but a set
of solutions that satisfy the restrictions; if they have the same satisfaction
degree, they cannot be distinguished by mere comparison.
2 ProgrammableWeb: http://www.programmableweb.com/
3 SoapUI: http://www.soapui.org/
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R). In this case, there are 19 candidate solutions, Ck with
k = 1 . . . 19.
At epoch 1 or time tu , Figure 5 shows the belonging degree
of each configuration Ck to each response time level using the
membership functions computed using the domain knowledge
KT and the numerical measurements provided by Ktu ). By
inspection, only those services that have a response time lesser
than 325 [ms] are potential solutions, others are immediately
discarded.
Between times tu and tv (or epoch u = 1 and v = 6) we
certify the dataset six consecutive times every four hours, with
u << v. Between each consecutive pair of measurements Kt
and Kt−1 with u ≤ (t − 1) < v we compute the local drift
of each linguistic value in the codebook and its trend (in this
case a negative sign of the drift in the case of response time
indicates that it is improving and vice-versa). The global drift
of the environment is computed over all the local drifts of all
the available linguistic values. Do notice that a global drift
could be an enmasked random noise; if so, to determine that
a global drift has occurred, the drift and its trend should be
exhibited in several subsequent epochs. Assuming that the only
available linguistic values are those that represent the different
levels of the response time of the category Science, Figure 6
shows the computed drift at each epoch. In the first epoch, we
can observe that the 25% of the services improve significantly
their certified values, indeed more than the 50% of the data
shows this improvement. This improvement trend is even more
notorious in epoch 4 and 6. At epoch 2 we can see that only
less than the 25% of the services have improve themselves
in terms of response time and at epoch 3 we can see that no
one service improve itself, and actually at epoch 5 we can see
that all the services have dropped their levels. Then, in order
to prevent false global drift we need to evaluate if there is a
trend of drift, which in the case of this real dataset and these
24-hours of measurements is not conclusive.

1

0.8

0.6

0.4

0.2

0
300

350

400

450

[RT,Science] KT

Fig. 7. µexcellent

500

550

(c(Ck , Ktv ))

1

0.8

0.6

0.4

0.2

0
100

1.5

150

200

250

300

350

0
[RT,Science] KT

Fig. 8. µexcellent

400

450

500

550

600

(c(Ck , Ktv ))

1

Drift

0.5

0

−0.5

−1

−1.5

1

2

3

4

5

6

Epoch
Fig. 6. Drift of response time QoS metric of category Science

Therefore, in order to continue with our case study we swap

to a synthetical dataset, in which we are sure that a global
improvement drift. Comparing Figures 7 and 8 we can see
how most of the fuzzy sets have drifted showing a trend of
improvement, for instance: { “excellent” from (0, 322, 325)
to (0, 125, 290) } and {“very good” from (322, 325, 350) to
(125, 290, 325) }.
If, despite of the global drift, we do not update the “meanings” of the “words” we would be evaluating the measurements of the different s ∈ Ck using the last Ktv as Figure 7
shows, where we can see that still Ck exhibiting a response
time lesser than 325 are potential candidates, and lesser than
322 are indistinguishable (according to this model) solutions.
However, if we do consider the drift, and we update the
codebook, then the CWW engine evaluates different each Ck
as Figure 8 shows, where now only Ck exhibiting response
time lesser than 290 [ms] are potential solutions and lesser

33
Authorized licensed use limited to: ASTON UNIVERSITY. Downloaded on September 03,2020 at 11:50:47 UTC from IEEE Xplore. Restrictions apply.

than 125 [ms] are indistinguishable valid solutions. If the
threshold is set up in 0.5 only the 20% of the acceptable
solutions according to KT are still acceptable, even when KT
has drastically changed from K to K 0 . Then, if for instance,
these alternatives would have been selected alternatives Ck to
implement different instances of the R of this section, with our
technique we would be able to detect that more than the 80%
are violating their R (not because they have drop their QoS
but because other improve significantly, making stakeholders’
perceptions about the meaning of the NFCs change). If the
QoS-drift would be not addressed, these violations would be
not detected.
V. C ONCLUSIONS AND F UTURE W ORK
This paper has introduced an approach to mitigate the
temporal obsolescence of specification models by addressing
the global drift of non-functional constraints. Specification
models are represented as linguistic decision models over a
computing-with-words (CWW) architecture, where the meanings of the “words” are synchronized with the environment
each time a global QoSdrift is detected. The notion of QoSdrift was introduced, based on concept drift.
With our approach, stakeholders are relieved from manually
maintaining models. Instead, models are self-maintained -by
combining the CWW architecture and a vigilance unit that
monitors QoS drifts of the alternatives- to maintain the NFCs
in sync with the changing environment.
The approach was validated with a study that has been
conducted using a synthetic dataset of 1500 services and 2
QoS attributes. We have applied both our approach and a
traditional one, and have made the comparisons between both
approaches. The results show that for a given set of changes in
the knowledge about the environment, the traditional approach
identified five configurations as valid (as they satisfied the original specification) however, our QoS-drift approach detected
that only one of them was actually valid.
Ongoing work aims to release a dataset presenting datasets
of global QoS drifts to the community, gathered by a service
certifying tool over extended periods of time.
This approach allows analysts to use relative concepts to
create fixed specifications at design-time, while preserving
the flexibility afforded by dynamic changes in the “meaning”
of NFCs as specific values. The above allows the system to
effectively assess run-time requirements compliance in nonstationary environments.
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