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Abstract: Self-adaptable system concerns on service adaptation whenever errors 

persist within the system. Changes in contextual information such as networks or 

sensors will affect the system’s effectiveness because the service adaptation process 

is not comprehensively handled in those contexts. Besides, the correctness to get the 

most equivalence services to be substituted is limitedly being addressed from 

previous works. A dynamic service adaptation framework is introduced to monitor 

and run a reasoning control to solve these issues. Hence, this paper presents a case 

study to proof the dynamic service adaptation framework that leverages on semantic-

based approach in a context-aware environment. The evaluation of the case study 

resulted in a significant difference for the effectiveness at a 95% confidence level, 

which can be interpreted to confirm that the framework is promising to be used in 

operating dynamic adaptation process in a pervasive environment. 

Keywords: Semantic-based, dynamic service adaptation, context-aware. 

1. Introduction 

Numbers of dynamic service adaptation frameworks have been developed in a 

pervasive environment such as e-Health, e-Commerce transaction, smart building 

system, e-government, and many others. These frameworks have considered context-

aware elements using a semantic-based approach in the dynamic service adaptation 

process for serving personalized services according to the users’ needs.  

The context-aware system is also being employed in the education domain such 

as Mobile Cloud Learning (MCL) application system. MCL facilitates learners to 

have a personalized learning environment based on their knowledge level, 

background, and their cognitive abilities [1]. Nevertheless, those frameworks [2-9] 

do not have sufficient information for the dynamic service adaptation process which 

then makes the frameworks became less effective. The specific adaptation criteria 

need to be derived as guidance and basic elements for creating a new framework in a 

context-aware environment for any discipline. 

It is of great interest to measure the effectiveness of the frameworks in terms of 

their adaptation process according to adaptation criteria within expert reviewers. To 
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quantify the effectiveness of the adaptation process, a One-way non-parametric 

ANalysis Of VAriance (ANOVA) (Kruskal-Wallis test) [10] will be used to test the 

difference between the means of two or more independent (unrelated) groups. 

The remainder of the paper is organized as follows. Section 2 discusses the 

background studies and related works of the research such as the dynamic service 

adaptation, context-aware, QoS, semantic-based approach, MCL frameworks. 

Section 3 details the framework. This section described the essential process in the 

framework. Section 4 explains the methodology of the evaluation process as well as 

the variables and measurement. Section 5 discusses the analysis of the results 

followed by Section 6, the conclusion. 

2. Background and related works 

This section discusses the dynamic service adaptation, context-aware, QoS, 

semantic-based approach, and MCL frameworks. 

2.1. Dynamic service adaptation 

Adaptation in the context of information system can be defined as:  

…“a process of modification, substitution or removal of the services in SBAs to 

satisfy new requirements, to fit with the new situation dictated by the environment, or 

violation of Service-Level Agreement (SLA)” [11]. 

There are two classification of adaptation which are dynamic adaptation and 

static adaptation. Static adaptation refers to the process of shutting off the system 

where manual adaptation would be required, whereas dynamic adaptation refers to 

an automation process of changing the system without shutting down the system and 

with no human-in-the-loop [12]. 

Dynamic service adaptation is defined as:  

…“an execution process that dynamically changes the service composition by 

adding, removing, or replacing the services” [13]. 

The dynamic service adaptation process is substantial in the dynamic adaptation 

lifecycle because the system requires no human intervention and no interruption 

whenever new requirements or change in the user’s context is detected. The service 

engineering lifecycle [14] is separated into two parts which are the evolution part and 

the adaptation part. The evolution part highlights the design iteration, whereas the 

adaptation part concerns on the adaptation whenever needed. Thus, during the 

dynamic adaptation process, contextual information and QoS are considered to 

provide personalized services to the user. 

2.2.  Context-aware 

Context is formally defined as: 

… “any information that can be used to characterize the situation of an entity. 

An entity can be classified as a person, object or place that interacts between a user 

and application including user and application themselves.” [15]. 

Several categories of context have been defined by researchers to classify the 

contexts according to their behaviour. They categorized contexts into two dimensions 
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which are extrinsic and intrinsic [15]. External dimension also known as extrinsic 

refers to the context that can be measured by sensors such as temperature, touch, 

sound, location, light, and many others. Intrinsic or internal context refers to the 

user’s interaction, emotional state, learner's objectives and task to complete [16, 17].  

Extrinsic and intrinsic contexts can either be static or dynamic contexts [18]. A 

static context element is a context that does not change over time such as operating 

system capability, Central Processing Unit (CPU) memory requirement, and others, 

whereas a dynamic context element is a runtime context that can change over time 

such as network speed, battery status, and others. Thus, context-aware systems can 

be described as software systems that can adapt their behaviours according to the 

perceived context or situation, without explicit user intervention [19]. Besides the 

consideration of contextual information, QoS has also been considered during 

dynamic service adaptation. QoS is discussed in the next subsection. 

2.3. Quality of service 

Most of the research have considered QoS to select and rank the most equivalent 

service during runtime. There is research that considers availability, cost, reputation, 

and throughput in selecting the service [20]. These QoS are the most used in dynamic 

adaptation web service selection. Service availability and reputation have become 

critical factors in internet-based services and application successes as it provides the 

best services to the users [21, 22]. The availability of the service has a direct impact 

on the service's reputation [23]. As service discovery has a list of functionalities to 

match services, then ranking and selection of the service are often made based on the 

QoS attributes value such as availability, reliability, price, and rating. Availability 

and reputation are two QoS that most of the research use for service ranking and 

selection. 

Service is available when it is reachable, and functions as expected. Availability 

is the probability of the system running and it is correlated to reliability. It can be 

measured as stated in the equation [24] 

(1)   A = 
upTime

totalTime
 = 

upTime

(upTime + downTime)
, 

where: 

A is referring to the availability of the service; 

upTime is the total period during the measurement period when the system 

running; 

downTime is the total period of the system that has been shut off and 

unavailable for use during the measurement period; 

totalTime is the sum of the measurement time upTime and downTime. 

On the other hand, reputation level is ranked from low to high (i.e., 1, 2, 3, 4, 

and 5). Scores of 1, 2, and 3 are considered low while 4 and 5 are considered high 

scores. Services with low reputation scores will be taken as untrustworthy services 

and they will not be considered for service selection [25]. The reputation score can 

be measured as stated in the equation [26] 

(2)    �̅�𝑛 = 
1

𝑛
 ∑ 𝑥𝑖

𝑛
𝑖=1 , 

where: 
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�̅� denotes the average of n rating; 

xi denotes a rating according to a time sequence; 

i = 1, 2, ...., n. 

Thus, service discovery is based on functionality matching and the ranking of 

the service is in accordance with the QoS requirement. The ranking and selection of 

the service may vary in techniques and approaches. The contextual information and 

QoS then can be transformed in a meaningful way using semantic-based approaches. 

2.4. Semantic-based approaches 

This is an implicit approach to provide a complete representation and description of 

the services to support the adaptation process while system is running [27]. There are 

six basic techniques in semantic-based approach as pre-discussed in some research. 

The techniques are the Model Driven, Code-Level Approach, Ontology-Based 

Solution, Message Interception, Rule-Based Reasoning and Middleware Solution 

[19, 28]. 

These techniques can be combined to provide better expressiveness of the 

contextual information and to support the reasoning process. The learning process 

will be flexible when mobile device is used, as it comprises mobile context such as 

social context, temporal, and physical interaction. These contexts can be modelled as 

an ontology to classify the learning goals and learning resources with different levels 

of granularity, and context of mobile data [29, 30]. 

A hierarchical relationship between learning goals, learning resources and 

mobile context can be formulated. The hierarchical concept can visualised the 

relationship between contexts which is learner contextual information and device 

contextual information from British educational ontology [30]. 

This contextual information can be semantically transformed using web 

ontology languages. The common web service ontologies such as Web Ontology 

Language for Web Services (OWL-S) [31], Web Service Modeling Ontology 

(WSMO), and Semantic Web Service Description Language (WSDL-S) have been 

discussed [20, 32-34]. 

2.5. Mobile Cloud Learning (MCL) systems 

MCL is a collaboration of mobile learning and cloud computing that enables the 

mobile device to connect to the network access for education purposes [35, 36]. The 

main objective of MCL is to provide learners with a customized learning resources 

based on their level of background knowledge and cognitive capabilities. MCL 

consists of four recursive components, which are Assessment, Learning, 

Communication, and Analysis. 

Since context-aware is applied in MCL, it helps in the reasoning control of 

acquiring and supplying the personalized educational resources for learners [36]. 

Context-aware facilitates MCL to be more adaptable and allows for adjustments 

according on the learners’ needs. Here are nine related studies having been reviewed. 

The Personalized and Adaptive Context-Aware Mobile Learning (PACAML) [2], 

Personalized Context-Aware Learning System (PCALS) [3], Mobile Cloud 

Computing (MCC) [7], Accessible and Personalized Mobile Learning System 
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(APMLS) [9], Units of Learning mobile Player (UoLmP) [5], Mobile Semantic Web 

Assessment Personalization (MobiSWAP) [6], Personal Data Locker (PDL) [8], 

Mobile Response System (MRS) [4], and Web-based Learning Platform (WLP) [16]. 

Based on the reviewed studies, most of the research has acquired intrinsic and 

extrinsic contexts to carry out adaptation such as user’s location, user’s profile, 

language, device’s status, goals, or time. The usage of technologies varies across the 

frameworks, most of them using OWL-S to represent their context. In terms of the 

type of automation in the adaptation process, most of the frameworks are self-

adaptive [2, 3, 16, 4, 6-9] and only UoLmP [5] requires human intervention. 

The frameworks [2-9] have followed the design process of dynamic adaptation 

lifecycle [14] as well as adaptation taxonomy [37, 38]. However, those frameworks 

have not thoroughly considered what is needed in dynamic service adaptation in a 

context-aware environment, which makes those frameworks less effective since the 

frameworks have not completed the whole cycle of the adaptation process. Table 1 

shows the derivation of the respective adaptation criteria. These criteria are proposed 

as guideline to create framework in a context-aware or pervasive environment. 
 

Table 1. Criteria in a dynamic service adaptation framework 

No Criteria 

Adaptation lifecycle 

Supported  

research 
S-Cube service  

engineering lifecycle  

[14, 9, 12, 34] 

MAPE-K 

[35, 36] 

1 

Usage of Adaptation 

 Adaptive adaptation (Context- 

Aware Adaptation) 

X x [13, 41-45] 

2 

Stage of Adaptation 

 Run-Time (Reactive, Proactive,  

Post-Mortem) 

X  [42-46] 

3 
Adaptation Lifetime 

 Continuous monitoring  
  [12, 42-45, 47] 

4 

Object to Adapt 

 Application 

 Middleware 

X  [42-45, 48] 

5 

Subject of Adaptation 

 Context Acquisition (Static, 

 Dynamic) 

 Context Representation 

  [18, 42-45] 

6 

Adaptation Strategy 

 Reasoning Process 

 Service Discovery 

  [42-45, 49, 50] 

7 

Decision Mechanism 

 Service Ranking (QoS  

consideration) 

 Service Selection (Dynamic or  

Involved human-in-the-loop) 

  [42-45, 51, 52] 

 

The classification of these criteria is based on fundamental adaptation taxonomy 

[53, 37] that comprises 12 main different criteria. By considering these criteria, the 

dynamic adaptation in Service-Based Applications (SBAs) will achieve greater 

flexibility and effectiveness in a context-aware environment in related disciplines 

[50, 51]. According to Table 1 seven criteria have been selected based on their 

pertinence with a context-aware environment along with two adaptation lifecycles 
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which are the S-Cube service engineering lifecycle [9, 12, 34] and MAPE-K lifecycle 

[35, 36]. MAPE-K, on the other hand, is a structural adaptation model that comprises: 

(i) Monitor, (ii) Analyser for context detection, (iii) Planner, (iv) Executer for 

adaptation plan, and (v) Knowledge manager to share relevant information. The 

seven criteria are the Usage of Adaptation, Stage of Adaptation, Adaptation Lifetime, 

Object to Adaptation, Subject of Adaptation, Adaptation Strategy, and Decision 

Mechanism in the adaptation process. 

3. The case study: DACAMoL in Mobile Cloud Learning 

This section presents the case study that leverage on Dynamic service Adaptation in 

Context-Aware Mobile cloud Learning (DACAMoL) framework [17]. The case 

study is a mobile learning application that provides services for learning resources 

for learners. The case study uses a semantic-based approach to represent the 

contextual information, services, and QoS in the adaptation process. It is designed for 

a run-time environment to sense and react to contexts through a mobile device to 

provide specific learning resources. According to Fig. 1, the architecture of the 

mobile cloud learning application comprises of three main components, which are 

the device, the server, and the service provider.  
 

 
Fig. 1. Architectural framework of the case study 

 

The device component is a front-end that acquires any changes in the scanned 

contexts such as learner’s input, learner profile, network status, device status, and 

QoS. The component is integrated with the web server, plugged in DACAMoL. 

Dynamic Adaptation Management (DAM) and Learning Contextual Information 

Technology are two main components in the DACAMoL tool. This component is 

responsible to provide the correct learning resources starting from acquisition of the 
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contextual information, ontology reasoning control, the discovery of the service and 

service selection, followed by service adaptation. 

3.1. Device component 

The first component that interacts with users and sense with the environment’s 

context is called device component. This component comprises of six components 

named learning, assessment, feedback, performance, QoS and device status. To sense 

the changes in the contextual information, the device will acquire the contextual 

information based on (i) automatically sense, and (ii) manually provided by the 

learners or users. The context such as battery level and network are two contexts that 

sense automatically. These contexts are stored in the device’s local repositories, 

which are Learner, and Device Repository. Whereas name, age, gender, and preferred 

language are manually provided context by the users. This manual method can be 

used to collect as much as data that we want according to our needs.  

In the present case study, the context is divided into four groups, which are 

Learner Profile, Learner Input, Network Status, and Device Status. We treat learner 

profile and learner input as intrinsic dynamic contextual information whereas 

network status and device status an extrinsic dynamic contextual information. The 

QoS that have been acquired are availability and reputation. Learner Profile consists 

of learner’s background such as name, age, gender, and preferred language(s). Name 

and gender are considered as inputs to the system, whereas age and preferred 

language(s) are considered as contextual information. Input can be treated as 

contextual information if we represent them into semantic representation and their 

changes may affect the adaptation process.  

Learner Input deals with any input from users throughout their learning process 

such as their mark from 0 to 100 %. In this case, the learner’s mark is considered as 

a context since the changes of the mark may affect their learning contents. Network 

Status on the other hand deals with network bandwidth whether the device is 

connected to a strong network or vice versa. Finally, Device Status is the main source 

to determine the hardware and software capabilities of handheld devices such as 

operating system, battery level, screen resolution, and available memory to provide 

the right execution and operational profile for the accessed services. QoS feature 

deals with availability and the reputation of the provided services. This contextual 

information is described in Table 2. 
 

Table 2. The required contextual information 
Context element Data instance Data storage 

Learner profile String: {age, language} Learner repository 

Learner input IntegerMark: 0 to 100 Learner repository 

Network status String: {strong, poor} Device repository 

Device status 
Low-level context to high-level context (Battery level) 

String: {low, medium, high, full, charging} 
Device repository 

 

Device status converts their context from low-level context to high-level context 

to simplify the complexity of the rules and structure systematically. Low-level 

context is defined as an atomic context that is directly acquired from an entity without 

any derivation [56]. 
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3.2. DACAMoL web service component 

After the transformation of the context in the device components, the process will 

continue with the mapping with the Semantic-Web Server component. Based on  

Fig. 1, DACAMoL web service consists of Learning Contextual Information 

Ontology that described learner, device specification, QoS, and content that is 

modified based on British educational ontology [30].  

Learning Contextual Information Ontology defines the contextual information 

using upper ontology space that comprises of four ontologies – Learner Ontology, 

Device Ontology, and QoS Ontology that are blended along with properties linked 

together with Content Ontology as shown in Figs 2-5.  
 

 
Fig. 2. Content ontology 

 

The Field_Of_Study class is the ontology core class that is mapped to the 

content class as depicted in Fig. 2. IsMappedTo is used to annotate the specific 

contents that are corresponded with the field of study. Another important property is 

ExpressedIn, which is associated with the language class that uses to express the 

learning contents in a specific language. Content class is associated with the level 

class as well as the TopicOfStudy class through DependOn property.  

The level of the Content depends on learners, as it is associated through 

DependOn property. Whereas the Assesment class is mapped with the Content class 

through IsMappedTo property. The Content class is also associated with the QoS 

class through HasConsidered property. 
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Learner ontology is depicted in Fig. 3 where this ontology is used to capture 

knowledges about learner that enable the system to dynamically adapt and deliver the 

most equivalence and relevant content based on their needs, preferences, and 

background. Device class is associated with the Learner class through 

ConductedLerningActivityIn property where every learning content will be displayed 

in the learner’s device, and it is used to track the previously conducted learning 

interaction by the learners. Learner information such as age is captured through 

HasAge data property in string format. Mark class is linked with Learner class which 

explains on learner’s mark via HasGain object property. 
 

 
Fig. 3. Learner ontology 

 

 
Fig. 4. Device ontology 

 

The device ontology is used to represent the device’s status and information. 

The learner’s contextual data is useful to discover the learning contents to match with 

the characteristics of the currently used device. The characteristic of the device such 

as available memory, battery level, and screen resolution (i.e., screen resolution) are 

defined in integer format through AvailableMemory, BatteryLevel, HasScreenWidth, 

and HasScreenLength data properties respectively as shown in Fig. 4.  
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The other ontology is QoS ontology as illustrated in Fig. 5. This ontology is 

used to capture data on QoS which are availability and reputation. This data is 

important to rank the candidate of service before selecting the best service to be 

adapted. The data type of the QoS values is in Integer format. Class QoS is associated 

with Content class through HasConsidered property. 
 

 
Fig. 5. QoS ontology 

3.3. Rule engine component  

The results from the DACAMoL web service component are send to Rule Engine 

component to search for available and equivalence service from Service Repository. 

The Rule-based technique is used to discover available services from the repository. 

After find the available and equivalence services from the repository, if-then-else 

rules is used to rank the services according to their QoS to provide personalized 

learning resources. Three different rules; Rule 1 (i.e., service discovery rule), Rule 2 

(i.e., service ranking rule) and Rule 3 (i.e., service binding rule).  

The discovery of the services is based on the user’s contextual information 

where Rule 1 will be used. Rule 1.1 concerns on learner’s age, Rule 1.2 for the 

learner’s mark, Rule 1.3 for network connection, and Rule 1.4 triggers based on the 

device’s battery level. The discovery process will return an empty result if there is no 

match with the contextual information. The ranking of the candidate of services will 

use Rule 2, which is based on the QoS information (i.e., availability, reputation) 

stored in the UDDI registry of service description. Rule 2 states that high availability 

of the service when it is 98% and more, whereas high reputation of the service when 

it is 4 and 5. The services with higher QoS scores are returned to the user and will be 

adapted using Rule 3.  

The flow of activity for service discovery and selection is depicted with their 

respective rule, context changes, and QoS consideration as shown in Fig. 6. There are 

three levels involved: 

(1) Service Discovery level that discovers available services according to 

network status, device’s battery level, and learners mark by using Rule 1; 

(2) Candidate Service Ranking that ranks the candidate of services according to 

their QoS score of availability and reputation by using Rule 2; 
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(3) Serving Binding activity that binds the selected service with the service 

provider by using Rule 3. 

 

 
Fig. 6. Service adaptation flow of activity 

 

 
Fig. 7. Tree structure of service ranking 

 

The tree structure of service ranking that shows the flow of decisions to rank the 

services is presented in Fig. 7. The tree structure of service ranking comprises three 

layers, which are Context Layer, QoS Layer, and Service Layer. When contexts 

changes are triggered, the ranking process will start at Context Layer. The ranking is 

based on the value of device battery level and network status either high or low. After 

this process is completed, their QoS will be ranked in QoS Layer according to the 

availability and reputation score whether high or low. QoS availability will be 

checked first before QoS reputation. Availability is the higher priority ranking for 

service selection where the services should be in the available state that scores 98% 

or higher. Hence, candidates of services will be filtered and ranked based on their 

reputation score. The most equivalence service will be bind accordingly. The services 
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are Coloured Image service (i.e., CI), Greyed-out Image service (i.e., GI), and Textual 

Information service (i.e., TI).  

3.4. Service provider component 

After the discovery and selection of the service are completed, the service adaptation 

process begins in Service Provider component. This component enables the binding 

of the selected service with the service provider. The best mobile cloud learning 

application is the application that can provide learning resources based on learners’ 

background knowledge, their preferences, goals as well as learner’s device status. 

Context changes are referred to as the data instances that are accumulated from 

Device component (i.e., age, answer, network status, battery level). Whereas 

adaptation decision is a process that is performed based on the context changes 

accordingly. 

Network status is categorized into two different scales, which are poor and 

strong. The network is considered as poor if it is 66 kilobits per second (Kbps) and 

below [56]. Higher than this value is considered a strong network. Apart from that, 

the battery level is considered low if the value is 49% and below [17]. The low battery 

can cause system failure. Thus, these context changes are important for battery-

saving purposes. Thus, three different types of LRs are distinguished according to the 

network strength, battery levels, and QoS values, which are (1) LRs with colored 

images, (2) LRs with greyed out image and (3) LRs with no image. 

4. Methodology of evaluation 

The objective of this evaluation is to evaluate the case study that leverage on 

DACAMoL compared to other dynamic adaptation frameworks in terms of their 

effectiveness in the adaptation process, according to adaptation criteria. The 

effectiveness of the process flow of the framework should meet this definition. 

Effectiveness is defined as “…a measure of the ability of a system to meet its specified 

needs (or requirements) from a particular viewpoint. This measure may be 

quantitative or qualitative and it allows comparable systems to be ranked. These 

effectiveness measures are defined in the problem space. Implicit in the meeting of 

problem requirements is that threshold values must be exceeded.” [57] 

To achieve the stated evaluation objective, hypotheses are derived in Table 3. 

 
Table 3. Research question and hypothesis 

Hypothesis 

Null Hypothesis (H0): μDACAMoL = μMobiSWAP = μULF = μWLP = μUoLmP 
There is no significant difference in compliance of all stipulated conditions for 

DACAMoL and the other four frameworks. Thus μDACAMoL = μMobiSWAP = μULF = 

μWLP = μUoLmP  

 

Alternative Hypothesis (H1): ∃ 𝒙 ∈ 𝒛: 𝝁𝑫𝑨𝑪𝑨𝑴𝒐𝑳 >  𝝁𝒙 
There is a significant difference in compliance of all stipulated conditions for 

DACAMoL and the other four frameworks. Given z = {MobiSWAP, ULF, WLP, 

UoLmP}, x is a framework belongs to z.          
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The evaluation is performed according to the procedure that is discussed in this 

section. Prior to this expert review study, a pilot study has been conducted with two 

expert reviewers. The result and comments from this pilot study are used to improve 

the evaluation process. This evaluation is a Quasi-experiment where we prior select 

eight expert reviewers that should possess minimum of five years of experience in 

software development. In addition, they should know what Service Oriented 

Architecture (SOA) is, web services, and how services are being adapted in the 

service adaptation process. Expert reviewers are given a short briefing and a set of 

checklists to compare the DACAMoL framework with four other frameworks. They 

need to evaluate the effectiveness of the process of the framework by considering 

contextual information and QoS based on the evaluation criteria.   

The seven criteria are the Usage of Adaptation, Stage of Adaptation, Adaptation 

Lifetime, Object to Adaptation, Subject of Adaptation, Adaptation Strategy, and 

Decision Mechanism in the adaptation process. After reviewing these five 

anonymous frameworks, they need to answer the given checklist. They should leave 

a mark at the respective framework if the framework possesses any of the criteria. 

5. Result analysis 

In this section, the effectiveness of the adaptation process of DACAMoL compare 

with other dynamic adaptation frameworks according to the adaptation criteria is 

discussed and analysed. Statistical tests have been conducted using IBM SPSS 

Statistics version 21.0 to determine the acceptance or rejection of the null hypothesis 

with a given significance level. 

The descriptive table provides descriptive statistics for expert reviewers’ score 

for five types of frameworks is described in Table 4. It consists of mean, standard 

deviation, and 95% confidence intervals (5% significance level) for the dependent 

variable (i.e., Expert_Score) for each separate group (i.e., framework 1, 2, 3, 4, and 

5), as well as when all groups are combined (i.e., Total). 
 

Table 4. Descriptive table Expert_Score 

No N Mean 
Standard 

deviation 

Standard 

error 

95% confidence interval for 

mean Minimum Maximum 

Lower bond Upper bound 

1 8 10.00 0.000 0.000 10.00 10.00 10 10 

2 8 7.50 0.756 0.267 6.87 8.13 7 9 

3 8 7.50 0.535 0.189 7.05 7.95 7 8 

4 8 8.00 0.000 0.000 8.00 8.00 8 8 

5 8 8.63 0.744 0.263 8.00 9.25 8 10 

Total 40 8.33 1.071 0.169 7.98 8.67 7 10 

 

The result of the one-way non-parametric ANOVA (Kruskal-Wallis’s test) is 

shown in Table 5. Based on the table, there is significant evidence of the difference 

between each of the Expert_Score with the Framework which the significance value 

is p=0.00. A 5% significance level has been adopted (i.e., 95% confidence level). 
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Table 5. Kruskal-Wallis’s test result 
No Null hypothesis Test Sig. Decision 

1 
The distribution of Expert_Score is the same 

across categories of Framework 

Independent samples 

Kruskal-Wallis Test 
0.000 

Reject the null 

hypothesis 

Asymptotic significances are displayed. The significance level is 0.05 

 Total N 40  

 Test statistic 27.861  

 Degrees of freedom 4  

 Asymtotic Sig. (2-sided test) 0.000  

 

Table 6. Pairwise comparison of framework 

Sample1-Sample2 Test statistic Std. error Std. test statistic Sig. Adj. sig. 

2.000-3.000 –0.312 5.501 –0.057 0.955 1.000 

2.000-4.000 –7.062 5.501 –1.284 0.199 1.000 

2.000-5.000 –13.375 5.501 –2.431 0.015 0.150 

2.000-1.000 24.562 5.501 4.465 0.000 0.000 

3.000-4.000 –6.750 5.501 –1.227 0.220 1.000 

3.000-5.000 –13.062 5.501 –2.375 0.018 0.176 

3.000-1.000 24.250 5.501 4.408 0.000 0.000 

4.000-5.000 –6.312 5.501 –1.148 0.251 1.000 

4.000-1.000 17.500 5.501 3.181 0.001 0.015 

5.000-1.000 11.188 5.501 2.034 0.042 0.420 

Each row tests the null hypothesis that the Sample 1 and Sample 2 distributions are the same. 

Asymptotic significances (2-sided tests) are displayed. The significance level is 0.05 
 

The multiple comparisons in which groups differ from each other are shown in 

Table 6. Dunn’s post hoc test is carried out to investigate which framework is 

significantly different from each other. Based on Table 6, the Dunn-Bonferroni test 

is shown on each pair of groups. The last column, which is the Adj. Sig. the column, 

adjusts for multiple testing (Bonferroni error correction). The significant differences 

are highlighted using an orange colour where their p-value is less than 0.05. There is 

a statistically significant difference in expert reviewer score of frameworks 1 to 2  

(p = 0.00), 1 to 3 (p = 0.00), and 1 to 4 (p = 0.015). However, there were no differences 

between framework 2 to 3, 2 to 4, 3 to 4 and 4 to 5 (p = 1.00), 2 to 5 (p = 0.15), 3 to 

5 (p = 0.176) and framework 5 to 1 (p= 0.42). 

Based on the pairwise comparison, there are significant differences between 

frameworks 1 to 2, frameworks 1 to 3 and framework 1 to 4 because the frameworks 

have differences in their adaptation criteria makes framework 1 is better than other 

frameworks. Thus, there is a statistically significant difference between groups as 

determined by Kruskal-Wallis’s test. The post-hoc test reveals that the expert 

reviewer score has been statistically significantly lower after compaing framework 1, 

DACAMoL (10.0 ± 0.00, p = 0.000), framework 2, MobiSWAP (7.500 ± 0.755929,  

p = 0.000), framework 3, ULF (7.500 ± 0.534522, p = 0.000), framework 4,  

WLP (8.00 ± 0.00, p = 0.000) and framework 5, UoLmP (8.625000± 0.744024,  

p = 0.000088). 

Based on one-way non-parametric ANOVA test, the means are different from 

one another but it does not indicate how different means are from one another. The 

difference may be very large, or it may be very small. Effect size helps to estimate 
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how large or how small the difference is. The calculation of the effect size is stated 

below: 

(3)    𝐸𝑅
2 = 

𝐻

(𝑛2−1)/ (𝑛+1)
, 

𝐸𝑅
2 =  

27.861

(402−1)/(40+1)
, 

𝐸𝑅
2 =  

27.861

39
, 

𝐸𝑅
2 = 0.71. 

Hence, based on the Epsilon-Squared value, 0.71 is considered as a high effect 

size value. This shows that there is a large meaningful difference between the five 

groups. Based on the analysis and discussion, the adaptation process by DACAMoL 

is effective compared to the other four frameworks. 

6. Conclusion 

The framework has been evaluated and tested in a case study related to Mobile Cloud 

Learning (MCL) environment. The main objective of the experiment is to measure 

the effectiveness of the dynamic adaptation framework in terms of their adaptation 

process according to adaptation criteria. The experiment results demonstrate 

significant differences for the effectiveness at a 95% confidence level, which can be 

interpreted to confirm that DACAMoL is promising to be used in operating dynamic 

adaptation process in a context-aware environment. With these regards, developers 

are the main beneficiaries of the framework. They can use the tool to plug into their 

service system as a web service to handle the dynamic adaptation process. They can 

also use the adaptation criteria as a guideline to – propose any new frameworks in a 

context-aware environment. 
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