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Abstract: This paper investigates the learning effectiveness of adaptive learning in real world context 

in over 1,700 K12 Maths classroom sessions powered by the Adaptemy system. More than 10,000 

students used the system over a period of 6 months. The paper focuses on analyzing the learning 

effectiveness when the system was used through multiple revisions in unique learning journeys. The 

results have shown that students’ Maths ability improved by 8.3% on average per concept for an 

average of 5 minutes. Furthermore, the results have shown statistical significant improvements across 

various ability ranges, reducing the gap between low and high achievers. 

 

Introduction 
 

Governmental institutions and universities across the globe are increasingly recognizing that the one-size-fits-all 

approach to teaching and learning disengages and alienates both students that are struggling and strong students 

(Forbes, 2014; Johnson, Adams Becker, Estrada, & Freeman, 2015). Today’s classroom teachers are challenged not 

only to reach the digital learners’ generation, but also to facilitate learning equally to struggling and strong students 

(Tyner, 2014), because learners have different knowledge level, motivation and learning styles and preferences 

(Ghergulescu & Muntean, 2014). There is an increasing need for adaptive, intelligent learning environments and 

classroom digital products that support personalized learning and engage students. Furthermore, achievement gaps 

have consistently emerged between groups of students (Huang, Craig, Xie, Graesser, & Hu, 2016).  

Learning effectiveness in adaptive and intelligent systems was the subject of several studies and meta-reviews 

(Kulik & Fletcher, 2015; Ma, Adesope, Nesbit, & Liu, 2014; Steenbergen-Hu & Cooper, 2013). The meta-review by 

Steenbergen-Hu & Cooper (2013) concluded that intelligent systems had a small positive effect on students’ learning 

relative to classroom instructions. Similar effect were found by Kulik & Fletcher (2015). Ma et al. (2014) meta-

analysis’ concluded that the use of intelligent systems was associated with greater achievement in comparison with 

teacher-led, large-group instruction, non-computer-based instruction and textbooks or workbooks. Pane et al. (2014) 

found stronger evidence of positive effect in the second year as compared to the first year of system usage by students. 

However, these studies focused mainly on the investigation of learning effectiveness of intelligent system-

led instruction in comparison with teacher-led instruction. Intelligent systems should not be seen as a replacement for 

teachers in the teacher-led instruction, but technology in general and intelligent systems in particular should be used 

as tools in order to empower teachers (Ghergulescu, Flynn, & O’Sullivan, 2015). The adaptive and intelligent systems 

could help in reducing the gap between various groups of students. A smaller number of studies investigated the 

learning effectiveness when intelligent systems reduce the gap between groups of students (Huang et al., 2016; 

Steenbergen-Hu & Cooper, 2013). Huang et al. (2016) investigated the performance gaps in mathematics education 

and the role of adaptive and intelligent systems in an afterschool settings. The research had shown that adaptive and 

intelligent tutoring systems work as a math gap reducer in after-school program (Huang et al., 2016). Educational data 

mining and learning analytics could be used in order to both evaluate and understand how adaptive and intelligent 

systems can reduce the gap between various groups of students. This is because educational data mining and learning 

analytics to large quantities of fine grained learner data is likely the most actively growing area in evaluation of 

learning environments (Greer & Mark, 2015).  

This paper investigates the learning effectiveness in real word situation, when the adaptive and intelligent 

system is used in classroom, and more specific how learners improved their knowledge and speed through multiple 

revisions powered by Adaptemy system. The investigation makes use of learning analytics and log files analysis from 

data gathered in over the past 6 months when the Adaptemy system powered adaptive and personalized learning 

experiences for over 10,000 students and was used in over 1,700 Maths classroom sessions. 

 



Adaptemy System 
Adaptemy solution (“Adaptemy,” 2016) provides a proven and workable personalized learning solution for todays’ 

classroom. Adaptemy system is an intelligent personalized learning environment that is developed based on existing 

research in the area of Intelligent Tutoring Systems and educational technologies, student engagement and motivation. 

It provides an adaptive and personalized learning experience which improves the learning outcomes, creates a fun and 

engaging learning experience, and empowers the teachers (Ghergulescu, Flynn, & O’Sullivan, 2015). Adaptemy 

system was extended to integrate the latest pedagogical advances and innovation in learning and teaching science in 

a new platform - Adaptemy Science (Ghergulescu, Flynn, O’Sullivan, et al., 2015). Due to Adaptemy’s content 

agnostic architecture, it could be used as a standalone educational technology for learning, practice, revision or e-

assessment as well as to complement existing programs, textbooks and teaching practices. Adaptemy system follows 

the classical architecture of an adaptive e-learning system and consists of a Domain Model, User Model and 

Adaptation Engine.  

The Domain Model organises the educational content and makes a separation between curriculum and content. The 

curriculum includes concepts and the relationships between them, and different content is designed for each concept. 

The adaptive learning platform supports many different types of content that can be employed in a variety of settings, 

with multiple question types being produced from a generic question template. Adaptemy uses curriculum-mapped 

content to allow teachers and learners to work towards their goals using a solution that aligns with the curriculum and 

provide personalised learning journeys that consider how the concepts relate to each other, providing maps for each 

topic. Figure 1 illustrates an example of a map for a topic.  

 

 

Fig. 1. Example of curriculum map for Number System topic 

The User Model contains information about users and Adaptemy builds a network of estimates of ability 

across each of the 200+ concepts. In Adaptemy, the ability is inferred from evidence obtained by monitoring the 

students and by using a probabilistic model to provide an estimate of the learner’s ability on each concept from the 

curriculum as well as taking the content difficulty into consideration. The mechanism accuracy of determining learner 

ability was validated externally with other courses (Howlin, 2015). The ability is measured on a scale from 0 to 100%. 

The student ability on a concept is further used to compute student grade on each concept.  

The Adaptive Engine contains several layers of personalization including: classroom-profile adaptation (i.e., 
classroom profile-based adaptation inferences and triggers the most suitable curriculum, content version.), learning 

path recommendations (i.e., used in order to generate learning paths for each student ), learning session adaptation 

(i.e., adapts the learning loop inside a concept), feedback and reward personalization (i.e., adapts the rewards and 



personalizes the feedback based on learner performance and real-time behavior monitoring and analysis) 

(Ghergulescu, Flynn, & O’Sullivan, 2015). 

The student journey starts at login, where the student is presented with general guidelines, recommendations, 

visualization as well as access to the content and learning activities from a variety of topics. In Adaptemy, each learner 

embarks on a personal journey through the curriculum (see Figure 1), with recommendations that focus on building a 

solid concept mastery. It is not a simple linear sequence of concepts within each topic. On each topic page, the student 

is presented with the list of concepts with the obtained grade and recommended learning actions for each concept. The 

recommended learning activity can be one of the following: “Attempt” a concept (when the system does not have 

evidence that (s)/he passed the prerequisites of a concept, “Learn” a concept (when the system identifies the student 

has the prerequisite knowledge but did not learn yet the content), or “Revise” a concept on which they have already 

covered. In order to be able to “Revise”, the students have to first pass the concept. The minimum ability they need to 

reach in order to pass a concept is 60%. Figure 2 illustrate a print screen for a student from the concepts page. In the 

figure, the students passed three concepts from the Number System topic: “The Number Line” with an A grade, 

“Additions and Subtraction of Integers” with a B grade, and “Multiplication and Division of Integers” with a C grade. 

  

 

Fig. 2. Illustration from Student Journey - Concept page 

When “Revising”, the students will receive a similar number of questions of similar complexity. The questions are 

variabilised and are defined using generic data structures which are used to represent question forms. The question 

form is used to generate a question at runtime, enable more practice and minimize the possibility of students gaming 

the system. This enhances the personalization and uniqueness of the student experience. Furthermore, after each 

question, the student is provided with feedback and worked solutions (Ghergulescu, Flynn, & O’Sullivan, 2015).  

 

Learning Effectiveness Analysis 

 
The learning effectiveness was analysed in terms of learners’ ability and speed to successfully solve problems when 

students are revising various concepts powered by the Adaptemy system. The analysis also presents how Adaptemy 

reduced the gap between low and high achievers, pushing them to improve their ability by engaging them in unique 

learning paths and unique learning experiences that are tailored to their needs.  

The investigation makes use of learning analytics on data gathered over a 6 months period, when the Adaptemy system 

powered adaptive and personalized learning experiences for over 10,000 students and was used in over 1,700 Maths 

classroom sessions. The students learned over 100,000 concepts, answered over 500,000 questions in more than 

16,000 learning hours. The system engaged the students towards mastery, enabled them to learn, practice, revise and 

improve their learning outcomes and skills. 

The student’s Maths ability was analyzed for each revised concept (N=11189). The average improvement in student’s 

ability was 8.3% on average per concept revision. Fig. 3 presents the student ability improvement by completion 



number. Students from category Completion 1 are students who completed at least once. The students from category 

Completion 2 are students that completed at least twice (had at least 1 revision). As it can be seen in the figure, 

Adaptemy enabled students to improve on their own pace while pushing them to improve through revisions.  

 

Fig. 3. Improvement in ability and speed through revisions 

The students have also improved their speed of answering questions with the revision number, as the results from Fig. 

3 show a decrease in the duration to complete the concept through multiple completions. Fig. 4 shows that there is a 

25% speed increase for the first revision and 38% increase for the 2nd revision (see Fig. 4). 

 

Fig. 4. Speed Improvements 

The ability for each student-concept pair was analyzed after the first completion and after the last revision (last 

successful competition) in order to analyze how students improved through revisions. As illustrated in Fig. 5, the 

analysis was made across different ability ranges after first completion: i.e., ability between 60-69%, 70-79%, 80-89% 

and 90-100% in order to investigate how the gap between various ability ranges was reduced through revisions.  

The non-parametric Wilcoxon-Mann-Whitney test was used in order to see if the students’ increase in Maths ability 

was statistically significant from first competition to the last revision of the concept. The results have shown that the 

increase is statistically significant at p<.001. 

  

 



 

 

 

 

         

 

 

 

 

 

 

 

 

 

 

 

 Fig. 5. Improvement through revisions.  

Fig. 6 presents the ability box-plots after 1st completion and after all revisions across various groups. The students in 

the 60-69 ability range after the 1st completion increase on average by 16.74 ability points.  

 

  Fig. 6. Improvement Ability across various groups 

  

The non-parametric Wilcoxon-Mann-Whitney test was used in order to see if the increase in their ability is statistical 

significant. The result of the Wilcoxon-Mann-Whitney test has shown that there is a difference between student ability 

after the 1st completion and their ability after revisions. As p < .001 we can conclude with 99% confidence that the 

students had a statistical significant increase in their ability through revisions. The students in the 70-79 ability range 

after the 1st completion increased on average by 10.65 ability points. The non-parametric Wilcoxon-Mann-Whitney 

test was used in order to see if the increase in their ability is statistical significant. The result of the Wilcoxon-Mann-

Whitney test has shown that there is a difference between student ability after the 1st completion and their ability after 

revisions (p < .001). The students in the 80-89 ability range after the 1st completion increased on average by 6.53 

ability points. The result of the Wilcoxon-Mann-Whitney test has shown that there is a difference between student 

ability after the 1st completion and their ability after revisions (p < .001). The students that had their ability after the 

1st completion in the 90-100 range remained in the same range after the revisions. 



Each learner embarks on a personal journey through the curriculum containing over 190 concepts, with 

recommendations that focus on building a solid concept mastery. It is not a simple linear sequence of concepts within 

each topic. Fig. 7 presents the journey uniqueness for both transition journey and entire journey. Transition denotes 

the student transition through concepts excluding repetition and outcome, while the entire journey allows for repetition 

and outcome. Student journey uniqueness was 92% after the students completed at least 2 concepts, and 99% after 

completing at least 4 concepts. Furthermore, 86% of questions were unique to each student that used the system. 

 

Figure 7. Student journey uniqueness 

 

Conclusions 

 
Adaptive learning started to be adopted in real world contexts and intelligent tutoring systems to power effective and 

engaging personalized learning experiences. This paper analyzed the learning effectiveness of adaptive learning in 

today’s digital classrooms powered by Adaptemy system. The analysis focused on improvements in terms of ability 

and speed through revisions in unique learning journeys. The results showed that students’ Maths ability improved by 

8.3% on average per concept for an average of 5 minutes. 
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