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Introduction: The learning process is characterized by its variability rather than linearity, as individuals differ in how they receive, process, and store information. In traditional learning, taking into consideration the individual differences between students can be difficult. As a result, many talented students may fail because their learning speed does not align with the assessment requirements.

Objectives: In this study, we propose efficiency algorithm as a new assessment method for adaptive learning (AL), based on artificial intelligence, to evaluate differences in students’ learning speed and help ensure the graduation of competent professionals in their discipline.

Methods: Our assessment method was based on how effectively students apply the knowledge they have acquired to complete tasks. Using four important parameters that always answer the question of how the student completes rather than its completion. These parameters were information search, information evaluation, information processing, and information communication, which together constitute the basic components of our efficiency algorithm.

Key findings: Our results showed that, by using the Naïve Bayes algorithm, we can determine with high accuracy (93%) in which part of the learning process (information search, information evaluation, information processing, or information communication) the student encounters difficulties.

Contribution: Our proposed approach helps in designing personalized learning plans that directly target individual weaknesses.
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1 Introduction

In the digital age, with the introduction of digital technologies into every aspect of our lives, the way we work has changed. Data and information are becoming available anywhere and anytime, leading to changes in all areas of our lives. Education, teaching, and learning are also affected by this change. Similar to many other fields, the introduction of artificial intelligence (AI) in education has revolutionized the way of teaching and learning. The concept of teaching has changed from being teacher-centered to student-centered, and traditional learning methods no longer align with the labor market requirements. Artificial intelligence and digital technologies have allowed the introduction of adaptive learning (AL), where each student can have the learning process and curriculum in line with his abilities and tendencies. In adaptive learning, it is important to understand students’ needs to adjust lectures, assessment tools, and course objectives to effectively meet those needs. In the shift from teacher-centered to student-centered education, teachers may be burdened with extra work, but artificial intelligence tools simplify the new tasks that arise with adaptive learning.

Personalized learning refers to an educational strategy in which all learning activities—from objectives to the sequence of content and instructions—can vary according to students’ needs. The objective of adaptive learning is to generate learning experiences that take into consideration the individual differences of students.

In the majority of European, industrialized, and advanced countries, universities and academic institutions are the primary counterparts to the industrial sector and the labor market. Therefore, the industrial sector and the labor market are the primary funders of universities, as companies that need employees are looking to build partnerships with universities and educational institutions.

The most important question to be asked is: what is the role of artificial intelligence in this scenario? In the adaptive learning model discussed in this article, student assessment is continuous, meaning that a vast amount of data on the student’s learning process is produced during the class. These data are difficult to analyze manually without artificial intelligence tools. AI tools help teachers analyze a vast amount of data collected about students to predict adaptive learning paths and courses for each student within the same curriculum and discipline. This approach aligns the learning process with each student’s capabilities, enabling them to achieve proficient in their specialization. Adaptive learning helps in preparing students to be capable of analytical thinking and problem-solving. It provides quality education and good learning opportunities for all. This is a fact: we need competent graduate students to reduce the gap between university outcomes and labor market requirements. The employment ratio of graduated students is an essential performance indicator. If the unemployment ratio among graduated students is high, it indicates that university outcomes do not align with labor market requirements. The unique independent variable in this equation that we can control is the student. We live in an era defined by a conflict of competencies; therefore, we need graduates with broader competencies, greater skills, and a strong knowledge base.

In this article, we explore how artificial intelligence can help change assessment methods in higher education.

In a previous study (eLearning Industry, 2023), adaptive learning is defined as a learner-centric approach that provides learners with a customized, flexible learning journey that align with their passion. The study explains how adaptive learning changes the learning process and goals to meet learners’ needs. It adjusts the pace at which students learn, the material they use, the technologies employed, and the way they are taught. AI technology helps predict how people will learn. Therefore, AI can be used in adaptive learning to analyze students’ data, such as their performance, strengths, and weaknesses, and provide a corresponding pathway for each student with appropriate content. An individual learning path in adaptive learning ensures that students receive appropriate challenges and support to maximize their learning outcomes. To solve the unemployment problem among graduate students, we must reduce the gap between university outcomes and labor market requirements, and adaptive learning is an important step in this direction. In another study (Randieri, 2024), how AI has revolutionized education is examined. A survey was conducted to study the perception of AI in education. 88% of respondents strongly agreed on the significance of AI in education, however, additional 9% expressing only agreement. However, only 14% disagreed and 5% strongly disagreed. The study findings affirm our approach that the use of AI in education does not replace human teachers, and emphasizes on the essential role of human emotional and empathetic engagement in teaching. AI can support educational materials, assessments, and the analysis of student performance. Another previous study (ElevenLabs, 2024) presented how AI is used in education. The study explains how AI can solve educational challenges that traditional learning cannot. It improves concentration to enhance comprehension, encourages learning, and develops students’ writing skills. It can also reduce teachers’ workload by providing tools for assessments and exam generation and improve comprehension by simplifying complex context, providing multimedia tools for presenting the content.

In our study, we aim to transform the learning method for graduate students to reduce the gap between university outcomes and labor market requirements. We focus on changing assessment methods, based on the idea that in the learning process, the unique factor that we can truly control is the student, who needs motivation, encouragement and new tools adapted to the new data era. The literature reveals a lack of statistical and quantitative studies that focus on identifying the weak points of individual undergraduate students. In our study, we aim to use an online platform that helps teachers in collecting data and measuring students’ improvement.

Today, information is available everywhere, but understanding it and using it to produce useful knowledge is the role of the educator. The educator’s task is to guide students in accessing information and processing it in a useful manner. In a previous study (Matthews, 2023), how AI tools improve student assessment outcomes is presented. Using AI tools in assessments enables educators to process more information and data about learners. Educators can develop new materials quickly, and these materials can be used to provide individualized student assessments. Adaptive learning helps educators evaluate students’ progress as they work through materials at their own pace. It provides the educator the possibility to take into consideration differences in students’ capabilities and can identify the weaknesses and strengths of students in some topics. In addition, it allows the educator to perform continuous assessments and to receive real-time feedback on student performance—something that is difficult to achieve in traditional learning. By analyzing the weaknesses and strengths of students, educators can create an adaptive learning pathway. However, AI tools such as ChatGPT are seen as a threat to academic integrity in traditional higher education assessments (Rudolpj et al., 2023). In a previous study (Perkins, 2023), it is discussed that there are concerns regarding AI detection tools for closed-book exams as an alternative assessment strategy (Rudolph et al., 2023). Furthermore, generative AI continues to evolve, and there is more skepticism about the effectiveness of the assessment process, student achievement, and student motivation to learn (Balducci, 2024). In another study (Balducci, 2024), a student-centered approach to education is proposed, based on three main concepts: authenticity, collaboration, and process complexity, which are considered critical to the security of assessments. The concept of student assessment has changed from evaluating whether a student has completed the work to understanding how the student has completed it.

In a previous study (Ideas Hub, 2023), the impact of AI on student assessment in higher education was discussed. The study highlights several key ways in which AI can make education more efficient, including minimizing biases, providing adaptive learning feedback to students, fostering a growth mindset among students, and improving accuracy and reliability, among other features. Most research articles in the literature focus on the concept of adaptive learning, which promotes a shift from the traditional close-ended exam, designed to measures how the students’ and teachers’ responses align with the standard measurement defined by the institution, toward new assessment methods that is based on formative evaluation. The new method assess what the student has learned in the past and how they will apply this learning in the future. In adaptive learning, the students compare their performance against themselves, rather than their peers. This strategy necessitates changes in learning behavior for both students and teachers (Black et al., 2004). In a previous study (Dai and Ke, 2022), the authors suggest the use of multimodal computing for assessment and feedback to improve existing assessments, which have various limitations, such as their inability to accurately evaluate the application of knowledge and skills that students have learned in real-life contexts. The authors emphasize moving toward assessments that measure how well students can master the knowledge and skills they have acquired.

In another study (Contrino et al., 2024), the impact of integrating adaptive learning (AL) with flexible, interactive technology (FIT) on learning outcomes and student achievement was observed in online and face-to-face courses. For this purpose, the Cog Book platform was used to test student performance in both teaching scenarios, providing a quantitative evaluation of the impact of incorporating adaptive learning in higher education. This is because there is a lack of quantitative studies that examine the impact of AL on student performance in higher education. The results presented in the article show that applying FIT+AL or FIT to students in the same semester (August–December) for two consecutive years indicated that the grade point average was higher for FIT+AL than for FIT. Furthermore, in the second year, a comparison between FIT+AL in online courses and FIT+AL in face-to-face courses showed that the percentage of passing students was higher in face-to-face courses with AL than in online courses with FIT+AL. The percentage of grades over 90 in face-to-face +AL courses was higher compared to online courses. The students’ performance improved in the second year due to increased familiarity with the new methodology and its advantages. The integration of adaptive learning in undergraduate courses improves the grades and percentage of passing students, which, in turn, increases learner satisfaction, a key indicator of success. According to the authors in a previous study (Florence Martin et al., 2020), AL helps generate a personalized learning experience by taking into account the individual differences of students. This approach is designed to increase the understanding of the material while measuring the results obtained through evaluation. Personalized learning experiences that are based on students’ previous knowledge help in collecting information about their progress. In a previous study (du Eileen Plooy et al., 2024), the impact of personalized adaptive learning on academic performance and engagement in higher education was examined. The study was based on different concepts, such as learning preferences, behaviors, knowledge, academic achievements, and learning analytics. The results indicated that 59% of the observed cases demonstrated an increase in students’ academic performance after implementing personalized adaptive learning. However, the positive impact of AL was not limited to overall academic metrics; it also enhanced critical thinking skills and improved self-regulation strategies for learning. In addition, 36% of the observed cases demonstrated that adaptive learning increased student engagement. The study concludes that personalized adaptive learning has a positive impact on teaching and learning outcomes. In another study (Ipinnaiye and Risquez, 2024), the pedagogical effect of using adaptive learning on student performance was examined, considering two separate indicators: the amount of time spent studying and the number of completed assignments. The results showed that student performance was enhanced by the number of completed adaptive assignments. However, the amount of time spent studying was negatively associated with performance, as evidenced by a strong non-linear relationship between the time spent and students’ performance. The study concludes that the amount of time spent studying alone is not sufficient to improve student performance, but the quality of study time is what promotes deeper engagement with learning.

AI makes the learning process more effective and scalable, as it can assist in content generation, provide instant feedback and assessment, offer time flexibility, reduce costs, and support professional development. In addition, AI can help identify individual learners’ needs, create adaptive learning paths, and deliver instant and individual feedback. Using AI in education can assist in keeping track of learners’ progress, monitor their performance, and predict the next topic or the next step in the student’s academic life. The first step toward applying adaptive learning for undergraduate students is to clearly define the goal and objectives of adaptive learning, understand learners’ needs and abilities, create adaptable content, and use adaptive assessments and dynamic evaluations. Then, feedback should be gathered to improve or adjust AI content and technologies in a way that increases student motivation and encourages the student to develop skills aligned with local, regional, and international labor market requirements. Similar to any new technology, adaptive learning offers advantages for students but may pose challenges for institutions where all learning processes need to be restructured.

In this study, we propose an adaptive learning system based on continuous assessments of students to predict the best pathway that aligns with students’ abilities and learning speed. The learning process depends on several elements: students (who serves as the input), institutions (which offer teaching materials, teachers, and teaching outcomes), representing the processing phase, and the output, which is the prepared student entering the labor market.



2 Materials and methods

In the learning process, the teaching material is stable and clear. The teacher, the most important element in the learning process, now has a shifted role: from helping students acquire knowledge and skills aligned with labor market requirements to guiding them on how to apply the knowledge and skills they have acquired during their academic life. The output of the learning process is a result of how the input (i.e., the student) is processed to give the required output (graduate competences). In this scenario, the unique independent variable that we can control is the student. Figure 1 represents our learning process paradigm.
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FIGURE 1
 The learning process paradigm.


The problem with traditional learning is that teaching outcomes do not match labor market requirements because the unemployment rate has increased and that graduates do not have the skills and competencies needed for the labor market. The question, then, is: What will change for students in our new proposed methodology? Continuous assessment motivates them to pay more attention to their capabilities. We need to restructure the educational system in higher education to shift the role of students from passive recipients to active participants in their learning.

Our proposed system aims to motivate students to increase their cognitive level to meet labor market requirements. This is achieved by identifying the weaknesses and strengths in their knowledge, skills, and competencies. Today, information is available to students from various sources and in multiple formats. The role of teachers is to teach students how to use this information to reach their goals. In the labor market, a student’s goal is to find a good job, which, from employers’ point of view, depends on the graduate’s efficiency.


2.1 Efficiency algorithm

Before explaining how our algorithm guides students toward mastering what they have learned, it is appropriate to first define what an algorithm is. The algorithm is a logical step followed to find a problem solution. The steps in designing an algorithm are depicted in Figure 1, that defines the input, processing phase and expected output.

Graduate efficiency is developed during academic years by mastering the following skills: information search, information evaluation, information processing, and information communication. When the graduate knows how to search the information they need, distinguish between relevant information and irrelevant information, and identify the relationship between information and topics and context, they can then use the appropriate information to find the needed solution and how to express the results obtained.

The parameters described above are expressed in our efficiency algorithm using a linear equation as follows:


2.1.1 Efficiency or degree of mastery = information search + information evaluation+ information processing + information communication

The linear equation above forms the core of our proposed system, representing the calculation of the degree of mastery—a new assessment method. In this method, information search measures how students search for the needed information. The value of this parameter ranges from 0 to 10, where 0 indicates that the student is unable to search for information, and 10 indicates that the student has correctly searched for the information. Information evaluation, which is part of the input in our algorithm, represents the constraints that separate one problem from another and measures how students can find a relationship between the information found and the topic studied. The value of this parameter ranges from 0 to 10. Information processing measures the ability of students to use appropriate information in the correct context. Information communication measures the ability of students to present and describe the results obtained from the solution (output).

In our proposed algorithm, assessments are based on these four parameters, taking into account that information today is available for all and emphasizing the importance of knowing how to use the available information.


2.1.1.1 Results and analysis

To evaluate the performance of our algorithm, it was implemented from scratch in Python. We used a linear regression algorithm to determine whether the relationship between our independent variables (information search, information evaluation, information processing, and information communication) and the dependent variable (efficiency) was linear and to identify the main parameter that had the greatest impact on this relationship (Figure 2). The dataset used was downloaded from the Mendeley website (Mendeley Data Repository, n.d.; Köhler and González-Ibáñez, 2023), with data license (CC-BY 40). The data were collected by the Department of Information Engineering at Santiago University, Chile.

[image: Histogram showing the distribution of efficiency labeled "O_TOT" on the x-axis. Density is on the y-axis, with a line overlay indicating normal distribution. Peaks around 30.]

FIGURE 2
 Distribution of efficiency.


The dataset consisted of 153 observations across 23 engineering programs at a Chilean university and included 25 features. From these data, we extracted the fields relevant to our study: information search and information evaluation for self-learning and information search, information evaluation, information processing, and information communication for observed learning. Each of these parameters was evaluated on a scale from 0 to 10. Then, we compared the student’s total performance in both cases: self-learning and observed learning.

The results show that, the percentage of students whose its performance in information search and information evaluation in self-learning is better than in observed learning. Then, we compare the percentage of improvement on using information search and information evaluation for self-learning in comparison with information processing and information communication for observed learning, with all other parameters (processing, communication), the results show that the percentage of students that its total performance is better in the first case (self-learning) is 75.8%. Considering that the total performance value was 40, the maximum performance value in the dataset was 36.58 and the average was 27.59.

The results obtained by applying linear regression on the dataset indicated that the relationship between efficiency and the four parameters considered was linear and can be expressed as follows:

Efficiency=−15.4+0.58∗information search+0.83∗information evaluation+0.85∗information processing+0.83∗information communication.

From the previous relationship, it was noted that the least important factor was information search; however, the other three parameters (information evaluation, information processing, and information communication) had similar importance and a greater impact on the efficiency of the value. The negative value in this equation indicated that, without the four considered parameters, the efficiency would be negative. When the data were divided into 80% for training and 20% for testing, the accuracy ratio was 65.34% and the mean absolute error was 2.26. The average cross-validation score for 5 k fold was 57.15%. Figure 3 shows the relationship between our parameters and the total efficiency value; it shows a linear relationship. Figure 2 shows the distribution of efficiency in the observed learning data, which resembled a near-normal distribution. The linear regression algorithm was used to test the relationship between the four parameters and student competencies. Our results showed that there was a linear relationship between the four parameters and student efficiency.

[image: Four scatter plots illustrate relationships between "observed total" on the y-axis and different x-axis variables: information search (red), information evaluation (green), information processing (blue), and information communication (purple). All plots show positive correlations.]

FIGURE 3
 Relationship between the efficient algorithm parameters and competency.


To determine the best level of efficiency and to classify students as proficient and non-proficient, we used the Naïve Bayes algorithm as a classification method. All students with a total performance evaluation above the average were considered proficient, while those below the average were considered non-proficient. The results showed that our estimation was accurate at a rate of 95% for proficient students and 91% for non-proficient students. The average precision was 93%. In Table 1, it is shown how our four variables affected the evaluation of the students (proficient and non-proficient).


TABLE 1 Predictions of student evaluations using the Naïve Bayes algorithm.


	

	Case




	

	Results




	

	Explanation





 

 	
[image: A Python code snippet is shown: a variable `z` is assigned the result of the `predict` method from a Gaussian Naive Bayes (`gnb`) model, applied to the input list `[9.5, 9.5, 9.5, 9.5, 9.5]`. The result is printed with the statement `print("z is ", z)`.]
 	Proficient 	All four evaluations were high


 	
[image: Code snippet showing the use of the `predict` method from a Gaussian Naive Bayes model. It predicts using an input array `[4.5, 4.5, 4.5, 4.5]`, and the result is stored in `z1`. A print statement displays "z1 is" followed by the prediction result.]
 	Non-proficient 	All four evaluations were low


 	
[image: Code snippet in Python showing a variable `z2` being assigned the output of `gnb.predict` with input `[[4, 9.5, 9.5, 9.5]]`. The next line prints the text "z2 is" followed by the value of `z2`.]
 	Proficient 	Only information search was low, and the other three evaluations were high


 	
[image: Code snippet showing Python code using a Gaussian Naive Bayes model. It assigns a prediction to the variable z3 using the predict method with input values four, four, nine point five, and nine point five. It then prints the result with the text "z3 is".]
 	Non-proficient 	Information search and information evaluation were low


 	
[image: Python code snippet showing prediction and output. Variable `z4` is set by calling `gnb.predict` with an array input containing the numbers 9.5, 9.5, 4, and 9.5. The output is printed with the label "z4 is".]
 	Proficient 	Only information processing was low


 	
[image: Code snippet showing a prediction and print statement using the Gaussian Naive Bayes model. The prediction involves input values: 9.5, 9.5, 4, and 4. The result is printed with the text "z5 is" followed by the prediction outcome.]
 	Non-proficient 	Information processing and information communication were low




 

In addition, we used several other machine learning algorithms to evaluate the performance of our algorithm, such as the decision tree algorithm, KNN algorithm, and AdaBoost algorithm. The results presented in Table 2 show that the best performance was obtained using the Naïve Bayes algorithm, followed by the KNN algorithm, which achieved an accuracy of 90.3% the results presented in the table represents the average of each metric, because it is measured the accuracy for proficient and non-proficient then, is considered the average.


TABLE 2 Performance comparison.


	Metrics
	Naïve Bayes
	Decision tree
	KNN
	AdaBoost

 

 	Average accuracy 	93% 	81% 	90.3% 	81%


 	Average precision 	93% 	79% 	 	79%


 	Average recall 	94% 	80% 	 	81%




 

The main challenge in our work lies in the degree of acceptance from students, as it requires collaboration among all the people involved in the learning process—students, teachers, and institutions. Our presented work was applied to undergraduate students in higher education but can also be applied to school students, provided that all the necessary information and evaluations are collected through an online platform that represents an interactive environment involving students, teachers, and institutions.






3 Conclusion and future work

In this article, we propose a new assessment system that helps teachers in analyzing data collected from continuous student assessments to identify students’ weaknesses and strengths and develop an adaptive learning curriculum. Using artificial intelligence tools, the system can analyze large amounts of student data and predict the best pathway. We propose an efficiency algorithm that represents a linear relationship between four independent variables that constitute graduate efficiency. Student assessments must be based on these four parameters: information search, information evaluation, information processing, and information communication. Our results showed that, by measuring these four independent variables, we can predict students’ strengths and weaknesses with high accuracy: 91% for proficient students and 93% for non-proficient students. Our variables were evaluated on a scale from 0 to 10. Students with an evaluation above 5 were considered proficient, while students with an evaluation below 5 were considered non-proficient. For our future work, we will focus on proposing a comprehensive question structure based on Bloom’s taxonomy standards to evaluate each variable.
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