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Abstract 
The application of adaptive learning systems in vocational training is becoming 
increasingly widespread, but their effectiveness lacks a systematic quantitative 
evaluation framework. This article focuses on the quantitative evaluation of 
adaptive learning systems in vocational training scenarios, and discusses it from 
three levels: theoretical basis, indicator system, and implementation path. Firstly, 
the operational logic of the adaptive learning system and the adaptation basis for 
vocational training needs were analyzed; secondly, a three-dimensional quantita-
tive evaluation index system covering the learning process, learning outcomes, 
and user experience was constructed, and the logical relationships between each 
dimension were explained; finally, the implementation path of quantitative eval-
uation was clarified from four aspects: data sources, evaluation timing, data pro-
cessing, and analysis framework. The study provides a reference evaluation 
methodology for vocational training institutions to introduce adaptive learning 
systems, which helps to promote personalized training from a conceptual ap-
proach to measurable and comparable practical operations. 
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1. Introduction 
With the deep penetration of artificial intelligence technology in the field of education, adaptive learning systems have 
gradually become an important tool for the digital transformation of vocational training. This system can dynamically 
adjust the learning path and content push based on the learner’s knowledge status and behavioral characteristics, theo-
retically effectively addressing practical challenges such as large differences in student foundations, short training cy-
cles, and clear skill requirements in vocational training. However, current research on the application effectiveness of 
adaptive learning systems in vocational training mainly focuses on qualitative introductions or case descriptions, lack-
ing a systematic quantitative evaluation framework. How to scientifically measure the actual effectiveness of the system 
and how to conduct comparable evaluations in different training scenarios have become key issues that constrain its 
promotion. Therefore, this article focuses on the quantitative evaluation of adaptive learning systems in vocational 
training, discussing three levels: indicator system construction, evaluation method design, and implementation path. The 
aim is to provide a logically complete and operable theoretical reference framework for relevant practices. 
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2. The Core Mechanism of the Adaptive Learning System and the Adaptation Foundation of 
Vocational Training 

2.1 Operational logic and technical characteristics of adaptive learning systems 
The core operating logic of an adaptive learning system lies in continuously collecting learners’ behavioral data, dy-
namically adjusting learning paths, content difficulty, and feedback strategies, in order to achieve personalized teaching 
for “thousands of people and thousands of faces”. Its technical features are mainly reflected in three aspects: first, the 
learner model, which constructs a multidimensional user profile including knowledge status, learning speed, error types, 
etc. through initial evaluation and real-time interaction (Chen, 2024); the second is the content model, which finely an-
notates and associates training resources according to knowledge points, difficulty levels, and presentation forms; The 
third is the recommendation engine, which uses Bayesian knowledge tracking, item response theory, or deep learning 
algorithms to predict the likelihood of learners mastering specific content and push the most suitable learning tasks ac-
cordingly. Unlike traditional fixed-order online courses, adaptive systems can identify learners’ immediate bottlenecks, 
skip mastered content, and strengthen weak links, making them logically suitable for large-scale training scenarios that 
require consideration of individual differences. 

2.2 Objective demand for personalized learning in vocational training scenarios 
Vocational training often targets students with significant heterogeneity, reflected in various aspects such as educational 
background, work experience, skill starting point, and learning pace. Among the employees who joined the same batch, 
some already have the operational foundation for the relevant position, while others started completely from scratch; 
Some people have obstacles in theoretical understanding, while others repeatedly make mistakes in practical norms 
(Wang et al., 2024). If a unified training content and schedule are adopted, it is easy for those with good foundations to 
feel redundant, inefficient, and fatigued, while those with weak foundations may feel frustrated due to not being able to 
keep up with the schedule, ultimately leading to a decrease in both the overall training completion rate and the 
achievement rate. In addition, vocational training usually has clear skill goals and a short time window, and companies 
require as many students as possible to meet the job standards within a limited period of time. The combination of high 
heterogeneity and high time constraints makes it difficult for traditional group teaching or fixed courseware models to 
balance efficiency and fairness. Therefore, there is an objective need for a technological system that can automatically 
identify individual differences and dynamically adjust teaching strategies as support. 

3. Construction of Quantitative Evaluation Indicator System 
3.1 Quantitative indicator setting for learning process dimensions 
The dimension of the learning process focuses on the behavioral performance and cognitive investment of learners in 
the interaction process with adaptive systems, which is the first-hand basis for evaluating the quality of system opera-
tion. The following core indicators can be set for this dimension: firstly, the deviation degree of the learning path, which 
refers to the degree of difference between the system recommended path and the actual learning path, reflecting the 
students’ compliance with the system guidance and the rationality of the system recommendation (Yang et al., 2025); 
The second is the average number of attempts for knowledge points, which refers to the frequency of repeated learning 
required by learners before reaching a certain skill node, indirectly measuring the system’s accuracy in matching indi-
vidual ability thresholds; The third is the duration of single task stay and interaction frequency, used to identify whether 
students have cognitive lag or browsing style coping behaviors; The fourth is the real-time feedback response rate, 
which refers to the proportion of students who respond effectively to the prompts, tests, or corrective information that 
the system pops up. These indicators collectively depict whether the adaptive learning system truly achieves “personal-
ized” process adjustment in actual operation, rather than just staying at the algorithmic level of ideal deduction. 

3.2 Quantitative indicator setting for learning outcome dimensions 
The dimension of learning outcomes directly reflects the achievement of vocational training goals and is the core basis 
for evaluating the effectiveness of adaptive systems. The following key indicators can be set for this dimension: firstly, 
the knowledge mastery achievement rate, which refers to the proportion of students who reach the preset skill threshold 
in the graduation assessment. This can be further decomposed by the granularity of knowledge points to identify which 
content nodes the system contributes the most prominently to; the second is skill retention, which is obtained through 
delayed testing or interval retesting to measure the level of skill retention learned during a period of time after training, 
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reflecting the long-term effect of the adaptive system’s repeated reinforcement of weak links (Wang et al., 2023); the 
third is the training qualification period, which refers to the total number of hours that students have experienced from 
entering the training to meeting the on-the-job standards for the first time. Compared with the traditional training mode, 
the quantifiable system can improve the training efficiency; the fourth is the accuracy of skill transfer, which observes 
the performance of learners in applying their learned skills to new situations in simulated or actual work tasks. This is 
the ultimate criterion for testing the goal of vocational training to apply what they have learned. 

3.3 Quantitative indicator setting for user experience and engagement dimensions 
User experience and engagement are key intermediate variables that connect the process and outcome. Even if the algo-
rithm is sophisticated, an adaptive system lacking a good user experience is difficult to sustain in real vocational train-
ing scenarios. This dimension can be set with the following indicators: first, daily activity and weekly retention rate, 
reflecting the subjective willingness and long-term dependence of students to use the system. A higher retention rate 
usually means that the system provides sustained and perceptible personalized value; the second is the distribution of 
task abandonment rate, which is subdivided and statistically analyzed by content type, difficulty level, and recommen-
dation timing to identify which scenarios students are prone to interrupt learning, thereby exposing the problem of sys-
tem push strategies in reverse(Ayat et al., 2026); the third is subjective satisfaction rating, which can be measured using 
standardized scales such as the System Usability Scale (SUS) to assess students’ overall evaluation of interface friend-
liness, content relevance, and recommendation rationality; the fourth is the recommendation acceptance rate, which 
refers to the proportion of students who actually adopt the learning path suggestions given by the system. This indicator 
intuitively tests the consistency between adaptive recommendations and students’ self-awareness. 

3.4 Logical correlation and weight allocation between various dimensional indicators 
The above three dimensions are not isolated from each other, but form a causal chain of “process-driven experience, 
experience-regulated results”. The learning process indicators (such as path deviation and number of attempts) reflect 
the technical performance of the system algorithm, which directly affects the user’s sense of fluency and control during 
use, and is reflected in the user experience dimension (such as retention rate and dropout rate); and a good experience 
will encourage students to maintain a sustained state of engagement, giving the system ample opportunities to complete 
personalized interventions, ultimately reflected in learning outcome indicators such as achievement rate and skill reten-
tion (Li, 2026). In comprehensive quantitative evaluation, the weight allocation of the three dimensions should be dis-
tinguished according to the evaluation purpose: if the evaluation objective is system algorithm efficiency, the focus 
should be on the process dimension (about 50%); if the evaluation objective is the training output effect, the focus 
should be on the outcome dimension (about 50%), and the user experience dimension should be included as a moderat-
ing variable in the comprehensive analysis (with a correction weight of 20% to 30%) (Yongsong, 2026). In practical 
operation, it is recommended to use the Analytic Hierarchy Process to determine the weight coefficients in specific 
contexts to avoid bias caused by subjective assignment. 

4. Implementation Path of Quantitative Evaluation Methods 
4.1 Reasonable definition and selection principles for evaluating data sources 
The effectiveness of quantitative evaluation first depends on the accuracy and representativeness of the data sources. In 
the context of vocational training, evaluation data can be defined as three types of sources: firstly, system log data, in-
cluding learning path records, answer sequences, task time consumption, interaction frequency, etc., which are auto-
matically collected by adaptive learning platforms and have the advantages of high density and objectivity; the second 
is the evaluation data, covering the scores of initial diagnostic tests, stage formative tests, and graduation summary tests 
(Llacuna et al., 2026); the third is subjective feedback data, which is obtained through standardized questionnaires to 
obtain students’ ratings and open-ended opinions on the system usage experience. When selecting data, three principles 
should be followed: the integrity principle, which ensures that the sample covers student populations with different skill 
starting points and avoids selective bias caused by missing data; The principle of consistency requires comparability of 
the same indicator across different time periods and data batches; The principle of interpretability requires that the se-
lected data have a clear theoretical or empirical correlation with the evaluation indicators, avoiding the accumulation of 
irrelevant variables. 

4.2 Setting of evaluation time points and phased comparison logic 
The scientific setting of evaluation time points is the key to identifying the incremental contribution of adaptive systems. 



Nguyen Huu Tri 
 

 

 4  
 

It is recommended to adopt a three-stage comparative design: the first stage is a baseline assessment before the trainees 
enter the system for the first time, mainly collecting data on their previous knowledge level, learning style tendencies, 
and basic abilities as the starting point for subsequent comparisons (Juan, 2026). The second stage is a process-based 
dynamic evaluation, which is divided into several evaluation windows according to the natural units of the training 
content (such as completing a skill module or setting a fixed interval between learning hours), focusing on observing the 
changing trends of process indicators such as learning path deviation, real-time mastery rate, and task abandonment rate. 
The third stage is the post-training summative assessment, which includes two sub-time points: immediate post-testing 
and delayed post-testing, measuring the achievement rate at the end of the training and the skill retention after a 
two-week to four-week interval. This three-stage progressive setting enables evaluation to not only answer the question 
of ‘what is the final effect’, but also reveal the process mechanism of ‘when and why the effect occurred’. 

4.3 Methodology explanation for data collection and processing 
Standardized operating procedures need to be developed during the data collection phase to ensure comparability of 
data between different batches and job training. System log data should be stored in a unified timestamp format and 
event naming convention. It is recommended to use an event object value triple structure to record each learning be-
havior. The evaluation data should strictly control the testing environment and time limit to avoid introducing system-
atic errors due to external interference (Kaouther & Nadia, 2025). For subjective feedback questionnaires, it is neces-
sary to clarify the distribution nodes (usually arranged after training but before the results are announced) and ensure 
anonymity to reduce social approval bias. In terms of data processing, first perform data cleaning to remove invalid 
samples with a total learning time below a preset threshold (such as 10% of the complete training cycle); secondly, in-
terpolation or column deletion methods are used to handle missing values, and variables with a missing proportion ex-
ceeding 30% are not included in the analysis; Finally, different dimensional indicators (such as time units and accuracy) 
are standardized using commonly used methods such as Z-score normalization or minimum maximum scaling to elimi-
nate the impact of unit differences on the overall score. 

4.4 Analysis framework and presentation of evaluation results 
The analysis framework for evaluating results should take into account both horizontal comparison and vertical tracking 
dimensions. Horizontally, the student group using the adaptive learning system will be compared with the traditional 
fixed path learning group in various indicators, and independent sample t-test or Mann Whitney U test can be used to 
determine the significance of the differences; Vertically, track the changes in indicators of the same student group at 
different evaluation points, and use repeated measures ANOVA or paired sample tests to identify the dynamic im-
provements brought about by system intervention (Wang, 2025). In addition, effect measures (such as Cohen’s d or η ²) 
should be introduced to report the practical significance of differences and avoid relying solely on p-values to draw 
conclusions. In terms of presenting results, it is recommended to adopt a combined visualization strategy: process indi-
cators (such as path deviation and number of attempts) are suitable for presenting the trend of changes over time in a 
line chart; Results based indicators (such as compliance rate and qualification period) can be compared using grouped 
bar charts to compare differences between groups (Su et al., 2025); The results of multidimensional comprehensive 
evaluation can be displayed using radar charts to outline the performance on different indicators. All charts should be 
accompanied by brief textual explanations, clearly indicating the statistical test results and effect sizes, to ensure that the 
conclusions are both verifiable and easy to understand. 

5. Conclusion 
This study systematically constructed a quantitative evaluation framework for adaptive learning systems in vocational 
training from a theoretical perspective. By sorting out the core operating mechanism of the system and the adaptation 
foundation of vocational training, a three-dimensional indicator system covering the learning process, learning out-
comes, and user experience has been established, and the data sources, evaluation time points, and analysis paths have 
been clarified. Research has shown that effective quantitative evaluation does not lie in simply stacking indicators, but 
in building a logical loop of “process-driven experience, experience-regulated results”. This framework provides a ref-
erence evaluation methodology for vocational training institutions when introducing adaptive systems, and future re-
search can further explore the issue of differentiated threshold settings for indicators in different industry training sce-
narios. 
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