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Abstract: 

This study investigates the impact and potential of Artificial Intelligence (AI) in personalized learning environments 

within the context of education. The objectives were two-fold: first, to assess the effectiveness of AI-driven personalized 

learning systems in enhancing student academic performance and engagement compared to traditional teaching methods; 

and second, to identify challenges and propose strategies for implementing AI technologies in educational settings.  A 

survey research design was employed; involving 186 undergraduate students aged 18-22 from various educational 

institutions. The survey utilized a structured questionnaire developed through a comprehensive literature review and 

expert consultations. Data collected included demographic information, perceptions of academic performance, 

engagement with learning materials, and motivation while using AI-driven tools. Descriptive statistics and paired samples 

t-tests were conducted to analyze the data. The findings reveal a diverse sample with a higher representation of male 

participants (67.7%) and a majority holding Master’s degrees (84.9%). Most respondents were from urban areas (44.1%) 

and studied in fields like Technology (27.4%) and Humanities (27.4%). Descriptive statistics indicate positive perceptions 

of academic performance and engagement, with mean scores for engagement and motivation significantly higher (4.53) 

when using AI-driven tools compared to traditional methods (4.34). Validation of hypotheses showed that while there 

was a positive trend in academic performance with AI tools, the improvement was not statistically significant (p = 0.079). 

Conversely, AI-driven personalized learning environments significantly enhanced student engagement and motivation (p 

= 0.001), supporting hypothesis H12. 

 

Keywords: Artificial Intelligence, personalized learning, education technology, student engagement, academic 

performance 

 

Introduction: 

 

The integration of Artificial Intelligence (AI) in education has garnered significant attention over the past decade, with 

its potential to revolutionize personalized learning environments emerging as a focal point of research and practice. 

Personalized learning, which tailors educational experiences to meet the individual needs, preferences, and pace of each 

student, is seen as a promising approach to address the limitations of traditional education systems. These systems often 

struggle to accommodate diverse learning styles and needs, leading to disengagement and suboptimal educational 

outcomes (Pane et al., 2017). AI technologies, with their ability to process vast amounts of data and generate insights in 

real-time, offer a powerful solution to create more adaptive, engaging, and effective learning environments. 

 

AI-driven personalized learning environments leverage a variety of technologies and methodologies to deliver customized 

educational experiences. These include Intelligent Tutoring Systems (ITS), which provide individualized instruction and 

feedback; adaptive learning platforms that adjust content and pacing based on student performance; and learning analytics 

tools that analyze student data to inform instructional decisions (Pane et al., 2017; Holmes et al., 2019). The core 

advantage of these AI applications lies in their ability to continuously learn and adapt, offering tailored support that can 

significantly enhance learning outcomes. 

 

One of the most compelling benefits of AI in personalized learning is its potential to improve academic performance. 

Studies have shown that AI-driven personalized learning systems can lead to significant gains in student achievement. 

For instance, a study by Pane et al. (2017) found that students using adaptive learning technologies performed better on 

standardized tests compared to their peers in traditional classrooms. These systems use algorithms to identify knowledge 

gaps and provide targeted interventions, thereby helping students to master concepts more effectively. 

 

In addition to improving academic performance, AI in personalized learning environments can enhance student 

engagement and motivation. Personalized learning platforms often incorporate elements of gamification, interactive 

content, and real-time feedback, which can make learning more enjoyable and engaging (Wang & Tahir, 2020). By 

catering to individual interests and learning styles, these systems can foster a more immersive and motivating educational 

experience, encouraging students to take an active role in their learning journey. 
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Moreover, AI technologies can make education more inclusive and accessible. For students with disabilities or those 

requiring special educational support, AI can offer customized resources and tools that cater to their specific needs. For 

example, speech-to-text and text-to-speech applications can assist students with visual or auditory impairments, while 

adaptive learning technologies can provide alternative pathways for students with learning disabilities (Li & Zhao, 2018). 

This inclusivity ensures that all students have the opportunity to benefit from personalized learning, regardless of their 

individual challenges. 

 

Despite these promising benefits, the implementation of AI in personalized learning environments is not without 

challenges. Ethical and privacy concerns are paramount, as the widespread use of AI in education involves the collection 

and analysis of vast amounts of personal data. Ensuring the security and confidentiality of this data is crucial to maintain 

trust and comply with legal standards. Additionally, there are concerns about the potential for algorithmic bias, which can 

exacerbate existing inequalities in education if not properly addressed (Holmes et al., 2019). 

 

Equity and access are also significant challenges in the implementation of AI-driven personalized learning. While AI 

technologies have the potential to democratize education by providing high-quality learning experiences to all students, 

there is a risk that they could widen the gap between privileged and underprivileged learners. Students from low-income 

backgrounds may lack access to the necessary digital infrastructure and devices, limiting their ability to benefit from AI-

enhanced personalized learning (Eynon & Malmberg, 2021). Addressing these disparities is critical to ensure that AI 

technologies contribute to educational equity rather than perpetuating existing inequalities. 

 

Teacher training and professional development are essential for the successful integration of AI in personalized learning 

environments. Educators need to be equipped with the knowledge and skills to effectively use AI tools and interpret data 

insights to inform their instructional practices. However, studies have shown that many teachers feel unprepared to 

integrate AI technologies into their classrooms, highlighting the need for comprehensive training programs and ongoing 

support (Holmes et al., 2019). 

 

Technological limitations also pose challenges to the implementation of AI in personalized learning. Current AI systems, 

while advanced, are not yet capable of fully understanding and replicating the complexity of human teaching and learning. 

For instance, AI may struggle to interpret nuanced student emotions and social cues, which are critical components of 

effective teaching (Baker & Inventado, 2018). Continuous advancements in AI research and development are necessary 

to address these limitations and enhance the capabilities of AI-driven personalized learning systems. 

 

Looking forward, the future of AI in personalized learning environments holds immense potential. Emerging technologies 

such as emotion recognition and natural language processing (NLP) are expected to significantly enhance the 

personalization and responsiveness of AI systems. Emotion recognition technologies, for example, can provide real-time 

insights into student engagement and emotional states, allowing for more responsive and adaptive interventions (D'Mello 

& Graesser, 2020). Similarly, advancements in NLP can improve the ability of AI systems to understand and interact with 

students in more natural and meaningful ways, facilitating richer educational experiences. 

 

Furthermore, the concept of "human-in-the-loop" AI, where educators and AI systems work collaboratively, represents a 

promising direction for future research and practice. This approach emphasizes the complementary strengths of human 

teachers and AI technologies, leveraging AI to provide data-driven insights and support while maintaining the essential 

human elements of teaching such as empathy, creativity, and moral judgment (Luckin et al., 2021). By fostering 

collaboration between educators and AI systems, this approach aims to create more effective and holistic personalized 

learning environments. 

 

Longitudinal studies are also needed to assess the long-term impact of AI-driven personalized learning on educational 

outcomes. While existing research highlights the immediate benefits of AI technologies, there is a need for studies that 

examine their sustained effects over time, including their impact on students' academic trajectories, career readiness, and 

lifelong learning skills (Woolf et al., 2018). These studies can provide valuable insights into the effectiveness and 

sustainability of AI-driven personalized learning interventions. 

 

At the outset, the integration of AI in personalized learning environments offers significant potential to transform 

education by enhancing academic performance, engagement, and inclusivity. However, to fully realize these benefits, it 

is essential to address the ethical, equity, and technological challenges associated with AI implementation. Future research 

and development should focus on advancing AI technologies, promoting inclusive design, and fostering collaboration 

between educators and AI systems. By addressing these challenges and exploring new directions, AI can become a 

powerful tool in creating more effective, equitable, and personalized educational experiences for all learners. 
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Literature Review: 

 

The traditional education system, characterized by a one-size-fits-all approach, often fails to address the diverse learning 

styles and paces of students (Anderson et al., 2018). This limitation has driven the exploration and adoption of AI 

technologies to create more adaptive and personalized learning environments. Intelligent Tutoring Systems (ITS), for 

instance, leverage AI to provide individualized instruction and feedback, significantly improving learning outcomes by 

adapting to each student's unique learning trajectory (VanLehn, 2011). Similarly, automated grading systems and learning 

analytics tools utilize AI to streamline evaluation processes and provide insights into student performance, thereby 

enabling educators to make informed decisions (Basu et al., 2019; Siemens & Baker, 2019). 

 

AI-driven personalized learning systems are designed to cater to the specific needs of each learner, offering customized 

learning paths, resources, and assessments. These systems use algorithms to analyze data on students' interactions, 

performance, and preferences, thereby delivering tailored content that aligns with their strengths and weaknesses 

(Khosravi et al., 2020). Research has shown that such personalized approaches can lead to enhanced student engagement, 

motivation, and academic achievement (Zhou et al., 2021). For example, Knewton, an adaptive learning technology 

company, reported significant improvements in students' performance and retention rates through the use of AI-powered 

personalized learning tools (Hao, 2019). 

 

Despite the promising potential of AI in personalized learning, several challenges and barriers hinder its widespread 

implementation. Ethical and privacy concerns are paramount, as AI systems require access to vast amounts of personal 

data to function effectively. Ensuring the security and confidentiality of this data is critical to maintaining trust and 

compliance with legal standards (Shum & Ferguson, 2020). Additionally, the integration of AI technologies in education 

can exacerbate existing inequalities, particularly for students from underprivileged backgrounds who may lack access to 

necessary digital resources (Eynon & Malmberg, 2021). Addressing these disparities is crucial to ensuring that AI benefits 

all learners equitably. 

 

Another significant challenge is the need for teacher training and adaptation. Educators must be adequately prepared to 

incorporate AI tools into their teaching practices and to leverage these technologies to support student learning effectively. 

Holmes et al. (2019) highlighted that professional development and continuous training are essential to help teachers 

understand and utilize AI-driven personalized learning systems. Moreover, technological limitations, such as the current 

inability of AI to fully comprehend complex human emotions and contexts, can lead to ineffective interactions and support 

(Baker & Inventado, 2018). 

 

To realize the full potential of AI in personalized learning, future research and development must focus on advancing AI 

technologies and addressing these challenges. Innovations in natural language processing (NLP) and emotion recognition 

systems could enhance AI's ability to understand and respond to human emotions and behaviors, thereby improving the 

quality of personalized learning experiences (D'Mello & Graesser, 2020). Additionally, the concept of "human-in-the-

loop" AI, where educators and AI systems collaborate to support student learning, presents a promising direction for 

future research (Luckin et al., 2021). 

 

Longitudinal studies are also needed to assess the long-term impact of AI-driven personalized learning on educational 

outcomes. Evaluating the sustained effects of personalized learning and its influence on students' career trajectories can 

provide valuable insights into the effectiveness and benefits of AI in education (Woolf et al., 2018). Furthermore, 

designing inclusive AI systems that consider diverse student needs and contexts is crucial for ensuring that AI 

technologies are accessible and beneficial to all learners, regardless of their background or abilities (Beaumont et al., 

2020). 

 

Objectives of the Study: 

Based on the preceding discussion, the researchers have established the following objectives for the study: 

1. To evaluate the effectiveness of AI-driven personalized learning systems in enhancing student academic performance 

and engagement compared to traditional teaching methods. 

2. To identify the challenges and barriers to the implementation of AI technologies in personalized learning environments 

and propose strategies to address these issues. 

  

Hypotheses of the Study: 

Based on the literature review and objectives of the study, the following two hypotheses are formulated: 

1. H11: Implementing AI-driven personalized learning environments significantly improves students' academic 

performance compared to traditional learning environments. 

2. H12: AI-driven personalized learning environments significantly enhance student engagement and motivation 

compared to traditional learning environments. 
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Research Methodology: 

 

The study employed a survey research design to investigate the impact and potential of AI in personalized learning 

environments. This design was chosen to collect quantitative data from a large sample of students, providing a broad 

perspective on the effectiveness and implementation of AI-driven personalized learning tools. 

 

The study involved participants from various educational institutions and universities. The sample included 186 students, 

aged 18-22, and participated in the survey. They were selected to represent a diverse demographic in terms of age, gender, 

socio-economic status, and academic performance. Participants were selected using a stratified random sampling 

technique to ensure a representative sample across different educational levels, socio-economic backgrounds, and 

academic disciplines. This approach helped to achieve a balanced and generalizable dataset. 

 

Data was collected using a structured survey questionnaire. The questionnaire was designed to capture a wide range of 

information regarding the participants’ experiences, perceptions, and outcomes related to AI-driven personalized learning. 

The survey questionnaire was developed based on a comprehensive literature review and consultations with experts in 

educational technology. A pilot test was conducted with a small group of students to refine the questionnaire and ensure 

its validity and reliability. 

 

Descriptive statistics were used to summarize demographic information and survey responses followed by inferential 

statistics for validation of hypotheses. Content validity was ensured through expert reviews and pilot testing of the survey 

instrument. The internal consistency of the survey instrument was assessed using Cronbach's alpha, which yielded a value 

of 0.815. This result indicates a high level of reliability, as values above 0.8 are generally considered to reflect good 

internal consistency. Therefore, the survey items are consistently measuring the intended constructs. 

 

Data Analysis and Interpretations: 

Table 1: Demographic Profile of the Respondents 

  Frequency Percent 

Gender 
Male 126 67.7 

Female 60 32.3 

Age 

18-19 years 25 13.4 

19-20 years 27 14.5 

20-21 years 75 40.3 

21-22 years 59 31.7 

Highest Educational Qualification 
Bachelor's Degree 28 15.1 

Master's Degree 158 84.9 

Geographic Location of Institution 

Urban 82 44.1 

Suburban 62 33.3 

Rural 42 22.6 

Subject/Area of Study 

Science 34 18.3 

Technology 51 27.4 

Humanities 51 27.4 

Management 50 26.9 

 

The demographic profile of the respondents reveals a diverse and well-distributed sample across various categories. The 

gender distribution shows a higher proportion of male respondents (67.7%) compared to female respondents (32.3%). 

Age-wise, the respondents predominantly fall within the 20-21 years age group, which constitutes 40.3% of the sample. 

This is followed by the 21-22 years group (31.7%), indicating that most respondents are in the later stages of their 

undergraduate education. In terms of educational qualifications, the majority of respondents hold a Master’s degree 

(84.9%), suggesting a highly educated sample. Regarding the geographic location of their institutions, nearly half of the 

respondents are from urban areas (44.1%), with significant representation from suburban (33.3%) and rural areas (22.6%) 

as well. The respondents’ areas of study are fairly balanced, with Technology and Humanities both having the highest 

representation (27.4% each). Science (18.3%) and Management (26.9%) also have substantial representation. Overall, the 

demographic data indicate a diverse, well-educated sample with varied academic and geographic backgrounds, though 

there is a notable gender imbalance favoring males. 
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Table 2: Descriptive Statistics 

  Mean 
Std. 

Deviation 
Skewness Kurtosis 

Academic performance in the past semester 4.03 .79 -.510 .137 

Academic performance since using AI-driven personalized 

learning tools 
4.19 .86 -.951 .317 

Engagement with learning materials outside of class 4.34 .71 -1.065 1.360 

Engaged and motivated while using AI-driven personalized 

learning tools 
4.53 .56 -.869 .823 

 

The descriptive statistics for the key variables in the study provide valuable insights into the respondents' experiences and 

perceptions regarding AI-driven personalized learning tools. The mean score for academic performance in the past 

semester is 4.03 with a standard deviation of 0.79, indicating that, on average, students rate their academic performance 

as above average. The skewness value of -0.510 suggests a slight left skew, meaning that more students rated their 

performance towards the higher end of the scale. The kurtosis value of 0.137 indicates that the distribution is relatively 

flat compared to a normal distribution. 

 

When evaluating academic performance since using AI-driven personalized learning tools, the mean increases to 4.19 

with a standard deviation of 0.86. This higher mean score suggests that students perceive an improvement in their 

academic performance since the adoption of AI tools. The skewness of -0.951 indicates a stronger left skew, highlighting 

a concentration of higher ratings. The kurtosis of 0.317 suggests a distribution that is more peaked than normal, implying 

that responses are clustered around the higher end. 

 

For engagement with learning materials outside of class, the mean score is 4.34 with a standard deviation of 0.71, 

indicating high levels of engagement among students. The skewness value of -1.065 shows a pronounced left skew, with 

a large number of students indicating frequent engagement. The kurtosis value of 1.360 suggests a leptokurtic distribution, 

meaning there is a higher peak and more clustering around the mean. 

 

Regarding the level of engagement and motivation while using AI-driven personalized learning tools, the mean score is 

the highest at 4.53 with a standard deviation of 0.56.  

 

This indicates very high levels of engagement and motivation among students when using these tools. The skewness of -

0.869 demonstrates a left skew, with most students reporting high engagement and motivation.  

 

The kurtosis value of 0.823 indicates a somewhat peaked distribution, reflecting that responses are tightly clustered around 

the high mean value. 

 

Validation of Hypotheses: 

1. H11: Implementing AI-driven personalized learning environments significantly improves students' academic 

performance compared to traditional learning environments. 

 

Table 3: Paired Sample Statistics 

  Mean 
Std. 

Deviation 

Std. Error 

Mean 

Academic performance in the past semester 4.0323 .79799 .05851 

Academic performance since using AI-driven personalized learning 

tools 
4.1935 .86065 .06311 

 

Table 4: Paired Sample Test 

  

  

  

Paired Differences 

t df 
Sig. (2-

tailed) Mean 
Std. 

Deviation 

Std. 

Error 

Mean 

95% Confidence 

Interval of the 

Difference 

Lower Upper 

Academic performance in the past 

semester - Academic performance 

since using AI-driven personalized 

learning tools 

-.161 1.245 .09135 -.34 .018 
-

1.76 
185 .079 
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The hypothesis H11 suggests that the implementation of AI-driven personalized learning environments significantly 

enhances students' academic performance compared to traditional learning environments. To test this hypothesis, a paired 

samples t-test was conducted. The paired sample statistics show that the mean academic performance in the past semester 

was 4.0323 with a standard deviation of 0.79799, whereas the mean performance since using AI-driven personalized 

learning tools increased to 4.1935 with a standard deviation of 0.86065. This indicates an observed improvement in 

academic performance after the adoption of AI-driven tools. 

 

Further analysis through the paired sample test reveals a mean difference of -0.161, suggesting an average increase of 

0.161 points in academic performance following the use of AI-driven personalized learning tools. The standard deviation 

of this difference is 1.245, and the standard error mean is 0.09135. The 95% confidence interval for the difference ranges 

from -0.34 to 0.018, and the t-value is -1.76 with 185 degrees of freedom. However, the p-value of 0.079 indicates that 

the observed difference is not statistically significant at the conventional 0.05 level. The inclusion of zero within the 

confidence interval further suggests that the improvement could be due to chance rather than a definitive impact of the 

AI-driven tools. 

 

In summary, although there is a positive trend indicating an improvement in students' academic performance with the use 

of AI-driven personalized learning tools, the statistical evidence is not strong enough to confirm that this improvement is 

significant. As a result, we fail to reject the null hypothesis and cannot definitively conclude that AI-driven personalized 

learning environments significantly improve academic performance. 

 

2. H12: AI-driven personalized learning environments significantly enhance student engagement and motivation 

compared to traditional learning environments. 

 

 

Table 5: Paired Sample Statistics 

  Mean 
Std. 

Deviation 

Std. Error 

Mean 

Engagement with learning materials outside of class 4.34 .712 .0522 

Engaged and motivated while using AI-driven personalized learning 

tools 
4.53 .561 .0411 

 

Table 6: Paired Sample Test 

  

  

  

Paired Differences 

t df 
Sig. (2-

tailed) Mean 
Std. 

Deviation 

Std. 

Error 

Mean 

95% Confidence 

Interval of the 

Difference 

Lower Upper 

Engagement with learning materials 

outside of class - Engaged and 

motivated while using AI-driven 

personalized learning tools 

-.188 .772 .056 -.299 -.076 -3.32 185 .001 

 

The hypothesis H12 posits that AI-driven personalized learning environments significantly enhance student engagement 

and motivation compared to traditional learning environments. To evaluate this hypothesis, a paired samples t-test was 

conducted on two key variables: engagement with learning materials outside of class and engagement while using AI-

driven personalized learning tools. The mean engagement with learning materials outside of class is 4.34, with a standard 

deviation of 0.712 and a standard error mean of 0.0522. The mean engagement and motivation while using AI-driven 

personalized learning tools is higher at 4.53, with a lower standard deviation of 0.561 and a smaller standard error mean 

of 0.0411. 

 

The paired sample test results indicate a statistically significant difference in student engagement and motivation between 

learning materials outside of class and while using AI-driven personalized learning tools. The mean difference of -0.188 

suggests that, on average, students reported higher levels of engagement and motivation when using AI-driven tools 

compared to traditional methods. The negative sign indicates that engagement scores were lower for learning materials 

outside of class relative to AI-driven tools. 

 

Based on the statistical analysis, it can conclude that AI-driven personalized learning environments significantly enhance 

student engagement and motivation compared to traditional learning environments. The p-value of 0.001 indicates a 

strong level of statistical significance, providing robust support for hypothesis H12. The 95% confidence interval also 

confirms that the observed difference in engagement and motivation is unlikely to be due to random chance alone. 
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The findings suggest that AI-driven personalized learning tools effectively increase student engagement and motivation, 

highlighting their potential to improve educational outcomes beyond traditional methods. This supports the hypothesis 

that integrating AI technologies in educational settings can positively impact student engagement, thereby contributing 

to more effective and personalized learning experiences. 

 

Findings and Discussion: 

 

Based on the findings from the study and considering the objectives set, study discuss the effectiveness of AI-driven 

personalized learning systems in enhancing student academic performance and engagement compared to traditional 

teaching methods, as well as identify challenges and propose strategies for implementation. 

 

The study investigated the impact of AI-driven personalized learning systems on student academic performance and 

engagement. Descriptive statistics revealed that students perceived improvements in both aspects. Specifically, students 

reported a mean academic performance score of 4.19 since using AI-driven tools, which was slightly higher than the score 

of 4.03 in the past semester. However, the paired samples t-test did not show a statistically significant difference (p = 

0.079) in academic performance before and after the implementation of AI-driven tools. This suggests a positive trend 

but calls for further investigation with larger sample sizes or different methodologies to establish statistical significance 

conclusively. 

 

Regarding engagement, students indicated a higher mean score of 4.53 for engagement and motivation while using AI-

driven personalized learning tools compared to 4.34 for engagement with learning materials outside of class. The paired 

samples t-test confirmed a statistically significant difference (p = 0.001) in engagement levels between these two 

conditions. This finding supports hypothesis H12, indicating that AI-driven personalized learning environments 

effectively enhance student engagement and motivation compared to traditional teaching methods. 

 

While the study highlighted the potential benefits of AI-driven personalized learning environments, it also identified 

several challenges and barriers to their implementation. Implementing AI technologies requires robust technical 

infrastructure and support. Issues such as data integration, compatibility with existing systems, and the need for 

specialized expertise in AI development and maintenance are critical barriers. AI technologies in education raise ethical 

concerns related to data privacy, algorithmic bias, and transparency in decision-making processes. Addressing these 

concerns is essential to gaining trust and acceptance among stakeholders, including students, educators, and parents. The 

adoption of AI-driven technologies may face resistance from educators and institutions accustomed to traditional teaching 

methods. Overcoming resistance requires effective change management strategies, professional development, and clear 

communication of the benefits of AI in enhancing teaching and learning outcomes. 

 

To address these challenges, the study proposes a multifaceted approach. Investing in infrastructure and resources to 

support AI implementation, developing and adhering to ethical frameworks, and providing ongoing professional 

development and support for educators are essential steps. Collaboration among stakeholders, including educators, 

researchers, policymakers, and technology developers, is crucial for co-creating AI solutions that align with educational 

goals and values. 

 

Conclusion: 

 

The study's exploration into AI-driven personalized learning systems highlights both their potential and the intricate 

challenges associated with their integration into educational contexts. The findings underscore that while these 

technologies hold promise in enhancing student engagement and learning outcomes, their effective implementation 

requires navigating a complex landscape of technical, ethical, and cultural considerations. 

 

One of the primary insights gleaned from this research is the need for continued innovation and research in the field of 

AI in education. While initial findings suggest positive impacts on student engagement and motivation, the variability in 

results regarding academic performance signals the importance of deeper, more nuanced investigations. Larger-scale 

studies with diverse student populations and longitudinal designs could provide clearer insights into the true effectiveness 

of AI-driven personalized learning tools across different educational settings and contexts. 

 

Moreover, the study emphasizes that successful integration of AI technologies hinges on addressing technical challenges. 

This includes ensuring robust infrastructure capable of supporting AI applications, integrating disparate data sources 

effectively, and providing adequate training and support for educators to utilize these tools optimally. Overcoming these 

technical barriers requires sustained investment in digital infrastructure and ongoing professional development initiatives 

that empower educators with the skills and knowledge necessary to leverage AI for pedagogical improvement. 
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