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The influence of personality traits on academic motivation and learning strategies: A 

pathway to reducing STEM students’ attrition (NSF IUSE Project). 

1. Introduction 

 

Graduates in science, technology, engineering, and mathematics (STEM) fields are essential for economic 

growth, technological advancement, and global competitiveness [1], [2]. Despite high workforce demand, 

many countries continue to experience shortages of qualified STEM professionals, particularly among 

marginalized populations in the United States [3], [4]. A major contributor to this shortage is persistent 

STEM attrition, defined as students leaving STEM programs by switching majors, withdrawing from 

college, or discontinuing their studies [5]. Attrition rates among African American students have been 

reported to be significantly higher than those of their white counterparts [6]. Although Historically Black 

Colleges and Universities (HBCUs) play a critical role in producing Black STEM graduates, attrition within 

these institutions remains a significant concern. 

 

STEM attrition is widely recognized as a multifactorial issue influenced by academic preparedness, 

institutional resources, and socio-psychological factors [7], [8]. Among individual factors, personality traits 

have emerged as important predictors of students’ learning behaviors, motivation, and academic outcomes 

[9], [10]. The Big Five personality model categorizes personality into openness, conscientiousness, 

extraversion, agreeableness, and neuroticism [11]. Prior studies have reported that traits such as openness 

and conscientiousness are positively associated with academic achievement, persistence, and emotional 

regulation in learning environments [12]–[14]. 

 

Motivation is another critical determinant of academic success and persistence in STEM disciplines. High 

levels of motivation have been identified as essential for success in demanding academic fields, while low 

motivation has been linked to poor academic performance and increased likelihood of dropout [15]–[18]. In 

addition, pedagogical approaches such as active learning have been shown to improve student engagement, 

enhance learning outcomes, and support persistence in STEM education [19]–[21]. 

 

Although personality traits, motivation, and pedagogical practices have each been widely studied, limited 

research has examined how these factors interact to influence motivational outcomes within HBCU STEM 

environments. Understanding these relationships is essential for developing evidence-based strategies to 

reduce attrition among underrepresented STEM students. 

 

Accordingly, this study investigates the relationship between personality traits, active learning pedagogical 

interventions, and motivational ratings among STEM students at an HBCU. Specifically, the study aims to: 

 

1. examine the relationship between personality traits and motivational ratings; 

2. determine whether pedagogical interventions influence motivational ratings; and 

3. assess whether personality traits influence motivation following pedagogical intervention. 



2. Conceptual Framework 

This study is grounded in the Big Five personality framework and motivation theory to examine factors 

influencing STEM students’ academic motivation. The conceptual model was developed by the authors 

based on established theoretical constructs and prior empirical findings in educational psychology and 

STEM education research. 

The Big Five model categorizes personality into five dimensions: openness, conscientiousness, extraversion, 

agreeableness, and neuroticism [11]. These traits influence how students perceive academic challenges, 

regulate emotions, and engage with learning environments [9], [10]. Prior research has shown that openness 

and conscientiousness are positively associated with academic persistence, self-regulation, and learning 

achievement, while neuroticism is often linked to academic stress and reduced performance [12]–[14]. 

Academic motivation serves as a central outcome variable within the framework. Motivation initiates 

learning behaviors, sustains academic effort, and supports goal-directed engagement in demanding 

disciplines such as STEM [17], [18]. Students with higher motivation levels are more likely to persist 

through academic challenges and demonstrate stronger learning outcomes [15], [16]. 

In addition to individual personality factors, pedagogical practices are conceptualized as contextual 

influences on student motivation. Active learning strategies that promote student participation, 

collaboration, and engagement have been shown to enhance motivation and improve learning outcomes 

in STEM education [19]–[21]. Within this study, pedagogical intervention is treated as an environmental 

factor that may influence motivational ratings directly and potentially interact with personality traits. 

Based on this framework, the study examines whether personality traits predict students’ motivational 

ratings, whether pedagogical interventions influence motivation, and whether interaction effects exist 

between these factors. 

 

3. Methods 

3.1 Research Design 

This study employed a quantitative research design to examine the relationship between personality traits, 

pedagogical interventions, and academic motivation among STEM students. A structured survey instrument 

was used to collect self-reported data on personality traits, motivational ratings, and perceptions of 

pedagogical practices. The quantitative approach enabled systematic analysis of relationships among 

variables and supported objective evaluation of the study objectives. 

3.2 Participants and Setting 

Participants consisted of undergraduate and graduate students enrolled in STEM programs at a Historically 

Black College and University located in the northeastern United States. A total of 163 students participated 

in the study, representing disciplines including Civil and Environmental Engineering, Computer Science, 

and Biology. The sample included both full-time and part-time students across different academic levels, 

providing a diverse representation of STEM learners within the institution. 



3.3 Data Collection Instrument 

Data were collected using a questionnaire that incorporated measures of personality traits, motivational 

ratings, and perceptions of pedagogical interventions. Personality traits were assessed based on the Big Five 

personality dimensions. Motivational ratings were captured using self-reported Likert-scale responses that 

reflected students’ academic engagement, persistence, and effort. Pedagogical intervention items measured 

students’ exposure to active learning strategies, including collaborative learning and interactive instructional 

practices. 

3.4 Data Analysis Procedures 

Multiple statistical techniques were employed to analyze the relationships among variables and address the 

study objectives. Kendall’s tau-b correlation analysis was used to examine associations between personality 

traits and motivational ratings. Linear regression analysis was conducted to evaluate the predictive influence 

of personality traits on motivation. Ordinal logistic regression was applied to assess the impact of 

pedagogical interventions on motivational ratings, while hierarchical linear regression analysis was used to 

examine the combined and interaction effects of personality traits and pedagogical interventions. 

The use of multiple analytical methods strengthened the robustness of the study by allowing comprehensive 

evaluation of direct, indirect, and interaction relationships among variables. This multi-analytical approach 

enhanced internal validity and improved interpretability of findings related to student motivation within the 

STEM educational context. 

 

4. Results 

4.1 Participant Characteristics 

A total of 163 STEM students participated in the study. Of these, 62.0% identified as male and 38.0% as 

female. Participants were distributed across age groups, with the largest proportions between 21–25 years 

and 26–30 years. Approximately 50.3% were graduate students, while the remaining participants were 

undergraduates across all academic levels. Students from Civil and Environmental Engineering constituted 

the largest proportion of the sample (65.6%), followed by Computer Science (26.4%) and Biology (8.0%). 

These distributions indicate broad representation of STEM learners within the institution. 

4.2 Relationship Between Personality Traits and Motivation 

Correlation analysis using Kendall’s tau-b indicated a weak positive relationship between personality traits 

and motivational ratings (r = 0.138). However, the relationship was not statistically significant at the 5% 

level (p = 0.071). This suggests that although higher personality trait scores were slightly associated with 

increased motivation ratings, the relationship was not sufficiently strong to demonstrate a meaningful 

predictive effect. 

 

Table 1. Correlation Between Personality Traits and Motivation 

Variable Kendall’s T p-value 

Personality Traits vs. Motivational Rating 0.138 0.071 



4.3 Predictive Effect of Personality Traits 

Linear regression analysis further examined whether personality traits predicted motivational ratings. 

Results showed a small positive regression coefficient (B = 0.043; B = 0.047), indicating that increases in 

personality trait scores were associated with only minimal increases in motivational ratings. The relationship 

was not statistically significant (p = 0.554), confirming that personality traits alone did not significantly 

predict student motivation. 

 

Table 2. Regression Analysis of Personality Traits Predicting Motivation 

Predictor B ȕ p-value 

Personality Traits 0.043 0.047 0.554 

4.4 Influence of Pedagogical Interventions 

Ordinal logistic regression analysis showed that pedagogical intervention categories did not significantly 

predict motivational ratings. Compared to the reference category, intervention categories exhibited negative 

or negligible regression coefficients, none of which reached statistical significance. These results indicate 

that exposure to active learning strategies did not produce measurable differences in self-reported motivation 

among the participants. 

4.5 Combined Effects of Personality Traits and Pedagogy 

Hierarchical regression analysis examined the combined and interaction effects of personality traits and 

pedagogical interventions on motivational ratings. Results indicated that neither personality traits nor 

pedagogical interventions independently predicted motivation. Additionally, the interaction term between 

personality traits and pedagogical intervention was not statistically significant, suggesting no moderating 

effect between these variables. 

Table 3. Summary of Hierarchical Regression Findings 

Predictor B p-value 

Personality Traits 0.117 0.152 

Pedagogical Intervention 0.030 0.680 

Interaction Effect -0.131 0.454 

Overall, the results consistently demonstrated weak and statistically non-significant relationships between 

personality traits, pedagogical interventions, and motivational ratings. The findings indicate that, within this 

sample, neither personality characteristics nor instructional interventions independently or jointly explained 

significant variations in students’ motivation. 

 

5. Discussion 

This study examined the relationship between personality traits, pedagogical interventions, and motivational 

ratings among STEM students at an HBCU. The findings revealed weak and statistically non-significant 

relationships across all tested models, indicating that neither personality traits nor pedagogical interventions 

independently or jointly predicted motivational outcomes. 



These results contrast with many prior studies that have reported strong associations between personality 

traits and academic performance in STEM disciplines [22]–[24]. However, the findings are consistent with 

literature suggesting that the influence of personality traits on learning outcomes is often context-dependent 

and may vary based on factors such as gender, field of study, and institutional environment 

[25]–[29]. In particular, the composition of the study sample likely contributed to the observed results. 

Approximately half of the participants were graduate students, who typically exhibit higher levels of intrinsic 

motivation and more defined academic goals. This high baseline motivation may have reduced variability 

in motivational ratings and limited the detectable effects of personality traits and pedagogical interventions. 

Additionally, the findings support arguments that institutional and environmental factors may play a more 

significant role in influencing STEM persistence than individual personality differences alone. Previous 

research has highlighted the importance of institutional support, mentoring, and sense of belonging in 

reducing STEM attrition, particularly within minority-serving institutions [30]. In this context, the 

supportive academic environment of the HBCU may have mitigated the influence of individual personality 

characteristics on motivation. 

The lack of significant effects for pedagogical interventions also contrasts with prior studies demonstrating 

positive impacts of active learning on engagement and learning outcomes [19]–[21]. One possible 

explanation is that pedagogical interventions may influence long-term persistence and academic 

performance rather than short-term self-reported motivational ratings. These findings suggest that 

motivation in STEM education is shaped by complex interactions between individual, institutional, and 

contextual factors rather than by single predictors alone. 

 

6. Conclusion and Future Work 

This study highlights the complex relationship between personality traits, pedagogical interventions, and 

academic motivation among STEM students in an HBCU context. Although prior research has widely linked 

personality traits and active learning strategies to improved academic outcomes, the findings of this study 

indicate that their influence on short-term motivational ratings may be less pronounced than previously 

assumed. The results suggest that institutional context, baseline motivation levels, and student characteristics 

such as academic level may play a more significant role in shaping motivation and persistence. Future 

research should therefore focus on stratified analyses separating undergraduate and graduate populations 

and incorporate institutional and environmental variables to better understand the factors influencing STEM 

retention among underrepresented students. 

 

7. Conclusion and Future Work 

This study highlights the complex relationship between personality traits, pedagogical interventions, and 

academic motivation among STEM students in an HBCU context. Although prior research has widely linked 

personality traits and active learning strategies to improved academic outcomes, the findings of this study 

indicate that their influence on short-term motivational ratings may be less pronounced than previously 

assumed. The results suggest that institutional context, baseline motivation levels, and student characteristics 

such as academic level may play a more significant role in shaping motivation and persistence. Future 

research should therefore focus on stratified analyses separating undergraduate and graduate populations 

and incorporate institutional and environmental variables to better understand the factors influencing STEM 

retention among underrepresented students. 



Acknowledgement 

This research is funded by National Science Foundation Grant #1915615, titled “Adapting an Experimental-

centric Teaching Approach to Increase Student Achievement in Multiple STEM Discipline”. The opinions, 

results, and conclusions presented are solely those of the authors and do not necessarily represent the views 

of the National Science Foundation. 

 

References 

[1] S. Fayer, A. Lacey, and A. Watson, “STEM occupations: Past, present, and future,” Spotlight on 

Statistics, vol. 1, pp. 1–35, 2017. 

[2] M. J. Pi<tkowski, “Expectations and challenges in the labor market in the context of industrial revolution 

4.0: The agglomeration method-based analysis for Poland and other EU member states,” Sustainability, vol. 

12, no. 13, p. 5437, 2020. 

[3] P. López, P. Simó, and J. Marco, “Understanding STEM career choices: A systematic mapping,” 

Heliyon, vol. 9, no. 6, 2023. 

[4] C. D. Moemeke, “STEM education and workforce development in Africa: Unraveling impediments 

towards bridging the skills gap,” American Journal of STEM Education, vol. 17, pp. 81–110, 2026. 

[5] D. S. O’Keefe et al., “A mixed methods analysis of STEM major attrition at the U.S. Air Force 

Academy,” Journal of Military Learning, vol. 6, no. 1, pp. 15–38, 2022. 

[6] C. Riegle-Crumb, B. King, and Y. Irizarry, “Does STEM stand out? Examining racial/ethnic gaps in 

persistence across postsecondary fields,” Educational Researcher, vol. 48, no. 3, pp. 133–144, 2019. 

[7] J. W. Hur et al., “Improving retention and success of African American students in computer science: 

A mixed-method case study at an HBCU,” Trends in Higher Education, vol. 3, no. 4, pp. 912–927, 2024. 

[8] N. Davis and E. Burkholder, “Real-world problem-solving class is correlated with higher student 

persistence in engineering,” arXiv preprint, arXiv:2405.03822, 2024. 

[9] A. Vedel, “Big Five personality group differences across academic majors: A systematic review,” 

Personality and Individual Differences, vol. 92, pp. 1–10, 2016. 

[10] V. Veloso Gouveia et al., “A short version of the Big Five Inventory (BFI-20): Evidence on construct 

validity,” Assessment, vol. 28, no. 3, pp. 739–758, 2021. 

[11] C. E. Sleep, D. R. Lynam, and J. D. Miller, “A comparison of the validity of very brief measures of 

the Big Five/Five-Factor Model of personality,” Assessment, vol. 28, no. 3, pp. 739–758, 2021. 

[12] S. Mammadov, “Big Five personality traits and academic performance: A meta-analysis,” Journal of 

Personality, vol. 90, no. 2, pp. 222–255, 2022. 

[13] R. Rani Bhattacharjee and A. Ramkumar, “Effect of Big Five personality dimensions on the academic 

performance of college students,” Frontiers in Psychology, vol. 16, p. 1490427, 2025. 

[14] X. Dong et al., “Emotional intelligence and personality traits based on academic performance,” 

Frontiers in Psychology, vol. 13, p. 894570, 2022. 

[15] L. M. Muntean et al., “The relationship between personality, motivation and academic performance 

among medical students,” International Journal of Environmental Research and Public Health, vol. 19, no. 

15, p. 8993, 2022. 

[16] V. Bhagat et al., “The relationship between Big Five personality traits and academic performance in 

medical students,” Research Journal of Pharmacy and Technology, vol. 12, no. 9, pp. 4189–4196, 2019. 

[17] Z. Zhou and Y. Zhang, “Intrinsic and extrinsic motivation in distance education: A self-determination 

perspective,” American Journal of Distance Education, vol. 38, no. 1, pp. 51–64, 2024. 



[18] P. Suharnadi, S. Neviyarni, and H. Nirwana, “The role and function of learning motivation in 

improving student academic achievement,” Manajia: Journal of Education and Management, vol. 2, no. 1, 

pp. 1–8, 2024. 



[19] A. Munna and M. Kalam, “Impact of active learning strategy on student engagement,” GNOSI: An 

Interdisciplinary Journal of Human Theory and Praxis, vol. 4, no. 2, pp. 96–114, 2021. 

[20] M. L. Stanberry and W. R. Payne, “Active learning in undergraduate STEM education: A review,” 

Research Highlights in STEM Education, 2018. 

[21] A. C. Lau et al., “Characteristics of departments with high use of active learning in introductory STEM 

courses,” International Journal of STEM Education, vol. 11, no. 1, p. 10, 2024. 

[22] H. N. Perera, P. McIlveen, and M. E. Oliver, “The mediating roles of coping and adjustment in the 

relationship between personality and academic achievement,” British Journal of Educational Psychology, 

vol. 85, no. 3, pp. 440–457, 2015. 

[23] H. Wang et al., “The influences of the Big Five personality traits on academic achievement,” 

Frontiers in Psychology, vol. 14, p. 1065554, 2023. 

[24] R. Idris et al., “Beyond grades: Investigating the influence of personality on STEM pathways,” 

International Journal of Academic Research in Business and Social Sciences, vol. 13, no. 5, pp. 2749–2761, 

2023. 

[25] Y. Zhang and H. Wang, “Effect of learning motivation on academic performance: The moderating role 

of personality traits,” Psychology Research and Behavior Management, pp. 2187–2199, 2023. 

[26] B. Dumfart and A. C. Neubauer, “Conscientiousness is the most powerful noncognitive predictor of 

school achievement,” Journal of Individual Differences, vol. 37, no. 1, pp. 8–15, 2016. 

[27] S. Mammadov, T. L. Cross, and P. Olszewski-Kubilius, “Personality traits, autonomous motivation, 

and academic achievement,” Roeper Review, vol. 43, no. 3, pp. 161–172, 2021. 

[28] J. Meyer et al., “Personality traits and domain-specific academic achievement,” Learning and 

Individual Differences, vol. 69, pp. 45–59, 2019. 

[29] C. Kusnierz, A. M. Rogowska, and I. Pavlova, “Gender differences, personality traits, academic 

performance, and motivation,” International Journal of Environmental Research and Public Health, vol. 

17, no. 16, p. 5729, 2020. 

[30] A. M. Ahmad, “Persistence and attrition in STEM majors for a career choice,” 2024. 


