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Abstract: In this paper, the main purpose is to discuss the adaptive resource allocation considerations, predictive 

frameworks of the adaptive resource allocation, and risk-adjusted performance frameworks in the context of 

engineering education. The analysis of the results of ten scholarly research studies with secondary data shows the 

determinant effects of previous performance and socio-economic risk factors of academic outcomes. Machine 

learning models and real-time data are proven to be accurate in predicting student success and identifying at-risk 

learners. With predictive analytics, adaptive systems result in quantifiable enhancements in the GPA, retention, 

and rates of institutional resource utilization. This incorporation of identity, motivational and behavioral indicators 

provide an equitable and individualized intervention. Risk-informed planning helps overcome achievement gaps 

that disadvantaged groups could face, and predictive dashboards facilitate academic decision-making. As 

demonstrated by the study, not only predictive frameworks contribute to improved outcomes of individual 

learning but also to the improved operational planning within engineering programs. Furthermore, these models 

enable proactive academic counseling, targeted faculty mentoring, and more efficient budget allocation for student 

services.  

Keywords: Predictive analytics, Engineering education, Machine learning, Student performance, Academic risk, 

Resource allocation, Retention improvement, Equity in education, Learning analytics, educational data mining 

Introduction  

Dynamic student demands and institutional 

constraints often lead to resource scarcity and 

fluctuating performance in engineering education. 

Traditional resource allocation models rely heavily 

on fixed inputs and fail to reflect real-time execution 

variations or institutional risks. This gap has created 

the need for predictive academic planning that 

integrates data analytics and adaptive algorithms. As 

engineering curricula become more complicated and 

outcome-based, educational institutions require 

adaptive systems that can respond to both student 

diversity and performance variability. Predictive 

frameworks that combine data analytics and 

adaptive algorithms have emerged as efficient 

solutions to this challenge. These systems can 

actively allocate faculty time, laboratory resources, 

project funding, and technological support based on 

historical efficiency trends, current data insights, 

and calculated risk measures. 

Risk-adjusted performance evaluation enhances this 

process by accounting for variables such as students’ 

prior academic background, socio-economic 

conditions, and individual learning speeds. This 

leads to a more tailored evaluation approach and 

promotes better educational consequences. 

Empirical studies have shown that predictive 

analytics are already being used successfully in 

sectors such as business and healthcare (Obermeyer 

et al., 2016), where they support data-driven 

decision-making and enhance efficiency. However, 

their adoption in engineering education remains 

limited and under-researched. 

To address this gap, the present study recommends 

a predictive framework that includes machine 

learning models, risk indicators, and performance 

forecasting tools (Pietukhov et al. 2023). The 

framework is designed to assist adaptive decision-

making in the allocation of organisational resources, 

ensuring both equity and efficiency in academic 

planning. This would maximize the value of 

academic decision-making in engineering 

education.    
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Problem statement  

The engineering programs are faced with the lack of 

efficient resource allocation with not considering the 

active student performance or the variability of risks 

that apply to engineering programs as they apply 

static planning models. Institutions cannot always 

identify and correct the various needs of the students 

and therefore students do not have equal access to 

academic support and learning aids. The lack of the 

mechanisms of predictability inhibits the proactive 

intervention, preconditioning the growth of dropout 

rates and academic underperformance. In addition, 

it is possible to note that modern systems of 

evaluation do not take into consideration the 

contextual risk factors like socio-economic 

background or previous exposure to academics, 

which leads to incorrect assessment. There is also a 

gap in integrated models which integrate data 

analytics with adaptive strategies to control 

performance and institutional resources. All of these 

points to the fact that a predictive and risk-adjusted 

system is needed that will assist in the allocation of 

resources in engineering education flexibly and 

fairly.  

Aim: 

This research aims to develop a predictive and 

adaptive framework for efficient resource allocation 

and risk-adjusted performance management in 

engineering education programs. 

Objectives: 

● To identify key performance indicators and risk 

factors affecting student outcomes in engineering 

courses. 

● To design predictive models using historical and 

real-time academic data. 

● To create an adaptive resource allocation system 

based on predicted student needs and risk levels. 

● To evaluate the effectiveness of the framework in 

improving resource efficiency and academic 

performance. 

Literature Review  

New trends in engineering education have pointed 

out the necessity of such data-driven decision-

making in relation to the increased complexity of 

academic delivery. The traditional resource 

allocation processes that tend to be based on fixed 

schedules and generalized assumptions are 

becoming receptive to real-time data of student 

performance (Parsamehr et al., 2022). This lapse has 

created wastage of resources, particularly in those 

programs that have a wide spread of abilities and 

learning rates among students. Predictive analytics 

has also proved to have good potential in 

streamlining the education process by predicting the 

needs of the students and subsequently adjusting 

academic resources as a result (Jarke, 2021). 

Decision trees, neural networks, and regression-

based methods of machine learning are currently 

under consideration in order to detect performance 

patterns and predictive dropouts prior to occurrence. 

But there are limited studies in relation to using 

these tools specifically in the context of engineering 

programs, wherein access to lab space, faculty, and 

financial assistance to carry out projects are the most 

important limitations. 

At the same time, performance measurement that is 

adjusted to risk is still not sufficiently prepared for 

an academic setting. Although this method is 

popular in the finance and healthcare industries, it is 

hardly employed in learning how external and 

individual risk factors impact student performance. 

The inclusion of such risk factors into the 

performance evaluation (socio-economic 

background, mental health indicators, or prior 

academic records) in institutions will allow for 

building a more equal support system (Hamplová, 

2022). Education technology literature indicates that 

there is need to have adaptive frameworks that will 

respond to real-time information instead of 

depending on the final assessments. 

The other existing limitation in the current studies 

includes the absence of integrated systems that 

would integrate adaptive resource distribution and 

predictive modelling. Most of the studies either 

concentrate on the study of forecasting academic 

risk or performance, or both are done together. Little 

consideration is also paid to designing scalable 

systems, which would be deployed in various 

departments or institutions (Murali, 2024). This gap 

in the literature offers a possibility to postulate an 

extensive predictive model encompassing real-time 

assessment of data, risk-balanced measures, and 

dynamic resource deployment as adaptable to 

engineering educational establishments that would 

be efficacious and inclusive in academic 

management. 

[Methodology]   

This paper uses a secondary research design to 

review and consolidate the results of previous 
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academic literature and empirical research on 

predictive analytics in engineering education 

(Cheong et al., 2023). Secondary data was selected 

due to its accessibility to diverse datasets and its 

potential to replicate validated models across 

various educational contexts. It allowed a 

comparison in several contexts, such as 

undergraduate and graduate programs, increasing 

the level of generalizability. The process is 

economical and timesaving and promotes evidence-

based reasoning using proven sources and materials 

that are peer-reviewed (Martin et al., 2024).  

Inclusion criteria involved peer-reviewed empirical 

studies published between 2018–2024, focusing on 

predictive analysis in engineering education. 

Exclusion criteria omitted articles lacking full-text 

access or experimental relevance. A summary table 

is included to highlight study features, sample sizes, 

and key findings from reviewed literature. Through 

the utilization of trusted scholarly journal sources, 

the findings of the study are considered credible and 

establish general trends and real-life implications to 

support the plan to introduce a predictive framework 

to manage resources and performance. 

Criteria Type Inclusion Criteria Exclusion Criteria 

Publication 

Type 

Peer-reviewed journal articles Non-peer-reviewed articles, grey 

literature 

Publication 

Date 

Studies published between 2018–2023 Studies published before 2018 

Focus Area Studies focused on predictive analytics in 

engineering education 

Studies unrelated to engineering 

education or lacking predictive focus 

Methodology Empirical research (quantitative, qualitative, or 

mixed methods) 

Theoretical papers without empirical 

data 

Data Access Articles with full-text access Articles without full-text access 

Language English-language publications Non-English publications 

Relevance Studies involving educational performance, 

resource management, or student retention 

Studies lacking relevance to performance 

prediction or educational context 

 

Study Year Methodology Focus Area Key Findings 

Whitcomb et al. 2020 Quantitative analysis First-year course grades High dropout risk 

predicted 

Choe & Borrego 2019 Identity-based 

modelling 

Engineering identity 

outcomes 

Identity linked to 

retention 

Patrick & 

Prybutok 

2018 ML classifier Early learner 

disengagement 

Identity improved 

detection 

Aciego et al. 2021 Predictive 

dashboards 

Lab performance alerts 
 

Failure rates decreased 

Akour et al. 2020 Deep learning Tutorial forecasting Support backlog reduced 

Alam et al. 2019 Mixed-methods Motivation & mentorship Dropouts significantly 

lowered 

Alyahyan & 

Dustegor 

2020 Ensemble ML review Model performance & 

impact 

Lab efficiency improved 

Bujang et al. 2021 ML-based allocation Midterm performance 

prediction 

GPA scores improved 
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Albreiki 2023 Topological ML 

features 

Risk detection modeling At-risk identified early 

Kukkar et al. 2023 Process modelling Performance prediction 

flow 

High classification 

accuracy 

 

A summary table (see Table 1) highlights study 

characteristics, sample sizes, predictive techniques, 

and key results from the reviewed literature. 

Exclusion standards skipped articles lacking full-

text access, peer-review status, or empirical 

relevance. Through the use of trusted academic 

sources, the findings are considered credible and 

establish general trends and practical implications to 

support the proposed predictive framework for 

handling educational resources and performance. 

Result and Discussion  

Engineering student outcomes are significantly 

influenced by prior academic records and socio-

economic risk factors. 

These factors have already been discussed earlier 

but are reiterated here to contextualize their 

predictive relevance. A part of the study by 

[Whitcomb et al. (2020)] included more than 2,000 

undergraduate engineering students and concluded 

that grades in the first-year courses on foundational 

subjects forecasted GPA and retention with an 

overall accuracy of more than 78 percent. Students 

who scored less than 70% in introductory 

mathematics or physics were 35 percent likely to 

graduate late or drop out. Besides, socio-economic 

factors—including the first-generation college, 

household income below national average, or 

insufficient availability to scholarly materials—

have also been confirmed as high-risk indicators for 

academic decline.   

 

[Figure 1]: Factors influencing academic performance and dropout rates in higher education  

Source: (Nurmalitasari et al. 2023)   

As shown in Figure 1 (Kocsis, forthcoming), socio-

economic status (SES) and prior academic 

achievement are central predictors of academic 

success in engineering education. According to 

[Choe and Borrego (2019)], the subject of identity 

formation among graduate engineering students was 

greatly affected by their background education and 

socially perceived status. Their model, which 

included as independent variables prior GPA, 

economic status and student identity scale scores, 

accounted for 48% of the variance in engineering 

identity strength, supporting the use of multi-
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dimensional predictive models. The study by Alam 

et al. (2019) demonstrated that low-income students 

needed to be supported more in their motivation and 

reinforced by the institution to be able to concentrate 

on their studies. Others who were not well supported 

academically performed at 23 percent lower levels 

than those who did not have troubled backgrounds 

financially. These studies quantify the predictive 

strength of real-time academic and socio-contextual 

factors in student performance predicting, achieving 

up to 78% accuracy in earlier models (Whitcomb et 

al., 2020). Academic models, without this 

consideration, run the risk of the omission of 

important vulnerability areas. Hence, predictive 

analytics must integrate academic and qualitative 

risk indicators to remain contextually valid and 

intervention-capable. Dealing with these 

dimensions implies better prediction and ability to 

run even interventions. This further assists in 

institutions in directing academic support to the 

neediest students, which positively improves the 

overall retention and performance rates across 

various populations.  

Predictive models using [real-time academic data 

show high accuracy] in forecasting student 

performance.   

Recent research asserts that the predictive models 

that make use of real-time academic information 

have been proven to be highly accurate in predicting 

the performance outcomes. Akour et al. (2020) 

showed that deep learning models based on records 

of attendance and weekly evaluations carried an 

87% accurate rate of predicting end-of-semester 

achievement within .3 bands of GPA. On the same 

note, Bujang et al. (2021) said that a multiclass 

prediction model, which comprised decision trees 

and support vector machines, achieved 82% F1-

score when training on datasets of 1,500 students 

who were given grades in categories A to F. 

Namoun and Alshanqiti (2020) strove to supplement 

student log-in frequency, assignment assessments, 

and posting to the forums to raise accuracy in 

prediction more than 20 percentiles above the results 

obtained with the GPA among models.  

 

[Figure 2]: Process of student performance prediction 

Source: (Alamri and Alharbi, 2021)   

Aciego et al. (2021) piloted the use of predictive 

dashboards in undergraduate engineering design 

classes and allowed instructors to identify academic 

slips three weeks before using standard grading 

rules. The variables incorporated in these 

dashboards included midterm progress and task 

submissions in labs that attained a precision of 85 

percent in risk classification. As stated by Alyahyan 

and Dustegor (2020), 38 successful models were 

reviewed and the accuracy of ensemble methods 

(such as random forest) varied between 75 and 92 

percent. These figures reinforce the practical value 

of combining machine learning in academic 

monitoring.  As formerly noted, Choe and Borrego 

(2019) emphasized the benefit of including social-

emotional variables—such as engineering 

identity—to improve model precision. [Patrick and 

Prybutok (2018)] discovered that incorporation of 

identity scores brought prediction reliability of 

student persistence to a new level of 15%. Such 

insights extend model capability beyond academics 

by recording motivational and psychological 

dimensions. Altogether, these findings support the 

use of integrated models that merge academic data 

with affective indicators to enhance timely actions 

and optimize performance outcomes in engineering 

education. 

Machine learning algorithms effectively identify 

at-risk students before critical academic failure 

points. 

Machine learning (ML) methods have proved to be 

tremendously successful in predicting at-risk 

students long before they fail in their academics. 

According to Bujang et al. (2021), they identified 

risky students with 85 percent recall (identifying all 
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of them) and a 79 percent precision (not incorrectly 

identifying anyone) by examining a random forest 

model based on mid-term grades, tutorial 

attendance, and assignment behaviors. In their study 

of neural networks on weekly test scores and 

interaction logs Akour et al. (2020) achieved an 87 

percent accuracy rate of determining the student at 

risk of failure as early as the fifth week of the 

semester. Namoun and Alshanqiti (2020) 

demonstrate that early warning systems based on 

ML permitted the intervention to at least three weeks 

earlier than in conventional recognition points, 

resulting in a mean 0.4 increase in final GPA among 

the flagged students who received remedial 

resources.  

 

[Figure 3]: Extracting topological features to identify at-risk students using machine learning and graph 

convolutional network models 

Source: (Balqis Albreiki, 2023) 

Patrick and Prybutok (2018) reported that 

integrating engineering identity levels into a 

machine learning classifier improved early 

acknowledgment of disengaged learners by 18 

percent. Aciego et al. (2021) used classification 

models on laboratory performances and observed 

that predictive flags activated specific assistance 

mechanisms that decreased the occurrence of 

several failures a few times over (21% down to 9%). 

Alam et al. (2019) stressed the importance of socio-

motivational factors in the accuracy of the 

classification, and the score of the level of 

entrepreneurial motivation enhanced the reliability 

of the prediction by 12 per cent. As previously 

noted, (Whitcomb et al., 2020), foundational course 

grades are strong dropout predictors—students 

scoring below 65% faced a 42% risk of attrition. 

This reiteration supports the integration of early 

academic indicators with behavioral and 

motivational data.   

Adaptive allocation of resources such as faculty 

time and lab access improves learning efficiency. 

Research has also indicated that there is 

demonstrable improvement in academic efficiency 

through real-time data integration into the adaptive 

resource planning. In one study (Aciego et al., 2021) 

the software used was dynamic scheduling (DS), 

whereby an engineering design course gave specific 

struggling students more time in the lab and 

interaction time with the instructor based on their 

reported behavior. The result of this intervention 

was the increased average lab-task completion by 

22% and project scores by 12%. 
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[Figure 4]: Application of adaptive resource allocation algorithm and communication network security in 

improving educational video transmission quality  

Source: (Guangzhi, 2021) 

Patrick and Prybutok (2018) combined engineering 

identity scores into teaching allocation models and 

detected a 10 percent improvement in learning 

outcomes among mentored students. Whitcomb et 

al. (2020) demonstrated that performance support in 

foundational courses improved student retention in 

core engineering modules by at least 15 percent. 

According to Akour et al. (2020), even teaching 

assistants may be distributed weekly to high-risk 

clusters and achieve a decrease in exam failure rate 

by 18% with the help of predictive triggers. As 

Bujang et al. (2021) demonstrated, the grade-based 

model they used was adaptive, so they could allocate 

tutorial groups according to it and raise their average 

midterm grades by 0.5 GPA points. Among the 

latest developments, Alam et al. (2019) suggested 

including motivational diagnostics into lab pairing 

and mentorship plans, asserting that the practice 

enhanced the student collaboration and problem-

solving scores. In a more recent strategy, Alam et al. 

(2019) proposed the use of motivational diagnostics 

in lab pairing and mentoring plans, which 

significantly improved collaborative and problem-

solving performance. Alyahyan and D Gr (2020) 

affirmed that the institutions that applied adaptive 

analytics to their analytics displayed significant 

increases in the efficiencies of lab resources usage 

by 17 percent against the static resource schedule. 

Choe and Borrego (2019), as previously discussed, 

linked identity-based adaptive interventions to 

enhanced graduate publication outcomes, extending 

their earlier findings on retention.  

The proposed framework enhances support for 

students from diverse risk backgrounds. 

The proposed framework enhances support for 

students from diverse risk backgrounds by 

integrating identity-based and performance-

responsive interventions. According to [Choe and 

Borrego (2019)], the underrepresented graduate 

students who were assisted with the help of 

engineering identity-based interventions reported a 

15 percent increment of their retention in their 

program. Low scoring students on the identity scale 

had their dropout risk at 25 percent higher than their 

counterparts, whereas early mentoring reduced the 

risk by 18 percent on the basis of identity metrics 

(Patrick and Prybutok, 2018). These findings 

emphasize the value of identity metrics in shaping 

responsive academic support. Modular support 

plans designed based on lab activity tracking were 

created by Aciego et al. (2021) whose application 

narrowed the pass-fail gap between high- and low-

income students by 8 percentage points. As 

referenced earlier, Whitcomb et al. (2020) also 

demonstrated that tailored academic interventions 

for first-generation students improved success rates 

by 12 percent, reinforcing the importance of 

context-aware planning. 
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[Figure 5]:  Cluster comparison for the selected variables 

Source: (Andrés González-Nucamendi et al., 2023)   

 As Alam et al. (2019) indicate, when dealing with a 

large number of cohorts in engineering, risk factors, 

such as financial instability or the absence of 

motivation to become an entrepreneur, should define 

the resource allocation. A review conducted by 

Namoun and Alshanqiti (2020), following more than 

50 studies, emphasized that predictive 

personalization systems indicated a better academic 

consistency within the at-risk category by 20 

percentiles. Akour et al. (2020) report that the 

students in the bottom quartile of attendance, 

attendance percentage, and performance university-

wide experienced an average GPA increase of 0.6 

compared to their counterparts of non-prioritized 

tutoring when the prioritization was based on 

predictive models. In the research by Alyahyan and 

Dusnteg (2020), the researchers successfully 

concluded that dynamic risk-informed dashboards 

assist in narrowing the performance inequality as 

they align academic support with personal need. 

This conclusion highlights that predictive, risk-

based models bring about targeted interventions as a 

way of advocating inclusivity in engineering student 

success and reversing the achievement gap. 

Implementation of the predictive system leads to 

measurable improvements in academic 

performance and resource utilization. 

High-level adoption of predictive academic systems 

has led to significant breakthroughs in improving 

student performance. It is an enhancement of 

institutional efficiency piloted by Aciego et al. 

(2021) and was applied in courses of undergraduate 

engineering design. This model not only increased 

the average scores on projects 15%, but it also cut 

down the wasted lab time by 10%.    

 

[Figure 6]: PdM process and technologies to drive PdM. 

Source: (Çınar et al.,2020) 

According to Namoun and Alshanqiti (2020), the 

retention of students and the enrollment in repeated 

courses increased by 12% and 9%, respectively in 

those universities that incorporated predictive 

learning analytics. As referenced earlier, Whitcomb 

et al. (2020) also found that embedding predictive 
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triggers in core courses led to a 10-point increase in 

four-year graduation rates, reinforcing the value of 

early academic signals. In the assignment 

forecasting setting, Akour et al. (2020) used deep 

learning so that tutorial sessions could be managed 

more effectively, cutting down backlog support 

requests by 21%. According to Bujang et al. (2021), 

their ML-based optimization approach also lowered 

the average course failure rates by 48 percent (24 per 

cent to 14 per cent). Patrick and Prybutok have 

demonstrated that identifying identity-informed 

assignment of faculty mentorship decreased the 

attrition by 13% (2018). Building on earlier 

findings, Choe and Borrego (2019) linked identity-

based predictors to upgraded research output and 

shorter time to degree among graduate students. 

Alam et al. (2019) suggested that motivation-driven 

interventions decreased the semester dropouts of 

high-risk students by 16%. Alyahyan and Dustegor 

(2020) concluded that institutions using adaptive 

prediction models experienced a substantial boost in 

academic performance, though the reported 1,720% 

increase appears to be an outlier and may require 

further validation.    

Conclusion  

This paper shows that predictive models, which 

involve real-time academic data, machine learning 

methods, and risk-adjusted performance-based 

metrics, can enhance student performance and 

resource utilization in engineering curricula to a 

large extent. In institutions with early identification 

of the at-risk learners and dynamic transfers of 

resources towards individual needs, performance 

disparities become bridged, and retention increases. 

Social-economic and identity-related integrations 

provide equity in the academic support. This is 

empirically validated in numerous sources, with 

discernible improvement in GPA, graduation rates, 

and resources. The above findings confirm the need 

to implement predictive and adaptive education 

systems to accelerate success within the complexity 

and data-rich environments in engineering 

education. 
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