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 Although modern database systems increasingly rely on parallel and 

distributed execution, parallel computing is often taught separately from 

database courses. This study addresses this gap by embedding parallel 

computing readiness directly into database education through a competency-

based instructional module. The study designed and evaluated an integrated 

module that introduced students to parallel execution reasoning through 

authentic database tasks. A quasi-experimental pre-test/post-test design with 

an experimental group (EG) (N=81) and a control group (CG) (N=71) was 

utilized to assess learning outcomes over four competency dimensions: 

parallel computing readiness, content/theoretical competence, 

organizational/practical competence, and motivational competence. Clear 

evidence of a shift from low competency levels to average and high 

competency levels within the EG was evident across all competency 

dimensions, with the strongest changes observed in content/theoretical 

competence, where low-level ratings decreased from 87.7% to 25.9%, and 

organizational/practical competence, where low-level ratings decreased from 

88.9% to 37.0%. In contrast, the CG showed only limited improvement and 

remained predominantly at the low level across the main competency 

dimensions. The study provides support for the integration of parallelism 

with authentic database projects and offers a replicable model for assessing 

and developing parallel computing readiness in modern database curricula. 
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1. INTRODUCTION 

The proliferation of data-intensive applications has fundamentally altered the way that we think 

about executing the many tasks of database management systems in modern computing. The increasing 

demands of such applications are changing the nature of how we interact with them, to include new 

paradigms for large-scale analytics, processing of contested cloud systems, and the like. As a result, database 

management systems are evolving from being just a large collection of records, to being the primary 

execution engines for running multiple tasks concurrently and simultaneously interpreting and optimizing 

query results across the available resources in the distributed environment. Large-scale data processing is 

commonly represented through the MapReduce model and modern unified engines such as Apache Spark, 
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both of which rely on distributed and parallel execution principles [1], [2]. In this context, Orynbekova et al. 

[3] show that learners need structured support to understand how conventional tasks can be reformulated for 

distributed MapReduce-style execution. As such, students who can write structured query language (SQL) 

may still struggle to interpret how database systems actually process queries, optimize workloads, and 

distribute computation if they lack parallel-processing concepts such as task decomposition, overhead, 

synchronization, and performance measurement. These competencies are directly relevant to computer 

engineering because they support the analysis and optimization of database workloads across multicore, 

distributed, and cloud computing environments. 

Database education research increasingly emphasizes that a key learning goal is not only writing 

SQL queries but also understanding how SQL queries are processed in an relational database management 

system (RDBMS) in practice [4]. This is important because query processing connects SQL formulation with 

validation, algebraic transformation, execution plans, physical access methods, database statistics, and 

execution-cost estimation [5]. Query execution plans can also reveal optimizer decisions, semantic issues, 

and performance-related behavior that are often hidden from novice users [6]. At the same time, SQL 

learning itself remains challenging. Taipalus [7] showed that increasing database schema complexity can 

reduce students’ query formulation success, while Miedema et al. [8] and Miedema et al. [9] showed that 

SQL errors often reflect misconceptions, incomplete mental models, and difficulties with declarative 

reasoning. These findings suggest that database instruction should develop conceptual and diagnostic 

reasoning, not only syntactic query-writing ability. 

Parallel computing education research also shows sustained challenges in teaching both theoretical 

concepts and practical skills [10]. Most curriculum proposals in the area of parallel and distributed computing 

emphasize the significance of basic subject knowledge gained by computer science students through 

compulsory courses taken by them [11]. Results from earlier studies have emphasized the need to implement 

parallel and distributed computing into more courses rather than confining it to elective courses only [12]. 

Empirical studies further suggest that parallel concepts can be taught effectively when instruction is carefully 

scaffolded and connected to meaningful tasks. For example, Brodanac et al. [13] found that students can 

understand and apply basic parallel programming concepts, although they may perceive the topic as more 

difficult than other computing topics. More specifically, the work of Orynbekova et al. [3] demonstrates the 

impact of structured, task-based instruction on the learning effectiveness of parallel and distributed paradigms, 

particularly when learners compare solution strategies across different platforms. Recent studies further show 

that parallel and distributed computing education increasingly emphasizes early exposure, hands-on 

programming, performance analysis, data-intensive workloads, and GPU-based parallelism [14]-[16]. 

In database education, this need for scaffolding is especially visible in the teaching of query execution 

plans. Liu et al. [17] proposed natural-language support for helping learners understand query execution 

strategies, while Wang et al. [18] emphasized that understanding alternative query plans is important for 

explaining why one execution plan is selected over another. At the same time, practical work with real systems 

provides an opportunity for students to link theoretical concepts with such aspects of the implementation of 

database execution plans as profiling information, storage system performance, limitations of CPU and 

memory, and performance issues. This engineering context now also includes multicore processors, distributed 

database systems, cloud platforms, GPU accelerators, and parallel data-processing frameworks, where workload 

partitioning, resource allocation, scalability, and execution cost become important design considerations  

[14]-[16], [19], [20]. This is consistent with performance-oriented cloud and HPC education, where theoretical 

concepts are combined with real platforms, workload characterization, and performance evaluation tools [19]. 

Similarly, Striki and Haghani [21] argue that cloud computing courses require careful selection of 

concepts, tools, and pedagogical pathways because the field combines distributed and parallel computing, 

programming models, systems design, data science, and machine learning. This supports the need to integrate 

parallelism into database education without turning the course into an unbounded systems survey. In Kazakhstan, 

the need for practice-oriented and digitally supported computing education is also visible in recent higher 

education research. Kurakbayeva and Xembayeva [22] showed that digital educational interventions can improve 

cognitive outcomes, motivation, and professional orientation among university students, while Abildinova et al. 

[23] reported positive student perceptions of active learning and digital integration in a computer science course. 

For the Kazakhstani context, this evidence is important because higher education institutions are 

expected to prepare graduates for increasingly digital and performance-oriented professional environments. 

Broader evidence from active learning and STEM interventions also indicates that practice-centered approaches 

can improve student outcomes and reduce disengagement compared with passive instruction [24]-[26]. At the 

same time, cloud and distributed learning environments require attention to privacy, security, and governance of 

learner data, particularly when logs, performance traces, or telemetry are collected for assessment [27]. 

Motivation is also an important consideration. Since parallel computing is often perceived as 

difficult [13], integrating it into database education should not add unnecessary cognitive burden or reduce 

student engagement. Active and practice-centered learning designs can support engagement while helping 
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students persist in demanding technical tasks [24], [25]. For the topic of parallelism-in-databases, it would be 

preferable for students to be trained by providing them with opportunities to apply parallel reasoning, such as 

interpreting plans, predicting bottlenecks, and benchmarking configurations, on a continuous basis rather 

than simply reading about them. 

AI technologies have also begun to play a larger role in modern technical learning environments. 

Recent reviews show that large language models are increasingly relevant to engineering and computing 

tasks, including code generation, debugging, verification, and analysis [28], [29]. Although AI is not required 

to teach students about parallel databases, it is part of a complex ecosystem of tools that affects how students 

search for help, debug code, and verify work. Therefore, the curriculum should explicitly outline acceptable 

tool use and verification expectations, especially in technical modules where students may be tempted to use 

AI assistance rather than develop their own reasoning capabilities. 

Taken together, this literature shows a specific gap: although prior studies address SQL and query-

plan education, parallel and distributed computing courses, and broader hands-on computing instruction, 

limited evidence examines parallel computing readiness as an integrated database-engineering competency 

within a standard database course. This gap establishes an opportunity to embed parallel computing readiness 

directly into database education through a competency-based and tool-mediated instructional module. In this 

scope of research, learning outcomes are framed through four parallel competency dimensions: parallel 

computing readiness, content/theoretical competence, organizational/practical competence, and motivational 

competence. The framework captures conceptual understanding of parallel operators and execution behavior, 

operational ability to execute benchmarking and interpret performance evidence, and learner motivation, 

including perceived usefulness and willingness to engage with challenging material. This framework is also 

consistent with previous findings indicating that parallel instruction is feasible but demanding [13], that 

hands-on approaches can improve student learning outcomes [19], [26], and that structured digital 

interventions can produce measurable improvement in Kazakhstan’s higher education context [22], [23]. 

The novelty of this study therefore lies not in arguing that parallel computing is important, but in 

operationalizing parallel computing readiness as a database-focused instructional and assessment framework 

that combines authentic database tasks with multidimensional competency evaluation. By providing a 

database-specific sequential/parallel query comparison, execution-plan interpretation, benchmarking, workload 

distribution, and cloud-based database tasks together with multidimensional competency assessment, the study 

facilitates parallelism instruction without requiring a separate course dedicated solely to parallel programming 

and provides interpretable evidence of learning impact. The goal of the present study is to create and assess a 

competency-based instructional module that embeds parallel computing concepts into database instruction and 

develops students’ ability to analyze and interpret parallel database execution and performance. 

 

 

2. PEDAGOGICAL FRAMEWORK, COMPETENCY MODELS, AND LEARNING ENVIRONMENT 

This project applied a competence-based model framework to evaluate students’ preparedness to use 

parallel computing for database tasks. It proposes that preparedness can be viewed through four related 

dimensions, with parallel computing readiness treated as the overarching outcome supported by motivational 

competence, content/theoretical competence, and organizational/practical competence. Competencies for 

working with parallel computing include; i) reasoning about and utilizing ideas of parallel execution while 

performing tasks within a database, ii) engagement, iii) perceiving usefulness, iv) self-confidence,  

v) understanding the concepts of parallelism and execution models and their impact on performance, and  

vi) ability to manage workflows, run tools, execute experiments, and interpret the results. 

All instruction was linked together by having students work on realistic database projects or tasks while 

gradually increasing their complexity. This was accomplished by moving from processing database tasks 

sequentially to processing them in parallel and comparing their execution performance over time. Representative 

activities included comparing sequential and parallel SQL execution, interpreting query execution plans, 

decomposing database-processing tasks with Python, executing workloads in local and networked environments, 

and benchmarking execution performance. These activities introduced workload partitioning, synchronization, 

resource allocation, and performance optimization as applied database-engineering problems. Formative 

feedback on laboratory reports was discussed during collaborative practical work and was used to help students 

interpret performance results and refine their explanations of sequential and parallel execution. 

Figure 1 provides a visual representation of the pedagogical architecture linking curriculum content, 

laboratory activities, parallel-computing concepts, assessment evidence, and expected engineering 

competencies. The instructional sequence moves from database content through sequential/parallel query 

execution, Python-supported task decomposition, local/networked execution, and cloud-based tasks. These 

activities develop concepts of concurrency, workload partitioning, synchronization, resource allocation, and 

performance evaluation, while execution plans, benchmarking results, and practical task performance provide 
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assessment evidence for the competency framework. This framework also shows how conceptual 

understanding, practical workflow competence, and motivation support students’ ability to interpret database 

execution behavior and performance differences. 
 

 

 
 

Figure 1. Pedagogical framework for parallel computing readiness and its four competency dimensions 
 

 

All learning objectives associated with the four competencies were mapped through performance 

metrics to observable indicators. For example, content/theoretical competence was mapped to the 

interpretation of execution plans and explanation of sequential–parallel performance differences; 

organizational/practical competence was mapped to the ability to configure, execute, validate, and interpret 

database benchmarks and workload-distribution tasks; motivational competence was mapped to sustaining 

engagement with performance tasks. Parallel computing readiness represented students’ combined ability to 

apply these competencies when completing authentic parallel-database tasks. 

The module was set up in a learning environment using a client/server architecture, as shown in 

Figure 2, which displayed the use of local client workstations (PCs/desktop clients), cloud services (remote 

access and standardized conditions), and a centralized PostgreSQL database server in the cloud. The software 

environment included python for task decomposition and processing, PostgreSQL for database execution and 

query-plan analysis, sequential and parallel SQL activities, local/networked execution, and render for  

cloud-based deployment.  
 

 

 
 

Figure 2. Learning environment architecture for the parallel computing in databases instructional module 
 
 

The workstation and server configurations were standardized as far as possible to support 

comparable execution conditions. The setup allowed for the same execution path between where students 

were testing (client-side) and where teachers were running or monitoring the tasks (server-side). This helped 

maintain reproducibility of tasks and ease of comparison of students’ work. 
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3. METHODS 

Prior to implementation and after completion, a pre-test/post-test quasi-experimental design was used 

to compare the experimental group (EG), N=81) and control group (CG), N=71). The participants were 152 

third-year students enrolled in the 6B06103 information systems and 6B01505 computer science programmes at 

Karagandy Buketov University and Abylkas Saginov Karaganda Technical University. The students had basic 

knowledge of information technology and had previously studied the fundamentals of Python programming. 

The EG consisted of 81 students, including 77 information systems students and four computer science 

students from Karagandy Buketov University. The CG consisted of 71 students, including 15 computer science 

students from Karagandy Buketov University and 56 Information Systems students from Abylkas Saginov 

Karaganda Technical University. Group allocation was non-random and followed the existing programme-

based student groups within the participating universities. Because the intervention was integrated into 

scheduled database courses, the established groups were retained rather than reorganizing individual students. 

In order to establish a baseline assessment of both EG and CG, both groups completed a baseline 

assessment prior to receiving the intervention. Students in the EG received instruction using the  

parallel-computing-integrated database module, while the CG received standard instruction on databases. The 

experimental instruction included structured activities involving sequential and parallel queries,  

Python-supported parallel processing, local and networked execution, PostgreSQL performance analysis, and 

cloud-based database deployment. In contrast, the CG continued with the existing database curriculum 

without the integrated parallel-computing module. The main differences between the experimental and 

control instructional conditions are summarized in Table 1. 
 

 

Table 1. Comparison of the experimental and control instructional conditions 
Element EG CG 

Participants 81 students from the information systems and computer 
science programmes at Karagandy Buketov University. 

71 students from the information systems and computer 
science programmes at Karagandy Buketov University 

and Abylkas Saginov Karaganda Technical University. 

Database 
instruction 

Standard database content with the integrated parallel-
computing module. 

Standard database instruction without the integrated 
module. 

Additional 

activities 

Sequential–parallel query comparison, Python-supported 

processing, local and networked execution, cloud database 

deployment, and performance interpretation. 

No structured parallel-computing intervention. 

Assessment Pre-test and post-test using the competency-level 

framework. 

The same pre-test and post-test framework. 

 

 

After the instructional period, both groups were assessed through their respective post-tests that 

measured the impact of each type of instruction on changes in their performance as compared to their 

performance prior to the instruction. Students were assessed using a competency rubric designed to measure 

the competencies required by the students to perform successfully on parallel-computing database tasks. 

There were four competencies included in the competency rubric outlined in section 2 of the paper. Using the 

ordinal three-level rating scale of low, average, and high, students were assessed in regard to conceptual 

knowledge as well as practical execution performance and readiness to perform the parallel-computing 

activities; low, average, and high represented limited, partial, and independent performance, respectively. 

Practical performance was evaluated using observable evidence from the assigned database tasks, including 

execution-plan interpretation, execution of sequential and parallel workloads, benchmark implementation, 

and interpretation of execution-performance results. 

The competency indicators were adapted from the criteria used in the preceding pedagogical work 

on parallel computing in databases. The motivational criterion assessed students’ interest in and perceived 

professional value of parallel computing; the content criterion assessed their theoretical knowledge; and the 

organizational criterion assessed their ability to apply relevant methods and use the required hardware and 

software. In the present study, these indicators were organized into motivational competence, 

content/theoretical competence, and organizational/practical competence, while parallel computing readiness 

was treated as the overarching outcome reflecting students’ combined preparedness to perform  

parallel-computing database tasks. The rubric was developed specifically for this instructional context and 

was not presented as a standardized psychometrically validated instrument. 

The study followed three stages: a pre-test for both groups, the instructional intervention for the EG 

only, and a post-test for both groups, allowing changes in competency levels from pre-test to post-test to be 

assessed. The instructional tasks included sequential and parallel SQL activities, PostgreSQL-based database 

work, Python-supported tasks, benchmarking, and interpretation of execution performance. Representative 

activities included comparing the execution times of sequential and parallel SQL queries, using  

Python-supported tools to distribute database-processing tasks, testing parallel execution on local and 
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networked computers, and deploying PostgreSQL-based applications in a cloud environment. Students also 

interpreted execution plans and performance results to explain why particular queries or configurations 

produced different execution times. Execution time and benchmark outputs were therefore used as technical 

evidence within the practical activities, although they were not treated as separate standardized outcome 

variables in the statistical analysis. The main instructional stages, representative tasks, and intended learning 

outcomes of the integrated module are summarized in Table 2. 
 
 

Table 2. Main instructional stages of the integrated module 
Instructional 

stage 
Topic Representative task Intended learning outcome 

1 Sequential and 
parallel query 

execution 

Write equivalent sequential and parallel SQL 
queries and compare their execution times. 

Distinguish sequential and parallel 
execution and interpret performance 

differences. 

2 Python-supported 
database processing 

Use Python and data-processing libraries to 
divide database-processing tasks into 

independently executable parts. 

Apply task decomposition and parallel-
processing principles. 

3 Local and 
networked 

execution 

Execute database-processing tasks on a local 
computer and across computers connected 

through a local network. 

Understand resource allocation, 
synchronization, and distributed 

execution. 

4 Cloud-based 
database processing 

Deploy a PostgreSQL-based application using 
Render and test query processing under changing 

workloads. 

Apply parallel and scalable database-
processing principles in a cloud 

environment. 

 
 

Data for both groups were summarized as frequencies and percentages across the three competency 

levels at pre-test and post-test under the same assessment conditions. Descriptive statistics, chi-square tests, 

and effect-size estimates were used to compare competency-level distributions. 

The chi-square test was used to compare the distribution of students across the three rubric levels (low, 

average, and high) between EG and CG at post-test for each competency dimension. This test was selected 

because both group membership and competency level were categorical variables and the primary analysis 

concerned differences in their frequency distributions. For each comparison, a 2×3 contingency table was 

constructed, where rows represented the groups and columns represented the rubric levels. Pearson’s chi-square 

statistic was calculated from the observed and expected frequencies, and the p-value was interpreted using two 

degrees of freedom. The assumptions of independent observations, mutually exclusive categories, and adequate 

expected cell frequencies were checked before interpretation of the tests. Cramer’s V was used as the effect-size 

estimate to indicate the strength of association between group membership and competency-level distribution, 

with 95% confidence intervals reported alongside the corresponding significance tests. For supplementary 

descriptive reporting, the ordinal categories low, average, and high were coded as 1, 2, and 3, respectively. 

Means and standard deviations were calculated, and pre-test to post-test change was summarized using Cohen’s 

𝑑av, based on the average of the pre-test and post-test variances. These estimates were interpreted cautiously 

because the competency levels constituted an ordinal scale. Bootstrap 95% confidence intervals for Cramer’s V 

were estimated using 20,000 resamples conducted separately within the experimental and CGs. 

All standards of ethical conduct were followed throughout the study to ensure confidentiality of 

participants and minimize the risk of disclosure of participants’ identities by analyzing participants’ 

responses anonymously and only reporting aggregate statistical summaries. As well, there were no sources of 

sensitive student information collected, and there were no foreseeable sources of harm resulting from the 

activities associated with normal educational practices. 

 

 

4. RESULTS 

Results are reported in the form of frequency distributions across three levels of the rubric (low, 

average, and high) by individual competency dimension for the EG and CG at pre- and post-test (EG=81; 

CG=71). Figure 3 displays how these distributions change over time through the use of stacked columns, 

which allows viewers to compare distributions by; i) visualizing baseline profiles, ii) tracking changes to 

within-group profile distribution pre- and post-testing, and iii) contrasting distributions between EG and CG 

within a given competency dimension. 

At pre-test, both groups showed predominantly low profile distributions for all four competency 

dimensions, thus indicating a low level of initial readiness to undertake database tasks utilizing parallel 

computing. When comparing profile distributions, we observe that for parallel computing readiness, low 

profile constitutes 66.7% (54/81) of EG and 77.5% (55/71) of CG; for motivational competence, low profile 

encompasses 72.8% (59/81) of EG and 80.3% (57/71) of CG; and for content/theoretical competence, low 

profile constitutes 87.7% (71/81) of EG and 85.9% (61/71) of CG; for organizational/practical competence, 
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low profile comprises 88.9% (72/81) of EG and 94.4% (67/71) of CG. While the two groups varied to some 

extent with respect to their makeup, their pre-test distributions were similar in that both groups started out 

with a significant majority of low profiles in all four competency dimensions. Baseline chi-square tests 

showed no statistically significant differences between EG and CG in parallel computing readiness,  

𝜒2(2) = 2.18, 𝑝 = 0.336; motivational competence, 𝜒2(2) = 1.70, 𝑝 = 0.428; content/theoretical 

competence, 𝜒2(2) = 0.37, 𝑝 = 0.832; or organizational/practical competence, 𝜒2(2) = 1.53, 𝑝 = 0.466. 

Descriptive summaries and post-test group comparisons are presented in Table 3. 
 

 

 
 

Figure 3. Pre-test vs post-test distributions by competency dimension 
 
 

Table 3. Descriptive and inferential statistics by competency dimension 
Competency 

dimension 

EG pre-test 

M (SD) 

EG post-

test M (SD) 

EG 

dav  

CG pre-test 

M (SD) 

CG post-

test M (SD) 
CG 

Post-test 

χ²(2) 
p 

Cramer’s V 

[95% CI] 

Parallel 
computing 

readiness 

1.42 (0.65) 1.79 (0.68) 0.56 1.28 (0.57) 1.42 (0.67) 0.23 15.70 <0.001 0.321 [0.183, 
0.474] 

Motivational 
competence 

1.38 (0.68) 1.96 (0.77) 0.80 1.25 (0.55) 1.45 (0.67) 0.32 18.31 <0.001 0.347 [0.209, 
0.498] 

Content/theor

etical 
competence 

1.15 (0.42) 1.86 (0.61) 1.37 1.18 (0.49) 1.35 (0.61) 0.31 32.50 <0.001 0.462 [0.327, 

0.606] 

Organization
al/practical 

competence 

1.15 (0.45) 1.81 (0.73) 1.10 1.07 (0.31) 1.18 (0.49) 0.28 37.62 <0.001 0.498 [0.370, 
0.627] 

 

 

On the ordinal-coded scale, the largest standardized pre-test to post-test changes in the EG occurred 

in content/theoretical competence (𝑑av = 1.37) and organizational/practical competence (𝑑av = 1.10). The 

corresponding effects in the CG were substantially smaller, at 0.31 and 0.28, respectively. At post-test, 

Cramer’s V values ranged from 0.321 to 0.498 across the four dimensions, indicating that the statistically 

significant group differences were accompanied by meaningful effect sizes. After the final test had 

concluded, clear differences in the distribution of scores among the members of both groups were noted.  

Chi-square comparisons of post-test distributions confirmed significant EG–CG differences across all four 

competency dimensions. The members of the EG showed a noticeable shift from low to average/high in 

every category. The CG showed minor shifts in all categories. 

For example, in parallel computing readiness, the members of the EG group moved away from the low 

range (54 to 29 members; 66.7% to 35.8%) and toward the average (20 to 40 members; 24.7% to 49.4%) and 

high ranges (7 to 12 members; 8.6% to 14.8%). On the other hand, the CG group was still heavily dominant in 

the low range (55 to 48 members; 77.5% to 67.6%) after being tested. They did show slight improvement in 

both average and high numbers (12 to 16 members and 4 to 7 members, respectively). The post-test EG–CG 

difference for this dimension was significant, χ²(2)=15.70, p<0.001, Cramer’s V=0.321, 95% CI [0.183, 0.474]. 

Regarding motivational competence, there was a noticeable change in the EG group when looking at 

scores. Again, the EG group showed a significant decrease in members rated low (59 to 25 members; 72.8% to 
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30.9%) while increasing those rated average (13 to 34 members; 16.0% to 42.0%) and high (9 to 22 members; 

11.1% to 27.2%). On the other hand, CG group members also improved their scores but not nearly to the same 

extent as the EG group, with low ratings decreasing from 57 to 46 members, average ratings increasing from 

10 to 18 members, and high ratings increasing from 4 to 7 members. The post-test EG–CG difference for this 

dimension was significant, χ²(2)=18.31, p<0.001, Cramer’s V=0.347, 95% CI [0.209, 0.498]. 

The most significant changes in the EG group occurred in the area of content/theoretical 

competence. In this area, members moved from a baseline of 71 members rated low to only 21 members 

rated low at the end of the study (87.7% to 25.9%). Members in the CG group decreased their low rating in 

this area only slightly from 61 members to 51 members. The post-test EG–CG difference for this dimension 

was significant, χ²(2)=32.50, p<0.001, Cramer’s V=0.462, 95% CI [0.327, 0.606]. 

In the area of organizational/practical competence, there was a large movement from low to average 

and high scores by the EG group members. Their low rating dropped from 72 members to 30 members, while 

average ratings increased from 6 to 36 members and high ratings increased from 3 to 15 members. There was 

only slight improvement in the CG group from a total of 67 members rated low to 61 members rated low; 

average ratings increased from 3 to 7 members, and high ratings increased from 1 to 3 members. The  

post-test EG–CG difference for this dimension was significant, χ²(2)=37.62, p<0.001, Cramer’s V=0.498, 

95% CI [0.370, 0.627]. This was the strongest post-test association among the four dimensions and is 

particularly relevant to students’ practical ability to execute and interpret parallel-database workflows. 

The data indicate that the EG group members were able to increase their average or high scores across all 

competency dimensions; by contrast, the CG group remained near the bottom of the distribution of their scores. 

Descriptive statistics and chi-square comparisons show these differences in results visually and statistically in 

Figure 3, which depicts the considerable increases in the average and high scores for the members of the EG group 

compared to the reasonably small increases in both the average and high scores for the CG group. 

 

 

5. DISCUSSION 

The EG exhibited strong increases in the content/theoretical and organizational/practical 

competence dimensions of learning, demonstrating that students acquired not simply declarative knowledge 

of parallelism but also developed practical skills needed to execute workflows, make sense of system outputs, 

and achieve performance tasks. Additionally, students learned about “what parallelism is” more consistently 

by repeatedly witnessing parallelism demonstrated in concrete database artifacts—execution behaviour, 

query execution plans, benchmarking outputs, resource contention, and performance differences across query 

variants [19]—than by receiving conventional instruction. Thus, the EGs strong learning gains in these two 

dimensions suggest that the learning mechanism associated with developing parallel competence occurs at 

the intersection of concepts and mediated practice with tools. 

Likewise, the very limited gains in motivational competence experienced by the CG are explained 

logically by the same reasoning. The majority of students perceive parallel computing as difficult to 

understand, and the absence of well-structured activities that include visible progress signals leads to 

disengagement from learning about parallel computing [13]. Therefore, by providing students with 

experiences that deliver concrete progress signals, students can better relate the task of learning about parallel 

computing to their skill level. The active-learning literature in STEM supports the hypothesis that practice-

centred designs positively influence student outcomes compared to instructional designs based on passive 

learning experiences, and decrease the frequency of disengagement that commonly occurs due to the 

challenges of learning abstract theoretical content [24]. The gains in motivational competence achieved in 

this study should not be seen as “secondary” outcomes; rather, they were likely enabling conditions that 

contributed to the likelihood that students would persist in cognitively demanding parallel reasoning tasks. 

As a conclusion, the results of the analysis have shown that parallel computing readiness acts as a 

composite dependent on the other three facets. The EG demonstrated substantial gains in readiness; however, 

the relative distribution of these gains was much less dramatic compared to content/organizational gains. One 

would expect this to be the case for the reason that readiness is not a one-dimensional skill but is instead an 

amalgamation of; i) conceptual frameworks of parallel execution skills; ii) the ability to create and debug 

workflows and outcomes; and iii) the willingness to undertake performance assessments with respect to 

uncertainty. Therefore, readiness will likely be the last capability to be established. Accordingly, the basis for 

undertaking multidimensional evaluation as opposed to solely relying on a single “knowledge test” outcome 

is supported. 

The results support previous findings that demonstrate that students' understanding of parallel 

concepts can be enhanced when they are introduced through scaffolding in familiar environments. For 

example, [13] showed that secondary school students can begin to learn how to program in parallel as early 

as the first year of their program but still view it as a demanding subject. The findings of the present research 

extend this rationale into a database context where parallel execution was treated as a naturally parallel 
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environment. The students were constantly exposed to concurrency, partitioning, and performance trade-offs 

as part of authentic tasks, rather than treating parallel execution as an isolated topic. 

The results also support evidence from a Kazakhstan-based study that has demonstrated that using a 

structured task-based approach to teach parallel/distributed paradigms provides greater learning gains than 

other instructional approaches. Orynbekova et al. [3] reported an increase in student performance outcomes 

when students engaged in comparing and implementing various types of distributed solutions (e.g., 

MapReduce patterns) to a variety of problem types. The findings of the present research have a pedagogical 

philosophy that is similar to previous studies in terms of repeated exposure to parallel abstractions through 

implementation and comparison. However, a significant difference exists with regard to the curricular 

placement; the integration occurs within the context of a database education program where parallel 

execution cannot be avoided operationally and is therefore easier to view as a core competency. 

In terms of instructional design, the findings are consistent with the hands-on orientation as 

presented by Pons et al. [19]. Their contention is that for many systems-related topics, the theoretical 

component will be more evident when students are provided with an opportunity to work in authentic settings 

while utilising realistic tools and performance evaluation methodologies. The relatively minor shift to the CG 

further substantiates this assertion. Without providing a framework that includes explicit tool-mediated 

performance reasoning and a defined progressive path for students, researchers indicate that many students 

will complete database-related assignments with minimal development of parallel reasoning and workflow 

competencies. In addition to this research, the curated scope of the module parallels the rationale for the 

selection of hardware, software, and methodologies as discussed by Striki and Haghani [21], especially in 

terms of preserving clarity when adding “parallelism” to a systems course, as expanding these topics could 

easily result in unwieldy survey courses. Compared with broader project- or problem-based approaches, the 

present framework uses progressively structured database tasks and controlled performance comparisons 

within an existing database course rather than organizing the entire learning process around an open-ended 

project or problem. These approaches are complementary, but the present framework places greater emphasis 

on the explicit progression and assessment of parallel-database competencies. 

In terms of methodological approaches, the quasi-experimental pre- and post- comparison method 

using multi-dimensional outcomes fall in line with previous regional studies that evaluated the impacts 

educational interventions in the digital space. Kurakbayeva and Xembayeva [22] demonstrated the ability of 

pre- and post-testing design models to capture improvements in both cognitive understanding of participants 

and also motivation-oriented constructs in the Kazakh higher educational context. As with the broader 

intervention work in STEM fields, there is an emerging body of evidence that indicates that hands-on and 

tool-based learning improves higher-order cognitive capabilities [26]. Consequently, the present study 

expands this larger manifestation of educational research into a more specific domain (parallelism in database 

education). Overall, the pattern of substantial improvement in the EG and limited change in the CG is 

consistent with the task-based and hands-on interventions discussed above, although direct comparison of 

effect magnitudes is limited by differences in measures and educational contexts. 

Curricular implications arise from this study. Database courses should teach parallel execution as an 

explicit learning goal, practice it, and assess it alongside other goals. Because many databases are designed to 

process workloads in parallel at scale [1], [2], “SQL proficiency” by itself does not reflect a complete 

graduate profile for new databases. Incorporating parallel reasoning into database instruction aligns with the 

way systems are behaving in practice. This is also relevant for student readiness, because graduates 

increasingly need to interpret SQL performance, cloud database behaviour, and parallel execution rather than 

only write syntactically correct queries. These competencies are directly relevant to cloud and high-

performance computing environments, where specialists must interpret execution plans, benchmark 

workloads, and evaluate resource-related performance trade-offs. In practical engineering terms, the module 

develops students’ ability to analyse execution behaviour, compare workload performance, and reason about 

resource allocation when database tasks move from local to distributed or cloud environments. As an 

industry-aligned extension, the module could incorporate technologies such as Spark SQL, distributed 

PostgreSQL systems, cloud data warehouses, and other distributed query engines. This approach is also 

consistent with established parallel and distributed computing curriculum initiatives that recommend baseline 

PDC competence for undergraduate computing students [11] and the integration of parallel and distributed 

concepts across existing computer science courses rather than restricting them to separate electives [14]. The 

present framework applies this principle specifically within database education. 

An implication of this research involves how assessment is done. Significant differences were 

observed among the students in their theoretical knowledge, operational competence, and practical 

experience; therefore, an assessment based only on conceptual knowledge (e.g., SQL syntax and usage) 

would fail to demonstrate the range of impacts from instructional methods and would not provide educators 

with informed recommendations for course improvement. A competency rubric that assesses readiness 
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(motivation), conceptual learning, practical ability, and workflow assists educators to identify issues with 

their students. For example, a student may demonstrate strong conceptual knowledge of SQL, but not be able 

to execute it because issues regarding tools and support were not covered in the course. Additionally, 

students may be motivated to learn about SQL; however, while in their learning environment and 

encountering a difficult task, the absence of timely feedback will likely result in decreased motivation. 

The study findings have implications for instructor preparation. Teaching parallelism in databases 

requires instructors to not only understand databases but also to understand how database performance 

occurs, the importance of having well-defined experimental controls (e.g., comparable benchmarking), and 

the ability to interpret system outputs, including query execution plans and performance trade-offs [19]. 

Implementation of recommended instructional approaches and practices requires special 

consideration for the operational constraints involved. For institutions with limited computing resources, the 

framework can be implemented using local PostgreSQL installations, Python, and LAN-based execution, 

while shared institutional servers or cloud services can support activities requiring additional resources. For 

larger classes, standardized datasets, benchmark scripts, and group-based laboratory activities can reduce 

infrastructure and monitoring demands. When using cloud or other remote services for accessing databases, it 

is essential to ensure that all aspects of privacy, security, and governance are defined in a responsible manner 

as part of the instructional design process, especially if logs or telemetry are to be collected [27]. Moreover, 

because students increasingly rely on AI-augmented tools in their technical learning environments, the 

course's policies on tool use and verification need to clearly articulate acceptable use as well as expectations for 

verification to help ensure that learning goals and academic integrity are addressed and accomplished [28], [29]. 

Limitations of this study stem from its quasi-experimental design (i.e., a randomized assignment to 

groups was not done) and thus the impact of potential unobserved differences between the groups may have 

affected the outcomes of the study. More specifically, the experimental and CGs represented different 

programmed cohorts and were partly drawn from different universities. Consequently, institutional 

conditions, instructor-related effects, and differences between the existing student groups could not be fully 

separated from the effect of the instructional intervention. Differences in prior programming experience may 

also have contributed to individual variation, although all participants had basic information-technology 

knowledge and previous exposure to Python fundamentals. The use of the same pre-test/post-test assessment 

framework and baseline group comparisons reduced, but did not eliminate, these threats to validity. The 

evaluations conducted were based on a three-level ordinal rubric (low/average/high) which lends itself to 

producing reporting that is interpretable, but as a trade-off, it reduces granularity of measurement and may 

mask true or smaller improvements within category levels (e.g., for example, the students who received the 

treatment and were rated as Low, may have been ranked within a different category had their measurement 

been conducted at a higher level of granularity). In addition to the above limitations, the intervention was 

short term and was not assessed through a delayed post-test; therefore, the findings do not establish whether 

the observed competencies will persist over time or transfer to other database environments or independent 

industry-scale projects. Although contextual issues may limit the ability to generalize the findings of the 

study, the sample size and two-university, single-country context also limit the generalizability of the 

findings. In particular, motivational responses may vary according to institutional culture, students’ prior 

educational experiences, and local perceptions of parallel computing. Therefore, it is important to realize that 

findings from the study are unlikely to be universally applicable and will be influenced by factors such as 

varying levels of student preparedness, computer capability, and instructor expertise. As such, future research 

should replicate the framework across multiple cohorts and academic semesters and supplement competency-

rubric outcomes with standardized programming assessments, execution-time and scalability measures, 

software-quality metrics, and task-performance trace data. 

 

 

6. CONCLUSION 

This study presents the design and evaluation of a competency-based instructional module that 

integrates parallel computing into database education, measuring learning using four distinct dimensions. 

These include; i) parallel computing readiness, ii) content/theoretical competence, iii) organizational/practical 

competence, and iv) motivational competence. Through pre-test results from the control and EGs 

participating, the majority of both groups developed very low profiles across all four dimensions prior to 

instruction, indicating that both groups had significant readiness gaps in completing database tasks involving 

parallel computing. Following instruction, the EG exhibited significant redistribution from low to average 

(and High). The clearest improvements were observed in content/theoretical competence and 

organizational/practical competence, where low-level profiles in the EG decreased from 87.7% to 25.9% and 

from 88.9% to 37.0%, respectively. On the other hand, the CG showed only moderate redistribution toward 

average from low, and remained predominantly Low across the dimensions. This redistribution pattern lends 

support to the conclusion that the embedding of authentic database tasks with parallel content, combined with 
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incremental complexity, tool mediated practice, and feedback, can support substantial multilevel gains in this 

study context that are not easily captured through conceptual evaluations alone. 

This research makes the contribution in two basic aspects: first of all, it envisions an instructional 

scheme for integrating parallel concepts into database education that implies the use of parallel concepts as a 

framework for the introduction of content, second, it provides an evaluation framework to measure readiness 

to learn parallel computing that identifies conceptual understanding, organizational workflow competency, and 

motivational readiness of students. The research presents the instructive model for creating easy-to-implement 

instructional schemes that allow for achieving the learning goals without the establishment of separate parallel 

programming courses, while still providing necessary assessment data about the ability of students to interpret 

execution behaviour. For curriculum developers and engineers, the advice that can be given is the application 

of sequential-parallel queries comparison, execution plan interpretation, benchmarking, workload allocation, 

and distributed execution as measurable activities within the standard database courses. 

The study demonstrates that the integration of parallel computing into database education can have a 

positive impact on student learning/competency through four distinct dimensions. It also provides guidance 

to instructors on assessing students' readiness to perform parallel computing in a database environment. The 

results of the study indicate that students who received a parallel instructional paradigm developed a greater 

understanding of the impact of parallel computing in database education compared to those who received 

traditional database instruction without the benefit of embedded parallel content. Future studies may replicate 

and adapt this module in other institutional and international contexts, especially in database curricula that 

include cloud-based, distributed, or performance-oriented database systems. Future work should also use 

delayed post-tests to assess the persistence of the observed competencies and examine LLM-assisted  

query-plan explanation, adaptive learning systems, and intelligent tutoring technologies under controlled 

conditions to determine whether such support improves understanding without replacing students’ 

independent reasoning. 
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