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 This study evaluates an artificial intelligence (AI)-enabled co-curricular 

student club model implemented at two regional universities, organized as a 

staged four-part pipeline comprising competitive programming, hackathon 

prototyping, startup/project development, and final project defense.  

A matched pre/post design was used to assess changes in students’ objective 

computing knowledge, measured through a supervised computing skills test, 

and self-reported constructs, measured through an AI literacy and learning 

disposition survey. Outputs from club activities were also documented and 

combined into an OutputsIndex. The analyses showed statistically 

significant improvements in both computing knowledge and survey-based 

constructs, indicating that the intervention strengthened both foundational 

technical competence and students’ readiness for applied, performance-

based work. AI literacy was also significantly associated with both 

knowledge scores and real-life outcomes, even after controlling for site and 

baseline differences, indicating that students with stronger AI-related 

competencies applied their learning more effectively to performance-based 

outputs. The findings support the potential of scalable, evidence-based IT 

student pipelines in Kazakhstan’s higher education context, and suggest that 

structured, AI-supported pathways can align skill development with 

responsible AI use, stronger learning outcomes, and measurable real-world 

performance. 
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1. INTRODUCTION 

Universities in Kazakhstan, particularly regional universities, face two related tasks: strengthening 

the algorithmic, programming, and software engineering skills that support employability, and helping 

students translate these skills into portfolio-ready outputs such as contests, hackathons, startup projects, and 

research products. Achieving this goal requires more than additional programming practice, because students 

also need opportunities to work under time pressure, uncertainty, external evaluation, and public 

demonstration. This challenge has become more complex as generative artificial intelligence (GenAI) tools 

increasingly influence how code is created, tested, debugged, documented, and communicated [1]. 

https://creativecommons.org/licenses/by-sa/4.0/
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Structured, activity-based learning has been shown to improve engagement and measurable 

outcomes when digital tools are aligned with learning tasks rather than added superficially [2]−[5]. This 

aligns with research showing that smart technologies should be integrated through instructional design, not 

treated as technical add-ons [6]. In computing education, this alignment is especially important because 

students need repeated practice, feedback, and authentic production opportunities. Therefore, the present 

study treats programming practice, project work, and AI-supported learning as connected stages rather than 

separate interventions. 

Competitive programming is an important part of this literature because it gives students repeated 

opportunities to develop algorithmic thinking, debugging skills, problem-solving discipline, and performance 

under time constraints [7]. Studies on competitive programming, gamified learning, and AI-driven innovation 

suggest that these formats can improve mastery and motivation when they are organized around clear 

learning principles and regular feedback [8]. Platform-based approaches further support this process through 

online judges, analytics, contest modes, and remote coding environments that make learner progress more 

visible [9]. However, competitive programming alone does not show whether students can transform 

algorithmic competence into collaborative products, research outputs, or startup-oriented solutions. 

Hackathon-style and project-based learning provide a complementary direction by moving students 

from individual problem solving to team-based production under realistic constraints. Educational 

hackathons support teamwork, creativity, practical problem solving, and rapid prototyping, especially when 

students must produce visible outputs within limited timeframes [10]. Project-based learning also supports 

cognitive, practical, and affective outcomes through authentic production and applied problem solving [11]. 

In Kazakhstan, technology-rich and practice-oriented educational environments also show that engagement in 

authentic tasks and artifacts can be linked to improved learning outcomes and applied competence [12]. 

Nevertheless, hackathons and project-based formats are often implemented as separate events, and the longer 

developmental connection between programming practice, product development, research competence, and 

startup readiness remains insufficiently evaluated. 

The widespread availability of GenAI tools has also changed how effective training for IT students 

should be designed. Students can use AI tools for conceptual clarification, debugging, code drafting, 

documentation, ideation, and iterative improvement, but they also face risks related to inaccurate outputs, 

dependence on AI, academic integrity, and reduced ownership of solutions [13]−[15]. Research on AI-

assisted instruction therefore suggests that educational programs should include verification guidelines, 

disclosure practices, and integrity safeguards instead of assuming that access to AI tools automatically 

produces learning [16]. This is especially important in programming contexts, where GenAI can disrupt 

assignments and competitions, and where traditional plagiarism detection may be insufficient for identifying 

inappropriate or unverified AI-supported work [17], [18]. 

Broader higher education research also emphasizes the need to connect AI use with assessment, 

governance, and measurable competence development. Systematic reviews report benefits such as faster 

feedback, personalization, efficiency, and assessment support, while also identifying risks related to privacy, 

bias, transparency, fairness, and integrity [19]−[21]. Quasi-experimental and AI-integrated learning pathway 

studies suggest that students can improve performance, engagement, and learning efficiency when AI tools 

are embedded in structured learning environments with dynamic assessment and adaptive support [22], [23]. 

Responsible AI use also depends on digital literacy, ethical awareness, and students’ ability to evaluate  

AI-generated outputs critically [24]. Framework-based work, including the AI-TEACH model, similarly 

argues that AI should be integrated pedagogically and ethically rather than treated only as a technical 

productivity tool [25]. 

Despite this growing evidence, several gaps remain. Existing studies show that competitive 

programming, hackathon-style experiential learning, entrepreneurship education, research training, and AI 

can support the development of computing students, but these components are usually examined separately. 

Limited empirical evidence exists on end-to-end, AI-supported talent pipelines that connect these 

components through common outcome measures across multiple universities. This gap is especially important 

for regional higher education institutions, where students may need structured routes from basic skill acquisition 

to portfolio-ready outcomes and responsible participation in AI-mediated digital work. 

The novelty of this study lies in evaluating an end-to-end, AI-supported pedagogical pipeline that 

connects competitive programming, hackathon prototyping, startup and research development, and project 

defense within one measurable co-curricular model for regional university IT students. As shown in Figure 1, 

the pipeline is significant for educational practice because it gives universities a repeatable model for moving 

students from foundational programming practice to externally visible outputs. It is relevant for policy 

because it offers a scalable co-curricular mechanism for AI-ready workforce development, and it has societal 

value because it supports regional students in building innovation, research, employability, and responsible 

AI skills. The study is guided by four research questions. 
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− How do students’ key competencies change from pre-test to post-test, including competitive 

programming self-efficacy, AI literacy and responsible use, research competence, startup readiness, 

teamwork and project execution, and motivation and commitment? 

− How much do students improve on their programming and algorithmic knowledge scores from pre-test 

to post-test? 

− How do post-test outcomes, including objective knowledge and practical achievements, relate to 

students’ AI literacy, teamwork, and motivation? 

− Are there statistically significant differences in baseline levels or pre-test/post-test changes between the 

two participating universities? 

 

 

 
 

Figure 1. Conceptual framework of the AI-enabled pedagogical pipeline 

 

 

2. PROGRAM DESCRIPTION (INTERVENTION) 

2.1.  Program title and setting 

The intervention was delivered through the predefined student club program “IT Research Lab: 

From Research to Startups”. The intervention took place at two university sites in Kazakhstan where student 

scientific clubs already existed to support competitive activities and project-based innovation; the 

characteristics of the two sites are summarized in Table 1. The intervention was offered as a sequential 

curriculum at both sites, with the same order of modules and two identical points of measurement (T0 and T1). 

 

 

Table 1. Study sites and programs 
Site University Student club Degree programs involved 

Site 1 Karaganda National Research University 

named after Academician E.A. Buketov 
IT Research Lab 6B06103 Information Systems; 6B06105 Software 

Engineering; 6B01505 Informatics 
Site 2 Shymkent University IT and AI Innovators 

Club 
6B01502 Informatics; 6B01506 Physics–Informatics; 
6B06101 Computer Engineering and Software 

 

 

2.2.  Curriculum structure (4 modules) 

The intervention consisted of 128 contact hours organized into four sequential modules.  

The modules were designed to move students from individual algorithmic practice to team-based product 

development, startup and research preparation, and final project defense. Each module included hands-on 

activities, mentor feedback, and applied outputs connected to the overall pipeline. 

− Module 1: competitive programming (32 hours) 

Students learned core problem-solving fundamentals through algorithms, including sorting and 

searching, two pointers and sliding window techniques, basic data structures, greedy methods, dynamic 

programming, and graph algorithms such as DFS, BFS, shortest paths, and minimum spanning trees. 
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Students practiced these topics through structured task sets and virtual competitions. This module aimed to 

strengthen algorithmic confidence, debugging discipline, and problem solving under time constraints. 

− Module 2: hackathon skills (36 hours) 

Students learned to complete the product development process under a time constraint. They were 

exposed to idea generation and prototyping, building a full stack application (e.g., React and either 

Node.js/Python) with APIs and databases, deploying applications, UI/UX for demo-ready products, pitching 

their completed projects, as well as workflow through the use of Git, code reviews, and task tracking using 

tools such as Jira. The module connected technical implementation with teamwork, presentation, and delivery 

of a functional prototype. 

− Module 3: startup and research (32 hours) 

The focus was on discovering and validating a problem (Lean Startup Methodology, customer 

development, conducting interviews), defining an MVP and iterating through the process of validating a 

solution for the problem. Students also worked on business-model development and research-oriented 

communication. This module prepared students to transform project ideas into pitch, startup, or research 

artifacts. 

− Module 4: project defense and demo days (28 hours) 

This module emphasized final project refinement, presentation, and public demonstration. Students 

received mentoring to prepare their projects for competitions, hackathons, or institutional demo-day events. 

The module concluded with final project demonstrations and defenses, where students explained their 

technical decisions and outputs. 

 

2.3.  Implementation format 

The intervention was implemented as a structured club-based learning experience that combined 

facilitated instruction, guided practice, mentoring, team project work, and public demonstration. The main 

delivery formats included regular meetings, individual and team mentoring, prototype-to-demo project 

development, an internal milestone hackathon after Module 2, and a culminating demo day/project defense 

after Module 4. This format allowed students to practice technical skills, receive feedback, revise their work, 

and produce visible outputs across the program. 

Responsible and effective use of AI tools was integrated across all modules. Students used tools 

such as ChatGPT, GitHub Copilot, Claude, Cursor, and related productivity or design tools for conceptual 

clarification, debugging, code drafting, ideation, documentation, and iterative improvement. However, AI use 

was accompanied by verification expectations, academic-integrity rules, explanation of AI-assisted solutions, 

and student responsibility for final decisions and outputs. In this way, AI was treated as a learning and 

productivity support, not as a replacement for students’ reasoning, authorship, or project ownership.  

The structure and timeline of the program are presented in Figure 2. The figure shows the sequence of 

modules, the contact hours for each module, the placement of major milestones such as the internal 

hackathon and final demo day, and the two measurement points: T0, which included the pre-survey and 

knowledge test Form A, and T1, which included the post-survey and knowledge test Form B. 
 

 

 
 

Figure 2. Program structure and timeline of “IT Research Lab: From Research to Startups” 
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3. METHOD 

3.1.  Study design 

This study used a two-site quasi-experimental pre-test/post-test design to evaluate the effectiveness 

of the AI-supported student club program. Data collection occurred at T0 (pre-test), immediately prior to the 

commencement of program activities, and at T1 (post-test), following completion of all program activities. 

The primary unit of analysis was the individual student, and pre-test and post-test responses were linked via 

an anonymous participant code so that matched (within-subject) comparisons could be made. 

 

3.2.  Setting and program context 

The study was conducted at two universities in Kazakhstan with existing IT-oriented student clubs. 

The same four-module club program was implemented at both sites, following the same module order and 

measurement structure. 

 

3.3.  Participants and sampling  

Undergraduate students from Years 1–4 enrolled in information technology (IT) programs at the two 

universities participated in the study. Participants were either currently involved in a student club or newly 

joined during the data collection period. To take part, participants had to meet three criteria: be an 

undergraduate student; be enrolled in an IT-related program; and have provided informed voluntary consent 

to participate. Participation was optional, and students’ grades or academic standing were not affected by 

participation or non-participation. Table 2 provides overall site/timepoint sample distributions by site and 

timepoint, including year of study at T0. Figure 3 shows participant flow from T0 to T1, including the 

matched analytic sample overall and by site, as well as unmatched or unavailable cases. 

 

 

Table 2. Participant distribution by site, timepoint, and year of study 
Category Group N 

T0 (pre-test) by site Karaganda 83  
Shymkent 65  
Total T0 148 

T1 (post-test) by site Karaganda 76  
Shymkent 57  
Total T1 133 

Matched T0–T1 analytic sample Karaganda 71  
Shymkent 53  

Total matched 124 
T0 (pre-test) by year of study Year 1 39  

Year 2 44  
Year 3 37  
Year 4 28  

Total T0 148 

 

 

 
 

Figure 3. Participant flow and matched analytic sample by site 
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3.4.  Procedure and data collection 

The research team implemented a standardized data collection protocol at both sites. First, students 

received information about the student club program and the purpose of the study, after which informed 

consent was obtained electronically. Second, each participant created a self-generated anonymous code based 

on the same general instructions, allowing the research team to match T0 and T1 responses without collecting 

personally identifiable information. Third, at T0, participants completed a structured survey and an objective 

knowledge mini-test, Form A, which assessed foundational programming and algorithmic concepts related to 

the program content. 

After the pre-test stage, students participated in the four-module club curriculum. At T1, participants 

completed the same structured survey for pre/post comparison and a parallel objective knowledge mini-test, 

Form B. Form B followed the same content blueprint and difficulty targets as Form A, but used different 

questions to reduce memorization effects. 

Both survey administrations were conducted online, while the knowledge mini-tests were 

administered under supervised face-to-face conditions. The mini-tests followed identical instructions at both 

sites and had a predetermined time limit of approximately 24 minutes. During the knowledge test, students 

were not allowed to use textbooks, GenAI tools, or other external sources. These identical assessment 

conditions supported implementation fidelity across the two sites. 

 

3.5.  Measures and instruments 

To make the intervention-to-measurement logic explicit, Table 3 summarizes how each program 

module was intended to support specific competency domains and how those domains were operationalized 

in the study. Because the intervention was designed as a staged pipeline rather than as a set of isolated 

activities, some competencies were primarily targeted within a single module, whereas others—particularly 

AI literacy, motivation, and applied output production—were developed across multiple modules. This 

alignment guided the interpretation of pre-test/post-test changes and post-test outcome indicators in relation 

to the structure of the program. 

 

 

Table 3. Alignment of program modules, targeted competencies, and study measures 

Module Main instructional focus 
Primary competencies 

targeted 

Related study construct(s)/ 

indicator(s) 
Main evidence collected 

Module 1. 
Competitive 

programming 

(32 hours) 

Algorithmic problem 
solving, data structures, 

debugging, solving tasks 

under time constraints, 
virtual contests 

Algorithmic thinking, 
programming confidence, 

foundational computing 

knowledge, disciplined 
problem solving 

Competitive programming 
self-efficacy (CPSE); 

Objective knowledge 

mini-test 

Pre/post survey (CPSE); 
Form A/Form B 

knowledge scores 

Module 2. 

Hackathon 
skills  

(36 hours) 

Team-based prototyping, 

rapid product development, 
version control, UI/UX, 

pitching, deployment 

workflows 

Team collaboration, 

project execution, 
practical problem solving, 

product-oriented 

development 

Teamwork and project 

execution (TPE); 
contribution to 

OutputsIndex_T1 

Pre/post survey (TPE); 

hackathon participation; 
prototype/repository/demo 

outputs 

Module 3. 

Startup and 
research  

(32 hours) 

Problem identification, 

customer discovery, MVP 
scoping, research framing, 

pitch preparation, business 

model development 

Research competence, 

innovation readiness, 
problem framing, early 

entrepreneurial thinking 

Research competence self-

efficacy (RCSE); Startup 
and innovation readiness 

(SIR); contribution to 

OutputsIndex_T1 

Pre/post survey (RCSE, 

SIR); pitch decks, 
abstracts, prototype and 

startup-related artifacts 

Module 4. 

Project 

defense and 
demo days 

(28 hours) 

Final project refinement, 

presentation, defense of 

decisions, demonstration of 
outputs, mentor feedback 

Communication of 

results, ownership of 

solutions, applied 
performance, 

accountability, integration 

of prior learning 

Contribution to RCSE, 

SIR, TPE, MC; 

contribution to 
OutputsIndex_T1 

Demo/presentation 

artifacts, 

deployment/demo 
evidence, mentor-

documented outputs 

Responsible 

AI integration 

(cross-cutting 
across all 

modules) 

Use of ChatGPT, GitHub 

Copilot, Claude, Cursor, 

and other tools for ideation, 
debugging, drafting, and 

refinement with verification 

and integrity checks 

AI literacy, responsible 

AI use, verification 

habits, ethical awareness, 
assisted productivity with 

retained ownership 

AI literacy and responsible 

use (AIL) 

Pre/post survey (AIL); 

observed AI-supported 

workflow expectations 
embedded across activities 

Whole-

program 

effect 

Sequential progression 

from individual problem 

solving to collaborative 
development and public 

presentation 

Motivation, persistence, 

commitment to sustained 

participation across the 
pipeline 

Motivation and 

commitment (MC); 

OutputsIndex_T1 

Pre/post survey (MC); 

participation indicators 

and end-of-program 
outputs 
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3.5.1. Survey constructs (Likert-type scales) 

The pre-test and post-test surveys had the same structure and included six multi-item constructs 

measured on a 7-point Likert scale, where 1 indicated “strongly disagree” and 7 indicated “strongly agree.” 

Composite scores were calculated by averaging the items within each construct. The six constructs were 

competitive programming self-efficacy (CPSE), AI literacy and responsible use (AIL), research competence 

self-efficacy (RCSE), startup and innovation readiness (SIR), teamwork and project execution (TPE), and 

motivation and commitment (MC). 

CPSE measured students’ perceived ability to develop solutions, apply core programming strategies, 

and participate in competitive programming. AIL measured students’ ability to use AI tools effectively while 

verifying outputs, understanding limitations, and following academic-integrity principles. RCSE measured 

confidence in developing research questions, using literature, designing studies, and communicating research 

results. SIR measured readiness to identify problems, validate hypotheses, create minimum viable products, 

and pitch solutions. TPE measured competence in collaborative workflows, including GitHub use, task 

management, communication, and project delivery under constraints. MC measured students’ motivation, 

persistence, and commitment to competitive programming, project work, research, and startup-related 

activity. The survey also collected limited background information, including year of study, prior 

programming experience, primary programming languages, and platform exposure. 

 

3.5.2. Objective knowledge mini-test (Form A/Form B) 

An objective knowledge mini-test was used to measure students’ learning gains in foundational 

programming and algorithmic concepts. Form A was administered at T0, and Form B was administered at 

T1. Both forms contained 12 questions covering algorithmic reasoning, complexity, core data structures, 

standard programming methods, debugging, and conceptual distinctions. The two forms included both 

multiple-choice and open-ended items. Students received one point for each correct answer, and the total 

score was calculated by summing the number of correct responses. Form B used different questions from 

Form A to reduce memorization effects, but both forms followed the same content blueprint, answer-key 

structure, and difficulty targets. 

 

3.5.3. Participation and outcome indicators (post-test) 

The post-test also collected evidence of students’ applied engagement and practical outputs during 

the intervention. These indicators included the number of programming problems solved, the number of 

contests attended, hackathon participation coded as 0=No and 1=Yes, and the number of distinct artifact 

types completed by the end of the program. Artifact types included demo or presentation materials, pitch 

decks, prototype or repository evidence, and deployment evidence. These four indicators were combined into 

an aggregate variable named OutputsIndex_T1, which represented applied engagement and output 

production. To place the indicators on a common scale, the number of problems solved was capped at 200 

and divided by 200, the number of contests was capped at 10 and divided by 10, hackathon participation was 

treated as a binary value, and the number of artifact types was divided by 4. The arithmetic mean of these 

four scaled indicators was then converted to a 0–10 scale, where higher values represented greater applied 

engagement and output production. Because OutputsIndex_T1 combined different output-related indicators 

rather than internally consistent survey items, internal consistency reliability was not used as an evaluation 

criterion for this index. Where available, self-reported outcome data were checked against mentor records, 

demo-day materials, and repository links. 

 

3.6.  Reliability and measurement quality 

Internal consistency of the multi-item constructs was evaluated separately at T0 and T1 using 

Cronbach’s alpha and, where appropriate, McDonald’s omega. Reliability was calculated at both time points 

to check whether the constructs remained stable across measurements. Composite scores were created 

according to the completeness rule. For the knowledge mini-test, item-level response patterns were reviewed 

to identify questions that were overly easy, overly difficult, or unclear. 

 

3.7.  Data preparation and quality rules 

Survey data exported from the online platform were processed using consistent data-preparation 

rules. T0 and T1 responses were matched using anonymous participant codes. Responses with missing, 

invalid, or non-matchable codes were treated as unmatched and were not included in the matched pre/post 

analytic sample. Duplicate participant codes were reviewed before analysis. When duplicate matched records 

were identified, the most complete matched response record was retained, and inconsistent or incomplete 

duplicate records were removed. Composite construct scores were created only when at least 82% of the 

items for the relevant construct were completed, which helped maintain measurement stability while 

minimizing unnecessary case exclusion. Knowledge-test responses were scored using predefined answer keys 
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for multiple-choice items and scoring rubrics for short-answer items. The final analytic sample consisted of 

124 students with matched T0 and T1 records, allowing within-subject pre/post comparisons. Unmatched 

responses were retained only for descriptive purposes when appropriate. 

 

3.8.  Statistical analysis 

The analysis followed four main steps. First, descriptive statistics were used to summarize baseline 

characteristics overall and by university site, including year of study, programming experience, and platform 

exposure. Second, reliability analyses were conducted for each multi-item construct at T0 and T1 using 

Cronbach’s alpha and McDonald’s omega. Third, pre/post changes were examined using paired-sample 

comparisons for all survey constructs, including CPSE, AIL, RCSE, SIR, TPE, and MC. Matched 

comparisons between Form A at T0 and Form B at T1 were also conducted to assess objective knowledge 

gains. Effect sizes, including paired Cohen’s d with confidence intervals, were reported to estimate the 

magnitude of change and to support practical interpretation of the results. Fourth, site comparisons and 

association analyses were conducted. Baseline levels and change scores were compared between the two 

universities. Associations between post-test outcomes, including knowledge scores and participation/output 

indicators, and key predictors, especially AI literacy, teamwork, and motivation, were examined using 

correlation and multiple regression models. Adjusted regression models included site, year of study, and prior 

programming experience as covariates; baseline values were included when a true baseline measure was 

available. Conventional significance testing was applied using p<.05, but interpretation emphasized effect 

sizes, confidence intervals, and practical significance alongside statistical significance. 

 

3.9.  Ethical considerations 

The Ethics Committee of Karaganda National Research University, named after Academician E.A. 

Buketov, reviewed and approved the study protocol (protocol #10) on September 1, 2025. Both universities 

followed the approved protocol, instrument(s), and informed consent process identically. Shymkent 

University granted institutional permission to conduct data collection under the approved protocol/consent. 

Participants in this study were informed that their participation was wholly voluntary. Informed consent was 

obtained from each student. Data provided by responding participants were anonymously coded by a  

self-generated matching code, which enabled linkage between individual pre/post measures. Data were 

securely stored, and only aggregate analysis results are reported. 

 

 

4. RESULTS 

4.1.  Participant flow and analytic sample 

Overall, the level of attrition among those participating in this study was moderate, with 15 students 

lost at post-test (10.1%). Since most of the participants remained engaged in the program, this high level of 

engagement suggests that this is a relatively common level of attrition for extracurricular activities.  

In addition to the fact that the matching only produced a final analytic sample (i.e., there were 124 students 

who had both T0 and T1 record), the high level of matching indicates that, for the vast majority of T1 

respondents, their matched record with T0 indicates a true change rather than the result of mismatched 

identities. Matching percentage was also considerably high for both T0 (83.8%) and T1 (93.2%), indicating 

that the vast majority of T1 respondents could be matched back to their T0 records, thus decreasing the 

chances of the results being due to carelessness on the behalf of those with mismatched identities. 

When examining patterns of retention among the two different sites (i.e., Karaganda and Shymkent), 

there is only a slightly greater retention level at Karaganda (8.4% attrition) compared to Shymkent (12.3% 

attrition). While this difference in attrition percentages is very small, it may lead to somewhat of an 

underrepresentation of the less consistent or engaged students at the Shymkent site. Nevertheless, the 

matching percentages are similar (≈93%) for both sites, which indicates that the samples produced at each 

site were fairly consistent. The breakdown of enrolled, retained, matched, and unmatched students is depicted 

in Figure 3. 

 

4.2.  Reliability and descriptive summary 

Table 4 summarizes reliability estimates (α/ω between T0 and T1) for all constructs measured.  

The survey measures showed satisfactory internal consistency at both time points, with most constructs 

exhibiting stable or slightly improved reliability at T1 as a result of participants gaining a clearer 

conceptualization of the constructs following structured training (i.e., responses becoming more coherent). 

The importance of these reliability findings is practical because they provide justification for treating each 

construct as one composite score (i.e., mean of the items comprising that construct) and for taking pre-post 

differences as significant change rather than simply measurement error. The fact that AIL had such 
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consistently high reliability is critical given the key role it plays in subsequent association models 

(AIL→outcomes), as the high internal consistency will reduce attenuation of the relationship between AIL 

and its associated outcomes, thereby increasing our confidence in the relationships being observed. 

 

 

Table 4. Measures and reliability of the study instruments 
Measure/Construct Items Reliability T0 (α/ω) Reliability T1 (α/ω) 

Competitive programming self-efficacy 8 0.84/0.86 0.87/0.88 
AI literacy and responsible use 12 0.89/0.90 0.91/0.92 

Research competence self-efficacy 10 0.86/0.87 0.88/0.89 

Startup and innovation readiness 10 0.83/0.85 0.86/0.87 
Teamwork and project execution 8 0.81/0.83 0.85/0.86 

Motivation and commitment 8 0.79/0.81 0.82/0.84 

Objective knowledge mini-test (Form A) 12 0.76/0.78 — 
Objective knowledge mini-test (Form B) 12 — 0.74/0.76 

 

 

4.3.  Pre–post changes in survey constructs 

All six survey constructs increased from T0 to T1. As shown in Figure 4, the direction of change 

was positive across both university sites. This pattern indicates that the program was associated with broad 

improvement across technical confidence, AI literacy, research competence, startup readiness, teamwork, and 

motivation. To start, AIL showed the most substantial upward shift (with a mean gain of 1.19 between  

pre-test and post-test, equivalent to 0.75 standard deviations), which is consistent with the program’s focus 

on using GenAI for workflow optimization and on norms for responsible use, such as verification, testing, 

and documentation discipline. Accordingly, the largest gains were observed in AIL, which was the construct 

most directly targeted in the program design, rather than simply reflecting a general increase in confidence. 

Next, TPE has also demonstrated sizeable growth and also supports the program logic (the 

additional work done on early C/C++ competition programming builds individual confidence in their ability 

to solve programming problems while working together in teams with a goal of completing a deliverable). 

However, RCSE and SIR have shown lower increases than the other constructs, which would be expected 

since the development of the research and entrepreneurial competencies will typically occur more slowly and 

usually require repeated iterations (writing, customer discovery, and pitching) before significant shifts in the 

level of achievement occur. Finally, the site level profiles also reflect this directional consistency (increased 

means across T1) in Karaganda by T1 compared to Shymkent, with Karaganda usually having slightly higher 

initial and/or final scores across all measures, as shown in Figure 4. These variations may be attributable to 

site level differences in preparation or implementation conditions, but regardless, the key finding is the 

overall direction of change indicating the degree of transferability of the program (pipeline) across different 

institutional contexts. 

 

 

  
 

Figure 4. Pre–post changes in survey constructs (T0 vs T1) by site 
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4.4.  Objective knowledge test results 

Table 5 indicates that for the matched group, there was a statistically significant improvement of 

objective knowledge on the mini test (0-12) from pre-test to post-test mean score (pre: M=6.2, SD=2.1 vs 

post: M=7.6, SD=2.0); mean gain (Δ=1.4, 95% CI [1.06, 1.74]), paired d (d=0.74; p<.0001) indicating that 

the improvement was not limited to self-reported measures. Site-to-site comparisons (i.e., Shymkent and 

Karaganda) suggest that they demonstrated similar directions of change but with different magnitudes of 

change, as shown in Table 5. The difference in changes evidenced by the two sites demonstrated that 

Karaganda made a greater increase in their readiness level (6.5→8.1; Δ=1.6; 95% CI [1.17, 2.03]; d=0.89; 

p<0.001) than Shymkent did (5.8→6.9; Δ=1.1; 95% CI [0.55, 1.65]; d=0.55; p=0.001). When looking at 

these results with caution, this pattern of results may speak to baseline differences and/or differences in 

implementation quality (e.g., mentoring, engagement); however, both sites showed statistically significant 

improvement and substantial effect sizes supporting the conclusion that there were demonstrable gains in 

competency. 

 

 

Table 5. Pre–post change in objective knowledge test scores 
Site Matched N T0 Mean (SD) T1 Mean (SD) Δ Mean (95% CI) Paired d p-value 

Overall 124 6.2 (2.1) 7.6 (2.0) 1.4 (1.06, 1.74) 0.74 <0.001 

Karaganda 71 6.5 (2.0) 8.1 (1.9) 1.6 (1.17, 2.03) 0.89 <0.001 

Shymkent 53 5.8 (2.2) 6.9 (2.1) 1.1 (0.55, 1.65) 0.55 <0.001 

 

 

4.5.  Relationship between AI literacy and outcomes 

Multiple analyses confirmed a relationship between AI literacy measured by post-test (AIL_T1) and 

the corresponding outcome variables measured at the same time, as shown in Table 6. In the unanalyzed 

condition, the results produced both evidence of significant correlation (B=0.45, 95% C.I. (0.21,0.69);  

Std. β(0.35); p<001; R^2=0.10). Overall, results indicate that students evaluated as demonstrating high 

degrees of AI literacy and responsible use were, on average, scoring significantly higher than those who did 

not, implicating that using GenAI ultimately has the potential to enhance student learning, while also 

reinforcing the notion of verifying information before accepting it. 

 

 

Table 6. Association between AI literacy at post-test (AIL_T1) and post-test outcomes 
Outcome (Y) Model B (95% CI) Std. β p-value R² 

KnowledgeTest_T1 Unadjusted 0.45 (0.21, 0.69) 0.35 <0.001 0.1 

KnowledgeTest_T1 Adjusted 0.38 (0.12, 0.64) 0.29 0.004 0.2 
OutputsIndex_T1 Unadjusted 0.60 (0.24, 0.96) 0.3 0.002 0.1 

OutputsIndex_T1 Adjusted 0.52 (0.12, 0.92) 0.26 0.011 0.1 

Note: Adjusted models control for site, year of study, and prior programming experience; baseline (T0) values were 

included when available. OutputsIndex_T1 is a 0–10 composite of applied outputs (solved problems, contest 
participation, hackathon participation, and artifact completion) 

 

 

In the adjusted model, the association between AIL_T1 and knowledge outcomes was still 

statistically significant (B=0.38, 95% CI [0.12, 0.64]; Std. β=0.29; p=0.004; R²=0.2), thus indicating that the 

association between AIL_T1 and knowledge outcomes continued to exist when accounting for the covariates 

considered. Similar associations were seen with applied outcomes as well. For OutputsIndex_T1, AIL_T1 

exhibited a positive association in the unadjusted model (B=0.60, 95% CI [0.24, 0.96]; Std. β=0.30; p=0.002; 

R²=0.1) and continued to be statistically significant in the adjusted model (B=0.52, 95% CI [0.12, 0.92]; Std. 

β=0.26; p=0.011; R²=0.1). Therefore, both the objective knowledge measure and strong end-of-program 

Outputs/Achievements were reported by students with higher AI Literacy scores at post-test. In other words, 

the ability to accurately and responsibly use GenAI tools (prompting, debugging support, documentation, 

verification) appeared related to both learning and performance outcomes related to deliverables at the end of 

the pipeline. Adjusted models for both knowledge and applied outcome models were created using the sites 

where the students were studying (Karaganda vs Shymkent) and employing baseline covariates (i.e., year of 

study and prior programming experience) to account for initial differences. 

 

4.6.  Consolidated main outcomes table 

Table 7 provides an overview of the program’s overall impact on all core survey constructs and the 

knowledge test by displaying mean (SD) scores at both T0 and T1, as well as means and 95% CI for change, 

paired t test results as expressed by Cohen’s d, and p-values both overall and by site. Within this summary 
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table, two major trends emerge; first, that there are consistent positive changes in all constructs, and second, 

that there are significant improvements in objective knowledge, the degree of improvement being more 

substantial in Karaganda than in Shymkent, although significant improvement occurred at both sites. 

 

 

Table 7. Main pre–post outcomes and effect sizes  
Outcome Site N T0 Mean (SD) T1 Mean (SD) Δ Mean (95% CI) Paired d p-value 

CPSE Overall 124 4.10 (1.05) 5.05 (0.95) 0.95 (0.79, 1.11) 1.06 <0.001 
Karaganda 71 4.20 (1.00) 5.20 (0.90) 1.00 (0.80, 1.20) 1.18 <0.001 

Shymkent 53 3.95 (1.10) 4.85 (1.00) 0.90 (0.64, 1.16) 0.95 <0.001 

AIL Overall 124 3.80 (1.10) 5.20 (0.90) 1.40 (1.23, 1.57) 1.47 <0.001 
Karaganda 71 3.90 (1.05) 5.30 (0.85) 1.40 (1.19, 1.61) 1.56 <0.001 

Shymkent 53 3.65 (1.15) 5.05 (0.95) 1.40 (1.12, 1.68) 1.4 <0.001 

RCSE Overall 124 3.60 (1.00) 4.60 (0.98) 1.00 (0.84, 1.16) 1.09 <0.001 
Karaganda 71 3.70 (0.98) 4.70 (0.95) 1.00 (0.79, 1.21) 1.14 <0.001 

Shymkent 53 3.45 (1.05) 4.45 (1.00) 1.00 (0.73, 1.27) 1.02 <0.001 

SIR Overall 124 3.50 (1.05) 4.55 (1.00) 1.05 (0.88, 1.22) 1.11 <0.001 
Karaganda 71 3.60 (1.02) 4.70 (0.98) 1.10 (0.88, 1.32) 1.2 <0.001 

Shymkent 53 3.35 (1.10) 4.35 (1.05) 1.00 (0.72, 1.28) 1 <0.001 

TPE Overall 124 3.90 (1.00) 5.00 (0.92) 1.10 (0.94, 1.26) 1.22 <0.001 
Karaganda 71 4.00 (0.95) 5.10 (0.88) 1.10 (0.90, 1.30) 1.29 <0.001 

Shymkent 53 3.75 (1.05) 4.85 (0.98) 1.10 (0.84, 1.36) 1.16 <0.001 

MC Overall 124 4.30 (0.95) 5.10 (0.90) 0.80 (0.64, 0.96) 0.91 <0.001 
Karaganda 71 4.40 (0.90) 5.20 (0.85) 0.80 (0.61, 0.99) 0.98 <0.001 

Shymkent 53 4.15 (1.00) 4.95 (0.95) 0.80 (0.55, 1.05) 0.89 <0.002 

Knowledge 
test (0–12) 

Overall 124 6.2 (2.1) 7.6 (2.0) 1.4 (1.06, 1.74) 0.74 <0.001 
Karaganda 71 6.5 (2.0) 8.1 (1.9) 1.6 (1.17, 2.03) 0.89 <0.001 

Shymkent 53 5.8 (2.2) 6.9 (2.1) 1.1 (0.55, 1.65) 0.55 <0.001 

 

 

5. DISCUSSION 

The evaluation of the “IT Research Lab: From Research to Startups” program at two universities in 

Kazakhstan showed that an end-to-end pipeline can support development across several domains through a 

defined sequence with measurable outcomes, including objective knowledge gains. A significant finding was 

that not only did participants' scores (test result) improve, but also the pattern of change coincided closely 

with the programmatic logic underlying the designed succession of activities. For example, AI literacy and 

responsible use showed the greatest increases; however, constructs related directly to delivery within 

constrained parameters, such as teamwork/project execution and confidence in competitive programming, 

also exhibited marked increases. Conversely, self-efficacy for research competence and readiness for start-

up/innovation had moderate but significant increases. This areally-derived distribution aligns logically with 

theory, which indicates that a single cycle of structured contests and an internal hackathon creates confidence 

in using algorithms, execution discipline and tool-mediated work flow activities, while developing sustained 

competencies related to research design or innovation validation necessitates multiple iterations of structured 

events and a longer time frame for external feedback. 

The results from the mini-test of objective knowledge further corroborated this interpretation by 

providing additional evidence of learning that was not based solely on self-reported evaluation.  

The knowledge gain observed on the objective test was moderate to large, with a relatively narrow 

confidence interval around the mean, indicating a consistent improvement in the matched analytic sample. 

This evidence is important because self-reported gains may reflect enthusiasm, a desire to respond positively, 

or changing perceptions of competence after instruction, whereas the objective test provides additional 

support that the program affected foundational knowledge as well as confidence-related outcomes. At the 

same time, the limited length and parallel-form structure of the test suggest that the scores should be 

interpreted as evidence of improvement in foundational knowledge rather than as a definitive measure of 

overall competence within the domain. This pattern is broadly consistent with prior work showing that 

practice-oriented programming instruction and digitally supported active learning can improve engagement, 

understanding, and measurable learning outcomes in computing-related education [2], [4]. Therefore,  

the overall results suggest that the pipeline supported both perceived competence and measurable learning 

outcomes. 

The association models revealed another perspective on AI literacy as both an outcome of the 

intervention and a capability related to performance. In terms of post-test results, there was a higher level of 

AI literacy associated with a higher level of knowledge and an improved practical result based on the 

OutputsIndex, which was still true when adjusted models were used to analyze the data. These results suggest 

that using AI as a scaffold, together with verification routines, may help students use such tools more 

effectively for learning and applied production. Responsible AI literacy is important because it provides 
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students with a way to use AI to enhance learning while also addressing institutional concerns about 

overdependence, deterioration of competence, and academic integrity. In this study, AI was not treated as a 

replacement for reasoning, but as a support that required students to verify, test, document, and explain their 

work. This interpretation is also compatible with recent research showing that AI-supported instruction can 

contribute to competence development and academic achievement, especially when technology use is 

embedded within clear pedagogical design rather than treated as an isolated tool [6], [16], [20]. 

Although the two sites were different, the results should be viewed through the lens of 

implementation heterogeneity, not as a case of superiority of one institution over another. Both universities 

demonstrated significant improvements on the knowledge test and across constructs, supporting the notion 

that the pipeline is transferable. However, Karaganda showed larger objective knowledge gains and a slightly 

higher retention rate than Shymkent, which may reflect more favorable implementation conditions, 

differences in mentoring intensity, more consistent attendance, or differences in baseline readiness.  

The current design does not allow these explanations to be separated, so the site differences should be 

interpreted as possible implementation effects rather than definitive institutional differences. This finding 

supports the need to measure fidelity indicators more explicitly in future implementation, including 

attendance, number of problems solved, repository activity, hackathon submissions, mentor feedback records, 

and structured assessment of AI verification routines. 

 

 

6. EDUCATIONAL AND POLICY IMPLICATIONS 

The practical implications are clear. Regional universities seeking replicable improvements may 

benefit from four design elements: a staged curriculum that moves from algorithmic problem solving to 

team-based project delivery, an internal hackathon with real deadlines, a final demonstration or defense 

format that requires students to explain and justify their work, and verification routines for the responsible 

use of AI tools. These elements are important because they connect technical training with applied output 

production and student accountability. Results indicate that the decision to allow for the use of AI is not 

critical; rather the critical decision is how the students use AI and if the use of AI is accompanied by 

expectations and methods of verification that allow the student to test, justify, and retain ownership of the 

solutions. Accordingly, AI literacy becomes a defined capability that supports learning and product 

development, rather than an uncontrolled confounding variable. In this way, responsible AI becomes part of 

the educational design rather than an uncontrolled external factor. 

 

 

7. LIMITATIONS AND FUTURE RESEARCH 

The findings should be interpreted with several limitations in mind. First, the quasi-experimental 

pre-test/post-test design did not include a randomized control group. Therefore, factors such as maturation, 

concurrent educational experiences, and selection effects may also have contributed to student improvement, 

limiting the ability to attribute all observed changes only to the intervention. Second, several constructs were 

measured through self-report, which may create response-shift bias. After completing the program, students 

may have adjusted their internal standards regarding their own competence. Although the objective 

knowledge mini-test strengthened the evaluation, its limited length and parallel-form structure mean that it 

should be interpreted as evidence of foundational knowledge gain rather than as a complete measure of 

overall competence. 

The OutputsIndex also depends on its operational definition. Because some components were partly 

based on self-report, the index may reflect a combination of effort, opportunity, and reporting accuracy. 

Future studies should validate this index using external evidence, such as repository activity, mentor records, 

demo-day materials, contest records, and structured rubrics for student outputs. Another limitation concerns 

implementation fidelity. Although both sites followed the same program structure, the study did not fully 

measure differences in mentoring intensity, attendance, repository activity, hackathon submissions, or quality 

of project feedback. Future research should include stronger fidelity indicators to clarify which components 

of the pipeline contribute most strongly to student outcomes. 

Future studies should use a matched comparison or waitlist-control design, a larger item bank for 

objective knowledge assessment, and longer-term follow-up. These improvements would help determine 

whether the pipeline produces durable outcomes beyond immediate post-test gains. Future research should 

also examine how responsible AI literacy relates to externally verifiable outcomes, including project quality, 

code ownership, AI verification practices, contest performance, internships, and continuing project 

development. 
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8. CONCLUSION 

The study assessed a two-site club-level initiative, titled “IT Research Lab: From Research to 

Startups” in Kazakhstan, that progressed through staged delivery including competitive programming, 

hackathons, and startup/research activities, with cross-cutting principles of responsible AI used throughout 

the program. In a paired pre/post sample, participants showed a consistent increase in all measured constructs 

of competency, as well as a moderate to large increase on an objective knowledge test, providing evidence 

that the pipeline strengthened both perceived capability and measurable learning outcomes. At post-test, AI 

literacy was positively correlated with both objective knowledge and indicators of practical outcomes, which 

suggests that responsible AI competency is not merely an attitudinal outcome, but rather a meaningful 

facilitator of learning and production. The magnitude of the gains across the two sites was not equal, which 

may be attributable to varying implementation conditions and levels of readiness across cohorts; therefore, 

fidelity-focused replication is warranted. Overall, the findings support the feasibility and educational value of 

scalable, verification-driven, AI-enabled pipelines for developing research competence, computing 

competencies, and portfolio-ready outputs. The main contribution of the study is the demonstration that 

competitive programming, hackathon practice, startup and research work, and project defense can function as 

a coherent developmental pathway rather than as isolated activities. This model may also inform curriculum 

and co-curricular design in regional higher education contexts seeking stronger alignment between technical 

training, responsible AI use, and industry-relevant student outcomes. Future research should examine the 

long-term transferability of this model across other higher education institutions and under different 

implementation conditions. 
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