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Abstract: In this study, we present an Online Inquiry-based Learning Platform for 
Computational Thinking (CT-ONLINQ) to develop the CT skills of students. The 
platform provides immediate feedback with hints to support students during 
problem-solving activities and encourages them to explore multiple solutions for a 
problem. The hints are generated using a Knowledge Graph that stores information 
about the solution details of a problem. A six-week study was conducted on 79 high 
school students to determine the effectiveness of the platform with hints on students' 
CT skills. The results showed that the students improved their CT skills significantly 
after the intervention. Findings suggest that the CT-ONLINQ platform consisting of 
IBL-based CT activities with immediate feedback could help school students improve 
their CT skills.  

 
Keywords: Computational Thinking, Immediate feedback, Knowledge Graph, 
Inquiry-based learning 

 
 
1. Introduction 
 
Computational Thinking (CT) is a cognitive ability that allows individuals to develop 
computational solutions for a variety of problems (Wing, 2006). Inquiry-Based Learning (IBL) 
is an approach to learning that guides students through various phases, starting with exploring 
a problem, followed by collecting data to develop models, generating findings, and rigorously 
evaluating those findings to gain new understanding (Pedaste et al., 2015). In terms of the 
learning process, IBL in science and CT education are relatively similar due to the cyclic 
process of repeated revisions and refinement (Hoppe and Werneburg, 2019).  

 The current CT research focuses on teaching coding concepts to students (Jacob et 
al., 2020), but researchers argue that problem-solving, creativity, and algorithmic thinking 
should be taught, as these transferable skills hold greater value (García Peñalvo et al., 2016). 
In addition, studies on IBL in CT concentrate on creating logical artifacts and testing them to 
improve CT abilities (Hoppe and Werneburg, 2019). Moreover, researchers argue that 
analysis and evaluation of artefacts is critical to improving learning outcomes (Prayogi and 
Yuanita, 2018). To overcome the above issues, we have created CT-ONLINQ, an online 
platform for Computational Thinking (CT) that follows IBL-based CT activities (Jha et al., 
2023). The platform provides hints and prompts during problem-solving activities, which are 
stored in a Knowledge Graph (KG). In KG, concepts are represented as nodes, and 
relationships between concepts are represented as edges. Different forms of immediate 
feedback have been developed by researchers to support coding and CT activities (Basu et 
al., 2017). However, there are lack of studies that provides hints stored in KG during 
IBL-based CT activities. The current study discusses the design of KG and evaluates the 
effect of the platform CT-ONLINQ on CT skills of high school students. The current study 
addresses the following research question (RQ):  
 RQ: Did the online platform CT-ONLINQ with immediate feedback improved CT skills of 

high school students?   
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2. The CT-ONLINQ platform 
 
CT-ONLINQ is an online educational platform that supports IBL-based CT activities (Jha et al., 
2023). A brief description of the platform architecture and example interface tab is shown in 
Jha et al. (2023). The platform uses a KG to store hints and answers during IBL-based CT 
activities. Figure 1 shows a basic schema structure of the KG with properties for each 
problem. The KG schema is divided into three subschemas: Answer comparison, Goal, Hints 
and Answers, as described below.  

 Answer comparison: It contains problem’s question and the sequence of goals related to 
CT step.  

 Goal: It contains step name, task statement, the best solution, hints and answers 
sequence related to the task, and a no matched answer section that contains hints when 
input does not match with any correct or incorrect answer.  

 Hints and Answers: It contains type of answer (correct/incorrect) that matches the input, 
an alternate answer to compare with the input, a prompt for the hint, and three types of 
problem-specific hints: basic (with little elaboration), intermediate (with more elaboration), 
and alt hint (for alternate correct answer). The alternate correct answer (only available for 
the correct answer type) is a solution but not the best solution for the task.   

 

 
 

Figure 1. Schema of the Knowledge Graph  
   
The platform parses the graph to provide relevant hints based on the number of attempts 
made during problem-solving activities. For example, Consider the problem statement ‘Write 
an algorithm to find the sum of numbers 1+2+…+60’. For an incorrect answer in 
decomposition step- ‘Find a way to add number from 1 to 60’ the hints are: basic(attempts<4)- 
can you do better? Add number paiwise to find total sum; intermediate (attempts<6)- can you 
do better? Find pairs having sum 61; Advanced- (1+60)+(2+59)+…(30+31).  
 
 
3. Methodology 
 
The experiment involved 79 high school students, aged 13-15, from a public high school in 
India. All the students were given immediate feedback with hints during problem-solving 
activities. We adapted two different sets of 12 questions (max score 108, pre and post-test) 
from Bebras Thinking Challenge (Bebras-Ireland, 2020). Initially, the students signed up to the 
CT-ONLINQ platform, completed an example activity (see Jha et al., 2023), and completed 
bebras questions (pre-test with Cronbach’s alpha 0.74). Next, the students completed six 
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problem-solving activities on the platform and completed post-test with Cronbach’s alpha 
0.77.   
 
 
4. Result and Discussion 
 
The average pre-test score was 42.11 with a standard deviation (SD) of 10.69, while the 
post-test score was 55.43 with a SD of 14.07. We conducted a paired samples t-test to 
compare the pre and post-test scores to assess the improvement in CT skills. Findings 
showed that there was a significant difference in CT skills (t=6.697, p=.000, d=1.06), with an 
average difference of 13.316 (SD=1.988). The result supports the study that useful feedback 
and hints improved student understanding in a CT-based learning environment (Basu et al., 
2017).  
 
 
5. Conclusion and future work 
 
The present study investigated the effect of CT-ONLINQ with immediate feedback on the CT 
skills of high school students. A total of 79 students from high school participated in the current 
study. The platform implemented the IBL-based CT workflow, allowing students to develop 
algorithmic solutions, analyze the algorithms, and compare the algorithms. The platform 
provided immediate feedback at each CT step. Hints and answers were stored in the KG. The 
findings confirmed that the intervention significantly improved the CT skills of students working 
on the platform.  

With regards to future work, the current study examined the effect of IBL-based CT 
activities on the online platform but did not compare them with offline IBL-based CT activities. 
Future studies can compare the effects of offline versus online IBL-based CT activities on the 
enhancement of CT skills. The study provides a new way to teach CT skills to high school 
students using IBL-based CT activities without any coding practice. 
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