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Abstract.  Adaptive assessments are becoming more and more popular as they are used on a 

large scale for evaluating programming knowledge by industry leaders such as Pluralsight. In 

this paper we propose a simple decision tree-based adaptive model for evaluating students’ 

knowledge related to Java programming. The model is making use of a lower number of 

questions of different difficulties compared to a classical approach. A discrete model was 

preferred to a more complex Item Response Theory statistical one (such as 1PL or Rasch) due 

to its simplicity and to the fact that it can be implement with the usage of a classical test theory 

system. The adaptive assessment model was evaluated on a sample of 82 students from the 

bachelor’s degree program. The results obtained by the proposed model are promising, 

especially when it comes to labeling students’ performance on the assessment by a binary 

classification technique in the form of passed or failed. 
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1. Introduction 

Adaptive assessments are a special category of tests that adjust their content to the examinee's 

ability level. When a computer algorithm is used in order to determine the next optimal item, 

they are usually called Computerized Adaptive Tests (CAT). The most common methodology 

for implementing CATs comes from the domain of psychometrics and it is called Item 

Response Theory (IRT). 

Classical Test Theory (CTT) is used on a large scale when it comes to evaluate students’ 

performance in the Romanian higher education. However, IRT is considered a better approach, 

being used for a long time at different levels within the national education systems from other 

countries [1]. While classical tests are usually unidimensional (they measure a single ability by 

using only one scale), the adaptive ones can also help in obtaining a detailed picture of an 

examinee’s strengths and weaknesses [2]. 

In the case of CTT, all the items (e.g. questions from a test) are considered equal and the final 

score is computed by summing the individual scores of all the items. In an IRT systems, items 

are scored differently depending on their difficulty. For example, if two examinees score 6 out 

of 10 in a classical test with 10 questions, both will have the final score 60%. On the other 

hand, if two examinees score 6 out of 10 in a test that uses IRT, their final scores might be 

different depending on the difficulty level and the order of the questions that they answered 

correct or incorrect. 

They are multiple ways of measuring the final scores in an IRT system, as emphasized in the 

next chapters. Nevertheless, our main objective in this paper was to determine if adaptive 

assessments are a viable approach for testing students who learn Java programming (one ability 

– Java knowledge, according to the IRT theory), rather than building an IRT system per se. 
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2. Short literature review 

IRT is used nowadays in the context of Computer Based Testing (CBT), especially CAT, a 

category of adaptive tests generated with the help of a computer algorithm that can evaluate 

one’s ability in a certain domain [3]. Usually CATs or CAAs (Computer Adaptive 

Assessments) are part of a larger adaptive e-learning system [4], [5]. 

Paper [6] provides an extensive survey of existing automated assessment approaches related to 

the programming domain. Several features are identified and divided into two categories: 

dynamic and static. Dynamic features include functionality, efficiency, testing skills, and 

special features, while static ones include coding style, programming errors, software metrics, 

design, and special features. Usually, adaptive assessments make use of item banks that are 

manually or automatically annotated with certain difficulty levels [7]. 

Also related to evaluating programming abilities, papers [8], [9] and [10] present different 

approaches for evaluating students who learn a new programming language. Paper [8] 

describes the creation of a Programming Adaptive Testing (PAT) system, a web based IRT 

application that uses an item bank of questions with difficulties adapted to Bloom’s taxonomy. 

Article [9] presents an adaptive e-learning system used by students who learn the Java 

programming language (called QuizJET). The system is making use of parameterized questions 

instead of static ones. Paper [10] proposes a methodology based on IRT for evaluating students’ 

knowledge of object-oriented programming. 

Similar approaches are taken by the industry as well. Pluralsight representatives had announced 

via a white paper that they are using IRT to compute the value of the Skill IQ, a quotient that 

can tell one’s proficiency in a certain technology [11]. 
Even tough different approaches are used to implement adaptive assessments with the usage of 

IRT, like Bayesian-based methods or Neural Networks-based methods [10], in this paper we 

chose a different approach inspired by the methodology proposed in [3]. The model is based 

on a decision tree and it is described in greater details in the next chapter. We chose this 

approach due to the possibility of adjusting an existing CTT system to an adaptive model. This 

wouldn’t have been possible if a Bayesian model-based system was used, and the financial 

investment in a new system that has a built-in IRT engine isn’t possible yet. 

 

3. Proposed adaptive assessments model 
The proposed adaptive assessment model uses a decision tree across 10 questions divided into 

4 difficulty levels (easy, medium-low, medium-high and hard) and evaluates each student with 

a grade from 1 (lowest) to 5 (highest). The item bank is composed of questions previously used 

in gamified quizzes (from the Kahoot platform) with the ex-students that learned the same 

curriculum as the examined ones and is presented in extenso in [12]. The individual item 

difficulty was computed based on the previous answers of ex-students by using quartiles in the 

following way: Q1 – easy (questions answered correct by more than 75% percent of the 

students), Q2 – medium-low (questions answered correct by more than 50% of the students, 

but less than 75%), Q3 – medium-high (more than 25% of students provided correct answers, 

but less than 50%) and Q4 – hard (less than 25% of students answered these questions 

correctly). In this way we wanted to test also if the item bank can use a feedback loop in order 

to reevaluate the difficulty of the questions based on previous answers [11]. The questions have 

a single correct answer and include only theory and source code evaluation, also similarly to 

the question bank used in [11]. A graphical representation of our model, inspired by the model 

used in [3] is presented in Figure 1. Instead of using a statistical function (such as the Rasch 

model for example [13]) that would have given us a floating-point number as result, we 

preferred a discrete approach in which the result is an integer. The model can be scaled and 

allows an exponential reduction of the needed questions, compared to a classical approach. If 
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the number of questions needed by our model in order to compute the final score is n, then the 

number of questions needed by a classical approach would be 
𝑛(𝑛+1)

2
.  For the model presented 

below, the number of questions needed in order to compute the final score is 4 (n = 4), instead 

of 10 questions needed by a classical one. 

 

 
Figure 1. Graphical representation of the model (based on [3]). Q1-Q4 represent the difficulty levels, 1-5 the 

final grade of the student, red dotted arrows incorrect answers and green solid arrows correct answers 

 

The main objective was to determine if an adaptive assessment can produce better results than 

a classical approach for the same item bank. In order to evaluate this, a classical test was 

conducted on 82 students from the Java programming class. The test included all the 10 

questions ordered by difficulty. The students were announced that the test is just a self-

evaluation one and that the final grade will not be taken into consideration. Also, at the end of 

the test, they were asked to self-evaluate their score on a scale from 1 to 5. 

After the results were gathered, an adaptive test simulation was conducted on every student’s 

data with the usage of the proposed model. Table 1 shows a snippet of the aggregated data. 
 

Table 1. A snippet of the aggregated data for the developed test (columns B, C and D are normalized and 

display values from 1 to 5) 

A. Participant ID 
B. Total points (classical 

approach) 

C. Estimated points 

(adaptive model) 

D. Participant self-

evaluation 

1 4 3 5 

2 4 4 4 

3 4 5 3 

4 3 4 3 

5 3 3 1 

6 3 3 3 

7 3 3 3 

8 2 3 4 

9 3 4 4 

10 2 3 3 

… … … … 
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4. Results and discussions 
We started by analyzing the descriptive statistics for our data. All the three data series had the 

same median (equal to 3), mode (also 3) and the mean was similar (3.28 for column B from the 

table above, 3.39 for column C and 3.29 for column D). The standard error was 0.09 for B, 0.1 

for C and 0.09 for D, so similar as well. The distribution of the values from the data series can 

be observed in the Figure 2 below. 

 

 
Figure 2. A chart representing the distribution of the three data series (B, C and D from Table 1) 

 

Based on the graphical representation of the values, we tested the correlation between the data 

series. The correlation coefficient between the grades obtained at the full test and the grades 

obtain by applying the adaptive model with just 4 questions was 0.71. Also, the correlation 

between the grades obtained by the adaptive model and the self-evaluated grades was 0.31, 

while the one between the grades obtained at the full test and the self-evaluation was 0.36. 

The results obtained by our model are encouraging having in consideration that they are similar 

to the ones obtained by the classical one, but it needs just 4 questions instead of 10. However, 

we must reckon that the classical model seems to be slightly better at evaluating students, at 

least if we compare this with their self-evaluation. Also, we can observe from Figure 2, that 

the proposed adaptive model has a tendency to overestimate students with very low scores. 

We should emphasize also the fact that the model was used to test students who learn Java 

programming and might produce different results for a different item bank. Nevertheless, if we 

would consider the students with grades above or equal to 3 as passed and the other ones as 

failed, the overestimation of the model for the low scores would not matter anymore. We have 

also tested the performance of our model for a binary classification decision (passed or failed) 

by using the F1 score (the harmonic mean between precision and recall). The obtained value 

for the F1 score was 0.82 which suggests that the model has a high accuracy of determining the 

final decision. 

Other advantages of the proposed adaptive model by comparison with the classical approach 

are given by the fact that it is using a low number of questions from the item bank and that each 

1

2

3

4

5

Total points classical test Estimated points (adaptive model) Self evaluation
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student will have its own navigation path through questions. This can discourage plagiarism 

and the test takers that want just to see as many items from the item bank as possible. 

 

5. Conclusions and future work 
In this paper we wanted to test if the CATs can be an alternative to CTT for evaluating students’ 

knowledge related to Java programming. Instead of using a classical IRT approach like the 1PL 

or the Rasch model, just to name a few, we chose a simpler one based on a discrete decision 

three that allowed us to adapt a CTT tool to the new paradigm [3]. The content of the item bank 

and the way the items were auto evaluated in terms of difficulties were inspired by the industry 

approach used at Pluralsight [11]. 

The results are promising and can help us to dramatically reduce the number of questions 

needed in order to evaluate a student. The model scored a high accuracy when it comes to 

predict examinee’s final decision related to the test (passed or failed). 

Future work includes the usage of the open source algorithm developed by Pluralsight and 

available at [14], in order to develop a custom IRT system per se. The new system will 

overcome the current system in terms of complexity and accuracy. Also, we take into 

consideration to do a simulation for a larger item bank and to compare the obtained result with 

the current ones. 
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