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ABSTRACT
This paper proposes an automated assessment system for Data Structures and Algorithms (DSA) that
supports eight diverse question types-Multiple-Choice Questions (MCQ), Fill-in-the-Blank Number (FN), Fill-
in-the-Blank Number Sequence (FNS), Fill-in-the-Blank Programming Syntax (FPS), Fill-in-the-Blank Short
String (FSS), Fill-in-the-Blank Expression/Formula (FE), Matching Pairs (MP), and Programming Exercises
(PE)-across seven difficulty levels (Easy to Expert). Leveraging Bloom's Taxonomy and psychometric
parameters (difficulty: p, discrimination: d), the system uses knowledge matrices to integrate Course
Learning Outcomes (CLOs), six content chapters, and cognitive levels, enabling adaptive test generation for
quizzes, midterms, and exams. Automated scoring employs exact matching for MCQ/MP/FN/FNS, pattern
matching for FPS/FSS, symbolic evaluation for FE, and test-case evaluation for PE. The system tracks
knowledge progression across tests, per topic, and per CLO, providing comprehensive feedback. Initial
implementations have shown the system's ability to improve assessment quality, decrease grading efforts,
and facilitate data-driven teaching approaches in technical fields such as DSA.

Keywords: automated assessment, data structures and algorithms, e-learning, intelligent tutoring system,

knowledge representation

1.INTRODUCTION

Intelligent Tutoring Systems (ITS) leverage Al for
personalized instruction and assessment, integrating
domain knowledge with student activities. In DSA, ITS
aid mastery of complex concepts like algorithmic
design [1, 2], but comprehensive DSA assessment
systems are limited. Essential to ITS, assessment
modules evaluate proficiency and track progress,
helping students identify strengths and weaknesses.
While ITS excel in STEM [1, 2, 3], DSA-specific
frameworks lack support for diverse cognitive and
practical skills. Bloom's Taxonomy organizes
assessments across cognitive levels, with studies [4]
showing its value in balancing theory and practice.
However, existing systems often use basic formats
like Multiple-Choice Questions (MCQs) [4, 5] and
manual grading, limiting scalability. Research in [5]
proposes an intelligent system for course content
access and MCQ testing but lacks testing theories for
guestion design. Commercial tools like the
International English Test [6], VioEdu [7] support
general education but not IT disciplines like DSA.
Learning Management Systems (LMS) like Elearning
[8] enable testing but lack deep performance analysis.
Recent advancements have introduced automated
test generation and scoring, yet many systems
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remain constrained by rigid question formats and
insufficient alignment with CLOs. The study [9] has
offered new insights on how an automated
assessment can contribute to both curricula and
pedagogical practice. The curriculum in this study
corresponds to the use of formative exercises in a C++
programming course and pedagogic representation
shows meaningful integration of an e-assessment
tool to support learners and develop their knowledge
competencies. Automated platforms like Moodle [8],
CodeRunner [10], and LeetCode [11] have advanced
assessment practices. Moodle[8] supports MCQs and
short-answer questions, CodeRunner [10] excels in
programming exercises (PE), and LeetCode [11]
focuses on coding challenges. PrairieLearn, an open-
source platform for STEM education, supports
custom question variants with randomization and
mastery-based adaptivity, allowing student retries
until proficiency, and auto-grades code exercises via
test cases as well as text-based explanations [12]. Yet,
it relies on custom implementations for formats like
fill-in-the-blank or matching pairs, with manual
Bloom alighment, no integrated CLO tracking, and
limited flexible difficulty for DSA assessments.
However, these systems lack support for diverse
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guestion types (e.g., Fill-in-the-Blank Number
Sequences (FNS) or Programming Syntax (FPS)) and
flexible difficulty levels, hindering comprehensive
evaluation. Moreover, alignment with CLOs and
tracking knowledge progression by topic or across

tests remain underdeveloped, resulting in no
complete solution for assessing Information
Technology subjects within ITS frameworks. To
highlight the novelty, Table 1 compares our system
with existing platforms on key aspects.

Table 1. Comparison with Existing Assessment Platforms

System Question Types Adaptivity Auto PE Bloom Alignment
Ours 8 types (MCQ-—PE) Matrix (7 levels) Yes Explicit
Moodle MCQ, short answer Limited Partial Manual
CodeRunner Code exercises Limited Yes Manual
PrairieLearn Custom, MCQ, code Mastery-based Yes Manual
LeetCode Coding challenges Difficulty rec. Yes Manual

Assessment systems should integrate diverse
question types, support multiple cognitive levels,
and offer automated scoring to reduce instructor
workload. This study addresses these gaps by
proposing an assessment framework with seven
difficulty levels, eight question types, and knowledge
matrices integrating CLOs, six content chapters,
Bloom's Taxonomy, and psychometric parameters
(difficulty: p, discrimination: d). The framework
supports automated test generation, scoring, and
evaluation per test, across tests, by topic, and per
CLO, offering a scalable solution for DSA education.
The remainder of this paper is structured as follows:
Section 2 presents the knowledge representation
model for assessment; Section 3 outlines the core
assessment problems and details the algorithms for
matrix generation, test creation, scoring, and
progression tracking; Section 4 covers im-
plementation, architecture, and evaluation; and
Section 5 concludes with future directions.

2. KNOWLEDGE REPRESENTATION MODEL FOR
ASSESSMENT
2.1. Knowledge base model for data structures and

algorithms
A. Modeling the knowledge base for the content of

DSA course
Definition 2.1: The knowledge organization model

for representing the course content of DSA is defined

as: (T, Q, R, CLO). In which:

- T (Topics) is the set of topics in the course,
organized in a hierarchical tree structure based on
content relationships. It includes six chapters: (C1)
Overview, (C2) Searching & Sorting, (C3) Linked
Lists, (C4) Stacks & Queues, (C5) Binary Search
Trees, and (C6) Hash Tables).

- Q(Questions) is the set of diverse questionsin the
course, expanded from objective multiple-choice
questions to eight main types: Multiple-Choice
Questions (MCQ), Fill-in-the-Blank Number (FN),

ISSN: 2615 - 9686

Fill-in-the-Blank Number Sequence (FNS), Fill-in-
the-Blank Programming Syntax (FPS), Fill-in-the-
Blank Short String (FSS), Fill-in-the-Blank
Expression/Formula (FE), Matching Pairs (MP),
and Programming Exercises (PE). For each
question g € Q, the structure is defined in detail
as: (question_type, question_content, answers,
correct_answers, difficult _level, discrimi-
nation_level, bloom_level, tolerance_range,
partial_credit, synonyms, syntax_variants,
format_variants, test _cases), where,
question_type is the type of question,
determining its format and scoring method,
including MCQ, FN, FNS, FPS, FSS, FE, MP, and PE;
question_content is the content of the question;
answers is the set of possible answers;
correct_answers is the set of correct answers;
difficult_levelisthe difficulty level of the question;
discrimination_level is the discri-mination level,
reflecting the question's ability to differentiate
students by ability; initial values for difficult_level
(p) and discri-mination_level (d) are expert-
estimated by IT lecturers; these parameters are
refined post-test using student data: p = (number
of correct responses / total attempts), d =
(proportion correct in upper 27% - proportion
correct in lower 27%) per classical test theory [4];
questions with low d (< 0.2) or extreme p (<=0.1
or >=0.8) are flagged for refinement or removal;
bloom_level represents the cognitive level of the
question according to the Bloom's Taxonomy
scale of the course's learning outcomes;
tolerance_range represents acceptable error
range for numerical (FN) or formula-based (FE)
guestions to handle minor calculation errors;
partial_credit is the mechanism for awarding
partial points if the answer is partially correct;
syntax_variants is the set of valid syntax
variations for FPS questions; synonyms is the set
of synonymous terms or phrases for FSS
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questions; format_variants is the set of valid
formats for FE questions; test _cases is the set of
test cases for PE questions. This extended
structure supports flexible automated scoring,
with mechanisms tailored to each question type:
exact matching for MCQ, FN, FNS, and MP;
pattern matching for FPS, FSS; symbolic
evaluation for FE; and test-case evaluation for PE,
enhanced by attributes like tolerance range,
partial_credit.

- R (Relationships) is the set of relationships between
the course topics (T) and questions (Q),
represented through knowledge matrices. These
relationships map each question to one or more
chapters, CLOs. Formally, R = {(question_id, topic,
clo)}. In which, question_id is the identifier of a
guestion from Q; topic is the topic from T
associated with the question; clo is the course
learning outcome from associated with the
guestion. A question_id can have multiple tuples in
R, each with a unique (topic, clo).

- CLOs includes five objectives: understand algorithm
concepts, complexity, and representation (CLOI,
Chapter 1); analyze search problems, constraints,
and solutions (CLO2, Chapter 2); analyze sorting
problems, constraints, and solutions (CLO3,
Chapter 2); master basic data structures for
programming (CLO4, Chapters 3-6); implement
DSA for simple problems (CLO5, Chapters 3-6).

This knowledge base model has been applied to
organize a bank of questions for the DSA course. This
question bank is used to generate a test suitable for
the requirements and abilities of students, and the
results of this test serve as the basis for diagnosing
students' knowledge levels.

B. Modeling user of the system

Definition 2.2: The user model in the system is

designed to represent and manage individual

student profiles and their interactions with the

assessment system, enabling personalized test

generation, scoring, and progress tracking. The
model is defined as: (PROFILE, TEST _LIST); where:

- PROFILE contains the personal and academic
information of each student.

- TEST_LIST is the set of tests that a student has
attempted, with each test € TEST_LIST structured

as: (test_id, question_scores, total _score). In
which, test _id: a unique identifier linking the test to
the test definition (L, question_sets, maxi-
mum_scores, time, score) from the assessment
framework, where L represents the difficulty level,
question_sets categorizes questions by Bloom's
levels (Remembering, Understanding, Applying,
Analyzing), and maximum_scores defines the
maximum points for each question in the specific
test; question_scores: a set of pairs (question_id,
achieved_score), where question_id is the
identifier of a question from the question bank Q,
associated with the extended structure;
achieved_score is the score earned by the student
for the corresponding question, calculated based
on the maximum_score defined in the test and the
student's response; total score represents
cumulative score of the test, computed as the sum
of all achieved_scores in question_scores.

2.2. Question bank model and knowledge linkages
The question bank model (Q), a core component of
the DSA assessment system, serves as a dynamic
repository for tailored test creation and automated
evaluation within the knowledge organization
model (T, Q, R, CLO). It includes eight question types-
MCQ, FN, FNS, FPS, FSS, FE, MP, PE-spanning six
chapters (C1-C6). Each question is structured with
attributes as defined in Definition 2.1 to support
scoring mechanisms (e.g., test-case evaluation for
PE). The design of the question bank should support
operations like removing or revising low-quality
questions and incorporating high-quality ones to
ensure continuous improvement in both the
number and quality of questions [4]. Knowledge
linkages via the relationship set R connect Q to topics
T and CLOs through knowledge matrices,
incorporating bloom_level, difficult_level, and
question_type. These matrices, generated per test
difficulty, guide question selection. Table 2 shows a
Level 3 (Medium) mid-term matrix, distributing 30
questions across Bloom's levels and types. This two-
dimensional matrix has question types as columns
and Bloom's Taxonomy levels as rows, with each cell
containing an array of tuples. Each tuple pairs a
chapter (topic) with the number of questions
allocated to that chapter.

Table 2. Knowledge Matrix for a Mid-Term Exam at Level 3 - Medium

Bloom Question Types

Levels | McQ FN FNS | FPS | FSS | FE | MP PE Total
R - (C2, 3),(C3, 3), (C4, 3) - - - - - - 9
U - (C2,4) (C3,4) | (C4,4) - - - - 12
AP - (C2,2) (C3,2) | (C4,2) - - - - 6

Hong Bang International University Journal of Science

ISSN: 2615 - 9686



Hong Bang International University Journal of Science - Vol.10 - 6/2026: 95-106

Bloom Question Types Total
Levels | MCQ FN FNS FPS [ FSS| FE | MP PE ota
AN - - - (c3,1) | - - - 1 (€2,1),(ca,1) 3
Total - 15 6 7 - - - 2 30

Atestis typically created by choosing questions from
a question bank, which is a comprehensive
collection of numerous questions. It has structure
and defined in Definition 2.3.

Definition 2.3: The test structure in the system
defines the organization and composition of
assessments used to evaluate student performance
in the DSA course. It is designed to ensure a balanced
evaluation across topics, learning outcomes, and
cognitive levels, while supporting automated scoring
and personalized feedback. The test structure is
formally defined as:

(L, question_sets, maximum_scores, time, score); where:

- L (Test Difficulty Level) represents the overall
difficulty of the test, categorized into seven levels
ranging from Easy to Expert. The difficulty level L
guides the selection of questions and influences the
assignment of maximum_scores, ensuring alignment
with the target student population's ability.

- question_sets is the collection of questions including
(Q, Q, Q, Q,, ordered_questions). In which, Q,, Q,,
Q., Q,, are the set of questions at the Remembering
(R), Understanding (U), Applying (A), Analyzing (A)
Bloom's levels correspondingly; ordered _questions is

Table 3. Difficult level of the test

the collection of questions in particular order of
[Non_PE_Questions, PE_Questions].

- maximum_scores is a set of pairs (question id,
maximum_score), where question_id identifies a
guestion in question_sets, and maximum_score is
the maximum points assigned to that question in the
specific test. The maximum_score can be assigned
by the user or is determined based on the question's
complexity, Bloom's level, and the test's difficulty
level (L), allowing for flexibility across different tests.

- time is the duration of the test, measured in
minutes; score is the desired total score for the test
in points. The parameters time and score will be
given by user.

The test structure integrates with the knowledge
organization model (T, Q, R, CLO) by using the
knowledge matrix to select questions from Q that
align with the topics (T) and CLOs targeted by the
test. The distribution of questions across Q,, Q,, Q,,,
and Q,,is determined by the difficulty test level (L) as
in Table 3. For instance, a Level 3 (Medium) test
might have 30% R, 40% U, 20% AP, and 10% AN, as
seenin prior examples.

Difficulty of Test Bloom Proportions Difficult Discrimination Question Course

Level (L) (R/U/AP/AN) level (p) level (d) Types Content
Level 1 (Easy) 50/30/10/10 p20.7 0.2<d<1 MCQ, FSS, MP | C1,C2
Level 2 (Moderate) 40/30/20/10 0.6<p<0.7| 0.2<d<1 MCQ, FN, MP | (1, C2
Level 3 (Medium) 30/40/20/10 04<p<06| 0.2<d<1 |FN,FPS,FNS, PE| C2-C4
Level 4 (Difficult) 20/30/30/20 03<p<04| 0.2<d<1 FN, FPS, PE, FE | C2-C5
Level 5 (Very Diff.) 10/20/30/40 p<0.3 0.2<d<1 FN, PE, MP, FE | C2-C5
Level 6 (Advance) 5/15/30/50 p <0.25 0.3<d<1 |[FN,PE,FPS, MP| C2-C5
Level 7 (Expert) 0/10/30/60 p<0.2 0.4<d<1 FN, PE, FPS, FE | C1-C6

When a student completes a test, their performance is
recorded in the TEST _LIST of the user model as (test id,
question_scores, total_score), where question_scores
contains pairs (question _id, achieved_score). The
achieved_score is calculated using the question's
scoring mechanism and adjusted by attributes like
tolerance_range or partial _credit. This structure
supports the system's goals of generating adaptive
tests, providing detailed feedback, and tracking student
progress across CLOs, with the flexibility to adjust
difficulty and scoring based on educational needs.

3. ASSESSMENT PROBLEMS AND ALGORITHM DESIGN
This section outlines five core challenges in
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developing an automated assessment system for DSA,
using the knowledge model (T, Q, R, CLO), question
bank Q, and test structure (L, question_sets,
maximum_scores, time, score) to enable adaptive
testing and evaluation:

1) Knowledge Matrix Generation: building a matrix
balancing questions across topics (T), CLOs, Bloom's
levels (R, U, AP, AN), and types (MCQ, FN, FNS, FPS,
FSS, FE, MP, PE) per test's difficulty level (L).

2) Test Generation: creating tests meeting difficulty
(L), chapter coverage, and Bloom's distribution,
aligned with CLOs and psychometric parameters.

3) Evaluation and Scoring: designing scoring for eight
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question types, considering attributes (e.g.,
tolerance_range for FN, test _cases for PE), for
accurate assessment.

4) Knowledge Assessment per Test: analyzing
performance on single tests to assess topic and CLO
mastery, providing immediate feedback.

5) Knowledge Progression Across Tests: tracking
progress over multiple tests to identify trends and
personalize learning.

3.1. Knowledge matrix generation problem and algorithm
Definition 3.1: The knowledge matrix generation
problem creates a balanced question distribution
across Bloom's levels and question types, modeled

as: (L, Q, T, N) > KM, where L is the test difficulty
level (Table 3), Q is the question bank, T is the set of
topics, N is the number of questions, and KM is a 2D
knowledge matrix.

Algorithm 1 generates the knowledge matrix based
on the proportions defined in Table 3. When the
number of available questions is insufficient or cell
counts do not match, the system prompts the
instructor via the User Interface to adjust the matrix.
Instructors can modify question counts per
(bloom_level, question_type, chapter) while
ensuring the total matches N. This semi-automated
approach preserves the required Bloom proportions
while allowing pedagogical adjustments.

Algorithm 1: GENERATE_KNOWLEDGE_MATRIX

Input: L, Q, T, N
Output: KM

Procedure:

1. EXTRACT Bloom_Proportions, Covered_Question_Types, Covered_Chapters FROM L
2. INITIALIZE KM AS empty matrix [Bloom_Levels][Covered_Question_Types]

WHERE Bloom_Levels = {R, U, AP, AN}
3. COMPUTE question counts per Bloom level:

N_R & FLOOR(N * Bloom_Proportions[R])

IF Total_Allocated # N THEN
PROMPT user to adjust N

ENDIF

Cell_Total ¢ 0
WHILE Cell_Total < N_Bloom DO

ENDWHILE
IF Cell_Total > 0 THEN

ENDIF
ENDFOR
IF Bloom_Total # N_Bloom THEN
ENDIF

ENDFOR

IF Total_Questions # N THEN
PROMPT user to adjust KM
ENDIF
6. RETURN KM

N_U < FLOOR(N * Bloom_Proportions[U])
N_AP & FLOOR(N * Bloom_Proportions[AP])
N_AN & FLOOR(N * Bloom_Proportions[AN])
Total_Allocated ¢~ N_R + N_U + N_AP + N_AN

RECALCULATE N_R, N_U, N_AP, N_AN
4. FOR EACH Bloom_Level IN Bloom_Levels DO

N_Bloom & SELECT {N_R, N_U, N_AP, N_AN} FOR Bloom_Level
FOR EACH Question_Type IN Covered_Question_Types DO

Random_Chapter < RANDOM(Covered_Chapters)
Default_Count ¢ RANDOM_INTEGER(O, N_Bloom - Cell_Total)
APPEND (Random_Chapter, Default_Count) TO
KM[Bloom_Level][Question_Type]
Cell_Total & Cell_Total + Default_Count
VALIDATE KM[Bloom_Level][Question_Type]
PROMPT user to adjust KM[Bloom_Level][Question_Type]
Bloom_Total ¢ SUM(count FOR (chapter, count) IN KM[Bloom_Level])
PROMPT user to adjust KM[Bloom_Level]

5. Total_Questions < SUM(count FOR row IN KM FOR cell IN row
FOR (chapter, count) IN cell)

Figure 1. The algorithm of knowledge matrix generation for DSA assessment

3.2. Test generation problem and algorithm
Definition 3.2: The test generation problem is
modeled as: (knowledge_matrix, Q, time, score) >
(L, question_sets, maximum_scores, time, score),
where the knowledge matrix is obtained from
Algorithm 1, and the output follows the test
structure defined in Definition 2.3.

Algorithm 2 generates a test by selecting questions

Hong Bang International University Journal of Science

from the question bank according to the knowledge
matrix. Questions are filtered based on Bloom's
level, question type, chapter, difficulty p, and
discrimination d to ensure balance across cognitive
levels, topics, and psychometric parameters. In this
algorithm, the base score values are justified by
teaching experience in DSA courses, scaled by
difficulty_factor and bloom_factor. These weighting
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parameters are currently fixed but can be made configurable in future versions.

Algorithm 2: GENERATE_TEST

Input:knowledge_matrix (KM), Q, time, score
Output: L, question_sets, maximum_scores, time, score

Procedure:
1. EXTRACT FROM KM: L < KM.Difficulty_Level, Covered_Question_Types ¢ KM.Covered_Question_Types,
Covered_Chapters < KM.Covered_Chapters, Bloom_Proportions ¢~ KM.Bloom_Proportions

ENDFOR

ENDIF

ENDFOR

ENDIF

ENDFOR

ENDIF

2. INITIALIZE question_sets AS {QR & [], QU < [], QAP < [], QAN <[],

3. FOR EACH Bloom_Level IN {R, U, AP, AN} DO
Current_Set ¢ SELECT {QR, QU, QAP, QAN} FOR Bloom_Level
FOR EACH Question_Type IN Covered_Question_Types DO
FOR EACH (Chapter, Count) IN KM[Bloom_Level][Question_Type] DO
Q_Filtered < {q € Q | g.bloom_level = Bloom_Level AND

IF SIZE(Q_Filtered) < Count THEN
PROMPT user to adjust Count
UPDATE Count
ENDIF
Selected_Questions & RANDOM_SUBSET(Q_Filtered, Count)
APPEND Selected_Questions TO Current_Set
ENDFOR

4. All_Questions ¢ CONCATENATE (QR, QU, QAP, QAN)
PE_Questions ¢ {g € All_Questions | g.question_type = PE}
Non_PE_Questions ¢ SHUFFLE(AIl_Questions \ PE_Questions)
question_sets.ordered_questions < [Non_PE_Questions, PE_Questions]
REDISTRIBUTE question_sets.ordered_questions TO {QR, QU, QAP, QAN} BY bloom_level
5. INITIALIZE maximum_scores AS empty set
Total_Default_Score ¢ 0
FOR EACH Question IN question_sets.ordered_questions DO
IF Question.question_type = MCQ THEN
base_score & 1
ELSE IF Question.question_type IN {FN, FNS, FPS, FSS, FE, MP} THEN
base_score & 3
ELSE IF Question.question_type = PE THEN
base_score & 5

Difficulty_Factor < MAP(L, {Level 1: 0.5, Level 2: 0.7, Level 3: 1.0,
Bloom_Factor ¢ MAP(Question.bloom_level, {R: 1.0, U: 1.2, AP: 1.5, AN: 2.0})
Question.default_score < base_score x Difficulty_Factor x Bloom_Factor

Total_Default_Score ¢ Total_Default_Score + Question.default_score

FOR EACH Question IN question_sets.ordered_questions DO
Question.maximum_score < ROUND((Question.default_score /

IF Question.maximum_score < 1 THEN
Question.maximum_score < 1

APPEND (Question.question_id, Question.maximum_score) TO maximum_scores
Final_Score ¢ SUM(g.maximum_score FOR q IN question_sets.ordered_questions)
IF Final_Score # score THEN

PROMPT user to adjust maximum_scores

6. RETURN (L, question_sets, maximum_scores, time, score)

ordered_questions & []}

g.question_type = Question_Type AND
g.chapter = Chapter AND
g.difficulty_level MATCHES L AND
g.discrimination_level MATCHES L}

Level 4: 1.2, Level 5: 1.5, Level 6: 1.8, Level 7: 2.0})

Total_Default_Score)x score)

Figure 2. The algorithm of test generation for DSA assessment

3.3. Evaluation and scoring of question types correct answers. MCQ and MP award partial credit
Four scoring mechanisms-exact matching, pattern based on correct selections or pairs (e.g., 2/3
recognition, symbolic evaluation, and test-case- correct yields 2/3 score). FNS checks sequence
based evaluation-are used to assess responses for elements with partial credit within a tolerance
different question types, aligned with Bloom's (e.g., £ 0.001). FN scores full points if within
Taxonomy. These are detailed in Definition 3.3 and tolerance, else zero.
Algorithm 3. e Pattern recognition is applied to FPS and FSS.
e Exact matching is applied to MCQ, MP, FN, and FNS. Student responses are normalized (e.g., removes
This mechanism compares responses directly to spaces for FPS, lowercase for FSS) and matched
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against predefined correct answers or valid variants.
Full marks are awarded only if a match is found.

e Symbolic evaluation is used for FE questions.
Responses are normalized and parsed into
symbolic expressions. The system checks for
mathematical equivalence with the correct answer
using expression simplification. Equivalent
expressions receive full marks.

e Test-case-based evaluation is used exclusively for
PE. It combines static analysis (40%) via cppcheck
and dynamic unit testing (60%) via GoogleTest.
Compilation failure results in zero score. Successful

compilations are evaluated for code style issues
and functional correctness against test cases, with
partial credit awarded for passed tests.

Definition 3.3: The evaluation and scoring problem
computes the achieved score of a student's response
based on the question type and its corresponding
scoring mechanism. It is modeled as: (question,
student_response, maximum_score) = (achieved_score),
where the input question comes from the question bank
(Definition 2.1) and the maximum_score is defined in
the test structure (Definition 2.3). The detailed process is
presented in Algorithm 3.

Algorithm 3: EVALUATE_AND_SCORE

Output: achieved_score

Input: question, student_response, maximum_score

Procedure:

1. INITIALIZE achieved_score ¢ 0

2. CASE question.question_type OF
MCQ, MP:

FN:

FNS:

FPS, FSS:

FE:

correct_count ¢ COUNT(student_response MATCHES question.correct_answers)
achieved_score & (correct_count / LENGTH(question.correct_answers)) x
maximum_score x question.partial_credit

is_valid < PARSE(student_response) WITHIN (question.correct_answers +
guestion.tolerance_range)
achieved_score < is_valid ? maximum_score : 0

correct_items < COUNT(student_response[i] MATCHES question.correct_answersl[i]
WITHIN question.tolerance_range FOR i IN
RANGE(LENGTH(question.correct_answers)))
achieved_score ¢ (correct_items / LENGTH(question.correct_answers)) x
maximum_score x question.partial_credit

normalized_response ¢ NORMALIZE(student_response, question.question_type)
variants < question.question_type = FPS ?
question.syntax_variants : question.synonyms
achieved_score ¢ (normalized_response MATCHES question.correct_answers
OR ANY v IN variants) ? maximum_score : 0

normalized_response < STRIP(student_response)
IF IS_VALID_EXPRESSION(normalized_response) THEN

response_expr < PARSE_TO_EXPRESSION(normalized_response)

correct_expr < PARSE_TO_EXPRESSION(question.correct_answers)

achieved_score < (SIMPLIFY(response_expr - correct_expr) =0 OR
normalized_response IN question.syntax_variants) ? maximum_score : 0

ELSE
achieved_score < 0
ENDIF
PE:

3. RETURN achieved_score

issues ¢ COUNT_ISSUES(cppcheck, student_response)
static_score ¢ MAX(0, 1 - (issues / 10)) x 0.4 x maximum_score
passed_tests ¢ COUNT_PASSED_TESTS(GoogleTest, question.test_cases,
student_response)
unit_score & (passed_tests / LENGTH(question.test_cases)) x 0.6 x
maximum_score x question.partial_credit
achieved_score & static_score + unit_score

Figure 3. The algorithm of evaluation and scoring for diverse question types

3.4. Knowledge assessment per test

Definition 3.4: The per-test knowledge assessment
problem evaluates a student's performance on a
single test and generates feedback. It is modeled
as: (test, student _profile, question_scores,
student_responses, R) - (performance_metrics,
feedback), where the inputs follow the test
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structure (Definition 2.3) and user model
(Definition 2.2), and R maps questions to topics and
CLOs (Definition 2.1).

Algorithm 4 aggregates scores, computes
performance metrics across topics, CLOs, and
Bloom's levels, and generates detailed feedback,
including PE-specific insights.
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Algorithm 4: ASSESS_PER_TEST
Input: test, student_profile, question_scores, student_responses, R
Output: performance_metrics, feedback
Procedure:
1. INITIALIZE performance_metrics < {topic_scores < {}, clo_scores < {},
bloom_scores & {}, bloom_max_scores < {}, total_score < 0}, feedback < ""
2. FOR EACH (question_id, achieved_score) IN question_scores DO
question & test.question_sets[question_id]
max_score ¢ test.maximum_scores[question_id]
total_score & total_score + achieved_score
response < student_responses[question_id]
status < achieved_score = max_score ? "Correct" : "Incorrect"
APPEND TO feedback: "Question {question_id}: {status}
({achieved_score}/{max_score})\nCorrect Answer: {question.correct_answers}\n"
IF status = "Incorrect" THEN
IF question.question_type = PE THEN
issues <~ COUNT_ISSUES(cppcheck, response)
failed < COUNT_FAILED_TESTS(GoogleTest, question.test_cases, response)
APPEND TO feedback: "Static Issues: {issuesf\nFailed Tests:
{failed}/{LENGTH(question.test_cases)}\n"

ELSE
APPEND TO feedback: "Your Answer: {response}\n"
ENDIF
ENDIF
relations ¢ {(topic, clo) | (q_id, topic, clo) IN R WHERE g_id = question_id}
FOR EACH (topic, clo) IN relations DO
normalized_score ¢ (achieved_score / max_score) / LENGTH(relations)
topic_scores[topic] & (topic_scores[topic, 0] + normalized_score) /
(COUNT(question_scores[topic, []]) + 1)
clo_scores|clo] ¢ (clo_scores]clo, 0] + normalized_score) /
(COUNT(question_scores|clo, []]) + 1)
ENDFOR
bloom_level & question.bloom_level
bloom_scores[bloom_level] ¢ bloom_scores[bloom_level, 0] + achieved_score
bloom_max_scores[bloom_level] ¢ bloom_max_scores[bloom_level, 0] + max_score
ENDFOR
FOR EACH bloom_level IN bloom_scores DO
IF bloom_max_scores[bloom_level] > 0 THEN
bloom_scores[bloom_level] ¢ bloom_scores[bloom_level] /
bloom_max_scores[bloom_level]
ENDIF
ENDFOR
3. PREPEND TO feedback: "Student: {student_profile.name}, Score:
{performance_metrics.total_score}/{test.score}\n"
FOR EACH topic IN topic_scores DO
Pt & topic_scores[topic]
strength & Pt > 0.75 ? "Strong" : Pt 2 0.5 ? "Moderate" : "Weak"
advice < Pt > 0.5 AND Pt <0.75 ? " review concepts" : Pt<0.5? "
focus on fundamentals" : ""
APPEND TO feedback:"Topic {topic} ({Pt:.2f}): {strength} at
{test.L} level{advice\n"
ENDFOR
FOR EACH clo IN clo_scores DO
Pclo ¢ clo_scores|clo]
status < Pclo 2 0.5 ? "Meets" : "Below"
advice € Pclo < 0.5 ? " focus on related chapters" :
APPEND TO feedback:"CLO{clo} ({Pclo:.2f}):{status} at {test.L} level{advice}\n"
ENDFOR
IF ANY(question.question_type = PE IN test.question_sets) THEN
APPEND TO feedback: "Programming Recommendations:\n"
IF issues > 0 THEN APPEND TO feedback: "- Review coding style\n"
IF failed > 0 THEN APPEND TO feedback: "- Debug failed test cases\n"
ENDIF
4. RETURN (performance_metrics, feedback)

Figure 4. The algorithm of Per-test knowledge assessment and feedback

3.5. Knowledge progression across tests

Definition 3.5: The knowledge progression across
tests problem evaluates a student's performance
trends over multiple tests and provides feedback on
their learning trajectory. It is modeled as:
(student_profile, test_list, R) - (progression_metrics,
progression_feedback), where the inputs follow the
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user model (Definition 2.2) and R maps questions to
topics and CLOs (Definition 2.1).

Algorithm 5 aggregates results from Algorithm 4
across tests, computes average performance,
classifies levels, and identifies trends using a slope-
based method to generate actionable
recommendations.
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Algorithm 5: ASSESS_ACROSS_TESTS
Input: student_profile, test_list, R
Output: progression_metrics, progression_feedback
Procedure:
1. INITIALIZE progression_metrics <& {topic_progression ¢ {},clo_progression < {},
bloom_progression & {},overall_progression & []},progression_feedback < ""
2. FOR EACH test_entry IN SORT(test_list BY timestamp) DO
metrics ¢ ASSESS_PER_TEST(test_entry.test, student_profile,
test_entry.question_scores, test_entry.student_responses, R)
APPEND (metrics.total_score / test_entry.test.score) TO
progression_metrics.overall_progression
FOR EACH (dim, score) IN metrics.topic_scores DO
APPEND score TO topic_progression[dim, []]
ENDFOR
FOR EACH (dim, score) IN metrics.clo_scores DO
APPEND score TO clo_progression[dim, []]
ENDFOR
FOR EACH (dim, score) IN metrics.bloom_scores DO
APPEND score TO bloom_progression[dim, []]
ENDFOR
ENDFOR
3. FOR EACH (key, data_name) IN [(topic_progression, "Topic"), (clo_progression,
"CLO"), (bloom_progression, "Bloom")] DO
FOR EACH (dim, s_list) IN key DO
mu ¢ MEAN(s_list)
level € mu < 0.3 ? "Failed" : mu<0.5?"Weak" : mu<0.7?
"Average" : mu < 0.9 ? "Good" : "Excellent"
slope & LINEAR_SLOPE(s_list) IF LENGTH(s_list) > 1 ELSE O
trend < slope > 0 ? "Improving" : slope <0 ? "Declining" : "Stable"
key[dim] & (s_list, level, trend)
APPEND TO progression_feedback: "{data_name} {dim}: {level}
({[s:.2f FOR s IN s_list]}, {trend})\n"

ENDFOR
ENDFOR
4. mu & MEAN(progression_metrics.overall_progression)
level & mu <0.3? "Failed" : mu<0.5?"Weak" :mu<0.7?
"Average" : mu < 0.9 ? "Good" : "Excellent"
slope < LINEAR_SLOPE(progression_metrics.overall_progression) IF
LENGTH(progression_metrics.overall_progression) > 1 ELSE O
trend ¢ slope > 1 ? "Improving" : slope <-1 ? "Declining" : "Stable"
progression_metrics.overall_progression & (progression_metrics.overall_progression,
level, trend)
PREPEND TO progression_feedback: "Overall: {level} ({[s:.2f FOR s IN
progression_metrics.overall_progression[0]]}, {trend})\n"
5. IF ANY(I IN ["Failed", "Weak"] FOR _, (_, I, _) IN [topic_progression,
clo_progression]) THEN
APPEND TO progression_feedback: "Recommendation: Focus on topics/CLOs
with Failed or Weak performance.\n"
IF progression_metrics.overall_progression[1] IN ["Failed", "Weak"] THEN
APPEND TO progression_feedback: "Recommendation: Review foundational

ENDIF
ENDIF

concepts across all areas.\n"

6. RETURN (progression_metrics, progression_feedback)

Figure 5. The algorithm of progression tracking across multiple tests

4. IMPLEMENTATION AND EVALUATION

4.1. System architecture and knowledge base

The architecture of the knowledge assessment
system for DSA, as illustrated in Figure 6, supports
two user types: students and knowledge engineers.
Students engage in testing and progress tracking,
while knowledge engineers manage the knowledge
base via the User Interface (1). The system
comprises a User Interface (1) and seven other
interconnected modules: (2) Request Classification
routes user requests; (3) Knowledge Management
handles insert, update, and delete operations; (4)
Knowledge Evaluation assesses general per-
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formance; (5) PE Evaluation processes Pro-
gramming Exercises using cppcheck, and unit test
cases; (6) Test Generation creates adaptive tests via
Algorithm 2; (7) Knowledge Base stores data in an
SQL database; and (8) Explanation generates
detailed feedback.

The Knowledge Base (7) comprises 1250 questions
spanning six chapters, categorized into eight
guestion types and four cognitive levels based on
Bloom's Taxonomy. These questions are
systematically mapped to specific topics and CLOs, as
defined in Definition 2.1 and detailed in Table 4. Data
flows from the User Interface (1) through Request
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Classification (2) to specialized modules (3-6), with
PE Evaluation (5) validating accuracy for coding tasks.

Explanation (8) integrates results, ensuring com-
prehensive DSA assessment and feedback.

Knowledge |_ N l 1

Engineer i o Request . Explanation
e Classification (2) PE Evaluation (5) ®)
g [
E 1 r I @
b )]
{ 13 b
= Knowledge Knowledge Tes-l

Student Management (3) Evaluation (4) Generation (6)

Figure 6. The architecture of knowledge assessment system
Table 4. Question Bank Distribution by Chapter and Bloom's Level

Chapter Remembering (R) |Understanding (U) | Applying (AP)|Analyzing (AN)| Total

C1: Overview 60 55 45 45 205

C2: Searching & Sorting 80 75 65 60 280
C3: Linked Lists 60 55 45 40 200

C4: Stacks & Queues 55 45 45 45 190
C5: Tree 45 45 55 55 200

C6: Hash Table 45 45 45 40 175
Total 345 320 300 285 1250

4.2. Implementation and testing
The system was implemented using Spring Boot for

backend logic and React for the frontend interface,
with a MySQL database. It provides two main views:
(1) a post-test feedback page showing individual
question results, PE-specific analysis, and
performance summaries aligned with CLOs and
Bloom's levels; and (2) an overall progress dashboard
displaying trend graphs, performance levels, and
personalized recommendations. Pilot testing was
conducted with 20 IT students at Hong Bang
International University using the 1250 -question
knowledge base. Three test types were evaluated:
quizzes (10 questions, Level 1 - 2), midterms (30
guestions, Level 3 - 4), and finals (50 questions, Level
5). Algorithm 3 achieved 90% scoring accuracy.
Progression tracking (Algorithms 4 - 5) revealed that
only 10% of students showed positive learning trends,
indicating a need for stronger teacher support and
reevaluation of question difficulty. User feedback
highlighted the interface clarity but suggested
optimizing PE evaluation speed.

4.3. Discussion of results
Pilot testing with 20 IT students demonstrated the

system's practical value. The architecture-with eight
modules including PE Evaluation (5) using
GoogleTest, cppcheck-supports diverse question
types and difficulty levels, leveraging classical test
theory for adaptive test generation aligned with
CLOs, utilizing a 1250-question knowledge base
(Table 3). Algorithm 3 achieved 90% scoring
accuracy, and the system effectively tracks
knowledge across topics and CLOs. The post-test
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feedback page and progress dashboard (Figure 7-8)
were well-received for providing clear, personalized
feedback. It automatically assesses knowledge per
test or across tests by topic and CLOs, using data
mapping (e.g., question_type, bloom_ level) for
objective selection, with stored results enabling
progress tracking and recommendations. However,
only 10% of students showed positive learning
trends, highlighting engagement challenges. The
small sample size and single-institution context also
limit the generalizability of the results. Future work
should focus on optimizing PE evaluation
performance and conducting larger-scale trials with
statistical validation to strengthen the findings.

K&t Qua Kiém Tra Giira Ki - L& Hi&u Nghiém

Thii Gian: 60 phidt (Hoan thanh lic 2:45 PM, Thir Ba, 15/04/2025)

Théng Tin Chung
Biém $6: 63.95/100 (Dudi Trung Binh)

Phén Tich Theo Chi D&

T T N T N LN L

Phén Tich Theo Chugin Diu Ra (CLO)

58 Clu Philn
m“ olén 38 Sing/Tiep v m
i 2

Nhén Xét Chung

Figure 7. A part of test tesult user interface
(summary of the test, topic and CLOs alignment,
and recommendations)
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K&t Qua Cac Bai Kiém Tra - Lé Hiéu Nghiém

Ngay Ciip Nhit: 29/05/2025

Théng Tin Chung
S Bai Thi D Hoain Thanh: 5 (3 Bai Kiém Tra Nhé, 2 Bai Thi Gira Ki)

Biém Trung Binh Chung: 71.8/100

Nh@n Xét Chung

-— -— -
—
el \
— - -
~——
Tién D Theo Loai Bai Thi

Lagi Bai Thi 88 Lugng 56 Céu Bing/Téng Bidem Trung Binh This Gian Trung Binh
i Kiém Tra Nbo (C4 3 L 20 phil

Figure 8. Overall progress dashboard (summary
of tests, trend graph of scores accross tests,
performance levels, and recommendations)

5. CONCLUSION
This study presents an automated assessment
system for the DSA course that supports eight

diverse question types and integrates knowledge
matrices aligned with CLOs, Bloom's Taxonomy, and
psychometric parameters. The system enables
adaptive test generation, automated scoring
through exact matching, pattern recognition,
symbolic evaluation, and test-case evaluation, while
providing detailed feedback and tracking student
progress across topics and CLOs. Pilot deployments
demonstrated its effectiveness in improving
assessment quality, reducing grading workload, and
supporting data-driven teaching. The architecture is
scalable and suitable for larger classes or broader
curricular integration. Future work will focus on two
main directions: (1) developing intelligent question
recommendation mechanisms using reinforcement
learning or Hidden Markov Models, and (2)
extending the system to other foundational
computing courses with enhanced natural language
processing capabilities. This research contributes to
the development of intelligent, scalable assessment
solutions in computer science education.
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Hé thong danh gia kién thirc tw déng cho ciu tric dir
liéu va gidi thuat véinhiéu loai cau hoi

Hoang Ngoc Long, 6 Vin Nhon

Trwong Bai hoc Quéc té Héng Bang

TOM TAT

Bai bdo dé xudt mot hé théng ddnh gid tw déng cho mén Céu tric Dt liéu va Gidi Thudt (DSA) hé tro tdm
logi cGu héi da dang-Hdi Bdp Trdc Nghiém (MCQ), Dién S6 (FN), Bién Ddy S6 (FNS), Bién Cu Phdp Lap Trinh
(FPS), Bién Chudi Ngdn (FSS), Bién Biéu Thirc/Céng Thire (FE), Ghép D6i (MP), va Bai Tap Lap Trinh (PE)-trén
béy cdp dé dé kho (Dé dén Chuyén Gia). St dung Phén logi Bloom va cdc tham sé tdm ly trdc nghiém (d6
kho: p, khd ndng phén biét: d), hé théng dp dung ma trén tri thirc dé tich hop Két Qué Hoc Tap Khéa Hoc
(CLOs), sdu churong ndi dung, va cdc cdp d6 nhén thire, cho phép tao bai kiém tra thich trng cho bai tép, ky
thi gitra ky, va ky thi cudi ky. Pdnh gid tw déng sir dung phuong phdp khdp chinh xdc cho MCQ/MP/FN/FNS,
khép mdu cho FPS/FSS, ddnh gid biéu thirc cho FE va ddnh gid dwa trén b kiém thir cho PE. Hé théng theo
d6i tién trinh tri thirc qua cdc bai kiém tra, theo chu dé, va theo CLO, cung cép phdn héi toan dién. Cdc trién
khai ban déu dé cho thdy khd ndng ctia hé théng trong viéc ndng cao chét lwong ddnh gid, giam bt céng
strc chdm diém va hé tro cdc phuong phdp gidng day trong cdc linh vire ki thudt nhw Cau tric DI liéu va
Gidi Thuét.

Tir khod: ddnh gid tw ddng, cdu tric di liéu va gidi thudt, hoc trurc tuyén, hé théng huwdng ddn théng minh,
biéu dién trithurc.
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