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ABSTRACT

Open-ended concept maps generated by students give better flexibility and present a complex analysis
process for teachers. We investigate the application of classification algorithms in assessing open-
ended concept maps, with the purpose of providing assistance for teachers in evaluating student com-
prehension. The method used in this study is experimental methods, which consists of data collection,
preprocessing, representation generation, and modelling with Feedforward Neural Network, Random
Forest, Support Vector Machine (SVM), K-Nearest Neighbors (KNN), Decision Tree, and Logistic
Regression. Our dataset, derived from concept maps, consists of 3,759 words forming 690 proposi-
tions, scored carefully by experts to ensure high accuracy in the evaluation process. Results of this
study indicate that K-NN outperformed all other models, achieving the highest accuracy and Receiver
Operating Characteristic-Area Under the Curve scores, demonstrating its robustness in distinguishing
between classes. Support Vector Machine excelled in precision, effectively minimizing false positives,
while Random Forest showcased a balanced performance through its ensemble learning approach. De-
cision Tree and Linear Regression showed limitations in handling complex data patterns. Feedforward
Neural Network can model intricate relationships, but needs further optimization. This research con-
cluded that Artificial Intelligence classification enables a better assessment for teachers, enables the
path for personalized learning strategies in learning.
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1. INTRODUCTION
Artificial Intelligence (AI) has arisen as a revolutionary element within computational science, empowering systems to scruti-

nize and interpret complex datasets [1]. The classification assessment constitutes a facet of AI, representing a methodology that entails
data point allocations to established categories predicated on their intrinsic characteristics [2, 3]. This technique has demonstrated
efficacy in numerous text-processing applications, where it aids in textual context categorization into several discrete subjects [4].
The classification procedure encompasses the training of algorithms on annotated datasets, enabling them to assimilate the fundamen-
tal patterns that differentiate various classes and promote precise predictions, augmenting decision-making processes across diverse
domains [5, 6]. In the education sector, classification algorithms have positive implications. AI-driven classification for education
enables a sophisticated student performance analysis to search for learning patterns and categorize students based on their strengths
and weaknesses [7]. Insights given by classification allow teachers to tailor instructional strategies and interventions to meet each
student’s needs, fostering a personalized learning experience [8]. By classifying student assignments based on correctness, teachers
can implement targeted support measures that enhance academic outcomes [9]. These algorithms can assist in automating adminis-
trative tasks, such as grading and course recommendations, allowing teachers to focus more on teaching and mentoring [10, 11]. As
AI evolves, its role in transforming educational practices through effective classification can expand exponentially, paving the way
for innovative approaches to the teaching and learning process [12, 13]. Concept maps are an innovative approach to the learning
process that enables students to be creative.

Concept maps serve as powerful pedagogical tools in educational practices, providing visual representations that help students
organize and integrate complex ideas [14, 15]. It illustrated the relationships between concepts, enabling students to engage in deeper
cognitive processes, fostering critical thinking, and enhancing their understanding of the subject matter. Concept mapping aids
students’ knowledge retention and facilitates collaborative learning environments where students can collectively construct meaning.
Through its feature, concept maps facilitate meaningful learning by establishing connections between newly acquired information
and existing cognitive structures [16]. This study uses an educational concept map with one specific approach, called the open-ended
format [16]. This approach offers greater flexibility by allowing students to explore various connections between concepts without
boundaries. Adaptability to an open-ended approach fosters creativity and critical thinking better than a closed-ended approach,
as students can easily add, modify, or remove concepts as their understanding evolves [17]. This enables deeper reflection during
connection creation within a concept map [18]. Nevertheless, several drawbacks and issues need more consideration regarding
this approach. The open-ended format presents a challenge of complexity and unpredictability, shown in research conducted by [18].
While flexibility encourages better creativity and deeper understanding, it also complicates the analysis process for teachers. Teachers
must conduct an evaluation of the broad hypotheses and patterns proposed by students manually to identify underlying themes, as
stated in [19]. A student might establish a novel connection between seemingly unrelated topics, which teachers could overlook or
misinterpret. Therefore, implementing a tool that can automatically classify students’ understanding is needed [20]. One effective
approach for achieving this is the application of classification methods in NLP.

Recent research in classification algorithms has explored concept maps or AI approaches to enhance accuracy and decision-
making processes across different fields. The study [21] used concept maps created by 230 physics students, assessed using a 4-level
rubric by two qualified raters. Using a pre-trained Support Vector Machine (SVM) results in a good performance of 80% accuracy.
The research [17] exposed the knowledge relationships in open-ended concept maps using Extended Kit-Builder (EKB), which has a
pattern on the connection between previous and new knowledge that facilitates meaningful learning; meanwhile, this study does not
currently facilitate automated assessment. The study conducted by [20] to highlight AI in higher education, which gives insight into
research trends in AI to foster decision-making. The research [15] only highlights the construction of concept maps for education,
opening up the possibility of future experiments on applying artificial intelligence to concept mapping. Meanwhile, this research [22–
27] carry out experimental measurements, and the results are accurate and reliable for different sectors, such as fake job postings,
clinical datasets, rain prediction, and urban land use data. These previous methods imply that AI models enable the path for better
assistance to many sectors. Nevertheless, minimal research still combines the strengths of AI models and open-ended concept maps
to assist teachers in assessing student comprehension.

This study presents a novelty to classify open-ended concept maps using the advantages of NLP through the reliability com-
parison of several classification methods, such as Feedforward Neural Network (FNN), Random Forest (RF), Decision Tree (DT),
SVM, Logistic Regression (LR), and K-Nearest Neighbor (KNN). Before previous studies were conducted, this study is focused on
the performance of open-ended concept maps with the power of artificial intelligence. The classification process of our study uses
text representation from Term Frequency-Inverse Document Frequency, which helps to improve concept map assessment [28]. This
feature extraction acts to quantify the value of words within the framework of concept maps. We explore the reliability of every
classification method using several metrics. Involved metrics derived from the confusion matrix, such as precision, recall, accuracy,
and F1-score [29]. Every metric serves distinct purposes in performance evaluation by measuring different aspects [30]. We also
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measure how well each classification can distinguish between each class using the Receiver Operating Characteristics – Area Under
the Curve (ROC-AUC) [22, 31]. Metrics applied in this study align with our purpose to provide a better and improved assistance for
teachers during assessments to evaluate student comprehension of a topic in a concept map [20].

2. RESEARCH METHOD
Our study employs an experimental method to evaluate the efficacy of classifier algorithms in concept mapping. The research

method consists of five key steps: data collection, data preprocessing, representation generation, modelling, and performance evalu-
ation of each model. Each step is meticulously designed to ensure that the model accurately categorizes the suggestions provided by
students. This accuracy enables teachers to identify gaps in understanding and refine their teaching strategies accordingly. A detailed
overview of each completed step is found in Figure 1.

Figure 1. Research step

2.1. Data Gathering
Data gathered in our study were derived from concept maps created by Bachelor of Informatics students in a public university

during a relational database course and saved in CSV format. This dataset contains 690 propositions with a total of 3.759 words
created by 30 students [32]. Propositions in concept maps show each student’s comprehension, which is represented by nodes and
links between concepts. Every proposition is marked with scores between 0, as the lowest, and 3, as the most accurate possible. The
quality assessment conducted by three experts serves as the ground truth for training and validating automated assessment models in
subsequent stages of this research.

2.2. Data Preprocessing
Data preprocessing for the second step in our research has the goal of transforming a raw material from a dataset into a suitable

format for processing and analysis in modelling [33, 34]. Since datasets may contain errors and inconsistencies that could affect the
models’ performance, this phase is improving the quality and dependability of the data. Preprocessing reduces problems that distort
analytical results, such as redundant data and outliers [35]. By simplifying the dataset for analysis, efficient preprocessing improves
model correctness. We use methods like lemmatization, tokenization, and case folding to prepare datasets for our models. Below is
a description of each technique used in preprocessing.

a. Case folding
To ensure uniformity and remove inconsistencies brought on by variances in letter casing, case folding entails changing every
character in a text string to a consistent case [36]. Textual data in the dataset often contains a mix of uppercase and lowercase
letters, which can lead to inaccuracies during string comparisons and analyses. For example, the words ”Benefit” and ”benefit”
would be treated as distinct entities without case folding, leading to skewed results in text classification [37]. Implementing
case folding enhances reliability by allowing different representations of the same word to be treated as equivalents. Case
folding facilitates more effective matching and searching within datasets.
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b. Tokenization
Tokenization is a part of NLP that breaks down a sentence into smaller, manageable units known as tokens [38]. These tokens
represent various elements, including words, phrases, sentences, or even characters, depending on the particular needs of the
study [39]. The objective of tokenization is to convert unstructured text into a structured format that machines can easily
analyze and interpret. Tokenization facilitates the identification of patterns and relationships within the data by employing a
tokenizer. For example, a statement such as ”Candidate key is an attribute that usually has a unique value” could be divided
into the tokens [”Candidate,” “key,” “is,” “an,” “attribute,” “that,” “usually,” “has,” “a,” “unique,” and “value”].

c. Lemmatization
Lemmatization is a technique used to refine tokenized data by converting words into their base or dictionary form, hence
improving lexical similarity metrics and ensuring consistency within a dataset [40]. Utilizing libraries such as NLTK, lemma-
tization processes each word’s context and produces normalized forms of nouns, verbs, and adjectives. This process results in
cleaner data, facilitating more accurate computations in subsequent analyses.
While both lemmatization and stemming aim to reduce words to a common base form, lemmatization offers significant advan-
tages by preserving the semantic integrity of words [41]. Unlike stemming, which can arbitrarily truncate words and lead to a
loss of meaning, lemmatization ensures that the output is a valid dictionary form. This accuracy enhances language interpreta-
tion, particularly in applications like NLP [42]. This method is preferred in scenarios requiring better language understanding,
as it improves the clarity of responses in tasks such as concept mapping.
The goal of lemmatization is to reduce words to their dictionary form. Lemmatization is a complex procedure that takes the
morphological structure and meaning of words, in contrast to stemming, which merely truncates words to their root forms
without taking their context [41]. This method allows several inflected variants of a word to be grouped and examined as a
single entity. Focusing on the context and grammatical role of words, lemmatization enhances the accuracy and clarity of
text analysis [40]. The lemmatization process requires part-of-speech (POS) tagging, which assigns grammatical categories to
words, such as nouns, verbs, or adjectives. This contextual information can determine the appropriate lemma for each word.
Lemmatization reduces ambiguity and improves the performance of various NLP applications, including text classification.

2.3. Representation Generation
As the third step in this study, representation generation is proposed to interpret and classify textual data accurately. Models

can perform better with generated representations and provide a more thorough knowledge of text data. This study employs TF-IDF,
a statistical technique for assessing a word’s significance in a document within a corpus [43]. TF component counts how often a term
appears in a document. Meanwhile, IDF is the evaluation process of how rare a term is throughout the corpus [44]. This approach
identifies frequently occurring terms that are unique to a given document. The process involved is through text conversion into a
sparse matrix, where a document is represented by a row and a term’s weight is represented by a column to improve the model’s
prediction ability at the final evaluation stage [44]. TF-IDF is calculated through Equations 1, 2 and 3 [45].

tf(w) =
n(w)∑n(w)

j

(1)

idf(w) = log

(∑
D

Dw

)
(2)

tfidf(w) = tf(w) ∗ idf(w) (3)

Where, w is a word, n(w) is a number of word occurrences. Σjn(w) is the total words that appeared in the document, ΣD is
the number of documents. Dw is the number of documents with the appearance of the word w.

2.4. Modelling
Classification modelling is the fourth part of this research that involves creating mathematical representations of phenomena

[46]. Various modelling techniques exist suited to different data types and specific analytical goals. Effective modelling can help to
understand underlying trends and correlations better. Classification models can provide valuable insights that inform strategies and
drive innovation [47]. Six different models are used in this work, including FNN, SVM, DT, KNN, RF, and LR, as explained below.
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a. SVM
SVM is a supervised approach used to find the best hyperplane in an N-dimensional feature space for classifying data points
[48]. Known as support vectors, this hyperplane is designed to optimize the margin, the gap between the hyperplane and the
closest data points from either class. Both linear and nonlinear classification problems can be handled using SVM. When
dealing with linearly separable data, SVM determines the optimum way to divide the classes: a hyperplane in more dimensions
or a straight line in two dimensions. SVM uses kernel functions to convert the original feature space into a higher-dimensional
space while working with non-linear data. The resilience of this model against overfitting has been demonstrated, particularly
in high-dimensional spaces [49]. SVM is constructed through Equation 4 [24].

f(x) = sign(

n∑
i=1

aiyi(x
T yi) + b) (4)

Where, ai is Lagrange coefficient, yi is the class label of the training sample. x is the input feature vector to be predicted and
b is bias parameter.

b. DT
The method is designed as a tree-like model with nodes, branches, and leaves to calculate a function’s f(x) result is called a
DT [23]. Internal nodes in DT indicate decision points based on particular features, and the root node represents the complete
dataset [25]. Every branch represents the result that leads to a leaf or more nodes. DT implements a recursive partitioning
technique, which then constructs the tree by dividing the dataset into subsets according to the best attribute at each node [26].
To identify the most informative decision-making features, they use various criteria for dividing nodes, such as information
gain or Gini impurity.

c. RF
RF handles classification tasks using an ensemble learning technique. It builds several decision trees during training by em-
ploying a technique known as bootstrap aggregating or bagging, which uses a random subset of the input [50]. By minimizing
overfitting, RF improves model robustness and accuracy since various trees can identify distinct patterns in the data [26]. Com-
bining the outputs of these trees using averaging for regression or majority voting for classification can lead to the final forecast.
This model extracts data from the ”wisdom of crowds”, in which the combined judgment of several unrelated models produces
better forecasts than any one decision tree, demonstrating its efficacy [51]. RF is constructed through these steps [52]. The first
step is to choose trees with a k-value less than m for every attribute. Selected N random samples from the dataset for each tree,
then randomly selected a subset of predictors up to m ¡ p predictor variables. It is necessary to repeat the k-tree procedure’s
second and third steps. Each tree’s prediction is based on the majority class of the classification findings. The overall prediction
is based on the categorization results of most of the trees.

d. KNN
Using the classes of its closest neighbors, the KNN algorithm forecasts the class or value of a new data point [53]. This
approach finds a predefined number of neighbors, denoted by k. KNN calculates the distance between each new and existing
data point in the training dataset using metrics such as Euclidean distance [27]. The new point is allocated to the majority class
of the k nearest neighbors when they have been determined. Plotting the right value affects how well it performs [54]. Plotting
error rates against different values of k is a common empirical technique used to identify the ideal k. Since they successfully
balance bias and variance and produce reliable predictions without being overly sensitive to noise, values between 5 and 10 are
frequently used.

e. LR
LR is part of statistical techniques that can be applied to binary classification issues, in which the result variable is categorical
and might have two alternative values, such as 0 and 1 [55, 56]. The probability that a particular input point belongs to a
particular category is estimated in logistic regression. This is done by converting any real integer into a decimal value between
0 and 1 using the logistic function, also known as the sigmoid function. To get the highest likelihood parameter, logistic
regression coefficients are estimated using the maximum likelihood estimation (MLE) technique [57].
One major advantage of logistic regression is that it is interpretable. Odds ratios, which shed light on the connection between
the predictor factors and the result, can be used to interpret the calculated coefficients [58]. If the odds ratio is more than 1, it
means that the probability of the outcome being one increases as the predictor grows, but if it is less than 1, the odds decrease.
The interpretability of logistic regression makes it a popular choice of selected predictor variables in several fields, including
marketing, the social sciences, and medical.
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f. FNN
FNN is part of the Neural Network architecture that is distinguished by the unidirectional flow of data from input nodes to
output nodes via hidden layers [59]. This model is easier to train and has a simpler structure since this algorithm has no cycles
or loops. The main purpose of FNN is to learn from a collection of input-output pairs to approximate complex functions. Each
neuron in the network applies a weighted sum of its inputs, followed by a non-linear activation function to give the model non-
linearity and enable it to learn complex patterns [60]. The FNN training procedure utilizes backpropagation, which computes
the gradient of the loss function concerning each weight using the chain rule. This enables effective weight updates using
gradient descent optimization algorithms. Prediction accuracy is increased by this process, which reduces the discrepancy
between expected and actual outputs. FNNs have proven their adaptability and efficiency in managing a broad range of tasks in
natural language processing [61]. This makes FNN a part in creating increasingly complex architectures through their capacity
to learn hierarchical representations of input.

2.5. Evaluation
To assess the effectiveness of binary classification models, our study employs an evaluation methodology using ROC-AUC

[22]. ROC-AUC summarizes the model’s ability to distinguish between classes by contrasting the True Positive Rate (TPR) and
False Positive Rate (FPR) metrics at various threshold levels [31, 62]. This measures the model’s general reliability with values
between 0 and 1. Perfect discrimination between classes is indicated if the ROC-AUC value is 1. Equations 5, 6, and 7 display the
TPR, FPR, and ROC-AUC formulas.

ROC −AUC =

n−1∑
i=1

(FPRi+1 − FPRi)× (TPRi+1 − TPRi)

2
(5)

TPR =
TP

TP + FN
(6)

FPR =
FP

FP + FN
(7)

ROC-AUC metrics such as TPR and FPR are based on the confusion matrix. This method is also employed in evaluation
to determine how effective the analysis was [29]. The confusion matrix aggregates true positives (TP), false positives (FP), true
negatives (TN), and false negatives (FN) to give insight into the model’s performance [30]. This makes it easier to understand the
models’ capacity to categorize the dataset by allowing researchers to compute important performance metrics, including accuracy,
precision, recall, and F1-score. The following Equations 8, 9, 10, and 11 display the F1-score, recall, accuracy, and precision [48].

Precision =
TP

TP + FP
(8)

Recall =
TP

TP + FN
(9)

F1 =
2× precision× recall

precision+ recall
(10)

Accuracy =
total correct predictions

total predictions
(11)

3. RESULT AND ANALYSIS
Section 3 delves into the findings of each phase of our research, starting with data collection, preprocessing, representation

generation with TF-IDF, and modelling with six categorization models. Every action is intended to create the best possible catego-
rization analysis of the concept map. The first step of data collection was obtained, which contained formed propositions and labels
indicated by numbers ranging from 0, 1, 2, and 3. Example data from 690 propositions is represented through Table 1.
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Table 1. Dataset example

Proposition Score
bahasa disebut SQL 0

bahasa disebut formal 1
relasi memiliki kardinalitas 3

QUEL adalah SQL 1
istilah-istilah yaitu relasi 3

bahasa contoh QUEL 2

The data obtained from the initial step of our analysis is then carried forward to the preprocessing stage. During this phase,
we implement several techniques to enhance our dataset. These techniques include case folding, which standardizes the text by
converting all characters to lowercase; tokenization that breaks down the text into individual units or tokens; and lemmatization,
which reduces words to their base or root form. The outcome of the preprocessing step is a clean and prepared dataset for analysis
[35]. Visual representation of the preprocessing stage can refer to Figure 2.

Figure 2. Preprocessing step

The dataset that has been prepared in the second step is then applied to a text representation method using the TF-IDF. This
transforms the textual proposition data into a numerical format reflecting each term’s importance within the entire dataset. Following
this transformation, the resulting TF-IDF representations are utilized to train and categorize the data into six distinct classification
models. Each model employs different algorithms and approaches to classify the text effectively. To evaluate and compare the
effectiveness of these classification models, we have compiled their performance characteristics in Table 2. This table provides a
comprehensive overview of each model’s performance, highlighting key metrics such as accuracy, precision, recall, and F1-score.
Analyzing these performance metrics gives valuable insights into the strengths and weaknesses of each classifier, thereby informing
future decisions regarding model selection and optimization. This version elaborates on the TF-IDF method, categorizing into
classification models, and emphasizes the importance of evaluating model performance.

Table 2. Classification Performance Result

Classification Result Cross-Validation
Accuracy Precision Recall F1 Score ROC-AUC Accuracy Precision Recall F1 Score ROC-AUC

SVM 85.50% 88.04% 85.50% 86.64% 93.62% 85,07% 84,6% 85,07% 83,78% 94,05%
Decision Tree 82.60% 84.89% 82.60% 83,36% 85,29% 83,77% 85,45% 83,77% 83,48% 86,52%

Random Forest 85.51% 85.30% 85.51% 85.25% 93,48% 86,67% 87% 86,67% 85,76% 95,81%
KNN 86.95% 86.62% 86.95% 86.73% 97,09% 85,94% 85,92% 85,94% 84,73% 94,44%

Logistic Regression 84.78% 84,93% 84.78% 84.60% 93,73% 83,77% 82,49% 83,77% 81,82% 95,11%
FNN 84.78% 81.65% 84.78% 82.94% 93.69% 92,32% 92,61% 92,32% 92,23% 98,43%

As illustrated in Table 2, most models and classifiers have produced satisfactory predictions for the relevant outcomes. The
overall performance of each model is primarily assessed using the accuracy metric, where KNN stands out as the highest accuracy
rate at 86.95%. This indicates that KNN is effective in classifying instances within the dataset. Meanwhile, the highest precision
metric is achieved by SVM with a score of 88.04%, enhancing its reliability in identifying relevant instances. Furthermore, KNN
also leads in recall with an 86.95% score. KNN managed its strong performance across various metrics, reinforcing its position as
a robust classifier. These findings underscore the effectiveness of these models in generating accurate forecasts and in handling the
complexities inherent in the dataset. This version elaborates on each model’s strengths while emphasizing the importance of the
metrics in evaluating predictive performance.

Moreover, KNN achieves the highest F1 Score at 86.95%, representing a balance between recall and precision. This metric
is valuable in scenarios with significant costs associated with false positives and false negatives. The ROC-AUC score evaluates the
model’s ability to distinguish between classes. KNN performs exceptionally well with 97.09%, demonstrating a strong capacity to
differentiate between positive and negative classes. The outcomes of each evaluation are illustrated in the confusion matrix shown in
Figure 3.

Performance Evaluation of . . . (Wahyu Styo Pratama)



414 ❒ ISSN: 2476-9843

The results presented in Figure 3 (a) illustrate SVM classifier effectiveness in classifying our dataset, revealing distinct patterns
within the data. An accuracy rate of 85.50% demonstrated the propositions’ predictive capacity in the dataset. This suggests that
SVM is reliable and effective in exploring underlying relationships among the data points. SVM demonstrated a high precision rate
of 88.04%, highlighting its proficiency in minimizing false positive predictions. The precision value shown ensures that the instances
are accurately classified. Figure 3 showcases the ROC-AUC value of 93.59%, underscoring its capability to handle the concept map’s
proposition dataset effectively. This indicates that the SVM model distinguishes between different classes across various thresholds,
reinforcing its robustness and reliability in classification tasks.

(a) (b)

Figure 3. SVM results with confusion matrix (a) and ROC-AUC (b)

The DT in Figure 4 (a) achieved 82.60% accuracy, indicating its capability to identify the propositions, though slightly lower
than that of SVM. This metric shows that while DT can capture many patterns, there may be instances where it struggles with certain
classifications. The precision score of 84.89% further shows its ability to predict relevant instances, which is 82.60% accurate. This
balance suggests that the model may generate many false negatives even while it is good at detecting actual positives. The F1 Score
results of 83.36% highlight this model’s overall performance in balancing precision and recall. In contrast to previous models used in
this study, the ROC-AUC score of 85.29%, as shown in Figure 4 (b), suggests there is potential for improvement in class distinction.

(a) (b)

Figure 4. DT results with confusion matrix (a) and ROC-AUC (b)

RF classifier performed better than the previous DT, achieving 85.51% accuracy in Figure 5 (a). This increased accuracy results
from its ensemble technique, which aggregates the predictions to capture intricate patterns. RF also scored 85.30% in precision,
indicating a stronger capability in minimizing false positives. Meanwhile, the recall rate achieved 85.51%, which better identifies
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true positive cases. The F1 Score is 85.25%, underscoring its balanced performance in maintaining precision and recall. With an
ROC-AUC score of 93.48% in Figure 5 (b), RF significantly outperforms DT and showcases its ability to distinguish between classes.

(a) (b)

Figure 5. RF results with confusion matrix (a) and ROC-AUC (b)

KNN classifier in Figure 6 (a) exhibited the best performance in our analysis amongst other algorithm scenarios, achieving
86.95% accuracy. This demonstrates how well KNN uses the proximity of data points to generate predictions and accurately classifies
the propositions in the dataset. Furthermore, KNN also achieves an 86.62% precision score that emphasizes its effectiveness in
minimizing false positives, while the recall rate matches its accuracy at 86.95%. A well-balanced trade-off between precision and
recall is highlighted by the F1 Score of 86.73%, which makes KNN appropriate for applications where both metrics are essential.
KNN achieved a high ROC-AUC score of 97.09%, indicated in Figure 6 (b), proving its ability to distinguish between classes across
various thresholds. KNN has proven to outperform DT and RF, highlighting its predictive capabilities. KNNs also result in slightly
higher precision than random forests, indicating better performance in reducing false positives. Both KNN and RF demonstrated
identical recall rates, with KNN maintaining a strong ability to identify true positives. The F1 Score for KNN also surpasses Random
Forest, reflecting its more favorable balance between precision and recall.

(a) (b)

Figure 6. KNN results with confusion matrix (a) and ROC-AUC (b)

LR classifier in Figure 7 (a) achieves an accuracy of 84.78%. This outcome shows that, while the model performs better than
other models, it successfully recognizes a decent percentage of the propositions in the dataset. It also shows a precision score of
84.93%, accurately reflecting their prediction of relevant instances. The recall rate matched its accuracy at 84.78%, suggesting that
this model may miss some relevant cases similar to DT. The F1 Score of 84.60% indicates a respectable balance. Compared with
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other classifiers, LR performance metrics reveal strengths and limitations. While it performs slightly better than the DT, it does not
quite reach other model levels. The ROC-AUC score shown in Figure 7 (b) for Logistic Regression is 93.73%, a lower result than
KNN’s impressive 97.09% and slightly higher than Random Forest’s 93.48%. This suggests that while LR effectively distinguishes
between classes, it may not be as robust as the ensemble methods in handling complex datasets.

(a) (b)

Figure 7. KNN results with confusion matrix (a) and ROC-AUC (b)

In Figure 8 (a), the FNN classifier achieved 84.78% accuracy, indicating performance in classifying the propositions. This
accuracy matches with LR, suggesting both models are on par regarding overall capability. However, FNN hits a lower precision
score at 81.65%, reflecting a reduced ability to minimize false positives compared to other classifiers. The recall rate for FNN is
consistent with its accuracy at 84.78%, showing the ability to capture true positive instances. The F1 Score of 82.94% highlights a
less favorable balance between precision and recall, suggesting that it might not be as effective as other models in maintaining this
balance. FNN’s performance metrics reveal both strengths and weaknesses. The ROC-AUC score shown by Figure 8 (b) for FNN
achieved 93.69%, not explicitly detailed, but is generally expected to be lower than KNN’s exceptional 97.09% and Random Forest’s
93.48%, indicating its ability to distinguish between classes, although it still trails behind KNN’s result. This model provides the
foundation for classification tasks due to its ability to model complex relationships within the data. Its lower precision and F1 Score
suggest that it requires further tuning to compete with other models in scenarios demanding high accuracy and robustness.

(a) (b)

Figure 8. KNN results with confusion matrix (a) and ROC-AUC (b)

An analysis of the classification performance of 6 distinct algorithms reveals their capabilities in handling the uniqueness of
propositions within the dataset. KNN emerged as the most effective model from accuracy metrics up to the ROC score, indicating
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its proficiency in distinguishing between classes [63]. While SVM also performed well in accuracy and highest precision score, it
demonstrated particular strengths in scenarios involving imbalanced data, effectively maximizing margins to produce precise results
[64]. RF also provided an appropriate accuracy score and balanced precision-recall score, showcasing an ensemble learning approach
that enhances reliability through multiple decision trees [65]. However, despite still producing decent results, LR and Decision Tree
have lower accuracy and more limitations than earlier algorithms [66]. Both FNN and LR have similar accuracy to LR, yet their
lower precision score suggests challenges in minimizing false positives.

KNN, SVM, and RF stand out for their accuracy and robustness in creating effective classification. The performance of DT
and LR highlights their utility in simpler applications but suggests a refinement to enhance predictive capabilities in more complex
scenarios [64]. FNN, while promising in modelling intricate relationships, may require optimization to improve its performance
metrics relative to the higher-performing models.

4. CONCLUSION

The usefulness of several categorization algorithms in evaluating idea maps made by Bachelor of Informatics students has
been shown in this study, underscoring the potential of AI to improve teaching methods through automated evaluation. Using an
experimental approach, including data collection, preprocessing, representation generation using TF-IDF, and modelling with six
distinct classification methods, we were able to derive valuable insights into student comprehension. The results indicate that KNN
emerged as the most effective classifier across most evaluation metrics, proving its robustness in distinguishing between classes. SVM
also performed well, especially in the precision metric, showcasing its ability to minimize false positives. RF provided a balanced
performance, effectively capturing complex patterns through its ensemble learning approach. Meanwhile, even though DT and LR
proved to have a good accuracy score, both classification algorithms revealed limitations in handling complex patterns. FNN can also
model complex relationships, but this backpropagation model needs better optimization to enhance its predictive capabilities.

Our research explored the potential of the classification process in AI through the education sector, creating a path for better
personalized learning experiences and improved learning strategies. As AI technologies continue to evolve, further research may
focus on integrating sophisticated classification methods. More study can be done by refining these models and exploring addi-
tional algorithms to develop better accuracy and reliability of concept map assessments. This research can significantly enhance the
assessment and understanding of student learning outcomes, fostering an effective educational environment.
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