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Abstract

Automatic assessment of concept map quality is an important challenge in the field of education, particularly in evaluating
students' conceptual understanding objectively and efficiently. This study aims to compare the performance of two machine
learning algorithms, namely Random Forest and Ordinal Regression, in classifying the quality of concept maps. The evaluation
was conducted on three approaches to text feature representation: Term Frequency-Inverse Document Frequency (TF-IDF),
Bidirectional Encoder Representations from Transformers (BERT), and a combination of both (TF-IDF + BERT). Additionally,
this study compares the performance of the models under two dataset conditions: original data and data balanced using the
Synthetic Minority Over-sampling Technique (SMOTE), to address the class imbalance that often occurs in educational data. The
data used consists of a collection of propositions from students' concept maps that have been labeled with ordinal scores based
on quality. Text representation is extracted using the TF-IDF and BERT approaches, and then used as input to build the
classification model. Performance evaluation was conducted using the metrics of Accuracy, Precision, Recall, F1-score, Cohen’s
Kappa, and MAE. The results show that the Ordinal Regression model with TF-IDF representation combined with SMOTE
achieved the best performance, with an accuracy of 0.8777, an F1-score of 0.8773, and a Cohen’s Kappa of 0.7701. These results
indicate that classical feature representations like TF-IDF remain effective in limited data scenarios, and that the SMOTE
technique successfully improved the model's performance by reducing bias towards the majority class. This research contributes
to the development of an automatic concept map assessment system and suggests optimal classification strategies for educational
datasets with ordinal and imbalanced characteristics.
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Introduction

Concept maps are important tools for visualizing knowledge and representing semantic relationships between
concepts, especially in the context of education and knowledge-based systems [1]. Its ability to externalize learners'
understanding or the knowledge structure of a domain makes it widely used in cognitive assessments, curriculum
planning, and even intelligent tutoring systems. However, the process of evaluating the quality of concept maps
remains a challenge, especially due to the subjective nature of the assessment criteria and the variation in
representation forms [2].

Several studies have attempted to automate this evaluation process by utilizing machine learning techniques.
Graphical feature-based and textual content-based approaches have been developed to classify the quality of concept
maps. Significant advancements in the field of Natural Language Processing (NLP), particularly with the introduction
of the BERT (Bidirectional Encoder Representations from Transformers) model, have enhanced the contextual
semantic representation of text [3]. This representation opens up new opportunities in evaluating the quality of concept
map content with a more in-depth and standardized approach.

In the context of classification, two commonly used approaches are Random Forest (RF), an ensemble learning
algorithm that is robust against noise and overfitting, and Ordinal Regression, which is naturally suited for modeling
hierarchical target variables such as quality levels. However, challenges arise when these models are applied to
imbalanced datasets, as commonly found in the education domain. To address this issue, resampling techniques such
as SMOTE (Synthetic Minority Over-sampling Technique) have been developed to enhance the representation of
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minority classes [4], [5]. Various studies have shown that the combination of SMOTE and Random Forest provides
significant performance improvements in various classification domains facing data imbalance issues. For example,
[6] reported an increase in accuracy and AUC in air quality classification with RF and XGBoost after the application
of SMOTE. [7] showed that sensitivity in lung cancer diagnosis increased from 55% to 94.5% with the application of
SMOTE before RF. In the domain of psychology, [8] reported a 15% increase in accuracy in panic disorder
classification, while [9] showed an improvement in precision and recall in sentiment analysis after combining RF and
SMOTE. Although most of these studies focus on binary or multiclass classification, their approaches and findings
are highly relevant to ordinal classification tasks, especially those involving hierarchical structures and imbalanced
class distributions.

Despite the abundance of such research, there remains a gap in comparative studies on ordinal classification
algorithms like Ordinal Regression and ensemble-based approaches like Random Forest in the context of evaluating
the quality of concept maps, especially when using semantic representations from BERT and on imbalanced data.
Furthermore, there have not been many studies that deeply explore the impact of applying SMOTE on the stability
and accuracy of the model in such scenarios.

This research aims to fill that gap by comparing the effectiveness of the Random Forest algorithm and Ordinal
Regression in classifying the quality of concept maps based on BERT embeddings, as well as analyzing the impact of
applying SMOTE on the model's performance and stability. The dataset used consists of 32 concept maps in the
domain of relational databases, which have an imbalanced class distribution. Model evaluation is conducted using
metrics such as accuracy, precision, recall, F1-score, and Cohen’s Kappa to measure the agreement between the
model's predictions and the reference labels from human assessors.

With this approach, it is hoped that the research can make a significant contribution to the development of
automatic classification systems for ordinal and imbalanced educational data, as well as demonstrate the potential
integration of modern NLP techniques and classical classification approaches in evaluating the quality of concept
maps.

Method

A. Research Design

Resampling Data

Dataset
Collection Original SMOTE
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Data Pre-processing

Case folding Tokenizing Lemmatization
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Figure 1. Research Design
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Figure 1 shows the systematic flow of the research design applied to evaluate the performance of two classification
algorithms Random Forest and Ordinal Regression in the task of classifying concept map quality. The research process
begins with the stage of dataset collection, which is then divided into two scenarios: original data and data that has
been resampled using SMOTE to address class imbalance. The data then undergoes a text preprocessing stage that
includes case folding, tokenization, and lemmatization, before being extracted using three feature representation
approaches: TF-IDF, BERT, and a combination of TF-IDF + BERT. After feature extraction, the data is divided into
training and testing sets, and then used in the training and testing of two classification models. In the final stage, the
model's performance is evaluated using seven key metrics, namely Accuracy, Precision, Recall, F1-Score, Cohen’s
Kappa, and MAE, to assess the accuracy and stability of predictions in the context of ordinal classification with an
uneven class distribution.

B. Data Collection

The data used in this study is a collection of concept map propositions from students in the Relational Database course.
This dataset consists of 691 rows of data, which includes participant identity information (UID), proposition sequence
numbers, proposition text, and proposition quality scores. This dataset was obtained from previous research by
Prasetya et al. (2022) which examined the structure of knowledge and student perceptions in concept mapping
activities [10]. All data have undergone an annotation process by experts using a standardized assessment rubric that
considers clarity, accuracy, and the interconnection between concepts. Quality scores are given on an ordinal scale
and used as target labels in classification. The "Proposition" column is used as the main feature in the text extraction
process, while the "score" column becomes the target classification variable.

Distribusi Label Dataset

400 4

300 4

200 +

Jumlah sampel

100 1

Score

Figure 2. Distribution Label Score

The initial distribution of class labels in the dataset is shown in Figure 2, which indicates that the data has an
imbalance between classes, with a dominance of the highest score class (score 3) and a significantly smaller number
in the score 0 and 1 classes. This imbalance is a significant concern as it has the potential to cause model bias towards
the majority class during the training process. Therefore, this initial analysis serves as the basis for applying the
resampling technique using SMOTE, which is explained in the following section.

C. Resampling Data

One of the main challenges in this research is the class distribution imbalance in the concept map quality score
labels. Based on the initial exploration of the dataset, it appears that there is a dominance of classes with the highest
scores, while classes with low or medium scores are much fewer. This condition can cause the model to tend to predict
the majority class and ignore patterns from the minority class. Figure 2 shows the label distribution before the
resampling process, where the class with score 3 significantly dominates compared to scores 0, 1, and 2.

To address this issue, this study employs a resampling technique known as Synthetic Minority Over-sampling
Technique (SMOTE) [6], [8], [11]. SMOTE works by synthesizing new samples from the minority class based on
interpolation between points in the feature space that are close to each other, thereby allowing for a more balanced
class distribution without explicitly duplicating data [7], [12], [13]. This technique is specifically applied to the
training data to avoid the risk of information leakage to the test data, which could affect the validity of the testing.

The resampling process results in a more balanced class distribution as shown in Figure 3, where each score class
now has an equal number of samples. In the experiment, two versions of the data were used: the original data without
resampling and the oversampled data using SMOTE, to comparatively assess the impact of SMOTE on the model's

Rismayanti, et. al. (Performance Analysis of Random Forest and Ordinal Regression in Concept Map Quality Classification: A
Comparative Study on Normal and SMOTE Data)



E-ISSN 2548-7779 ILKOM Jurnal Ilmiah Vol. 17, No. 3, December 2025, pp. 336-345 339

performance and stability. This approach aims to evaluate the effectiveness of resampling in the context of ordinal
classification, particularly in the education domain, which is often characterized by uneven score distributions.

Distribusi Label Setelah SMOTE (Data Train)
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Figure 3. Distribution Label Score after SMOTE
D. Data Pre-processing

Before the feature extraction and model building process, the text data from the "Proposition™ column undergoes
a series of preprocessing stages to ensure the quality and consistency of the input. This process is important so that
the text can be represented in a numerical form that is accurate and relevant for machine learning analysis. The three
main steps used in this stage are case folding, tokenizing, and lemmatization [14]-[16].

1. Case folding: that is the process of converting all letters in the text to lowercase. This step aims to eliminate
unnecessary differences in meaning between the same words but with different capitalizations (for example,
"Data" and "data").

2. Tokenizing: which means breaking the text into word units or tokens. This stage is very important to prepare the
text before feature extraction based on frequency or embedding. Tokenization is performed using a space and
punctuation-based approach, adjusted to standard tokenizers in natural language processing libraries such as nitk
or transformers

3. Lemmatization: which involves changing each token to its base form (lemma), considering grammatical contexts
such as nouns, verbs, or adjectives. Unlike stemming, which only cuts words to their root forms heuristically,
lemmatization retains the meaning of words with the help of linguistic dictionaries. This process helps simplify
word variations and enhance the generalization of features extracted from the text.

All these preprocessing stages are consistently applied to the entire dataset before the feature extraction process
is carried out, to ensure that the semantic information from each proposition can be effectively captured by the machine
learning model.

E. Representasi Fitur

After going through the pre-processing stage, the proposition text from the dataset is represented in the form of
numerical features so that it can be processed by machine learning algorithms. In this study, three feature
representation approaches are used, namely Term Frequency-Inverse Document Frequency (TF-IDF), Bidirectional
Encoder Representations from Transformers (BERT), and a combination of TF-IDF + BERT. These three approaches
were chosen to examine the performance differences between conventional representation methods and context-based
semantic representation.

The first representation is TF-IDF, a statistical technique that measures the importance of a word in a document
relative to the entire corpus. TF-IDF works by calculating the term frequency, calibrated with the inverse document
frequency [17]-[19]. This representation produces a high-dimensional and sparse feature matrix, but it has proven
effective for many text classification tasks, especially in scenarios with limited data.

The second representation uses BERT, a transformer-based deep learning model that generates contextual
embedding vectors for each token in the sentence. In this study, the pre-trained BERT model (bert-base-uncased) from
the Hugging Face Transformers library [20], [21] was used. Each proposition is represented using the vector from the
[CLS] token as the overall sentence representation. BERT allows the model to understand the meaning of words based
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on the overall context of the sentence, but it requires greater computational capacity and generally works optimally
on large-sized datasets [22].

The third approach is a combination of TF-IDF and BERT, which integrates the statistical representation power
of TF-IDF with the semantic capabilities of BERT embeddings [23], [24]. The features from both representations are
concatenated and used as input to the classification model. The goal of this combination is to merge the advantages
of both: the stability of the TF-IDF representation and the contextual understanding of BERT. Each representation
approach is applied separately in experiments and their performance is compared to assess the impact of the
representation on the model's accuracy and prediction stability.

F. Modelling

This research uses two main classification algorithms, namely Random Forest and Ordinal Regression, each of
which has different approaches and assumptions towards classification problems, especially with ordinal labeled data.

e Random Forest

Random Forest is a bagging-based ensemble learning algorithm that combines predictions from a number of
decision trees to produce more accurate and stable classification results [25]-[27]. Each tree is trained using a
random subset of the data and a random subset of features, thereby naturally reducing the risk of overfitting.
Mathematically, the final prediction y~from the Random Forest on input x is defined as:

$ = mode{h,(x), hy(x), ..., hy(x)} 7
where h;(x) is the prediction from the -i and N is the total number of trees in the ensemble.
e Ordinal Regression

Ordinal regression, or ordinal logistic regression (proportional odds model), is a statistical method used to model
the relationship between one or more predictor variables and an ordinal (ranked) target variable [28]-[30]. This
model assumes that there is a threshold between each class category. The basic function of this model is:

PY<j
Og<PEY>g) =9j_ﬁTx, j=12,..,]J-1 0

where,
Y is the ordinal target variable with J category,
8; is the threshold or cutoff for the -j,
B s the vector of regression coefficients,
x is the vector of input features.
G. Evaluasi dan Metric

Model performance evaluation is conducted using a number of metrics designed to assess the accuracy,
consistency, and capability of the model in handling imbalanced ordinal labeled data. In this study, primary metrics
such as Accuracy, Precision, Recall, F1-Score, and Cohen’s Kappa were used to evaluate classification performance.
Additionally, Mean Absolute Error (MAE) is added as a more suitable metric to evaluate how far the model's
predictions deviate from the ordinal labels in order. The use of MSE and RMSE s still included as a complement to
quantitative evaluation, but they are not the primary metrics in the context of ordinal classification.

» Accuracy measures the proportion of correct predictions to the total predictions, but does not account for class
imbalance.

| ~ (TP +TN) @
COUracY = TP+ TN + FP + FN)

» Precision measures the accuracy of positive predictions:
Precisi TP 5)
recision = ———————
(TP + FP)

» Recall (Sensitivity) measures how well the model finds all positive data:
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Recall = — 6
CCAt = TP + FN) ©)

» F1-Score is the harmonization between precision and recall:

2(presisi X recall)
F —measure = — (7
(presisi + recall)

» MAE (Mean Absolute Error) is used to evaluate how far the model's predictions deviate from the ordinal labels
in order:

n
1
MAE:gZD’i—J’H (7
i=1

» Cohen’s Kappa

Cohen’s Kappa is used to measure the level of agreement between two annotators or between the model's
predictions and the actual labels, controlling for the possibility of agreement occurring by chance [31], [32].

Po — Pe
=T, ()

where,

Po is the proportion of actual agreement (observed agreement),

p. 1S the proportion of agreement expected by chance (expected agreement).
The Kappa value ranges from -1 to 1, with:

Kk < 0 no agreement,

0.0 < k < 0.4 low agreement

0.4 < k < 0.6 moderate

0.6 < k < 0.8 good

Kk > 0.8 very good

This metric is highly relevant in ordinal classification because it considers the level of error between
categories, not just the number of incorrect predictions.

Results and Discussion
A. Results

This study compares the performance of two classification algorithms, namely Random Forest and Ordinal
Regression (using Logistic Regression), on three feature representation approaches: TF-IDF, BERT, and a
combination of TF-IDF + BERT, with two data scenarios: original data and data resulting from oversampling using
SMOTE. Evaluation is conducted using seven metrics: Accuracy, Precision, Recall, F1-Score, Cohen’s Kappa, and
MAE. The following table summarizes the experimental results based on the three feature representations:

Table 1. Model Evaluation Results Based on Feature Representation and Resampling Technique

Representation Model Accuracy | Precision Recall F1-Score | Cohen's Kappa MAE
TF-IDF ?Sﬂg?&fwe“ 0.848921 | 0.845553 | 0.848921 | 0.835516 0.690325 0.3381
TE-IDF %‘rji';‘i?]'aﬁegress'on 0.848921 | 0.825741 | 0.848921 | 0.824811 0.679794 0.3381

Random Forest
TF-IDF (SMOTE) 0.870504 | 0.873919 | 0.870504 | 0.865223 0.748442 0.3887
Ordinal
TF-IDF Regression 0877698 | 0.878247 | 0.877698 | 0.877251 0.770069 0.2674
(SMOTE)
BERT Fgﬂg‘i’:;lfore“ 0.805755 | 0.822956 | 0.805755 | 0.779834 0.577698 021
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Representation Model Accuracy | Precision Recall F1-Score | Cohen's Kappa MAE
BERT %‘:i';i?]'aiegress'on 0.834532 | 0.818862 | 0.834532 | 0.819809 0.669697 0.4971
Random Forest
BERT (SMOTE) 0.834532 | 0.836994 | 0.834532 | 0.830387 0.6829 0.4234
Ordinal Regression
BERT (EMOTE) 0827338 | 0.809726 | 0.827338 | 0.813731 0.662246 0.3892
TF-IDF + | Random Forest 0.820144 | 0.839520 | 0.820144 | 0.796737 0.611688 0.4163
BERT (Original)
TF-IDF + | Logistic Regression | a41797 | 0824714 | 0.841727 | 0.826074 0.681624 0.4582
BERT (Original)
TF-IDF + Random Forest
SERT (SMOTE) 0.848921 | 0.844124 | 0.848921 | 0.841555 0.705598 0.3976
TF-IDF + Logistic Regression
SERT (SMOTE) 0.848921 | 0.848125 | 0.848921 | 0.845522 0.709783 0.3402

Perbandingan Cohen's Kappa Antar Representasi dan Model
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= Ordinal Regression (Original)

= Random Forest {SMOTE)
Ordinal Regression (SHOTL)

0.75

e
S
=

=]
=

Cohen's Kappa

0.60

«
&
&

Y
53
&
x

Representation
Figure 4. Comparison of Cohen’s Kappa between Representations and Models

Table 1 shows that feature representation with TF-IDF combined with SMOTE and the Ordinal Regression
algorithm yields the best overall performance, with an accuracy of 0.8777, F1-Score of 0.8773, and Cohen’s Kappa
of 0.7701. The Random Forest model with SMOTE on TF-IDF also shows very high performance, with an F1-Score
of 0.8652 and RMSE of 0.5876. Meanwhile, the BERT-based approach generally produces lower metric values,
especially in the Random Forest model, with the lowest recorded accuracy of 0.8058. In the combined TF-IDF +
BERT approach, the model's performance is slightly better than BERT alone but has not yet surpassed the results of
pure TF-IDF, although it shows fairly stable Cohen’s Kappa values.

B. Discussion

The research results show that TF-IDF representation is still very effective for text classification tasks on small to
medium-sized datasets, especially when combined with the SMOTE resampling technique that can address class
imbalance. The high performance of the Ordinal Regression model with TF-IDF + SMOTE can be explained by the
model's ability to understand hierarchical class relationships and by the more stable nature of the TF-IDF
representation in capturing word frequencies compared to complex semantic embeddings. On the contrary, BERT,
which is an advanced context-based representation, failed to demonstrate its superiority in this experiment. This is
most likely due to the limited amount of data, where transformer-based models like BERT require much larger datasets
to learn optimally. The combination of TF-IDF and BERT yields fairly competitive results, but still falls short of the
performance of pure TF-1DF, indicating that the integration of two types of representations does not always guarantee
performance improvement, especially when the data is insufficient to leverage the advantages of contextual
representation. The results of this study are in line with several previous studies that demonstrate the effectiveness of
combining balancing techniques such as SMOTE with ensemble-based algorithms or regression on imbalanced
educational data. For example, studies [5], [33] show that SMOTE significantly improves classification performance
in the text-based education domain. Furthermore, the TF-IDF approach used in this study has proven to be still relevant
for small to medium-sized datasets, as demonstrated in study [34] in frequency-based spam classification. Thus, the
findings in this study reinforce the evidence that classical methods such as TF-IDF remain competitive when combined
with balancing strategies and classification models that align with the nature of ordinal data.
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Conclusion

This research aims to compare the performance of the Random Forest and Ordinal Regression algorithms in
classifying the quality of concept maps using three feature representation approaches, namely TF-IDF, BERT, and a
combination of TF-IDF + BERT, as well as two data scenarios: original data and data that has been resampled with
SMOTE. Based on the evaluation results using accuracy, F1-score, and Cohen’s Kappa metrics, it was found that the
TF-IDF representation approach with SMOTE consistently produced the best performance, particularly in the Ordinal
Regression model, which recorded an accuracy of 0.8777, an F1-score of 0.8773, and a Cohen’s Kappa of 0.7701.
These findings indicate that the use of resampling techniques such as SMOTE significantly improves the performance
and stability of the model in handling imbalanced class distributions. On the other hand, the BERT approach, which
theoretically excels in capturing contextual meaning, has not yet shown optimal performance in this study, likely due
to the limited amount of available data. Meanwhile, the combined approach of TF-IDF and BERT yielded competitive
results but did not surpass the effectiveness of TF-IDF independently. Overall, this study concludes that the
combination of simple representations such as TF-IDF with the SMOTE data balancing technique and the use of the
Ordinal Regression model is an effective strategy for classifying the quality of concept maps on datasets with ordinal
characteristics and uneven class distribution.
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