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Abstract:

Employee attendance is a crucial factor in human resource management as it affects productivity and operational efficiency.
However, the recording and analysis of employee attendance often encounter challenges, particularly in terms of the
accuracy and effectiveness of the systems used. This study aims to develop an employee attendance classification model
using the Gradient Boosted Trees algorithm to improve the accuracy of grouping attendance categories such as Present,
Permission, Sick, Leave, and Absent into attendance level categories: High, Medium, and Low. The research method
includes collecting employee attendance data throughout the year 2024. The model evaluation is carried out using metrics
such as accuracy, precision, recall, and the confusion matrix. The results indicate that the developed model achieves an
accuracy of 100.00%, with a mean precision of 100.00% and a mean recall of 100.00%.
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1. Introduction:

In human resource management, the analysis of employee attendance data is a vital element that can enhance
organizational productivity and efficiency [1]. Attendance and employee information systems are crucial components
in a company’s human resource management. Timely attendance and accurate employee information are essential to
support the productivity and operational efficiency of a company [2]. Attendance refers to a recording process [3],
and employee productivity and efficiency are among the key factors for a company to continuously improve and grow
[4]. Therefore, monitoring and analyzing employee attendance patterns have become critical aspects of modern HR
management.

In general, attendance recording has utilized technologies such as fingerprint scanners and RFID cards, allowing
for faster and more accurate data collection. These challenges highlight the need for methods that can address such
issues in an efficient and effective manner [5]. Many previous studies have primarily focused on the recording aspect
of attendance without optimally applying machine learning-based classification methods to evaluate employee
attendance levels in a structured manner. This highlights a research gap in the application of data mining techniques,
especially classification algorithms, to enhance attendance data management.

As time progresses, technology continues to evolve, making it easier for humans to perform various tasks [6], one
of which is data mining, which is the process of discovering patterns or interesting information from selected data
using specific techniques or methods. The output of data mining can be used for future decision making [7]. The
techniques, methods, or algorithms in data mining are very diverse; the selection of the appropriate method or
algorithm greatly depends on the objectives and the overall KDD process [8]. One of the data mining processing
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techniques is classification [9]. Classification is the process of extracting patterns from existing information in order
to obtain the desired rules [10]. Classification is the process of finding a model and function that describes and
distinguishes data into classes [11].

Gradient boosting is a supervised learning technique based on decision trees [12]. The GBT algorithm has been
widely used in various classification fields, such as water quality prediction, regional status classification, cyber-attack
(DDoS) detection, and others. The objective of this study is to develop a classification model capable of categorizing
employee attendance types such as Present, Permission, Sick, Leave, and Absent into grouped attendance levels: High,
Medium, and Low. This approach is expected to enable companies to conduct data-driven and systematic evaluations
of employee attendance. The main contribution of this study lies in the implementation of the Gradient Boosted Tree
(GBT) algorithm to construct an automated, accurate, and efficient employee attendance classification system. The
proposed model is expected to assist organizations in accelerating attendance analysis, minimizing data manipulation,
and serving as a foundation for more effective human resource management strategies.

2. Method
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Figure 1. Research Stages

Data Source

This study uses a quantitative approach, which is an approach that describes or explains a problem that can be
generalized because it is based on actual reality, as this research is related to and involves data [13].

The first stage carried out is data collection [14]. The data used in this study were obtained from two main sources:
primary data and secondary data. The primary data in this study are data collected directly from the company’s
attendance system or internal application that records employee attendance. This study uses data obtained from [15]
the recap stored by the HR department related to employee attendance. Attendance is an activity of data collection to
determine the number of employee presences in a company [16].

In addition to primary data, this study also utilizes secondary data to complement the analysis. The sources of
secondary data include literature and previous research.

Thus, the data source collected is employee attendance data totaling 100,354 records from January to December
2024. The types of data collected include: Employee ID (NIK), Name, Department, Area, Shift Group, Supervisor,
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Position, Date, Category, Week, Month, and Year. These data were then evaluated to determine the accuracy obtained
from the development and implementation of the model on new data [17].

Implementation of the Gradient Boosted Trees Algorithm

Gradient Boosted Trees is a classification algorithm that uses a boosting technique, which consists of a collection
of several base models that are combined into a final, accurate model. With this technique, it can be proven that the
Gradient Boosted Trees algorithm can produce a more accurate model compared to other classification algorithms
[18]. The implementation stages in this study are as follows:

a. Data Selection: Data selection is the process of determining datasets or subsets of data that are relevant and
significant for specific analytical or research purposes [19].

b. Data Preprocessing: Data preprocessing aims to transform raw data into high-quality data that is suitable for
further processing [20]. Below is a summary table of preprocessing steps and their respective purposes:

Step Description

Structure Transformation in this study aims to convert raw data into a more
Structure Transformation structured format. In this case, the attendance category column is transformed
into several separate columns.

Handling Missing Values is performed to fill in missing or empty values that
could affect prediction results. Handling missing values before processing with
various machine learning models has been shown to improve classification
performance [21].

Handling Missing

Feature Engineering involves creating new features from the existing raw data.
Feature Engineering In this study, feature engineering is carried out to build more representative
features from the available employee attendance data.

The following formulas were used in the Feature Engineering stage:

Feature Name Formula
Total Employee Present + Permission + Sick + Leave + Absent
Effective Present Present
%Present (Effective Present / Total) x 100%
Attendance Level If (%Present > 90, “High”, If (%Present > 75, “Medium”, “Low”))

c. Data Splitting: The data must be divided into training and testing sets to evaluate model performance. In this
study, 80% of the data is used for training, and 20% is used for testing.

d. Implementation of the Gradient Boosted Trees Algorithm: After completing data preprocessing and splitting, the
Gradient Boosted Trees algorithm is implemented using RapidMiner software. The process involves assigning
the target label, selecting predictor features, training the model using the Gradient Boosted Trees operator, and
evaluating performance using the Apply Model and Performance operators.

e. Analysis Results: Evaluation of the Gradient Boosted Trees algorithm is conducted to determine how well the
model performs in classification. The confusion matrix is a table used to show the number of test data instances
correctly and incorrectly classified, making it easier to evaluate the accuracy of a classification system [22]. The
general form of the confusion matrix can be seen in the following figure:
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Figure 2. Confusion Matrix

There are three values used to measure the performance of the classification system, namely precision, recall, and
accuracy. The value of precision refers to the sensitivity or correctness of the system in accurately identifying whether
the data belongs to the negative or positive class.

Meanwhile, recall is the value that indicates the level of success or specificity in correctly retrieving information
about data that belongs to either the negative or positive class [23].

The formula for accuracy is as follows:

(Number of correct predictions) / (Total Number of predictions) =

Accuracy (TP +TN)/ (TP + TN + FP + FN)
Recall TP /(TP +FN)
Precission TP /(TP +FP)
Explanation:

e True Positive (TP): the condition where the model predicts positive and the result is indeed positive.
e True Negative (TN): the condition where the model predicts negative and the result is indeed negative.
e False Positive (FP): the condition where the model predicts positive but the result is actually negative.
e False Negative (FN): the condition where the model predicts negative but the result is actually positive.
3. Result and Discussion:
Result

In this study, the author uses RapidMiner software because the platform is equipped with various operators for
data preprocessing, modeling, evaluation, and result visualization [24]. RapidMiner provides a user interface for
designing analysis pipelines, which generates an XML file that describes the analysis process the user intends to apply
to the data [25].
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Figure 3. Process (1) Gradient Boosted Trees Algorithm
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a. Data Selection

The initial stage in the classification process begins with reading the employee attendance dataset, which is
stored in Comma Separated Values (CSV) format, using the Read CSV operator. Subsequently, data selection is
performed to ensure that only relevant attributes are used in the model training process. Several attributes such
as Employee 1D, employee name, work area, shift group, supervisor name, position, and year are removed using
the Exclude Column operator, as they are considered to have no direct influence on the classification of
attendance levels. The removal of non-relevant attributes aims to reduce model complexity and prevent
overfitting, while ensuring that only features with informative value toward the classification target are utilized.
This process also helps accelerate the modeling and evaluation stages.
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Figure 5. Process (1) Data Selection Figure 6. Process (2) Data Selection
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Data Preprocessing

e  Structure Transformation : The initial dataset was in a long format, where each data row represented a
single daily attendance record for each employee. Attendance categories such as Present, Permission,
Sick, Leave, and Absent were recorded in the same column. To enable more effective analysis, a
structure transformation was performed to convert the data into a wide format by separating each
attendance category into its own column. The result of the structure transformation process showed a
significant change in the number of entries. The original dataset consisted of 100,354 rows, and the final
result after transformation became 7,320 rows. This stage used the Pivot operator.
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Row No. DEPARTEM... DATE WEEK MONTH COUNt(CATE... = count(CATE.. count(CATE.. count(CATE.. count(CATE...
1 Daily Workshop 1 1 1 ? ? ? 8 ?
2 Daily Workshop 1 5 2 ? ? ? 8 ?
3 Daily Workshop 1 9 3 ? ? ? 7 ?
4 Daily Workshop 1 14 4 ? ? ? 6 2
5 Daily Workshop 1 18 5 ? ? ? 6 ?
6 Daily Workshop 1 22 6 ? ? ? 6 ?
7 Daily Workshop 1 27 7 ? ? ? 8 ?
8 Daily Workshop 1 31 8 ? ? ? 8 ?
9 Daily Workshop 1 36 9 ? ? ? 8 ?
10 Daily Workshop 1 40 10 ? ? ? 8 ?
11 Daily Workshop 1 44 " ? ? 1 7 ?
12 Daily Workshop 1 49 12 ? ? ? 8 ?
13 Daily Workshop 2 1 1 ? ? 1 7 ?

ExampleSet (7,320 examples.0 special attributes,9 regular attributes)

Figure 7. Process Stucture Transformation

Handling Missing Values: Missing values refer to conditions where a column lacks data due to
unrecorded entries, input errors, or formatting mismatches during data export. The presence of empty
values can negatively impact analysis results and the performance of classification models, especially
during the training and prediction processes. In the transformed dataset, missing values were found in
the attendance category columns such as Present, Permission, Sick, Leave, and Absent. This occurred
because not all attendance categories appear in every combination of time and department attributes.
For example, on a certain day, there may be no employees categorized as Sick, resulting in a null value
in the Sick column for that row. In this study, missing values were replaced with the number zero (0).
Zero was chosen because it logically represents the absence of an event in a specific attendance category
for instance, no employees were on leave or sick on a particular day and in a particular department.
This stage used the Replace Missing Values operator.

Row No. DEPARTEM... DATE WEEK MONTH count(CATE... | count(CATE.. count(CATE.. count(CATE.. count(CATE...
1 Daily Workshop 1 1 1 0 0 0 8 0
2 Daily Workshop 1 5 2 0 0 0 8 0
3 Daily Workshop 1 9 3 0 0 0 7 0
4 Daily Workshop 1 14 4 0 0 0 6 0
5 Daily Workshop 1 18 5 0 0 0 6 0
6 Daily Workshop 1 22 6 0 0 0 6 0
7 Daily Workshop 1 27 7 0 0 0 8 0
8 Daily Workshop 1 31 8 0 0 0 8 0
9 Daily Workshop 1 36 9 0 0 0 8 0
10 Daily Workshop 1 40 10 0 0 0 8 0
1 Daily Workshop 1 44 1 0 0 1 7 0
12 Daily Workshop 1 48 12 0 0 0 8 0
13 Daily Workshop 2 1 1 0 0 1 7 0

ExampleSet (7,320 examples,0 special attributes,9 regular attributes)

Figure 8. Process Handling Missing Values

Feature Engineering : The next stage in the preprocessing process is feature engineering, which involves
creating new features designed to enhance the model’s ability to learn patterns relevant to the
classification task. Feature engineering is a crucial step, as well-crafted features can improve model
accuracy and accelerate the training process. In this stage, the Generate Attributes operator was used by
applying formulas (1), (2), (3), and (4).
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Figure 9. Process Feature Engineering
c. Data Splitting

In this study, the Attendance Level attribute was set as the label (target/output) because it contains the
information to be predicted by the classification model, namely the grouping into attendance categories: High,
Medium, and Low. Attribute roles were assigned by classifying other attributes such as Total Employees,
Effective Attendance, Present, Permission, Sick, Leave, Absent, and Attendance Percentage as predictors
(inputs). After the labeling process, the data was divided into two main sets:

e Training data: 80% of the total data was used to build and train the classification model. In this study, 5,856
rows were used as training data.

e Testing data: 20% of the total data was used to evaluate the model’s performance. In this study, 1,464 rows
were used as testing data.

d. Implementation of the Gradient Boosted Trees Algorithm

After completing the data selection, preprocessing, and data splitting stages, the next step was to implement
the Gradient Boosted Trees (GBT) algorithm to build the employee attendance classification model. This stage
is the core of the machine learning process, where the system is trained to recognize patterns in the data and
generate a predictive model capable of accurately classifying new data.
This stage used the Gradient Boosted Trees, Apply Model, and Performance operators.

Discussion

After the model training process was completed, the next step was to evaluate the model’s performance on the
testing data to determine how well the model could classify the attendance level categories (High, Medium, Low) on
previously unseen data.

accuracy: 100.00%

true High true Medium true Low class precision
pred. High 1315 0 0 100.00%
pred. Medium 0 115 0 100.00%
pred. Low 0 0 34 100.00%
class recall 100.00% 100.00% 100.00%

Figure 10. Results of Gradient Boosted Trees

523



524 Indonesian Journal of Data and Science

accuracy: 99.86%

true High true Medium true Low class precision
pred. High 1315 0 0 100.00%
pred. Medium 0 114 1 99.13%
pred. Low 0 1 33 97.06%
class recall 100.00% 99.13% 97.06%

Figure 11. Results of Deep Learning

accuracy: 94.67%

true High true Medium true Low class precision
pred. High 1242 0 0 100.00%
pred. Medium 73 114 4 59.69%
pred. Low 0 1 30 96.77%
class recall 94.45% 99.13% 88.24%

Figure 12. Results of Naive Bayes

The classification of employee attendance categories using the Gradient Boosted Trees (GBT) algorithm produced
excellent results, achieving 100% accuracy. All instances across the three classes High, Medium, and Low were
correctly classified with no misclassifications. This performance is further supported by precision and recall values of
100% for each class, indicating that the model successfully identified all relevant patterns in the dataset. The strength
of GBT lies in its ability to build strong learners through a series of decision trees, allowing it to handle complex
variations in the attendance data with high precision.

Although this result is excellent, the perfect accuracy (100%) should be interpreted with caution, as it may indicate
a case of overfitting a situation where the model performs exceptionally well on training data but may not generalize
effectively to unseen data. This concern is reinforced by the absence of validation techniques such as k-fold cross-
validation, which are typically used to evaluate a model’s generalizability.

Moreover, the dataset may suffer from class imbalance, such as a disproportionately high number of records in the
“High” category compared to “Medium” or “Low”. This imbalance could introduce bias into the model. The study
does not mention any resampling techniques or class weighting strategies to address this issue. A biased model may
perform poorly when encountering underrepresented categories in real-world scenarios.

On the other hand, comparing the GBT model with other algorithms such as Deep Learning (99.86% accuracy)
and Naive Bayes (94.67% accuracy) adds substantial value to the study. Interestingly, although Deep Learning is
known for its strength in modeling complex and non-linear patterns, GBT outperformed it in this case. This can be
explained by several factors:

e The dataset is structured and tabular, which is ideal for tree-based models like GBT.GBT leverages a boosting
mechanism, effectively combining multiple weak learners to build a more accurate final model.

e It automatically performs feature selection, making it particularly suitable for datasets with well-engineered
attributes.

e Deep Learning typically requires larger datasets and more computational resources to outperform tree-based
models, which may not have been optimal in this context.

e Meanwhile, Naive Bayes, although efficient and fast, operates under the assumption of feature independence,
which may not hold true for employee attendance data, thus resulting in lower accuracy.

524



525 Indonesian Journal of Data and Science

4. Conclusion:

This study aimed to classify employee attendance levels (High, Medium, Low) based on attendance data using the
Gradient Boosted Trees (GBT) algorithm. The evaluation results show that the GBT model achieved very high
performance, with accuracy, precision, and recall reaching 100%. These results indicate that the algorithm was able
to effectively and accurately recognize patterns within the attendance dataset.

However, such perfect performance should be interpreted with caution, as the model has not yet been tested on
data from different periods or organizational contexts. Therefore, the model’s ability to perform consistently under
various conditions has not been fully established.

The limitations of this study include the use of data from a single source and time period, and the lack of real-
world implementation within an operational attendance system. Additionally, issues related to class distribution and
feature importance analysis were not explored in detail. For future research, it is recommended to:

o Apply the model to datasets from different departments, organizations, or timeframes to assess its adaptability.
e Develop and integrate the model into a digital attendance system, such as a web- or app-based platform.

e Conduct deeper analysis of feature importance to identify which attributes most influence classification outcomes,
thereby improving both model efficiency and interpretability.
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