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Abstract: As the digital transformation accelerates in our society, open data is being increasingly 

recognized as a key resource for digital innovation in the public sector. This study explores the 

following two research questions: 1) Can a machine learning approach be appropriately used for 

measuring and evaluating open data utilization? 2) Should different machine learning models be 

applied for measuring open data utilization depending on open data attributes (field and usage 

type)? This study used single-model (Random Forest, XGBoost, LightGBM, CatBoost) and multi-

model (Stacking Ensemble) machine learning methods. A key finding is that the best-performing 

models differed depending on open data attributes (field and type of use). The applicability of the 

machine learning approach for measuring and evaluating open data utilization in advance was also 

confirmed. This study contributes to open data utilization and to the application of its intrinsic value 

to society. 
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1. Introduction 

Since the onset of the COVID-19 pandemic, digital transformation has accelerated in society and 

open data has garnered attention as a key resource in digital conversion within the public sector [1]. 

Concurring with this trend, discussions regarding the development of information and 

communications technology have accelerated [2], and the potential of open data, as a digital asset 

and resource, to contribute to social and economic growth through sustainable value creation has 

been mentioned [3]. In the context of sustainable environmental, social, and governance 

management, Helbig et al. [4] noted that open data use can provide significant strategic value to 

organizations and increase business efficiency. 

In response, governments—as key data providers—worldwide have pursued policies for open 

government data. Since the initiation in the United Kingdom and the United States of America of the 

development of open government policies aimed at open data openness and transparency 

enhancements in 2009, many countries, including South Korea, have endeavored to utilize data-based 

innovations to increase transparency [5–7]. According to evaluations by the Organization for 

Economic Co-operation and Development on the Open-Useful-Reusable DATA index, South Korea 

achieved the top position for four years (i.e., 2015, 2017, 2019, and 2023), scoring 0.91 points (out of 1) 

in 2023. As of March 2024, the South Korean government has facilitated the opening of over 87,000 

diverse datasets from 1,031 organizations through the Open Data Portal (data.go.kr). 

However, there are limitations to integrating the quantitative outcomes of open government 

data with qualitative utilization outcomes [8]. The intrinsic value of open data lies not merely in the 

openness of the data itself, but in the added value that can be derived from its application to 

businesses. This means that open data can generate substantial value when utilized by end users [9], 

making efforts to assess and improve open data value and to render users aware of open data utility 

critical endeavors [10–12]. 
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Various studies have been conducted on open data utilization, but most have focused on indirect 

and complementary factors (e.g., legal frameworks, governance, policy, and technology) rather than 

on the intrinsic value of open data utilization. For example, there are various studies on open data 

legal frameworks and governance, which have emphasized the role and structure of relevant 

legislation in our rapidly changing society, highlighting the need for well-established legal 

frameworks [13–15]. In another study, trust in open data governance has been emphasized as a key 

factor of open data utilization [16]. In the context of South Korea’s open data utilization policies, a 

study compared the open data policies of different administrations, finding an initial focus on the 

openness and scalability of open data utilization in diverse areas [17]. Research on open data 

technology have also provided technical recommendations for the enhancement of platform 

infrastructure, along with insights for analytical tools and technical standards [10,18–22]. Thus, 

previous studies have primarily offered results relevant for post-prescriptive alternatives regarding 

open data utilization, whereas systematic approaches to measure and evaluate the intangible value 

of open data utilization have not yet been established, and our understanding of how to proactively 

tackle the matter is limited. 

2. Related Research 

2.1. Research on Open Data Utilization 

Schumpeter et al. [23] argued that innovations such as new products, production methods, 

markets, and economic organizations are both directly and indirectly related to open data utilization 

[24,25]. Meanwhile, open data has been recognized as a resource for innovation that can create 

additional value based on its intrinsic characteristics [26,27]. Various studies have confirmed that 

active open data use is beneficial for researchers, companies, and other stakeholders, including for 

creating new businesses and supporting alternative decision-making [28,29]. There are also many 

explorations of the potential of open data utilization to foster innovation in various sectors of private 

enterprise products and services [25,30]. Regarding the economic impact of open data, the estimates 

point to tens of billions of euros annually [31]. 

According to the South Korean government, among the companies that utilized open data and 

were surveyed (n = 1,003), a considerable number (63.7%) reported that open data plays a vital role 

in their business [32]. Janssen et al. [33] further demonstrated that open data utilization can activate 

data-business linkages, support decision-making, and enhance business quality. This points to the 

indispensability of open data utilization as a trend for leading nations and companies in the era of 

artificial intelligence. In addition, research on legal frameworks and governance regarding open data 

utilization note that while open data should contribute to a range of social and political goals, the 

release of government data containing personal information can threaten people’s privacy and 

related rights and interests; accordingly, there have been proposals for frameworks that consider 

privacy risks in open data utilization in the public sector [34]. Thompson et al. [35] suggested 

organizational governance adjustments tailored to unique situations, and emphasized the need for 

strong partnerships between information technology professionals and data specialists when actively 

using open data. 

In a policy study related to open data utilization, Zuiderwijk et al. [36] noted that governments 

aim to promote and induce data release and gain benefits from data utilization when establishing 

open data policies. These cited authors also developed a framework for comparing individual 

policies based on the open data policies of Dutch government agencies. Meanwhile, Bertot et al. [37] 

noted the need for a robust data sharing and interoperability framework as big data and open data 

are being increasingly exchanged in real time.  

Research on open data utilization-related technology is also underway. Regarding technological 

infrastructure (e.g., data platforms), Máchová et al. [38] evaluated national open data portal usability 

based on data explorability, accessibility, and reusability. Osagi et al. [39] noted the extensibility of 

open data platforms and suggested improvements to enable citizens and civil society organizations 

to effectively utilize open data. Furthermore, research has been conducted on other technical aspects 
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related to open data utilization, such as data quality, with Vetrò et al. [40] pointing out that opening 

data without proper quality management could diminish data reuse and influence negative usability. 

In summary, the literature presents trends toward the advancement of open data utilization 

from diverse perspectives. The major limitation of the related studies is that they only deliver indirect 

alternatives for measuring and evaluating open data utilization value. Therefore, this study proposes 

a discriminative alternative that directly measures and evaluates the intangible value of open data 

utilization based on the characteristics of the open data managed by the South Korean government. 

2.2. Research on Machine Learning Application 

In this study, we focused on machine learning as a quantitative tool for evaluating open data 

utilization. Machine learning is already being applied in various fields related to everyday life, such 

as the medical sector [41–43], environmental sector [44–47], and construction industry [48]. The 

introduction of machine learning into these fields has greatly expanded the scope and number of 

insights as to the application of theoretical knowledge in the real world. Machine learning has also 

customarily been used as a tool to predict intangible values (e.g., through risk assessment) in the 

manufacturing industry [49,50]. 

Regarding the use of machine learning as a tool, several studies have used machine learning to, 

for instance, predict citation counts, as a direct indicator of patent utilization (i.e., high citation counts 

indicate highly-utilized patents). Indeed, patents in the top 1% of citation counts are defined as 

impactful breakthrough inventions relevant to commercialization and future technology 

development [51]. Researchers have also used machine learning to classify utility through 

classification algorithms such as SOM, KPCA, and SVM [52]; predict patent citation counts using 

boosting algorithms (e.g., XGBoost classifier) [53]; predict utilizable patents for research and 

development investment decisions in companies [54]. Therefore, machine learning tools can be 

considered appropriate to measure and evaluate the utilization value of intangible assets such as 

patents.  

There has also been considerable research on training data for machine learning. Concerning the 

characteristics of training data, related studies have mentioned that tree-based algorithm utilization 

is appropriate when including a large amount of categorical data in the training dataset [55,56]. For 

example, a study related to construction waste generation suggested that the development of 

machine learning prediction models for small-scale datasets composed of categorical variables could 

be improved by applying random forest and GBM algorithms [55,56]. Corroborating these assertions, 

another research [57] mentioned the superiority of random forest over GBM in terms of stability and 

accuracy for small-scale datasets composed of categorical variables, demonstrating performance 

differences that reflect data characteristics.  

Regarding training data size, it is generally known from previous research that large-scale (vs. 

small-scale) training datasets provide better performance. However, Ramezan et al. [58] 

demonstrated performance differences depending on the algorithm as training data size was 

adjusted, highlighting the importance of specific situational considerations. Based on prior research 

on training data, this study attempted to compare model performance by distinguishing between 

training based on an integrated dataset without field distinctions and on 16 field-specific datasets. 

The goal was confirming the potential performance differences according to training data size across 

the 16 fields. 

There is a plethora of research on machine learning algorithm performance. In a comparison of 

the SVM, random forest, and ELM algorithms when predicting intrusion detection showcased the 

superiority of the ELM model in terms of performance [59]. In a research related to early diabetes 

diagnosis [60], after analyzing 66,325 patient records based on 18 risk factors, logistic regression was 

deemed the superior model. Moreover, when predicting the bending strength of steel structures and 

the bonding strength of surfaces [61], the ANN algorithm seemed to have superior performance 

based on a comparison with other algorithms (i.e., random forest, XGBoost, and LightGBM). A 

research [62] predicting the residual value of construction machinery compared the coefficients of 
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determination for LightGBM, XGBoost, and MDT, reporting that the MDT algorithm was the best 

prediction model (accuracy of 0.9284). 

Concerning machine learning stacking ensembles (i.e., a method of combining individual 

prediction results to enhance final performance), a study predicting corporate bankruptcy used basic 

models (e.g., KNN, Decision Tree, SVM, and Random Forest) based on the financial data of 

companies to show that the stacking ensemble model with LightGBM achieved an accuracy of over 

97% [63]. In a study predicting harmful algal blooms (HABs), the base models of XGBoost, LightGBM, 

and CatBoost, and Linear Regression were used to construct a metamodel, which in turn confirmed 

the applicability of the stacking ensemble technique. Based on these previous studies, the current 

research conducted comparative analyses of single models and stacking ensemble techniques to 

enhance model performance. 

3. Materials and Methods 

3.1. Data 

In this study, we delimited our scope to the structured data provided by the South Korean 

government from 2012–2022, which is openly available at Open Data Portal (data.go.kr). We collected 

and analyzed metadata through the download method (File Data) and the API method (OpenAPI 

Data), excluding unusable variables such as contact information (e.g., the responsible person’s name 

and phone number). The metadata includes detailed information, including related fields and data 

descriptions. This study considered that the amount of data varied across the 16 fields depending on 

the scope of the South Korean government’s administrative work; thus, the experiments were 

conducted while dividing the training dataset into an integrated dataset without field division, and 

16 field datasets with field division. We evaluated the performance of the models separately for each 

case. The utilized data consisted of metadata for 44,648 File Data and 6,677 OpenAPI Data after 

removing duplicates and missing values. 

3.1.1. Input Variables 

This study separated the training datasets of File Data and OpenAPI Data depending on the 

utilization method. The File Data metadata comprised 37 variables, among which 23 were continuous 

and 14 were categorical variables. The OpenAPI Data metadata is accessible in real-time via API calls, 

and comprised 42 variables, among which 23 were continuous and 19 were categorical variables. 

3.1.2. Target Variables 

To establish the target variables that quantitatively represent open data utilization [64], we 

constructed indicators with a normal distribution, which served to consider model performance in 

the analyses [65–67]. We then verified the normal distribution of each target variable. For File Data, 

we adjusted the number of downloads based on the provision period and considered the number of 

attachments, as shown in Figure 1(a). The provision period incorporates the concept of patent citation 

half-life, reflecting an adjustment for the period of utilization in the patent field. For OpenAPI Data, 

we utilized the number of API calls and API utilization requests as the target variables. Similar to 

procedures for the File Data dataset, we established target variables considering the service period 

and confirmed whether they followed a normal distribution, as illustrated in Figure 1(b) [67]. 

(a) ������ �������� �� ���� ���� = log(
�������� ������

��������� ������ × ������ �� �����ℎ�����
) 

(�) ������ �������� �� ������� ���� = log(
��� ���� ������ × ��� ������� ������

������� ������
) 

Figure 1. Target variable of File Data (a) and OpenAPI Data (b). 

3.2. Proposed Methods 
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3.2.1. Single Model Methods 

As the training dataset contained many categorical variables, we selected tree-based algorithms 

(Random Forest, XGBoost, LightGBM, and CatBoost) for use in this study [68–70]. 

 Random Forest: Random forest algorithms are primarily composed of decision trees, and the 

results of these trees are summed to produce a final result that maximizes algorithm 

performance [71]. The advantage of decision tree analysis is the easy and intuitive 

understanding it provides as the results are presented in a single tree structure; the disadvantage 

is its lower predictiveness owing to the consideration of only one predictor when dividing the 

tree branches. Small data changes can also transform tree composition [71,72]. Therefore, while 

decision tree analysis has a relatively low bias, it has a high variance error, rendering model 

generalization more difficult. A machine learning algorithm used to overcome this weakness is 

random forest, which analyzes and aggregates multiple decision trees to form a forest of 

randomly sampled decision trees, which then is used to create a final prediction model. Random 

forest algorithms iteratively create independent decision trees to maximize sample and variable 

selection randomness, hence reducing prediction error by lowering variance and sustaining a 

low bias in the decision tree [71,72]. When using data with multiple explanatory variables, 

random forest algorithms also provide stability by considering interactions and nonlinearities 

between the explanatory variables. A visual representation of a random forest model is 

presented in Figure 2(a). 

 eXtreme Gradient Boosting (XGBoost): XGBoost is an algorithm proposed by Chen et al. [73] for 

use with large-scale datasets, and is meant to compensate for overfitting issues while improving 

stability and training speed. XGBoost is known for its performance and effectiveness owing to 

the implementation of the gradient boost learning technique, which is a well-known technique 

in machine learning. Specifically, it uses a greedy algorithm to construct the most optimal model 

and improve weak classifiers, and this occurs while controlling complexity using distributed 

processing to compute optimal weights; this all serves to minimize learning loss and overfitting. 

This algorithm can be trained on categorical and continuous data, and each leaf contributes to 

the final score of the model; its analysis procedure is as follows: 1) measure the accuracy of the 

generated tree classifiers; 2) randomly generate strong-to-weak classifiers in each order; 3) 

sequentially improve the classifiers to generate a strong tree classifier. XGBoost proceeds to the 

max_depth parameterized during training, and then prunes in reverse if the improvement in the 

loss function does not reach a certain level [73]. During this process, the model can be pruned to 

remove unnecessary parts of the tree classifier and prevent overfitting. A visual representation 

of the XGBoost algorithm is presented in Figure 2(b). 

 Light Gradient Boosting Machine (LightGBM): developed by Microsoft, this model uses the leaf-

wise partitioning method to create highly-accurate models [74]. It is based on the gradient 

boosting decision tree ensemble learning technique, which has the advantage of dividing the 

branches at each node based on the best-fit nodes. It uses this learning technique with various 

algorithms to reduce the number of dimensions of individual data. This technique uses level 

wise for horizontal growth and the traverse of the nodes of the decision tree preferentially from 

the root node. For vertical growth, it splits at the node with the largest maximum delta loss, 

assuming that the loss can be further reduced by growing the same leaf. Furthermore, the two 

methods used in LightGBM to reduce the number of samples and features are gradient-based 

one-side sampling and exclusive feature bundling. Gradient-based one-side sampling is an 

under-sampling technique guided by the training set’s skewness, considering that samples with 

a larger skewness in absolute value contribute more to learning; accordingly, those with a 

smaller gradient are randomly removed. A visual representation of the LightGBM algorithm is 

shown in Figure 2(c). 

 Categorical Boosting (CatBoost): This is is a library based on gradient boosting [75]. CatBoost 

performs well with categorical data [76], and processes them using the statistics of the target 

values while converting each categorical variable to a number. Thus, it is a great performer for 

most machine learning tasks that require categorical data processing [77]. In a past study, 

CatBoost performed better than other gradient boosting libraries because of its ability to handle 

categorical variables and its optimized algorithm [76]. As aforementioned, it converts categorical 
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variables into numbers using various methods, implying the non-need for the preprocessing of 

categorical data and the possibility of directly processing it using this algorithm [75]. CatBoost 

also uses multiple strategies to avoid overfitting, which is a common problem in gradient 

boosting [77]. This algorithm is hence primarily used as a tool for solving classification and 

regression problems, performing particularly well on categorical data-related problems [78]. A 

visual representation of the CatBoost algorithm is presented in Figure 2(d). 

 

Figure 2. Concept of the single model algorithms used in this study. 

3.2.2. Multi-Model Method (Stacking Ensemble) 

In this study, we utilized the multi-model stacking ensemble method in addition to the single 

model method. Stacking ensembles are constructed by combining various different single models to 

achieve better performance, enabling the use of the strengths of each algorithm and the compensation 

for their corresponding weaknesses. That is, it aims to create a better performing model by combining 

different models [79]. In this study, single models (random forest, XGBoost, LightGBM, and 

CatBoost) were used to form a stacking ensemble, and GBM was used as the metamodel for the final 

prediction [67,80,81]. Figure 3 shows a diagram of the stacking ensemble and multi-model method 

utilized in this study. 

 

Figure 3. Conceptualization of the multi-model method (stacking ensemble) used in this study. 

3.3. Model Performance Evaluation 

To evaluate model performance, we utilized the mean squared error (MSE) and root mean 

squared error (RMSE) metrics to measure error size (i.e., the difference between the predicted and 

actual values). Because MSE squares the difference between the predicted and actual values, it is 

sensitive to outliers, meaning that if the predicted value differs from the actual value by a large 

amount, the difference that is yielded will be relatively large. We hence decided to also implement 

RMSE to compare the tendency of the effect on outliers. The formula used is shown in Figure 4(a). 
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(a) ��� =  
1

�
�(�� −  ���)

�

�

���

 (�� = ��������� �����, ��� =  ������ �����) 

(b) ���� = � 
1

�
�(�� −  ���)

�

�

���

  (�� = ��������� �����, ��� =  ������ �����) 

Figure 4. Formula of mean squared error (a) and root mean squared error (b). 

RMSE is an indicator of scale-dependent errors, and is organized as shown in Figure 4(b). It 

tends to increase when the magnitude of the value to be predicted is large, and decrease when the 

magnitude of the value to be predicted is small. This metric is used to evaluate the prediction 

performance of a model by calculating the square root of the squared error [82], and in so doing, it 

has the same units as the error value [83]—unlike MSE. Thus, the metric can give researchers an 

intuitive idea of the average size of the error between the predicted and true values [82]. Both MSE 

and RMSE are widely used in regression models in machine learning to evaluate model predictive 

performance [83]. Specifically, the smaller the MSE and RMSE, the better the model’s prediction 

performance. We conducted a comparative analysis of MSE and RMSE between the single model and 

multi-model methods. The workflow for model performance evaluation is illustrated in Figure 5. 

 

Figure 5. Workflow for predicting open data utilization using machine learning models. 

4. Results 

4.1. File Data 

In the File Data, similar trends were observed for MSE and RMSE (Tables 1, 2, and 3). The range 

of MSE was 0.256–0.793 for the single model and 0.314–0.763 for the multi-model method; for RMSE, 

the ranges were 0.506–0.891 and 0.560–0.873, respectively. Regarding the single model method, the 

following ranges were identified for the algorithms: for random forest, MSE from 0.530–0.793 and 
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RMSE from 0.592–0.891; for XGBoost, 0.313–0.754 and 0.560–0.868, respectively; for LightGBM, 0.313–

0.736 and 0.559–0.858, respectively; for CatBoost, 0.256–0.678 and 0.506–0.824, respectively. 

Table 1. Superior models, training data, and performance metrics by field using File Data. 

Item Model Training Data MSE RMSE 

Public Administration Catboost Integrated 0.665 0.443 

Science & Technology Catboost Field 0.718 0.516 

Education Catboost Integrated 0.625 0.390 

Transportation & Logistics Catboost Integrated 0.643 0.414 

Land Management Catboost Integrated 0.598 0.358 

Agriculture & Fisheries Catboost Integrated 0.652 0.425 

Culture & Tourism 
Stacking 

Ensemble 
Integrated 0.701 0.491 

Law Catboost Integrated 0.506 0.256 

Healthcare 
Stacking 

Ensemble 
Integrated 0.627 0.393 

Social Welfare Catboost Integrated 0.638 0.407 

Industry & Employment Catboost Integrated 0.637 0.405 

Food & Health Catboost Integrated 0.584 0.341 

Disaster Safety 
Stacking 

Ensemble 
Integrated 0.622 0.387 

Finance Catboost Field 0.557 0.311 

Unification & Diplomacy Catboost Integrated 0.623 0.388 

Environment & Meteorology Catboost Integrated 0.671 0.450 

Table 2. Comparison of model performance based on mean squared error by field using File Data. 

Item Method 
 Single Model Multi-Model 

(Stacking 

Ensemble) 
Algorithm Random Forest XGBoost LightGBM CatBoost 

Training Data 
Integrate

d 
Field 

Integrate

d 
Field 

Integrate

d 
Field 

Integrate

d 
Field 

Integrate

d 
Field 

Field 

Public 

Administrati

on 

0.556 0.541 0.533 0.527 0.534 0.504 0.443 0.501 0.505 0.494 

Science & 

Technology 
0.793 0.592 0.754 0.555 0.736 0.616 0.678 0.516 0.763 0.607 

Education 0.478 0.528 0.472 0.559 0.470 0.503 0.390 0.484 0.450 0.509 

Transportati

on & 

Logistics 

0.538 0.631 0.552 0.621 0.553 0.657 0.414 0.593 0.511 0.618 

Land 

Management 
0.534 0.501 0.557 0.495 0.549 0.490 0.358 0.488 0.516 0.523 
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Agriculture 

& Fisheries 
0.482 0.491 0.478 0.468 0.478 0.445 0.425 0.443 0.435 0.470 

Culture & 

Tourism 
0.535 0.581 0.519 0.539 0.546 0.552 0.501 0.557 0.491 0.544 

Law 0.385 0.374 0.335 0.344 0.313 0.408 0.256 0.326 0.347 0.373 

Healthcare 0.435 0.523 0.429 0.496 0.416 0.508 0.466 0.504 0.393 0.509 

Social 

Welfare 
0.486 0.483 0.433 0.487 0.450 0.479 0.407 0.480 0.433 0.461 

Industry & 

Employment 
0.497 0.515 0.476 0.519 0.463 0.471 0.405 0.478 0.453 0.476 

Food & 

Health 
0.544 0.518 0.515 0.429 0.518 0.450 0.341 0.435 0.500 0.475 

Disaster 

Safety 
0.451 0.663 0.416 0.698 0.424 0.678 0.525 0.631 0.387 0.635 

Finance 0.360 0.350 0.348 0.313 0.356 0.329 0.396 0.311 0.330 0.314 

Unification & 

Diplomacy 
0.475 0.465 0.513 0.528 0.525 0.556 0.388 0.498 0.475 0.532 

Environment 

& 

Meteorology 

0.528 0.601 0.519 0.622 0.517 0.591 0.450 0.575 0.482 0.577 

Table 3. Comparison of model performance based on root mean squared error by field using File Data 

Item Method 

 Single Model Multi-Model 

(Stacking 

Ensemble) Algorithm 
Random 

Forest 
XGBoost LightGBM CatBoost 

Training Data 
Integra

ted 

Fie

ld 

Integra

ted 

Fie

ld 

Integra

ted 

Fie

ld 

Integra

ted 

Fie

ld 

Integra

ted 

Fie

ld 

Fie

ld 

Public 

Administr

ation 

0.745 
0.7

35 
0.730 

0.7

26 
0.731 

0.7

10 
0.665 

0.7

08 
0.710 

0.7

03 

Science & 

Technolog

y 

0.891 
0.7

69 
0.868 

0.7

45 
0.858 

0.7

85 
0.824 

0.7

18 
0.873 

0.7

79 

Education 0.692 
0.7

27 
0.687 

0.7

48 
0.686 

0.7

10 
0.625 

0.6

96 
0.671 

0.7

14 
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Regarding the performance of the single model and the multi-model methods, the single model 

method excelled in 13 fields, whereas the multi-model method showed superior performance in three 

fields. For the single model method, CatBoost exhibited superior performance across all 13 fields. 

When the single model method included CatBoost trained on the integrated data, the model was the 

best performing in 11 fields (i.e., Public Administration, Education, Transportation & Logistics, Land 

Management, Agriculture & Fisheries, Law, Social Welfare, Industry & Employment, Food & Health, 

Unification & Diplomacy, Environment & Meteorology); when trained on field-specific data, it 

showed the best performance in the Science & Technology and Finance fields. For the multi-model 

method, it showed superior performance in three fields (Culture & Tourism, Healthcare, Disaster & 

Safety) when trained on integrated data.  

Comparing the performance of each field based on MSE and RMSE, the field with the best 

performance was Law (MSE, 2.533; RMSE, 1.592), while the field with the poorest performance was 

Transportation & Logistics (MSE, 14.204; RMSE, 3.769). In the Law Field, the best performance was 

observed with the multi-model method trained on integrated data. In the Transportation & Logistics 

field, the best performance was observed with the single model method with LightGBM trained on 

integrated data. 

When comparing the performance of models within the same field, the Law field showed the 

largest performance difference (among the 16 fields) across models. Specifically, based on RMSE, the 

Transporta

tion & 

Logistics 

0.733 
0.7

94 
0.743 

0.7

88 
0.743 

0.8

11 
0.643 

0.7

70 
0.715 

0.7

86 

Land 

Manageme

nt 

0.731 
0.7

08 
0.746 

0.7

04 
0.741 

0.7

00 
0.598 

0.6

98 
0.718 

0.7

23 

Agricultur

e & 

Fisheries 

0.694 
0.7

00 
0.691 

0.6

84 
0.691 

0.6

67 
0.652 

0.6

66 
0.660 

0.6

86 

Culture & 

Tourism 
0.732 

0.7

62 
0.721 

0.7

34 
0.739 

0.7

43 
0.708 

0.7

46 
0.701 

0.7

38 

Law 0.620 
0.6

11 
0.579 

0.5

87 
0.559 

0.6

39 
0.506 

0.5

71 
0.589 

0.6

11 

Healthcare 0.660 
0.7

23 
0.655 

0.7

05 
0.645 

0.7

13 
0.683 

0.7

10 
0.627 

0.7

13 

Social 

Welfare 
0.697 

0.6

95 
0.658 

0.6

98 
0.671 

0.6

92 
0.638 

0.6

93 
0.658 

0.6

79 

Industry & 

Employme

nt 

0.705 
0.7

17 
0.690 

0.7

20 
0.680 

0.6

86 
0.637 

0.6

92 
0.673 

0.6

90 

Food & 

Health 
0.738 

0.7

20 
0.718 

0.6

55 
0.720 

0.6

71 
0.584 

0.6

60 
0.707 

0.6

89 

Disaster 

Safety 
0.672 

0.8

14 
0.645 

0.8

35 
0.651 

0.8

23 
0.725 

0.7

94 
0.622 

0.7

97 

Finance 0.600 
0.5

92 
0.590 

0.5

60 
0.597 

0.5

73 
0.629 

0.5

57 
0.575 

0.5

60 

Unification 

& 

Diplomacy 

0.689 
0.6

82 
0.717 

0.7

27 
0.724 

0.7

46 
0.623 

0.7

05 
0.689 

0.7

30 

Environme

nt & 

Meteorolo

gy 

0.727 
0.7

76 
0.721 

0.7

88 
0.719 

0.7

69 
0.671 

0.7

58 
0.694 

0.7

60 
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performance of the best model was approximately 4.378 times superior to that of the poorest model; 

based on MSE, the performance of the best model was approximately 19.166 times superior. 

Meanwhile, the Public Administration field showed the smallest performance difference across 

models. When considering RMSE, the performance of the best model was approximately 1.089 times 

superior to that of the poorest model; according to MSE, it was approximately 1.185 times superior. 

A summary of the superior algorithms, training data, and performance metrics (MSE and RMSE) for 

each field is presented in Table 1. 

4.2. OpenAPI Data 

For OpenAPI Data, similar trends were observed for the MSE and RMSE metrics (Tables 4, 5, 

and 6), as occurred for the File Data. The MSE ranges were 2.906–48.547 for the single model and 

2.533–35.837 for the multi-model method, whereas the RMSE ranges were 1.705–6.968 and 1.592–

5.986, respectively. Regarding the single model method, the following ranges were identified for the 

algorithms: for random forest, MSE from 2.906–29.163 and RMSE from 1.705–5.400; for XGBoost, 

4.239–48.547 and 2.059–6.968, respectively; for LightGBM, 4.259–26.606 and 2.064–5.158, respectively; 

for CatBoost, 4.332–28.268 and 2.081–5.317, respectively. The difference between the results from 

OpenAPI Data and File Data was that there was a wider range of superior model algorithms in the 

OpenAPI Data. Regarding the performance of the single model and multi-model methods, the single 

model method excelled in 13 fields, while the multi-model method showed superior performance in 

three fields. For the single model method, the best performance was achieved in six fields (Public 

Administration, Science & Technology, Culture & Tourism, Disaster Safety, Finance, Unification & 

Diplomacy) with the random forest algorithm trained on field-specific data. 

Table 4. Superior models, training data, and performance metrics by field using OpenAPI Data. 

Item Model Training Data MSE RMSE 

Public Administration Random Forest Field 3.130 9.797 

Science & Technology Random Forest Field 3.082 9.499 

Education XGBoost Integrated 2.206 4.867 

Transportation & Logistics LightGBM Integrated 3.769 14.204 

Land Management LightGBM Field 2.986 8.915 

Agriculture & Fisheries 
Stacking 

Ensemble 
Integrated 2.645 6.995 

Culture & Tourism Random Forest Integrated 2.326 5.412 

Law 
Stacking 

Ensemble 
Integrated 1.592 2.533 

Healthcare 
Stacking 

Ensemble 
Integrated 2.048 4.193 

Social Welfare Catboost Field 2.290 5.244 

Industry & Employment XGBoost Integrated 2.725 7.427 

Food & Health LightGBM Field 2.622 6.875 

Disaster Safety Random Forest Field 2.140 4.580 

Finance Random Forest Field 3.453 11.921 

Unification & Diplomacy Random Forest Field 2.463 6.069 

Environment & Meteorology Catboost Integrated 2.093 4.380 

Table 5. Comparison of model performance based on mean squared error by field using OpenAPI 

Data. 
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Item Method 

 Single Model Multi-

Model 

(Stacking 

Ensemble) 
Algorithm 

Random 

Forest 
XGBoost LightGBM CatBoost 

Training Data 
Integr

ated 

Fiel

d 

Integr

ated 

Fiel

d 

Integr

ated 

Fiel

d 

Integr

ated 

Fiel

d 

Integra

ted 

Fiel

d 

Fie

ld 

Public 

Administr

ation 

11.357 
9.79

7 
10.784 

11.2

23 
11.103 

11.6

08 
11.385 

10.8

32 
10.204 

10.8

69 

Science & 

Technolog

y 

25.342 
9.49

9 
30.019 

15.4

14 
26.606 

22.8

01 
27.600 

11.1

34 
27.830 

22.1

03 

Education 6.712 
5.31

6 
4.867 

7.50

9 
4.930 

8.09

6 
5.530 

6.38

6 
5.002 

7.27

1 

Transport

ation & 

Logistics 

17.987 
18.6

08 
16.565 

18.7

05 
14.204 

22.4

23 
17.206 

16.9

82 
15.825 

19.3

22 

Land 

Managem

ent 

11.695 
10.5

16 
13.604 

10.0

62 
11.494 

8.91

5 
11.877 

10.0

45 
13.185 

10.8

50 

Agricultur

e & 

Fisheries 

7.624 
9.43

1 
7.856 

8.82

5 
7.232 

10.4

03 
8.266 

9.27

4 
6.995 

9.94

5 

Culture & 

Tourism 
5.412 

7.83

0 
5.713 

6.90

0 
5.760 

8.53

5 
5.859 

7.24

9 
5.470 

8.09

5 

Law 2.906 
29.1

63 
9.217 

48.5

47 
9.736 

14.0

11 
4.332 

28.2

68 
2.533 

35.8

37 

Healthcare 5.347 
6.34

8 
4.239 

7.68

8 
4.259 

6.66

8 
4.972 

6.67

2 
4.193 

4.84

3 

Social 

Welfare 
6.825 

5.33

5 
6.534 

6.43

7 
7.095 

7.56

5 
6.845 

5.24

4 
6.295 

6.59

0 

Industry 

& 

Employm

ent 

8.810 
11.3

82 
7.427 

14.1

37 
8.058 

12.2

63 
8.677 

10.5

55 
8.037 

11.8

53 

Food & 

Health 
8.227 

7.00

5 
7.594 

7.80

5 
8.309 

6.87

5 
9.990 

7.34

7 
7.677 

12.0

30 

Disaster 

Safety 
7.477 

4.58

0 
9.845 

6.43

4 
8.911 

6.15

0 
9.368 

5.57

2 
8.386 

5.41

8 

Finance 18.654 
11.9

21 
20.085 

16.4

63 
17.981 

14.1

47 
17.611 

14.2

47 
19.444 

14.8

62 

Unificatio

n & 

Diplomac

y 

12.790 
6.06

9 
8.613 

9.56

2 
8.792 

7.07

5 
7.125 

7.53

5 
6.480 

7.56

5 

Environm

ent & 

Meteorolo

gy 

6.628 
11.1

39 
5.459 

11.3

87 
4.447 

10.4

58 
4.380 

9.50

6 
5.252 

10.1

20 
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Table 6. Comparison of model performance based on root mean squared error by field using 

OpenAPI Data. 

Item Method 

 Single Model Multi-Model 

(Stacking 

Ensemble) Algorithm 
Random 

Forest 
XGBoost LightGBM CatBoost 

Training Data 
Integra

ted 

Fie

ld 

Integra

ted 

Fie

ld 

Integra

ted 

Fie

ld 

Integra

ted 

Fie

ld 

Integra

ted 

Fie

ld 

Fie

ld 

Public 

Administr

ation 

3.370 
3.1

30 
3.284 

3.3

50 
3.332 

3.4

07 
3.374 

3.2

91 
3.194 

3.2

97 

Science & 

Technolog

y 

5.034 
3.0

82 
5.479 

3.9

26 
5.158 

4.7

75 
5.254 

3.3

37 
5.275 

4.7

01 

Education 2.591 
2.3

06 
2.206 

2.7

40 
2.220 

2.8

45 
2.352 

2.5

27 
2.237 

2.6

97 

Transporta

tion & 

Logistics 

4.241 
4.3

14 
4.070 

4.3

25 
3.769 

4.7

35 
4.148 

4.1

21 
3.978 

4.3

96 

Land 

Manageme

nt 

3.420 
3.2

43 
3.688 

3.1

72 
3.390 

2.9

86 
3.446 

3.1

69 
3.631 

3.2

94 

Agricultur

e & 

Fisheries 

2.761 
3.0

71 
2.803 

2.9

71 
2.689 

3.2

25 
2.875 

3.0

45 
2.645 

3.1

54 

Culture & 

Tourism 
2.326 

2.7

98 
2.390 

2.6

27 
2.400 

2.9

22 
2.421 

2.6

92 
2.339 

2.8

45 

Law 1.705 
5.4

00 
3.036 

6.9

68 
3.120 

3.7

43 
2.081 

5.3

17 
1.592 

5.9

86 

Healthcare 2.312 
2.5

19 
2.059 

2.7

73 
2.064 

2.5

82 
2.230 

2.5

83 
2.048 

2.2

01 

Social 

Welfare 
2.613 

2.3

10 
2.556 

2.5

37 
2.664 

2.7

50 
2.616 

2.2

90 
2.509 

2.5

67 

Industry & 

Employme

nt 

2.968 
3.3

74 
2.725 

3.7

60 
2.839 

3.5

02 
2.946 

3.2

49 
2.835 

3.4

43 

Food & 

Health 
2.868 

2.6

47 
2.756 

2.7

94 
2.882 

2.6

22 
3.161 

2.7

11 
2.771 

3.4

68 

Disaster 

Safety 
2.734 

2.1

40 
3.138 

2.5

37 
2.985 

2.4

80 
3.061 

2.3

61 
2.896 

2.3

28 

Finance 4.319 
3.4

53 
4.482 

4.0

57 
4.240 

3.7

61 
4.197 

3.7

74 
4.410 

3.8

55 

Unification 

& 

Diplomacy 

3.576 
2.4

63 
2.935 

3.0

92 
2.965 

2.6

60 
2.669 

2.7

45 
2.546 

2.7

51 

Environme

nt & 

Meteorolo

gy 

2.574 
3.3

37 
2.337 

3.3

74 
2.109 

3.2

34 
2.093 

3.0

83 
2.292 

3.1

81 
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For the Education and Industry & Employment fields, the best performance was achieved with 

the XGBoost model trained on integrated data. For the Transportation & Logistics field, the best 

performance was achieved with the LightGBM model trained on integrated data. For the Land 

Management and Food & Health fields, the best performance was achieved with the LightGBM 

model trained on field-specific data. In the Social Welfare field, the best performance was achieved 

with the CatBoost model trained on field-specific data. In the Environment & Meteorology field, the 

best performance was achieved with the CatBoost model trained on integrated data. In three fields 

(Agriculture & Fisheries, Law, Healthcare), the best performance was achieved using the multi-model 

method trained on integrated data. 

Comparing the performance of each field based on MSE and RMSE, the field with the best 

performance was Law (MSE, 0.256; RMSE, 0.506), and that with the poorest performance was Science 

& Technology (MSE, 0.516; RMSE, 0.718). In the Law field, the best performance was achieved with 

the CatBoost algorithm trained on integrated data; in the Science & Technology field, the best 

performance was achieved when employing the CatBoost algorithm trained on field-specific data. 

When comparing the performance of models within the same field, the Disaster & Safety field 

showed the largest performance difference (among the 16 fields) across models. Specifically, when 

considering RMSE, the performance of the best model was approximately 1.343 times superior to that 

of the poorest model; based on MSE, it was approximately 1.802 times superior. Meanwhile, the 

Agriculture & Fisheries field showed the smallest performance difference (among the 16 fields) across 

models. When considering RMSE, the performance of the best model was approximately 1.074 times 

superior to that of the poorest model; according to MSE, it was approximately 1.155 times superior. 

A summary of the superior algorithms, training data, and performance metrics (MSE and RMSE) for 

each field is presented in Table 4. 

5. Discussion 

Using open data metadata accumulated from 2012 to 2022 in South Korea, this study applied 

machine learning techniques to construct predictive models and propose an alternative approach for 

evaluating open data utilization in advance. Both single model (random forest, XGBoost, LightGBM, 

CatBoost) and multi-model (Stacking Ensemble) methods were applied. Considering the attributes 

of the open data used (fields and utilization methods), the training data were selectively utilized as 

integrated and field-specific data. The results showed that model and method (i.e., single model and 

multi-model methods) superiority varied by data attributes. This finding aligns with the research 

trends and outcomes mentioned by Si et al. [84], emphasizing the importance of considering data 

attributes in data analysis, as different attributes can influence model performance. 

Regarding the implications of distinguishing between two open data utilization methods (i.e., 

File Data and OpenAPI Data), we observed that the distribution of the target variables was broader 

in the OpenAPI Data, and that the algorithms exhibiting superior performance were more diverse. 

This corresponds to evidence in prior research [85–88], which showcases that different models 

perform better depending on the characteristics of the independent and dependent variables in the 

data. When using File Data and employing the single model method, the best performance was 

achieved using CatBoost in 13 (of 16) fields. This result can be interpreted in light of previous studies 

[75,89], and suggests the specialized performance of CatBoost in handling categorical data. 

Additionally, according to the MSE and RMSE metrics, the File Data generally demonstrated superior 

performance compared with OpenAPI Data. We also observed only a relatively small deviation of 

the RMSE metrics within each field when using File Data; nevertheless, when using OpenAPI Data, 

there were significant differences in the performance metrics across fields. For example, when 

applying the random forest model trained on integrated data in the Public Administration field using 

File Data, the difference between the RMSE maximum value of 0.745 and the minimum value of 0.600 

was 0.145; this was smaller than the difference of 3.329 for the same conditions when using OpenAPI 

Data. 

Regarding the implications of distinguishing open data by field, the performance of the models 

trained with integrated data and field-specific data differed because of variations in the quantity of 
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accumulated data and field-specific metadata among the 16 fields. For File Data, better performance 

was generally achieved when the model was trained with integrated data—with the exceptions of 

the Science & Technology and Finance fields. For OpenAPI Data, a superior performance was 

observed when the model was trained with integrated data in eight fields (Education, Transportation 

& Logistics, Agriculture & Fisheries, Culture & Tourism, Law, Healthcare, Industry & Employment, 

Environment & Meteorology); in the other eight fields (Public Administration, Science & Technology, 

Land Management, Social Welfare, Food & Health, Disaster & Safety, Finance, Unification & 

Diplomacy), models trained on field-specific data showed superior performance. These research 

findings suggest that OpenAPI Data, which are often utilized in real-time and continuous services, 

can more effectively reflect the characteristics of field-specific data compared with File Data—and 

this is corroborated by past research [90]. If this understanding is applied to open data openness and 

utilization in practical, real-world scenarios, and the approach we propose for pre-evaluating and 

diagnosing open data utilization is implemented, it may help address the ongoing garbage data 

issues [91,92] related to open data. These findings are expected to serve as a catalyst for accelerating 

the process of unveiling the details of open data utilization. 

6. Conclusion 

This study applied machine learning methods to propose an alternative approach for the 

proactive quantification and evaluation of open data utilization. Regarding academic significance, 

this research empirically confirmed that building multiple machine learning models and comparing 

their performance is useful to measure the intangible value of open government data utilization. In 

so doing, the study overcomes the limitations of previous related studies and expands the horizon of 

open data utilization measurement, delivering a novel alternative methodology for such procedures. 

Additionally, this study delivers evidence showing that it is appropriate to consider the attributes of 

open data (fields and utilization methods) when deciding on which algorithm to apply and training 

data to use for machine learning approaches.  

Regarding practical significance, the proposed approach can be applied in efforts to increase 

real-world open data utilization. Specifically, its use may enable stakeholders to accurately pinpoint, 

in advance, the data that they need to disclose to secure high-usability for the open data that is made 

available. From the perspective of consumers, the tool supporting the provision of highly-usable open 

data may then help with the creation of various business opportunities. 

Regarding policy implications, the alternative approach proposed in this study may allow for a 

policy focus shift. In particular, while current open data policies focus on “quantity expansion,” the 

assessment of open data utilization before data provision may make possible a greater focus on 

“quality enhancement” in related policies. We also suggest for those involved to consider these 

findings in light of a comprehensive consideration of the indirect factors (law, governance, policy, 

and technology) emphasized in prior research to influence open data utilization. 

Regarding limitations, the machine learning algorithms utilized in this study are tree-based 

algorithms, and thus other algorithm types were not examined. In addition, for the target indicators 

of open data utilization, we have established and utilized normalized indicators based on the number 

of downloads for File Data and the number of applications and calls for OpenAPI Data; there are 

limitations in the use of these indicators for qualitative analyses focused on tracking and 

understanding how open data is being used in businesses from an outcome perspective. This 

limitation may be addressed in the future if digital rights management is applied to open data, as it 

may enable open data utilization tracking [93]. Furthermore, since we used the official classification 

system for the public sector in South Korea to classify the 16 fields related to open data utilization, 

the scalability of the proposed method is limited. Further research should to consider open data 

attributes beyond those analyzed in this study. 

Future research directions include expanding the scope of investigations unstructured data (i.e., 

heavily utilized in high-level artificial intelligence businesses), so that we can predict the utilization 

of unstructured data. Convergence analyses with data actually containing different open data 

attributes could also help us overcome the limitations inherent in the metadata used in this study. 
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Finally, researchers are recommended to probe into the relationship between post- and indirect 

evaluation factors associated with open data utilization.  
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