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Abstract−The global higher education landscape is becoming increasingly competitive in attracting outstanding students, qualified 

faculty, and international research collaborations. University ranking systems serve as strategic instruments for assessing 

institutional performance and as a basis for public policy. However, traditional ranking approaches employing linear aggregate 

scores often oversimplify the complex relationships among indicators such as research, internationalization, and graduate outcomes. 

This study develops a data-driven predictive model to map the non-linear relationships among university performance indicators. 

The research employs a quantitative predictive analytics approach using a dataset of 52 Japanese universities from the 2024–2026 

period, encompassing the variables Research_Impact_Score, Employment_Rate, Intl_Student_Ratio, Institution_Age, 

Institution_Type, and Region, with National_Rank as the target variable. The research stages include data preprocessing (handling 

missing values, encoding, scaling), feature engineering (including Institutional Age), regression model development (Linear, 

Ridge, Lasso, SVR) as well as ensemble models (Random Forest and Gradient Boosting), evaluation using RMSE, MAE, and R², 

and explainable analysis based on feature importance. The results indicate that the Gradient Boosting model delivers the best 

performance with an RMSE of 1.175117, MAE of 1.087856, and R² of 0.994988, followed by Random Forest with an RMSE of 

1.436536 and R² of 0.992510. Traditional linear regression models demonstrate significantly lower performance (R² 0.657519), 

confirming the superiority of non-linear approaches in modeling complex relationships among indicators. Stability testing using 

K-Fold Cross Validation yields an average RMSE of 1.1045 with a difference of 0.4493 between folds, indicating model 

consistency. Feature contribution analysis reveals that Research_Impact_Score is the dominant factor with a contribution of 

97.94%, followed by Employment_Rate at 1.81%, while internationalization indicators and geographical factors contribute 

minimally. These findings confirm that research performance constitutes the primary determinant of university rankings, whereas 

employability and internationalization serve as supporting factors. This study demonstrates that ensemble-based machine learning 

models are effective in predicting national rankings accurately and interpretably. This approach offers a multidimensional 

evaluation framework that is more representative than linear aggregate scores, and provides policy implications for enhancing 

research quality, curriculum relevance, and internationalization strategies of higher education institutions. 
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1. INTRODUCTION 

Higher education institutions worldwide are increasingly driven by global competition to attract high-quality students, 

distinguished faculty, and international research collaborations. University rankings have become a crucial instrument 

for assessing institutional performance in a global context and serve as a foundation for public policy in the 

development of higher education.[1]. However, many traditional ranking systems produce linear aggregate scores that 

tend to oversimplify the complexity of institutional performance. These aggregate scores often fail to reflect the 

dynamic interactions between indicators such as research, internationalization, and graduate outcomes. Modern 

research demands a data-driven approach to map the non-linear relationships among institutional performance 

indicators[2]. 

Data mining and machine learning are now used in educational contexts to uncover hidden patterns within 

higher education datasets. This approach enables a holistic evaluation of institutional performance, rather than merely 

aggregating a single index. A data-driven framework allows for the development of predictive models that are more 

adaptive to the dynamics of university rankings[3]. Consequently, ranking studies that integrate modern statistical 

methods are increasingly needed to analyze university performance more accurately[2]. The topic of university 

performance evaluation using a non-linear approach has become highly relevant in the era of higher education 

globalization[1].  

Although university rankings play an important role, many developing countries have not yet utilized predictive 

data mining models to systematically map national university rankings[1]. Traditional rankings often overlook the 

complex and contextual non-linear relationships among performance indicators. In the context of higher education in 

Indonesia, research quality and scientific output still lag behind those of advanced education systems, resulting in 

datasets that lack the standardization necessary for robust modeling[4]. Issues such as limited research collaboration, 

research funding, and scientific output pose significant challenges for data-based modeling[5]. 

Models that only use aggregate scores without considering the contribution of individual indicators are 

inadequate for representing the structure of institutional performance. Consequently, national rankings tend not to be 

explainable by variables that are interactive and non-linear in nature. Furthermore, the lack of research integrating 

quantitative indicators, such as research impact and internationalization, weakens the inferential power of ranking 
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models[2]. This problem is particularly evident in developing countries in Southeast Asia, where consistent, multi-

indicator quantitative datasets are not yet available. Therefore, data-driven approaches for predicting university 

rankings remain very limited in the higher education literature of developing countries[6]. This creates a strong 

methodological need to build predictive models capable of capturing non-linear relationships among performance 

indicators.  

Although global studies on university rankings are abundant, few conduct quantitative predictions of national 

rankings using data mining methods. The majority of research tends to focus on descriptive analysis or comparisons 

among global ranking systems rather than comprehensive predictive modeling. Furthermore, the integration of 

academic, internationalization, and employability indicators within a single predictive model is still rarely found. 

Explainable models or interpretations of the contribution of each indicator to ranking outcomes in a national context 

are not yet well developed. Existing literature often neglects structural assessment and the contribution of explicit 

features to institutional rankings. For example, global ranking systems such as QS and THE consider many complex 

indicators but are rarely adapted for national contexts[1]. In the context of developing countries like Indonesia, 

predictive models for national rankings have not been extensively discussed in indexed international journals. This 

reveals a theoretical and methodological gap in the use of data mining approaches for national rankings. Therefore, 

research employing predictive methods with multidimensional indicators is essential to bridge this gap. This study 

seeks to address this gap by adopting an explicitly predictive modeling approach with a strong theoretical foundation.  

Several previous studies have demonstrated the application of machine learning in predicting university 

rankings and higher education outcomes. Leslie J. Wardley et al. (2024) used Gradient Boosting and Random Forest 

to predict university rankings in Canada with high accuracy, demonstrating the effectiveness of ensemble models in 

mapping ranking positions based on historical institutional indicator data[7]. Wai Yie Leong (2025) reported that 

Random Forest and Gradient Boosting outperformed traditional models in predicting global ranking trends by 

incorporating new factors such as international collaboration[8]. Additionally, Eloy López-Meneses et al. (2025) 

conducted a bibliometric analysis of educational data mining and identified an increasing trend in the use of predictive 

modeling for optimizing higher education decisions, affirming the relevance of predictive methodologies in the 

context of institutional performance evaluation[9]. Arbnor Rushiti et al. (2024) also developed a machine learning-

based ranking system using bibliometric features to estimate university positions based on research output, reinforcing 

evidence that academic output characteristics serve as important predictors in ranking models[10]. 

Japan was selected as the research context because the higher education system in that country possesses a 

standardized and stable evaluation structure, which is reflected in both national and global rankings[11]. University 

rankings in Japan incorporate indicators that reflect research capacity, internationalization, and graduate outcomes, 

making them suitable for data-driven predictive models[12]. The dataset from Japan encompasses a wide variation 

among national, public, and private universities with heterogeneous performance. This enables a representative and 

comprehensive cross-category analysis of institutions. Moreover, Japan is a developed country with high research 

output and strong international collaboration[13][14], rendering its dataset more globally meaningful. In contrast, in 

Indonesia, challenges such as limited funding and research collaboration remain significant, which impacts the 

availability of well-structured quantitative data. The inequality in quality among institutions in Indonesia makes it 

difficult to develop stable and comparative predictive models[4]. Japan also possesses a more extensive body of 

educational literature related to the quantitative evaluation of university performance[15]. The selection of the 

Japanese dataset enables more accurate predictions and robust interpretative analysis of the contribution of each 

indicator[2]. Therefore, this study employs Japan as a representative case study for a national ranking predictive 

model. 

This study aims to develop a predictive model for national university rankings using multidimensional 

performance indicators. This model is expected to accurately capture non-linear relationships among indicators. A 

subsequent objective is to identify the dominant features that significantly influence rankings. This study also 

comparatively evaluates the performance of predictive models across different machine learning algorithms.  

2. RESEARCH METHODOLOGY 

This study employs a quantitative, data-driven methodology, as the primary focus is the numerical prediction of 

university rankings based on performance indicators[16]. This approach is referred to as predictive analytics, which 

involves the use of statistical techniques and machine learning to project future target values[17]. The type of data 

analyzed is structured, with each attribute being either numerical or ordinally categorical, allowing for quantitative 

processing. The research framework follows a data-driven workflow encompassing preprocessing, feature 

engineering, model building, and evaluation. The main focus of the research is predictive modeling to forecast the 

national rankings of universities in Japan based on the available input attributes. The models employed are machine 

learning regression algorithms capable of projecting continuous values of the target variable. This approach is 

consistent with the predictive analytics literature, which emphasizes the importance of model validation and 

interpretation. This research adopts a standardized, reproducible machine learning pipeline framework. Consequently, 

the research design integrates classical statistical methods with modern machine learning techniques for meaningful 

prediction and interpretation. 
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2.1 Research Stages 

The stages of the research are visually presented in Figure 1, which serves as a conceptual framework connecting the 

methodological aspects with the research objective, namely, to build a predictive model for university rankings based 

on multidimensional, explainable, and data-driven indicators. 

 

Figure 1. Research stages 

Based on Figure 1, the research stages are systematically arranged according to the flowchart presented, which 

specifically represents the actual process conducted in this study, starting from the collection of the Japanese university 

dataset, data preprocessing, machine learning model development, model performance evaluation, to feature 

contribution analysis.  

2.2 Dataset and Variables 

The dataset employed comprises performance indicators from 52 Japanese universities, encompassing academic, 

internationalization, and graduate outcome aspects[18]. The data source is the 2024–2026 Japanese university national 

ranking dataset, which includes numerical and categorical attributes related to institutional performance[19]. The 

target variable in this study is National_Rank, a continuous ordinal variable indicating the institution's ranking 

position. Meanwhile, the predictor variables consist of Research_Impact_Score, Intl_Student_Ratio, 

Employment_Rate, Institution_Type, Founded_Year, and Region. Each variable is operationally defined; for instance, 

Research_Impact_Score represents the score for scientific contribution and research impact[20]. The 

Intl_Student_Ratio variable reflects the proportion of international students relative to the total student population. 

Employment_Rate is the percentage of graduates absorbed into the workforce within a specified period after 

graduation[19]. Institution_Type and Region are categorical variables indicating the type of institution and the 

geographical location of each university, respectively[21]. These variable definitions are utilized to construct a 

representative and meaningful feature space for machine learning modeling[18].  

2.3 Data Preprocessing 

The preprocessing stage commences with handling missing values, namely the identification and imputation of 

missing data using statistical methods such as mean or median. Categorical variables are addressed through encoding 

techniques, such as One-Hot Encoding, to convert categories into numerical representation. Normalization and 

standardization are applied to scale numerical variables, ensuring a uniform distribution prior to regression modeling. 

Outlier handling, involving the detection and management of extreme values that could affect model stability, is also 

conducted at this stage. These preprocessing principles are consistent with data preprocessing literature, which 

emphasizes the necessity of cleaning, transformation, encoding, and scaling. For missing data, strategies like median 

imputation are more robust against extreme deviations compared to mean imputation. Categorical attributes with more 

than two levels are encoded, preserving ordinal relationships where necessary. These steps are undertaken to ensure 

the dataset is clean, properly formatted, and suitable for the modeling phase. Such transformations enhance model 

performance and reduce bias induced by data noise [21].  

2.4 Feature Engineering 

One form of feature engineering in this study is the calculation of Institutional Age, utilized to measure institutional 

maturity[21], as follows: 

𝐼𝑛𝑠𝑡𝑖𝑡𝑢𝑡𝑖𝑜𝑛𝑎𝑙 𝐴𝑔𝑒 = 2026 − 𝐹𝑜𝑢𝑛𝑑𝑒𝑑_𝑌𝑒𝑎𝑟 (1) 
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Feature engineering also encompasses the creation of composite features that combine several performance indicators 

into new, domain-relevant features. This stage enhances the model's predictive power by extracting additional 

information from raw data. Feature scaling is performed after feature generation to ensure that new attributes adhere 

to a consistent numerical scale. This process aligns with best practices in data mining and machine learning for 

generating meaningful and effective features. Feature engineering also assists the model in capturing non-linear 

relationships among indicators that might not be captured by linear models. Beyond Institutional Age, other 

transformed features such as ratios or interactions between indicators can also be created. These new features are 

statistically tested concerning their correlation with and contribution to the ranking target. Effective feature 

engineering generally improves prediction accuracy and model interpretability[21].  

2.5 Model Development 

The core task of this research is to develop a regression model capable of predicting rank as a continuous numerical 

variable [18]. The first baseline model is Linear Regression, a classical linear regression that models linear 

relationships between variables: 

𝑦̂ = 𝛽0 + 𝛽1𝑥1 + 𝛽2𝑥2 +⋯+ 𝛽𝑛𝑥𝑛 (2) 

with β as the parameter coefficient to be estimated [20]. Ridge Regression and Lasso Regression are used as 

regularization-based baselines to reduce multicollinearity[18]. Ridge Regression applies an L2 penalty:: 

𝑚𝑖𝑛 = ‖𝑌 − 𝑋𝛽‖2 + λ‖𝛽‖2 (3) 

whereas Lasso Regression employs an L1 penalty to control model complexity[18]: 

𝑚𝑖𝑛 = ‖𝑌 − 𝑋𝛽‖2 + λ‖𝛽‖1 (4) 

The machine learning models include Random Forest Regressor, which constructs multiple decision trees to enhance 

prediction accuracy and stability. Gradient Boosting Regressor utilizes a boosting approach that combines multiple 

weak learners to iteratively correct errors. Support Vector Regression (SVR) is employed to capture non-linear 

relationships through kernel functions[19][18].  

2.6 Model Training Scheme 

he data is divided into two subsets: training (80%) and testing (20%) for model performance evaluation[19]. This 

scheme aligns with common practices in predictive analytics to assess model generalization[19]. Furthermore, cross-

validation techniques, such as k-fold CV, are applied to reduce the variance in performance estimation[20]. 

Hyperparameter tuning is conducted using grid search or random search to select the optimal combination of 

parameters[20]. The model selection strategy is based on the performance evaluation metrics, such as RMSE, MAE, 

and R², on the validation set. Evaluation metrics are compared across models to determine the superior model [19]. 

Random data splitting is performed with a fixed seed to ensure reproducibility[20]. Learning curves are also analyzed 

to detect overfitting or underfitting[19]. Model stability evaluation is carried out by examining the distribution of 

metrics across each fold[20].  

2.7 Model Evaluation 

The model is evaluated using three primary regression metrics: RMSE, MAE, and the R² score. RMSE is used to 

measure the prediction deviation in the target's unit using formula (6), MAE is employed to represent the model's 

average absolute error using formula (7), and R² is calculated to indicate the percentage of target variance that can be 

explained by the model[20]: 

𝑅𝑀𝑆𝐸 = √
1

𝑛
∑ (𝑦𝑖 − 𝑦̂𝑖)

2𝑛
𝑖=1  (5) 

𝑀𝐴𝐸 =
1

𝑛
∑ |𝑦𝑖 − 𝑦̂𝑖|
𝑛
𝑖=1  (6) 

𝑅2 = 1 −
∑ (𝑦𝑖−𝑦̂𝑖)

2𝑛
𝑖=1

∑ (𝑦𝑖−𝑦̅)
2𝑛

𝑖=1

 (7) 

The selection of these metrics aligns with the standard evaluation practices for regression models in machine learning 

literature. The models are compared using a tabular metric matrix to facilitate a clear interpretation of the 

comparisons[19]. Analysis of variance (ANOVA) of the metrics is conducted to assess the consistency of model 

performance[20]. The optimal model is selected based on the trade-off between low error and a high R² value[19]. 

The evaluation results are presented in graphical visualizations to enhance interpretability[20]. 

2.8 Explainable Analysis 

An analysis of feature contribution is performed to examine the feature importance generated by ensemble models 

such as Random Forest and Gradient Boosting. Feature importance helps elucidate the relative contribution of each 

variable to the model's predictions. For model interpretation based on explainable AI (XAI), techniques such as SHAP 
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(SHapley Additive exPlanations) values can be employed, where SHAP indicates the marginal contribution of each 

feature to individual predictions. SHAP is an approach that facilitates transparency in complex models by providing 

a feature contribution score per instance[19]. Sensitivity analysis assists in evaluating the stability of predictions when 

specific features are modified. The explainable AI approach reinforces the scientific interpretation of the models 

employed and their predictive outcomes[18]. The results of the feature importance analysis can be presented in bar 

charts or heatmaps to visualize the contribution of dominant features[19]. This explainable analysis can also guide 

policymakers in understanding the dominant factors influencing university rankings[18]. Thus, the explainable AI 

method provides the necessary interpretative context beyond mere quantitative metrics[19].  

3. RESULTS AND DISCUSSION 

This section presents the results of dataset processing, model performance evaluation, and an empirical analysis of the 

model's predictive capability based on the variables used. The evaluation was conducted using the Root Mean Square 

Error (RMSE) and Mean Absolute Error (MAE) metrics, as both are capable of quantitatively and objectively 

measuring prediction errors. 

3.1 Data Collection 

Descriptive statistical analysis was performed on the collected data to understand the fundamental characteristics of 

the dataset, the distribution of variables, the relationships among indicators, and structural patterns based on region 

and type of institution. This analysis is essential to ensure data quality and to identify initial patterns that may influence 

the predictive modeling outcomes.  

Table 1. Descriptive Statistics of the Dataset 

Variabel Count Mean Std Min 25% 50% (Median) 75% Max 

National_Rank 52 26.50 15.15 1 13.75 26.50 39.25 52 

Founded_Year 52 1926.90 39.83 1858 1888 1940.50 1949 2024 

Research_Impact_Score 52 69.36 14.23 48.80 57.33 67.15 79.83 98.50 

Intl_Student_Ratio (%) 52 10.28 7.53 3.90 5.43 8.15 12.18 48.50 

Employment_Rate (%) 52 92.22 4.16 84.20 88.78 93.30 95.25 98.20 

Institution_Type 52 – – – – – – – 

Region 52 – – – – – – – 

Based on Table 1, the variable National_Rank has a mean value of 26.50 with a standard deviation of 15.15, 

indicating that the distribution of university rankings is spread relatively evenly from the highest to the lowest ranks 

within the national system. The variable Founded_Year has a mean of 1926.90 with a standard deviation of 39.83, 

suggesting that the majority of universities in Japan are long-established institutions with mature institutional 

experience. The variable Research_Impact_Score has a mean of 69.36, with values ranging from 48.80 to 98.50, 

indicating significant variation in research performance among universities, which serves as an important indicator in 

academic evaluation systems. The variable Employment_Rate shows a mean of 92.22%, indicating that most 

universities have a high graduate absorption rate, reflecting the quality of education and the relevance of the 

curriculum to industry needs. The variable Intl_Student_Ratio has a mean of 10.28% with a standard deviation of 

7.53, signifying that the level of internationalization varies considerably across institutions, where only a few 

universities achieve a very high degree of internationalization. Furthermore, the distribution of categorical variables 

reveals that the majority of institutions are national universities, highlighting the dominance of government-funded 

institutions in Japan's higher education system. The regional variable demonstrates high geographical diversity, 

encompassing 31 distinct regions, which indicates a geographically widespread distribution of institutions. Overall, 

the descriptive statistics indicate that the dataset exhibits substantial variation in key performance indicators, 

suggesting that it is highly suitable for use in developing predictive models based on machine learning, as the model 

can effectively learn the patterns of relationships between institutional performance indicators and national university 

rankings. 

3.1.1 Distribution of Variables 

The distribution of variables in the dataset illustrates the variation in university performance based on academic 

indicators, internationalization, employability, and institutional characteristics. The target variable, National_Rank, 

shown in Figure 2(a), has a limited range, spanning from the highest to the lowest ranks within the national system, 

which reflects an ordered and standardized ranking structure. This distribution tends to be uneven, where a small 

proportion of universities occupy the top ranks with very high performance, while the majority are situated in the 

middle and lower ranks. This pattern indicates a concentration of high performance within specific institutions that 

possess competitive advantages. 
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(a)     (b) 

Figure 2. Distribution of the National_Rank Variable (a) and the Research_Impact_Score Variable (b) 

The Research_Impact_Score variable exhibits a considerably varied distribution, with several universities 

achieving substantially higher research scores compared to other institutions. This indicates a disparity in research 

performance among institutions, a common phenomenon within the global higher education system. Universities with 

high research scores are typically research-intensive institutions characterized by a high volume of publications and 

citations. The Employment_Rate variable, as shown in Figure 3 (a), demonstrates a generally high distribution, 

suggesting that the majority of universities achieve favorable graduate employment outcomes. However, inter-

institutional variation exists, reflecting differences in educational quality and the relevance of curricula to industry 

demands. 

 

(a)     (b) 

Figure 3. Distribution of the Employment_Rate Variable (a) and the Intl_Student_Ratio Variable (b) 

The Intl_Student_Ratio variable in Figure 3 (b) exhibits a distribution that tends to be low to moderate, 

indicating that most universities have a limited level of internationalization. Only a few universities possess a high 

ratio of international students, which are typically institutions with a global reputation. Furthermore, the 

Institution_Age variable also demonstrates a wide distribution, reflecting the diversity of institutional age, ranging 

from relatively new institutions to those that have been established for over a century. This indicates a variation in 

institutional experience within the higher education system. Overall, the distribution of the variables indicates 

heterogeneity in performance among universities, which is an ideal condition for the development of a predictive 

model, as the model can learn the patterns of variation present in the data. 

3.1.2 Initial Correlation Among Indicators 

Correlation analysis was conducted to identify the relationship between the predictor variables and the target variable. 

This correlation is essential for understanding the strength and direction of the relationship between variables before 

modeling is carried out; for more details, please refer to Figure 4 below. 

 

Figure 4. Correlation between Indicators 
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Based on Figure 4, the Research_Impact_Score variable exhibits a very strong negative correlation with the 

National_Rank variable. This indicates that the higher the research impact score, the lower the national ranking value, 

signifying a better ranking position. This correlation suggests that research performance is a primary determinant of 

university rankings. The Employment_Rate variable also shows a negative correlation with National_Rank, indicating 

that universities with high employability rates tend to achieve better rankings. This demonstrates that an institution's 

capacity to produce graduates who are absorbed into the workforce is a crucial indicator of institutional performance. 

The Intl_Student_Ratio variable shows a negative correlation with National_Rank, albeit with a weaker 

magnitude compared to Research_Impact_Score. This suggests that internationalization does influence rankings, but 

it is not a dominant factor. The Institution_Age variable exhibits a relatively weak correlation with National_Rank, 

implying that the age of an institution is not a primary determinant of its performance. Younger institutions can still 

achieve high rankings if they demonstrate strong research performance. Furthermore, the correlations among predictor 

variables reveal that Research_Impact_Score has a positive relationship with Intl_Student_Ratio and 

Employment_Rate. This indicates that institutions with high research performance also tend to have high levels of 

internationalization and employability. Overall, the correlation analysis underscores that research performance is the 

most potent indicator in determining university rankings. 

3.1.3 Regional and Institutional Patterns 

Analysis of regional patterns reveals that top-ranking universities tend to be concentrated in major metropolitan areas 

such as Tokyo and other advanced industrial regions. These areas benefit from superior access to research resources, 

funding, and industry collaborations, all of which support enhanced institutional performance. Conversely, 

universities located in regional or non-metropolitan areas tend to have lower rankings, as illustrated in Figure 5(a). 

This disparity can be attributed to limited resources, restricted access to funding, and fewer opportunities for research 

collaboration. 

 

(a)      (b) 

Figure 5. Average National Rank by Region (a) and Average National Rank by Institution Type (b) 

The analysis based on Institution Type, as presented in Figure 5(b), indicates that national universities tend to 

demonstrate higher research performance compared to public and private universities. This phenomenon can be 

attributed to greater government support for national institutions, particularly in terms of research funding and 

academic infrastructure. Private universities exhibit a wider range of performance variation, with some institutions 

achieving high performance while the majority are situated in the middle-tier rankings. This suggests disparities in 

capacity and strategic focus among private institutions. Public universities demonstrate relatively stable performance; 

however, their research output is not as robust as that of national universities. These findings imply that funding 

structures and institutional priorities significantly influence academic performance. Furthermore, the analysis reveals 

that universities with a high degree of internationalization tend to be located in metropolitan areas and exhibit strong 

research performance, indicating a correlation between internationalization and institutional achievement. Overall, the 

observed regional and institutional patterns suggest that university performance is more strongly influenced by internal 

factors such as research quality and graduate employability than by geographical location alone. 

3.2 Model Development Results 

The evaluation of model performance, as detailed in Table 2, was conducted to assess the capability of each algorithm 

in predicting target values based on the selected input variables. Performance was measured using three primary 

metrics: Root Mean Square Error (RMSE), Mean Absolute Error (MAE), and the coefficient of determination (R²). 

RMSE quantifies prediction error magnitude by imposing a greater penalty on larger errors, whereas MAE measures 

the average absolute prediction error. Meanwhile, R² evaluates the extent to which the model accounts for the variance 

observed in the actual data. 
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Table 2. Comparison of Model Performance  

Model RMSE MAE R² 

Gradient Boosting 1.175.117 1.087.856 0.994988 

Random Forest 1.436.536 1.191.515 0.992510 

Ridge Regression 2.410.286 2.128.675 0.978913 

Lasso Regression 2.495.995 1.969.609 0.977387 

Linear Regression 9.713.651 8.459.371 0.657519 

Support Vector Regression 13.760.883 12.591.221 0.312671 

Based on Table 2, the Gradient Boosting model produced the smallest RMSE value of 1.175117, indicating 

that this model has the lowest prediction error compared to the other models. A low RMSE value signifies that the 

differences between the predicted values and the actual values are relatively small, thus the model possesses a high 

level of accuracy. Random Forest ranked second with an RMSE value of 1.436536, which also demonstrates excellent 

predictive performance. Conversely, the Linear Regression and Support Vector Regression models produced 

considerably higher RMSE values, namely 9.713651 and 13.760883, respectively. This suggests that these two models 

have larger prediction errors and are less capable of capturing the complex relationship patterns within the dataset. 

This disparity indicates that ensemble-based models, such as Gradient Boosting and Random Forest, are more 

effective in handling non-linear relationships compared to traditional linear regression models. The MAE value 

represents the average absolute difference between the predicted values and the actual values. Based on the test results, 

Gradient Boosting produced the smallest MAE value of 1.087856, indicating that the model's average prediction error 

is very small. Random Forest also demonstrated excellent performance with an MAE value of 1.191515, which 

remains within a low error range. 

The Ridge Regression and Lasso Regression models yielded slightly higher MAE values, specifically 2.128675 

and 1.969609, respectively. This indicates that regularized regression models are capable of producing reasonably 

good predictions, yet they are still suboptimal compared to the ensemble models. Meanwhile, the Support Vector 

Regression model produced the largest MAE value of 12.591221, indicating that this model has a high prediction error 

rate and is less suitable for the dataset used in this study. The coefficient of determination (R²) is used to measure the 

model's ability to explain the variation in the actual data. The R² value ranges from 0 to 1, where a value closer to 1 

indicates a better predictive capability of the model. 

Gradient Boosting yielded the highest R² value of 0.994988, indicating that this model is able to explain 

approximately 99.49% of the variance in the actual data. This demonstrates that the model possesses a very high 

predictive capability and is exceptionally good at capturing the relationship patterns between variables. Random Forest 

also exhibited excellent performance with an R² value of 0.992510. In contrast, the Linear Regression and Support 

Vector Regression models produced substantially lower R² values, namely 0.657519 and 0.312671, respectively. This 

suggests that these models are less capable of optimally explaining the data variation, resulting in lower predictive 

performance compared to the ensemble models. 

Based on the evaluation results using RMSE, MAE, and R², it can be concluded that Gradient Boosting is the 

best model in this study. This conclusion is supported by its lowest RMSE and MAE values, as well as its highest R² 

value compared to the other models. The superiority of Gradient Boosting is attributed to its ability to build models 

iteratively by correcting the errors of previous models, thereby enabling it to generate more accurate predictions.. 

Random Forest also demonstrated excellent performance due to its ensemble approach, which combines numerous 

decision trees, thereby enhancing prediction stability and accuracy. Meanwhile, linear regression models, such as 

Linear Regression, showed lower performance due to their limitations in capturing non-linear relationships within the 

dataset. The findings of this study indicate that ensemble-based models, particularly Gradient Boosting, are highly 

effective for prediction on the utilized dataset. The high accuracy of the model suggests a strong relationship between 

the input variables and the target variable. 

Furthermore, these results also demonstrate that the application of appropriate machine learning methods can 

significantly improve prediction accuracy. The Gradient Boosting model can be employed as the primary model in a 

prediction system due to its low error rate and good generalization capability. 

3.2.1 Analysis of Model Stability Using Cross-Validation RMSE 

Evaluating model stability is a crucial step to ensure that the developed model not only performs well on specific data 

but also yields consistent results when applied to different data subsets. In this study, model stability was tested using 

the K-Fold Cross-Validation method with the Root Mean Square Error (RMSE) as the evaluation metric. The RMSE 

values obtained from each fold are presented in the following Table 3: 

Table 3. Model Stability based on RMSE 

Fold RMSE 

Fold 1 12.305 

Fold 2 0.9384 

Fold 3 13.431 
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Fold RMSE 

Fold 4 11.169 

Fold 5 0.8938 

Mean RMSE 11.045 

Based on the cross-validation results presented in Table 3 above, the obtained RMSE values range from 0.8938 

to 1.3431. This variation indicates differences in the model's prediction error rate across each data subset. The lowest 

RMSE value is found in the 5th Fold at 0.8938, signifying that the model has the smallest prediction error on that 

particular data subset. Conversely, the highest RMSE value is observed in the 3rd Fold at 1.3431, indicating that the 

model experiences a larger prediction error on that subset. Such differences in RMSE values are a normal occurrence 

in the cross-validation process, as each fold has a distinct data distribution. However, what is more important is to 

assess the magnitude of this variation and whether the model demonstrates relatively consistent performance. The 

obtained average RMSE value is 1.1045, suggesting that overall, the model has a relatively low and stable prediction 

error rate. This average value reflects the model's general performance when applied to various data subsets. 

Mathematically, RMSE is calculated using Equation 5. Model stability can be analyzed by examining the difference 

between the highest and lowest RMSE values: 

𝐷𝑖𝑓𝑓𝑒𝑟𝑒𝑛𝑐𝑒 = 1.3431 − 0.8938 = 0.4493  

This relatively small difference indicates that the model performs consistently across different data subsets. 

Furthermore, all RMSE values are situated around the average, suggesting that the model does not experience 

significant overfitting or underfitting. Based on these results, the model employed in this study can be categorized as 

stable and possessing good generalization ability. 

3.2.2 Analysis of Feature Contribution 

The analysis of feature contribution aims to determine the extent to which each independent variable influences the 

model's prediction results. The measurement of feature contribution is conducted using feature importance values, 

where a larger importance value for a feature signifies a greater influence of that feature on the prediction of the target 

variable. The results of the feature contribution calculation are presented in Table 4 below. 

Table 4. Feature Contribution to the Prediction Model 

No Feature Importance Value Contribution Percentage (%) 

1 Research_Impact_Score 0.9794417 97.94% 

2 Employment_Rate 0.0180538 1.81% 

3 Institution_Age 0.0014103 0.14% 

4 Intl_Student_Ratio 0.0009943 0.10% 

5 Region_Oita 0.0000637 0.006% 

6 Region_Tokyo 0.0000362 0.004% 

7 Institution_Type_Private 0.0000000547 ~0.00% 

8 Fitur lainnya 0.0000000 0.00% 

Based on the results presented in Table 4, the Research_Impact_Score feature exhibits the highest importance 

value of 0.9794, equivalent to 97.94%. This indicates that this feature constitutes the most dominant factor influencing 

the model's prediction outcomes. This exceptionally high contribution value demonstrates that the model heavily relies 

on the research impact score in determining the target value. Empirically, this finding suggests that the quality and 

impact of research serve as primary indicators in determining institutional performance or ranking. The second feature 

demonstrating a significant contribution is Employment_Rate, with an importance value of 0.0180 or 1.81%. Although 

its contribution is substantially smaller compared to Research_Impact_Score, this feature still exerts influence on the 

model. Graduate employment rates reflect educational quality and curriculum relevance to industry demands, thereby 

logically contributing to prediction outcomes. Institution_Age shows an importance value of 0.0014 or 0.14%, 

indicating that institutional age has a relatively minor influence on prediction results. This finding suggests that 

institutional age is not a primary factor in determining institutional performance, as younger institutions may still 

achieve high performance when supported by strong research quality. Furthermore, the Intl_Student_Ratio feature 

contributes 0.00099 or 0.10%, demonstrating that the international student ratio has only a marginal influence on 

prediction outcomes. This indicates that the degree of internationalization is not a primary factor in the developed 

model. 

Several regional variables, such as Region_Oita and Region_Tokyo, exhibit extremely low importance values 

of 0.0000637 and 0.0000362, respectively. These values indicate that institutional geographical location has a 

negligible influence on model prediction outcomes. Additionally, most other regional variables show importance 

values of 0.000000, suggesting that these features do not provide significant contributions to the model. This 

phenomenon may be attributed to several factors, including: regional variables lacking direct relationships with the 

target variable, information embedded in regional variables being already represented by more robust features, and 

the model demonstrating greater dependence on numerical features that directly reflect institutional quality. 
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The distribution of feature importance values reveals that the model is heavily dominated by a single primary 

feature, namely Research_Impact_Score. This dominance indicates that the model utilizes this feature as its principal 

indicator for making predictions. This condition carries two main implications: first, the model possesses clear 

interpretability as predictions are primarily influenced by one dominant factor; second, the model potentially exhibits 

high dependence on a single feature, necessitating assurance of this feature's data quality. However, given the 

previously observed relatively low and stable RMSE values, this feature dominance does not indicate significant 

problems in model performance. 

The feature importance results demonstrate that the model successfully identifies the features most relevant to 

the target variable. Features with high contributions are conceptually those that have direct relationships with 

institutional performance. Furthermore, features with low contributions indicate that the model can effectively 

disregard irrelevant features, thereby becoming more efficient and unaffected by noise from insignificant features. 

3.3 Discussion 

The research findings indicate that Research_Impact_Score constitutes the dominant factor, contributing 97.94% to 

university ranking determination, demonstrating that research performance serves as the primary indicator in modern 

higher education evaluation systems. This finding suggests that universities with high research productivity, 

significant publication numbers, and strong citation impact tend to achieve better ranking positions. This reflects the 

global paradigm of higher education oriented toward research-based universities, where research serves as the primary 

indicator of institutional excellence. Within the Japanese higher education system context, national universities such 

as the University of Tokyo, Kyoto University, and Osaka University demonstrate exceptionally high research 

performance, which directly contributes to their superior ranking positions. Furthermore, the Employment_Rate 

variable contributes 1.81%, indicating that institutional capacity to produce graduates absorbed into the workforce 

also constitutes an important indicator in university evaluation systems. This suggests that educational quality is 

measured not only by academic performance but also by graduate success in entering the labor market. High 

employability rates reflect curriculum relevance, teaching quality, and institutional relationships with industry. The 

Intl_Student_Ratio variable contributes 0.099%, indicating that internationalization influences university rankings, 

although its contribution is relatively smaller compared to research performance. Internationalization reflects 

institutional global reputation, capacity to attract international students, and participation in global academic networks. 

Universities with high internationalization levels tend to possess enhanced global visibility. The Institution_Age 

variable contributes 0.14%, indicating that institutional age has limited influence on university rankings. This suggests 

that younger institutions can still achieve high rankings if they demonstrate strong research performance and 

employability. Thus, institutional performance is more determined by the quality of academic outputs rather than 

historical factors. Overall, the research findings demonstrate that university ranking systems reflect multidimensional 

performance, with research performance constituting the dominant factor, followed by employability and 

internationalization. 

These research findings carry important implications for higher education policymakers, particularly regarding 

strategic planning for institutional quality enhancement. The dominance of Research_Impact_Score indicates that 

investment in research constitutes a key factor in improving university ranking positions. Therefore, governments and 

higher education institutions need to enhance research funding, academic infrastructure, and international 

collaboration to improve research performance. Additionally, the contribution of Employment_Rate suggests that 

higher education institutions need to enhance curriculum relevance to industry demands. This can be achieved through 

industry-based curriculum development, internship programs, and cooperation with the industrial sector. Policies 

supporting graduate employability enhancement will contribute to overall institutional performance improvement. 

Findings related to internationalization indicate that higher education institutions need to enhance internationalization 

strategies through increasing international student numbers, student exchange programs, and international academic 

collaboration. Internationalization can enhance institutional global reputation and expand academic networks. 

Furthermore, research results indicate that geographical factors have relatively minor influence compared to academic 

performance. This suggests that institutions in non-metropolitan areas still have opportunities to improve their 

rankings through enhanced research and education quality. Consequently, higher education policies need to focus on 

improving research quality, graduate employability, and internationalization to enhance institutional performance 

sustainably. 

The results of this research align with institutional performance evaluation theory, which posits that higher 

education organizational performance is determined by academic outputs, graduate quality, and institutional 

reputation. Within performance-based evaluation theory, research productivity serves as a primary indicator in 

measuring higher education institutional quality. The predictive model developed in this research demonstrates that 

academic performance indicators have strong relationships with institutional rankings, supporting the theory that 

research output constitutes the primary determinant of institutional performance. This indicates that research 

performance-based university evaluation systems represent valid and relevant approaches. Moreover, the contribution 

of employability supports human capital theory, which asserts that educational quality can be measured based on 

graduate success in the labor market. High employability rates indicate that institutions can produce graduates 

possessing competencies aligned with industry requirements. The contribution of internationalization supports global 

competitiveness theory, which asserts that higher education institutions need to participate in global academic 
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networks to enhance institutional reputation and performance. Thus, these research findings reinforce performance 

evaluation theory based on multidimensional performance indicators. 

The results of this research are consistent with various previous studies demonstrating that research 

performance constitutes the primary factor in determining university rankings. Previous research has shown that 

indicators such as publication count, citations, and research impact have strong relationships with university ranking 

positions. Additionally, previous research has also demonstrated that employability constitutes an important indicator 

in higher education institutional performance evaluation. Universities with high employability rates tend to possess 

better reputations and higher ranking positions. Previous research has also shown that internationalization influences 

university rankings, although its contribution is relatively smaller compared to research performance indicators. 

Internationalization enhances global reputation and institutional visibility. Furthermore, previous research has 

demonstrated that machine learning models exhibit better performance compared to traditional statistical models in 

predicting higher education institutional performance. Machine learning models can capture non-linear relationships 

among variables, enhancing prediction accuracy. The results of this research reinforce previous findings by 

demonstrating that Gradient Boosting models exhibit exceptionally high performance in predicting university 

rankings. This indicates that machine learning approaches constitute effective methods for analyzing higher education 

institutional performance. 

Overall, the research findings demonstrate that research performance constitutes the dominant factor in 

determining university rankings, followed by employability and internationalization. The developed machine learning 

model demonstrates exceptionally high predictive performance, indicating that data mining approaches constitute 

effective methods for higher education institutional evaluation systems. These findings have important implications 

for higher education policy and the development of data-based institutional performance evaluation systems. 

4. CONCLUSION 

This research successfully developed a machine learning-based predictive modeling framework to predict the national 

rankings of 52 top universities in Japan by utilizing multidimensional indicators encompassing research performance, 

internationalization, employability, institutional characteristics, and geographical factors. Through systematic 

research stages, commencing from data collection, data preprocessing, feature engineering, model development, 

model evaluation, and feature importance analysis, this research successfully produced an accurate, stable, and 

interpretable prediction model. Evaluation results indicate that ensemble-based machine learning models, particularly 

Random Forest Regression and Gradient Boosting Regression, demonstrate superior performance compared to 

traditional linear regression models such as Linear Regression, Ridge, and Lasso. This is evidenced by lower RMSE 

and MAE values and higher coefficients of determination (R²), indicating the models' capability to capture non-linear 

and complex relationships among variables. Ensemble models reduce prediction error and enhance generalization 

capabilities, thus proving more effective in modeling multidimensional university ranking systems. Furthermore, 

feature importance analysis reveals that research performance and internationalization indicators constitute dominant 

factors influencing university national rankings, followed by employability and institutional characteristics. These 

findings confirm that research quality and level of international engagement play strategic roles in determining 

university competitive positions. Model interpretation analysis also demonstrates that combinations of various 

indicators provide significant contributions to enhancing prediction accuracy compared to using single indicators. 

Overall, this research not only produces an accurate predictive model but also provides deeper understanding of factors 

influencing university rankings. The explainable predictive modeling framework developed can serve as a data-based 

analytical tool to support higher education institutional performance evaluation, as well as assist policymakers in 

formulating strategies for enhancing educational quality, research, and global university competitiveness objectively 

and measurably. 
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