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Abstract 

R&D is one of the key drivers of technological progress and contributes to 

increased productivity and profit growth. Indonesian percentage of Gross Domestic 

Expenditure on R & R&D (GERD) to GDP in 2018 is one of the Global 

Competitiveness Index indicators, only reaches 0.28% and is dominated by the 

government sector, while the industrial sector is only 7.34%. One of the reasons for 

this small value is that the data collection of R&D on the business sector in 

Indonesia has not been carried out optimally. A classification model is needed to 

determine the data collection target so that the results are more optimal. The main 

objective of this study is to classify R&D industries actors in Indonesia using 

XGBoost and then analyze the features for R&D industries actors using SHAP. 

XGBoost is one of the black-box models that is difficult to interpret, and SHAP is 

one of the interpretation methods. The classification results using XGBoost 

obtained the accuracy, AUC, and F1-Score values of 79.61%, 0.7646, and 84.44%, 

respectively. Based on the Shapley value of the SHAP method, it was found that 

the average growth in R&D expenditure had the highest contribution. The feature's 

contribution to the estimation will be even higher if the mean of R&D expenditure 

growth is higher (more than 0). The other one is the ratio of researchers to R&D 

human resources. If the ratio is more than 75%, it will negatively contribute. 

Finally, exports and State-Owned Enterprise (BUMN) feature with the smallest 

contribution. 

 

Keywords: Research and Development (R&D), Industry, XGBoost, SHAP, Feature Analysis. 

 

Introduction 

Research and development (R&D) is one of the key drivers of technological progress and 

contributes to increased productivity and profit growth (Barreto & Kypreos, 2004). 

Meanwhile, R&D expenditure positively impacts economic growth in developing countries, 

especially the upper-middle-income (Inekwe, 2015). R&D expenditure is also one of the 
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indicators of the Global Competitiveness Index, which is the percentage of R&D spending on 

GDP or Gross Expenditure on Research and Development (GERD). Spending or investment 

in R&D is the most critical determinant in boosting scientific and technological progress 

(Asmara, Achelia, Simamora & Sartono, 2019). GERD refers to R&D expenditures to GDP 

originating from a country's industry public and private research institutions (Cardozo, 

Luzuriaga, Miranda, Lopez, Pajuelo & Japura, 2021). GERD indicates how much a country 

pays attention to R&D. One component of the GERD is the percentage of R&D spending on 

GDP in the industrial sector or Business Expenditure on Research and Development (BERD). 

The percentage of R&D spending on GDP in the business sector (BERD) determines how 

much attention the business sector has in conducting R&D in a country. The BERD value in 

Indonesia in 2018 was 7.34%. This value is considered far from developed countries such as 

South Korea, which is 78.2% (OECD, 2020). One of the reasons for this happening is that the 

collection of R&D data in the business sector in Indonesia has not been performed optimally. 

Since 2016, the government has attempted to collect R&D data through the National Research 

and Innovation Agency (BRIN). The number of large industries (manufacturing) in Indonesia 

can reach 10,289 industries (BPS, 2020). Meanwhile, every year the target for collecting 

R&D data in the industrial sector is only 500-600 industries. Based on existing data, there are 

two types of industries that conduct R&D, namely industries that carry out R&D regularly 

and not regularly every year. Therefore, it is necessary to create a classification model for the 

R&D industry to obtain data on industries that regularly conduct R&D as targets for data 

collection. Industry classifications that perform R&D regularly and not regularly every year 

can be used as material for policymaking by the government. The government will consider 

industries that do not regularly provide R&D incentives. The most important thing for making 

policy that must be considered are the factors that influence the industry to carry out R&D 

regularly and not regularly every year. The main objective of this study is to classify R&D 

industries actors in Indonesia using XGBoost and then analyze the features for R&D 

industries actors using SHAP. 

The classification method that can be used to create a classification model for the two 

types of industry is the ensemble tree. Several studies conclude that, in general, classification 

and prediction with ensembles can produce higher accuracy and stability than the use of a 

decision tree individually. The prediction of compressive strength of fly ash-based concrete 

using individual and ensemble algorithm produce that an ensemble tree gives a robust 

performance compared to a decision tree individually (Ahmad et al., 2021). One of the 

ensemble tree-based methods is XGBoost (Chen & Guestrin, 2016). XGBoost is a popular 

machine learning used because of its performance, which is better than other classification 

tree-based methods due to efficient computing and more accurate classification results 

(Zhang, Li, Wu, Li, Liu & Liu, 2020). A study on the vulnerability of debris flow in China 

concluded that XGBoost was better than a single classification tree (Zhang, Ge, Tian & Liou, 

2019). Compared to Random Forest and Deep learning methods, XGBoost achieved the best 

performance with a very low cost of time (Joharestani, Cao, Ni, Bashir & Talebiesfandarani, 

2019). However, the ensemble tree is a black-box model, where the resulting model cannot be 

known how the mechanism is in it (Molnar, 2019). 

Several studies used Shapey Additive Explanations (SHAP) to explain the black-box 

model that is often difficult to interpret (Parsa, Movahedi, Taghipour, Derrible & 

Mohammadian, 2020). The SHAP algorithm is powerful, and this new framework also 
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provides desirable interpretations of the model performance and highlights the most important 

features for identifying m7G sites (Bi, Xiang, Ge, Li, Jia & Song, 2020). SHAP produces the 

conclusions derived from the proposed framework to provide important scientific information 

for government policymakers in disease control strategies (Kristjanpoller et al., 2021). 

Shapley initially proposed SHAP in 1953, based on game theory (Shapley, 2016). SHAP is a 

method based on Shapley's value to determine each player's contribution fairly. SHAP can 

show the contribution of each explanatory variable or feature to the estimated value of a 

model (Lundberg & Lee, 2017; Štrumbelj & Kononenko, 2014).  

 

Materials and Methods 

Data 

The data used in this research are industrial data that conducted R&D activities from 2015 

to 2018. The data are secondary data obtained from the Data Center and Information 

Technology of the Ministry of Research and Technology/ the National Research and 

Innovation Agency. Moreover, several features were added to complement the secondary data 

obtained from several sources from other Ministries/Agencies. The dependent feature used in 

this study is routine (1: Yes, 0: No) obtained from the longitudinal data. The ratio binary class 

of dependent features is 60% Yes and 40% No. Based on this ratio, this data still tends to be 

balanced. The data was categorized as not extreme, with a ratio of less than 90% (Hakim, 

Sartono & Saefuddin, 2017). The R&D industry that routinely carries out R&D annually is 

the industry at the time of data collection consistently stating that it conducted R&D. 

Meanwhile, industries that do not routinely carry out R&D are those stating that they did not 

conduct R&D during data collection. The list of explanatory features and descriptions of each 

feature used in this study are displayed in Table 1. Imputation in missing data for several 

features was calculated using the miss forest method. Miss forest is a non-parametric method 

missing value imputation for mixed type data (Stekhoven & Bühlmann, 2012). 

 

Table 1  

Description of explanatory features 

Features Description Statistics 

Numeric  Mean 

growth. investment Average of Growth total investment on R&D 4.92 

manpower Average of total manpower/labour 1448.00 

R&D personnel 
Average of R&D Personnel (Researchers, Technicians, and 

equivalent staff, and other supporting staff) 
21.00 

researchers Average of researchers 10.00 

ratio.person.to.mp The ratio of R&D Personnel to Manpower 5.00 

ratio.research.to.perso

n 
The ratio of Researchers to R&D Personnel 46.00 

Categoric  Mode 

coop. univ Ever been cooperation with University (1:Yes, 0:No) 0 

extramural 
Ever been given funding for another R&D unit outside the company 

(1:Yes, 0:No) 
0 

bumn 
State own enterprises (1:State own enterprises, 2:Regional own 

enterprises, 0:Other) 
0 

export Ever been export product (1:Yes, 0:No) 1 

branch Having branches for the same country (1:Yes, 0:No) 0 

multinational Multinational company (1:Yes, 0:No) 0 
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Extreme Gradient Boosting (XGBoost) 

Chen and Guestrin (2016) developed extreme Gradient Boosting or XGBoost. XGBoost 

is a boosting-based ensemble tree algorithm that creates a new model to predict errors from 

the previous model. The final goal of this process is to obtain the function closest to  to 

the constructor functions f (x) through the minimization of the loss function value , 

which is defined by the equation: 

 
In the training process, each iteration is to minimize the loss function value based on the 

initial function . In general, the equation of the gradient boosting algorithm is shown as 

follows: 

 
Optimization performed by the XGBoost algorithm is 10 times faster than other Gradient 

Boosting implementations (Chen & Guestrin, 2016). 

 

Model Parameters 

In the XGBoost method, several parameters are used to optimize the model performance. 

Parameter optimization is important for XGBoost to prevent overfitting and high complexity 

(Wang & Liu, 2020). Table 2 shows the parameters that will be optimized in order to obtain a 

better accuracy value.  

 

Table 2  

List of XGBoost Parameters 

Parameter Description Range 

nrounds Number of iterations 200:5000 

eta Learning rate at training process 
0.01, 0.025, 

0.05, 0.1, 0.3 

gamma Penalty parameter at regularization 0 

max_depth 
The depth level of a tree, the deeper a tree will be more 

complex 
2:4 

min_child_weight The minimum value of weight needed by child node 1 

subsample 

The number of samples used for the training process. 

For example, 0.5 means using half of the data 

randomly in making new trees 

1 

colsample_bytree The number of column samples for making new trees 1 

 

Following the optimization of the XGBoost parameters through cross validation and three 

time repetitions, the optimal parameters obtained are nrounds: 3750, eta: 0.01, gamma: 0, 

max_depth: 3, min_child_weight: 1, subsample: 1, and colsample_bytree: 1. 

 

 

Model Evaluation 

The classification model generated from various methods is expected to classify all data 

correctly, yet it is almost impossible for a classification system to have 100% correctness and 

accuracy. The measure performance of the classification model can be measured through a 
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confusion matrix, which is a cross-tabulation between response feature data included in the 

prediction and observation class (Kuhn & Johnson, 2013). Cases with 2 cross-tabulation 

classes will form at Table 3. 

 

Table 3 

Confusion Matrix 

  
Prediction 

Positive Negative 

Actual 
Positive True Positive (TP) False Negative (FN) 

Negative False Positive (FP) True Negative (TN) 

 

The performance of a classification model can be measured by employing three values; 

accuracy, sensitivity, and specificity. Accuracy is the percentage of the correct model in 

making predictions with the following equation: 

 
F1-Score is a weighted comparison of average precision and recall, with the equation: 

 
The Receiver Operating Characteristic (ROC) curve is another technique for evaluating 

the accuracy of the classification model prediction. The ROC curve illustrates the probability 

plot between the sensitivity and (1-specificity) values. The ROC curve can be converted into a 

scalar value, one of which is AUC. The AUC value ranges from 0 to 1. The better the 

performance of the classification model, the closer the AUC value is to 1. 

 

Shapley Additive exPlanations (SHAP) 

Shapley Additive exPlanations (SHAP) is an interpretation method for individual 

predictions based on Shapley Values of optimal game theory (Lundberg and Lee, 2017). 

Shapley Value is used to fairly measure each player's contribution in a game (Shapley, 1953). 

The purpose of the SHAP is to explain the predictions of an individual x by calculating the 

contribution of each variable or feature. Based on several equations to determine the 

contribution of each feature, Shapley's value on SHAP is presented as follows: 

 
The linear function in the variable g can be obtained based on the additive feature 

attribution method: 

 
Where , equals 1 if the variable is observed and 0 if the variable is not 

observed. M is the value of a variable of a type of SHAP algorithm, which is TreeSHAP used 

for classification tree-based machine learning (Lundberg, Erion & Lee, 2018). 
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Results 

XGBoost Model 

In this study, the making of the XGBoost model used 75% of the training data, namely 

random data from all data for the training process, and 25% of the test data was used for 

process evaluation (Ahuja, Bansal, Prakash, Venkataraman & Banga, 2018). Then, the 10 fold 

cross-validation process was carried out in making the model obtain the stability of the model 

performance (Jung, Bae, Um, Kim, Jeon & Park, 2020). The process of 10-fold cross-

validation will divide the training data into 10 random parts. From the 10 sections, 10 models 

will be trained using 9 parts of the data and tested using 1 part (subsample). Data analysis was 

performed using the caret, xgboost, SHAPforxgboost, and treeshap packages on software R 

version 4.0.3. 

Based on this process, optimal parameters were obtained, and three performance 

measures were acquired: accuracy: 79.61, f1-score: 84.44%, and AUC: 76.46%. This 

modeling stage also compared a bagging-based ensemble tree, a random forest. Given the 

random forest, the results of the performance measure show accuracy: 74.76%, f1-score: 

81.16%, and AUC: 72.8%. The comparison results imply that XGBoost produced better 

accuracy, f1-score, and AUC values than random forest. 

 

Feature Analysis 

 
Figure 1: SHAP summary plot 

 

Figure 1 is a SHAP summary plot in which the order of the features is based on the level 

of importance or contribution in predicting the industries that conduct R&D regularly and 

irregularly every year. The most important feature in the first order is the average growth in 

investment on R&D. In this feature, the higher the investment growth, the higher Shapley's 

value is. It denotes that the higher the investment growth, the higher the possibility for the 

industry to perform R&D regularly every year. Conversely, if the investment growth is lower, 

it will reduce the possibility of the industry conducting R&D regularly. It is very reasonable 

because once an industry experiences an increase in R&D expenditure from year to year; the 

industry already regards R&D to be an important thing for its business. 

The other feature that contains the highest contribution is the ratio of researchers to R&D 
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human resources. In this feature, a higher value of the ratio of researchers to R&D human 

resources will reduce the opportunity for an industry to conduct R&D regularly. Conversely, 

if the ratio is smaller, it will increase the opportunity for an industry to conduct R&D 

regularly. However, given the plot, specifically for the ratio of researchers to R&D personnel, 

there is a high ratio value in the right of the 0 limits. It assumes that there is a certain limit in 

this feature that can determine when the ratio can increase or reduce opportunities. This limit 

can be observed in more detail in the description of the dependency analysis feature. One of 

the reasons for this negative linear relationship is that it is extremely rare for an industry to 

have such a high proportion of researchers compared to other R&D personnel. R&D 

personnel such as technicians and administrative personnel are also required in R&D 

activities. Therefore, if an industry has an adequate number of researchers compared to R&D 

personnel, it is necessary to check and reconfirm it to the industry. 

The next feature is R&D personnel, researchers, and ratio R&D personnel who have the 

same pattern as the first important feature: the average growth of investment on R&D. The 

value of the three features has a positive linear relationship with the contribution results or 

Shapley value. Meanwhile, the manpower feature has a negative linear relationship with 

Shapley's value, the same as the ratio of researchers to R&D personnel feature. Therefore, it is 

necessary to look deeper into the limit of how many manpower features can increase or 

decrease the opportunity to carry out R&D routinely. 

Based on the explanation above, the feature with a high contribution comes from a feature 

of numeric type. Meanwhile, categorical features have a smaller contribution than the numeric 

feature. The SHAP summary plot shows that extramural, multinational and export interpret 

the same. If an industry carries out R&D financing to other units or industries, or if an 

industry is a multinational company and/or the industry experts, it will reduce the opportunity 

for an industry to conduct R&D regularly every year. Industries that conduct R&D financing 

to other units tend not to carry out R&D activities themselves. 

Further, multinational industries tend to carry out their R&D activities at the headquarters 

or Home Office, most in developed countries. Meanwhile, cooperation with universities, 

branches, and State-Owned enterprises has the same interpretation. If an industry collaborates 

with a university or has branches and/or is a non-governmental company, it will increase the 

opportunity for the industry to carry out R&D regularly. It shows that the opportunities for 

private and non-government industries to carry out R&D regularly are more favorable than 

state-owned industries. 

 

Feature Dependency Analysis 

Figure 2 shows the SHAP dependence plot deeper than the previous SHAP summary plot. 

Based on the explanation on the summary plot, the feature ratio of researchers to R&D 

personnel and manpower negatively relates to Shapley's value. In (a) shows that the limit for 

the ratio of researchers to R&D personnel is approximately 82%. If the ratio is less than 82%, 

this feature will increase the opportunity for an industry to conduct R&D regularly every year. 

On the other hand, if the ratio is more than 82%, it will reduce the opportunity for the industry 

to conduct R&D regularly. It reinforces the statement that it is necessary to double-check 

industries with more than an 82% ratio. 
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Figure 1: SHAP Dependence Plot 

The same interpretation is shown in the manpower feature (b) that the average limit of the 

number of workers is around 150 people and 2000 people. If the average number of workers 

is less than 150 people or more than 2000 people, it is more likely to reduce the opportunity 

for the industry to carry out R&D regularly. Meanwhile, if an industry has an average number 

of workers between 150 and 2000 people, it increases the opportunity for the industry to carry 

out R&D regularly. 

 

Figure 3 shows the feature's positive linear relationship with their contribution or 

Shapley's value. Based on the explanation on the SHAP summary plot, the higher the average 

growth value of the investment in R&D and R&D personnel, it will increase the opportunity 

for an industry to conduct R&D routinely. It is reinforced by the SHAP dependence plot in (c) 

and (d) in which the plot shows a positive relationship but is non-linear. 

 

 

 

 

 

 

 

 

 

 

Figure 2. SHAP Dependence Plot (1) 

 

Discussion 

This research is limited to using a black-box machine learning model with XGBoost that 

ensemble tree-based classification. The ensemble tree used the TreeSHAP algorithm to the 

use of SHAP. Hence, it is urged to compare it with the KernelSHAP algorithm using other 

machine learning such as Deep Neural Networks. The study to compound potency and multi-

target activity prediction used machine learning models ensemble tree and Deep Neural 

Network then interpreting using SHAP with TreeSHAP algorithm and KernelSHAP 

algorithm. Kernel and Tree SHAP analyses were found to yield very similar results in the 

assessment of activity and potency predictions, with a high correlation between prioritized 

features (Rodríguez-Pérez & Bajorath, 2020). The comparison of the two algorithms, indeed, 

(c) Impact growth investment on Model Output (d) Impact personel R&D on Model Output 

(a) Impact ratio researchers to personnel R&D 

on Model Output 
(b) Impact manpower on Model Output 
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is not only in measuring the performance of each model but also in the computational speed 

of each algorithm.  

Furthermore, the interpretation using SHAP has not been detailed because it has not 

explained the relationship between the features. It needs to be carried out to determine how 

the features interact with each other so that the information obtained from the analysis of 

these features is deeper. Explaining how a prominent feature interacts with other features at 

study to analyze what makes an online review more helpful, (Meng, Yang, Qian & Zhang, 

2021) used SHAP interactions that mapped the value of the prominent feature against its 

SHAP value in the samples of the whole dataset and colored the value of several other 

features with strong interactions on the prominent feature.  

Based on the explanation of the analysis of these features, to determine the target for 

collecting industrial data from R&D players, the government needs to consider the size of the 

average growth investment, the ratio of researchers to R&D personnel, R&D personnel, 

researchers, the ratio of R&D personnel to manpower with an average Shapley value of 0.5. 

Besides, the government can also make policies to intervene in industries with a small 

opportunity to conduct R&D regularly. 

 

Conclusion 

XGBoost produces an accuracy of 79.61%, an f1-score of 84.44%, and an AUC of 

76.46% to classify the R&D industries actors in Indonesia using. SHAP is one method for 

analyzing the contribution of each feature from black-box models. Based on Shapley's value, 

the feature with the highest contribution is the average growth investment in R&D, so the 

State-Owned Enterprise (BUMN) feature becomes the feature with the lowest contribution. In 

addition, the feature of ratio researchers to R&D personnel and manpower has a negative 

relationship with Shapley's values. If the ratio is less than 82%, this feature will increase the 

opportunity for an industry to conduct R&D regularly every year. On the other hand, if the 

ratio is more than 82%, it will reduce the opportunity for the industry to conduct R&D 

regularly. Likewise, the manpower feature with an average limit of the employee numbers is 

around 150 people and 2000 people.  
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