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ABSTRACT 
 

Background  
Ubiquitination plays an important role in protein post-translational processes and has been found to be involved in a 
number of regulatory functions including proteasome degradation, DNA repair, transcription, signal transduction, 
endocytosis, and sorting. As the identification of ubiquitination site is critical to furthering our understanding of the 
mechanism of ubiquitination, various experimental and machine learning methods have been used to conduct this task. 
It has been an important but challenging task to improve the accuracy of ubiquitination site prediction. In this research, 
we explore the possibility of improving the prediction performance of machine learning by incorporating grid search 
in the training process.  

Method 
We developed grid search procedures for each of six widely used machine learning methods including NB, LR, DT, 
SVM, LASSO, and KNN, and applied them to ubiquitination site prediction using the six PCP datasets that were 
previously developed. For each of the ML methods, we developed a set of values for each of the tunable 
hyperparameters available to the method. These sets of values then can be combined to form a large grid of 
hyperparameter settings, and each of these settings is used in the grid search. We integrated 5-fold cross-validation in 
grid search to train and test ML models and applied an additional independent validation procedure by conducting a 
pre-training 80-20 sample split. We evaluated the performance of the six methods by comparing them side by side for 
each of the six datasets. We also compared the grid search results with the results that were previously published 
without doing grid search. To optimize the prediction performance, we trained 1.1 million ML models in total through 
grid search. 

Results 
We compared the overall prediction performance of these six methods, as well as their prediction performance when 
working with balanced vs. imbalanced data, and large-scale vs. small-scale data. From the perspective of dataset, we 
find that the overall performance of every PCP dataset has been significantly improved in this study compared to the 
previous study, with the percentage increase of the average AUC of all six datasets ranging from 7.9% (PCP-4) up to 
17.0% (PCP-1). From the perspective of method, we find that three out of four methods significantly benefit from grid 
search comparing to their previously published non-grid search results, with the maximum AUC improvement as high 
as 47% (LASSO on PCP-5), 43.3% (NB on PCP-1), and 33.7% (SVM on PCP-6). SVM overall ranks number one, followed 
by KNN as the number two performer based on their average AUCs on all datasets. But these two also ranked the top 
two (KNN 76 days and SVM 15 days) in terms of the total running time that they need to do grid search. We also find 
that SVM, KNN, and DT tend to handle small-scale and imbalanced datasets better, while LR, and LASSO are doing 
well with large-scale and balanced datasets. NB is more sensitive to data imbalance while less sensitive to the size of a 
dataset.  

Conclusions 
Our results show that using grid search has improved the performance of ubiquitination prediction significantly. We 
find that the performance of a method is closely related to its hyperparameter setting and the type of data it handles. 
Even though SVM is on average an outperformer, none of the methods can provide the best performance for all datasets. 
When sufficient computing resources are well accessible, grid search is an effective way to identify both a top 
performing model for a machine learning method and a suitable machine learning method for a particular dataset. 
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BACKGROUND 
 
Ubiquitin is a small regulatory protein that is found in nearly all eukaryotic cells, and is involved in a number of 
regulatory functions. Ubiquitin interacts with other proteins through an enzymatic, post-translational modification 
process known as ubiquitination (also referred to as ubiquitylation) [1,2]. During ubiquitination, ubiquitin binds to 
specific points on substrate proteins, known as ubiquitination sites. The binding consists of three enzymatic steps—
activation, conjugation, and ligation—and the binding can take place with a single ubiquitin protein or multiple 
ubiquitin proteins linked into chains [1–3]. Ubiquitination has been found to be involved in regulatory functions such 
as proteasome degradation, DNA repair, transcription, signal transduction, endocytosis, and sorting [1–4]. Due to its 
role in many important regulatory processes, research into the molecular mechanisms of ubiquitination has been widely 
conducted [5]. One obstacle in researching ubiquitination is the difficulty in identifying the ubiquitination sites [4].  A 
number of experimental methods have been implemented to isolate ubiquitinated proteins in order to identify the 
ubiquitination sites, including the use of high-throughput mass spectroscopy, antibodies, binding proteins, and 
combined liquid-chromatography/mass-spectroscopy techniques [6–11]. However, due to the dynamic, transient, and 
reversible nature of the ubiquitination process, these experimental methods are very time- and labor-intensive and 
costly [3,12,13]. To improve efficacy and efficiency, as well as reduce cost, machine learning methods have been used to 
predict ubiquitination sites by learning from existing knowledge of protein sequences[3–5,12,13].  

Machine learning is a powerful tool for classification. The Naïve Bayes (NB) classifier is a widely used machine 
learning method based on probability computations and aims to calculate conditional dependency with prior 
probability [14]. Rish conducted an empirical study of the Naïve Bayes (NB) classifier, finding that even if the 
classification decision probability estimates are inaccurate, the method still performs well in practice [15]. NB has been 
used widely in text and document classification tasks, where it has been found to give good results [16–18]. Logistic 
Regression (LR) has also found uses in a number of applications, such as forecasting potential for financial distress in 
companies, classification of Click or tap here to enter text.EEG readings, and the preservation of digital privacy [19–21]. 
Decision Trees (DT), another useful machine learning method, has great potential for land cover mapping problems 
[22]. Also, DT can be used to help in medical diagnosis and breast cancer survivability predictions [23,24]. Compared 
to other methods, Support Vector Machines (SVM) is better known and often utilized in tasks ranging from spam mail 
categorization, landslide susceptibility assessments, breast cancer prediction, and coronavirus disease detection, often 
with promising results [25–28]. Least Absolute Shrinkage and Selection Operator (LASSO) is a linear regression-based 
classification method that can be used in the prediction of malignancy [29]. The K Nearest Neighbors (KNN) algorithm 
has found potential for use in multi-labelling problems, such as facial expression recognition and road surface 
classification problems [30–32]. With the development of machine learning methods, more and more applications of 
machine learning will come out, which will help people to address some of the difficult problems such as ubiquitination-
site prediction. 

The performance of a machine learning model depends not only on the dataset, but also on the 
hyperparameters’ settings.  Grid search is a hyperparameter tuning method which generates new hyperparameters’ 
settings through combinations of the available sets of hyperparameter values [33]. Grid search can be used with various 
machine learning methods, and in general the final performance after tuning is better [34]. Grid search has been applied 
in several research fields, for example, Seyedzadeh et al. used grid search to find a better hyperparameter setting for 
SVM to do building energy loads prediction [35]. In HIV/AIDS research, Belete and Huchaiah used grid search in 
predicting test results, with promising findings [36]. In the education field, Sadiq and Ahmed applied grid search to 
Decision Tree and SVM models to better classify students’ performance in class and predict their final exam results [37]. 
For text classification problems, Ghawi and Pfeffer also developed a better grid search with KNN, which could have 
faster speed of tuning [38]. Moreover, when facing food storage issues, Liu et al. used the Decision Tree method to 
analyze and predict problems relating to grain storage through several factors; it was then used in a grid search to 
improve the final performance [39].  
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Machine learning methods have been applied to the ubiquitination site prediction problem. Researchers have 
tried different methods to get different features from protein sequences [40, 41,42]. Chen et al. developed 
CKSAAP_UbSite, which is a SVM-based method of ubiquitination site prediction that takes in k-spaced AA pairs as 
features [12]. HCKSAAP_UbSite, also developed by Chen et al., improves on previous work through combining SVM 
and LR [42]. Moreover, Chen et al. developed UbiProber, which is a tool for large-scale ubiquitination site prediction, 
based on SVM and KNN algorithms [41]. Cai et al. conducted ubiquitination site prediction using five different machine 
learning methods with the averaged PCP values of a protein segment [5]. Among different kinds of features, PCP is 
particularly valuable because it can define protein structures and join biochemical properties together in a usable 
manner [5,43,44]. But none of these previous studies has used grid search to optimize the prediction performance.  

In this research, we hypothesized that optimizing machine learning hyperparameter setting with grid search 
can significantly improve ubiquitination site prediction using protein physicochemical properties. To test this 
hypothesis, we used grid search on six ML methods—NB, LR, DT, SVM, LASSO, and KNN—and applied them to 
ubiquitination site prediction on six PCP datasets [5]. Also, with 5-fold cross-validation method, the results would be 
much more confidential. With the help of grid search, better performance ubiquitination site predication application 
may come out. 

 

METHODS 
 
Tuning is the process of identifying the set of parameter values that are expected to produce the best prediction model 
from all sets of parameter values examined. Grid search is designed for conducting parameter tuning in a systematic 
way by going through all possible sets of hyperparameter values within a given range. In this study, we optimized the 
prediction performance of six classic machine learning methods by conducting hyperparameter tuning via grid search. 
These methods include Naïve Bayes (NB), Logistic Regression (LR), Decision Tree (DT), Support Vector Machine (SVM), 
Least Absolute Shrinkage and Selection Operator (LASSO), and k-Nearest Neighbors (KNN). We used the scikit-learn 
package [45,46] in Python to implement these machine learning classifiers. Like most machine learning methods, these 
methods have hyperparameters that we can tune to achieve better prediction performance. We conducted grid search 
to tune the hyperparameter values for each of the six ML methods. We next briefly describe these ML methods and each 
of their hyperparameters. The detailed hyperparameters and their values that we tested for each method are shown in 
Table 1.  
 

Table 1. Machine Learning Hyperparameters and Values 

Method Hyperparameter 
Name 

Values 

GaussianNB priors none, [0.1,0.9], [0.2, 0.8], [0.3, 0.7], [0.4,0.6], [0.5,0.5], [0.6,0.4], 
[0.7,0.3], [0.8, 0.2], [0.9,0.1] 

var_smoothing 10-9, 10-8, 10-7, …, 10-1 

LR penalty L2, none 

solver newton-cg, lbfgs, liblinear, sag, saga 

class_weight balanced, none 

C 10-4~ 104 (300 numbers distributed evenly on log scale) 

DT criterion gini, entropy 

splitter best, random 

max_depth 2, 4, 6, …, 32 

max_features auto, sqrt, log2 

min_samples_split 0.1, 0.2, 0.3, …, 1.0 

min_samples_leaf 1 

max_leaf_nodes 7, 10, 15, None 
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class_weight None, balanced 

SVM C 2-5, 2-3, 2-1, …, 215 

gamma 2-15, 2-11, 2-7, …, 23 

kernel rbf, linear, sigmoid, poly 

LASSO C 10-5~ 105 (400 numbers distributed evenly on log scale) 

solver liblinear, saga 

KNN k_neighbors 1, 2, 3, …, 300 

weights uniform, distance 

algorithm auto, ball_tree, kd_tree, brute 

leaf_size 10, 14, 18, …, 38 

metric euclidean, manhattan, chebyshev 
 
 Naive Bayes (NB) [47–53]  represents a special type of Bayesian network (BN) model. A BN consists of a 
directed acyclic graph (DAG) G = (V, E), whose nodeset V contains random variables and whose edges E represent 
relationships among the random variables. NB is a simplified BN which normally only contains one parent node and a 
set of children nodes. When a NB model is used to conduct classification, it is called a NB classifier. We used the 
GaussianNB classifier in this study, because of the binary nature.  “var_smoothing” is a parameter that adds a user-
defined value to the distribution's variance, in order to stabilize calculation and smooth the curve. We tested 11 “prior” 
combinations and 9 “var_smoothing” values from 1e-9 to 1e-1. 

Logistic Regression (LR) [53–56] is a supervised learning classification method well suited for binary 
classification problems. It is named after the logistic function: a core function of LR for nonlinear transformation of the 
output value. Regularization can be used to train models that tend to have better generalization on unseen data by 
preventing the algorithm from overfitting the training dataset. C is the inverse of the regularization strength (C=1/λ). 
Smaller values of C result in stronger regularization. We tested 300 evenly spaced values of C on a logarithmic scale 
between 10-4 and 104. We also used L2 method to regularize the LR model.  

Decision Tree (DT) [57–60] is a machine learning method, with which data are processed as a tree-like 
structure. Each internal node represents a test on a feature and each leaf node represents a class value. The parameter 
“max_depth” indicates how deep the tree can be; the deeper the tree, the more splits it will have, thus capturing more 
information about the data. We fit a decision tree with depths ranging from 2 to 32. The parameter “min_samples_split” 
governs the minimum number of samples required to split an internal node. The values we tested in our grid search 
are 0.1, 0.2, 0.3, 0.4, 0.6, 0.8, 0.9 and 1. “max_features” indicated the maximum number of features allowed when 
building a decision tree; we tested all values under ‘none’, ‘log2’ and ‘sqrt’. The parameter “max_leaf_nodes” controls 
the maximum number of leaf nodes of each decision tree, and we tested values 7, 10, 15, and none. The parameters 
“max_depth” and “max_leaf_nodes” are important in controlling overfitting. The function “criterion” was used to 
measure the quality of a split; we tested with values ‘gini’ and ‘entropy’.  

Support Vector Machine (SVM) [61–67] is a machine learning method that utilizes support vectors to identify 
hyperplanes within a maximum margin. It is used for both regression and classification tasks. Support vectors are sets 
of data points contained within a margin to the hyperplane, and can influence the position and orientation of the 
hyperplane, which in turn can be used to classify or separate additional data points. C is an important hyperparameter 
that trades misclassification of training examples for simplicity of the decision surface. Smaller values of C result in a 
smoother decision surface, while larger values give the model greater freedom in selecting samples as support vectors. 
We tested values of C in the range 2-5, 2-3… 215. The parameter γ dictates how far the influence of a single training 
example can reach, which is defined as the inverse of the radius of influence of samples selected by the model as support 
vectors. Low values of γ indicate a “far” range of influence, while high values indicate a “close” range of influence. We 
tested values of γ in the range 2-15, 2-13… 23. 

Least Absolute Shrinkage and Selection Operator (LASSO) [68–71] is a regression-based classifier method 
capable of conducting variable selection and regularization in order to enhance prediction performance and control 
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overfitting. Alpha (α) is the sum of absolute values of coefficients, defines the trade-off between balancing residual sums 
of squares and magnitudes of coefficients. α can take various values that are greater than 0. We tested 400 evenly spaced 
α values on a logarithmic scale between 10-5 and 105 

K-Nearest Neighbor (KNN) [72–74] is a supervised machine learning method used for both classification and 
regression tasks. KNN predicts the class value of an incoming sample according to its k-nearest neighboring data points. 
It assumes that cases with similar covariate values are near to each other. The parameter “k_neighbors” defines the 
number of selected training samples close in distance to a query point used to predict the label of the query. We tested 
300 values in the range from 1 to 300. The parameter “weights” defines the weighting criteria used to assign a value to 
a query point. We tested both the two available values for weights, ‘uniform’ and ‘distance’. ‘Uniform’ assigns uniform 
weights to each neighbor. ‘Distance’ assigns weights to neighbors proportional to the inverse of the distance from the 
query point, with closer neighbors weighing more. The parameter “metric” is used to choose the method for calculating 
distance. We tested all available values: ‘euclidean’, ‘manhattan’, and ‘chebyshev’.  

Datasets 
The six PCP (PhysicoChemical Property) datasets were made available via a previous study [40]. As shown in Table 2, 
dataset 1 through 3 are balanced, because each of them contains the same numbers of positive and negative cases, while 
dataset 4 through 6 are imbalanced, because each of them contains different numbers of positive and negative cases. 
Moreover, datasets 1 and 6 are small-scale datasets, with fewer than a thousand cases each, and datasets 2 through 5 
are large-scale datasets with thousands of cases each. Each of the six datasets contains 531 features. 
 

Table 2. Case and Feature Counts of the Six Datasets 
 Total # of cases # Positive cases # Negative cases # Columns 

PCP-1 300 150 150 531 

PCP-2 6838 3419 3419 531 

PCP-3 12236 6118 6118 531 

PCP-4 4608 363 4345 531 

PCP-5 3651 131 3520 531 

PCP-6 676 37 639 531 

 

Performance metrics and 5-fold cross validation 
We performed grid search and recorded 64 different output values for each of the models trained. Contained within the 
output data is information about the computer system used, computation time, and measures for model performance. 
For a given binary diagnostic test, a receiver operator characteristic (ROC) curve plots the true positive rate against the 
false positive rate for all possible cutoff values. The area under curve (AUC) of an ROC measures the discrimination 
performance of a model [75]. We conducted 5-fold cross-validation to train and evaluate each model in a grid search. 
The entire dataset was split into a train-test set containing 80 percent of the cases and an independent validation set 
containing the remaining 20 percent. We then performed a 5-fold cross validation by evenly dividing the train-test set 
into 5 portions. The division was done mostly through random selection, making sure to keep approximately 20% of 
the positive cases and 20% of the negative cases within each portion to ensure a representative fraction of the dataset. 
Training and testing were repeated 5 times. Each time, a unique portion was used as the testing set to test the model 
learned from the training set, which combined the remaining four portions. The best performing model would be 
selected and reported by grid search based on the mean test AUCs resulting from 5-fold cross-validation.  
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RESULTS 
 

Table 3. The Validation AUCs of the Best-Performing Models Selected by Grid Search 
 CP 1 CP 2 CP 3 CP 4 CP 5 CP 6 verage 

B 758 619 659 653 686 549 654 
R 748 635 665 702 743 484 663 
T 684 623 651 655 644 637 649 
VM 726 674 713 725 658 770  711 
ASSO 751 636 665 697 735 488 662 
NN 738 647 678 624 597 744 671 
verage 734 639 672 676 677 612 668 
aximum 758 (NB) 674 (SVM) 713 (SVM) 725 (SVM) 743  

R) 
77 (SVM) 711 (SVM) 

 
As described previously, we conduct grid search with 5-fold cross-validation to identify the best-performing set of 
hyperparameter values based on the mean test AUCs. The best model would then be refitted from the entire train-test 
set using the best-performing set of hyperparameters values. The best model was validated and the validation AUCs 
were obtained using the remaining 20% of data, which were not used in the model training process. Table 3 shows the 
validation AUCs of the best performance models in ubiquitination sites prediction for each method for the six PCP 
datasets. Table 3 also contains the average and maximum AUCs of all methods for each of the six PCP datasets. The 
hyperparameter values of the best-performing models learned from six datasets are reported in Table 4.  

We compared our results obtained using grid search with some previously published results obtained without 
using grid search  [40]. Specifically, the previous search explored the feasibility of using machine learning methods to 
conduct ubiquitination sites prediction with the PCP datasets. During that research, four classic machine learning 
methods including NB, SVM, LR, and LASSO were tested with the six PCP datasets using default hyperparameter 
values. Table 5 shows the side-by-side comparison of our grid search result with the previously published non-grid 
search result that was obtained using the same method and same dataset. The percentage improvement of a grid search 
result upon the matching non-grid search result was also included in Table 5. We also included in Table 5 the average 
and maximum percentage AUC improvement of all datasets using grid search vs not using grid search for each of these 
four methods. 

To further compare the grid search and non-grid search results, we conducted a Wilcoxon rank sum test using 
the wilcox.test() function included in the R package. We conjectured that grid search can overall significantly improve 
the prediction performance of machine learning methods. For each machine learning method, we paired the grid search 
result with the matching non-grid result that was obtained using the same PCP dataset, and then conducted a pairwise 
right-tailed (greater) Wilcoxon test for the method. The statistical testing results are included in Table 6.  

Figure 1 contains a panel of six figures, one for each of the six PCP datasets. Each of these figures consists of the 
ROC curves of the best performance models, one for each of the six machine learning methods, and demonstrates a 
side-by-side performance comparison of the six methods. Figure 2 contains a panel of six boxplots, one for each of the 
six PCP datasets. We compared the mean test AUC values of all six methods side by side in these boxplots.  

Table 4. The Hyperparameter Values of the Best-Performing Models 

 
Table 5. Comparison of Grid Search Results to the Previously Published Non-Grid Search Results   

 Dataset 1 Dataset 2 Dataset 3 Dataset 4 Dataset 5 Dataset 6 

N
B 

{'priors': [0.6, 
0.4], 

'var_smoothing'
: 0.001} 

{'priors': [0.1, 
0.9], 

'var_smoothin
g': 0.01} 

{'priors': [0.9, 
0.1], 

'var_smoothing': 
0.0001} 

{'priors': [0.9, 
0.1], 

'var_smoothing': 
0.0001} 

{'priors': [0.1, 
0.9], 

'var_smoothin
g': 0.01} 

{'priors': [0.9, 0.1], 
'var_smoothing': 

1e-09} 
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AUCs Naïve bayes SVM LR LASSO 

D
at

as
et

 1
 Non-GS 0.529 0.66 0.724 0.693 

GS 0.758 0.726 0.748 0.751 

Percentage improvement 43.3% 10.0% 3.3% 8.4% 

D
at

as
et

 2
 Non-GS 0.533 0.604 0.641 0.604 

GS 0.619 0.674 0.635 0.636 

Percentage improvement 8.6% 11.6% -0.9% 5.3% 

D a t   Non-GS 0.514 0.61 0.648 0.613 

LR
 

{'C': 
0.001250230145

991456, 
'class_weight': 

'balanced', 
'penalty': 'l2', 
'solver': 'sag'} 

{'C': 
0.38484361094

87429, 
'class_weight': 

'balanced', 
'penalty': 'l2', 

'solver': 
'lbfgs'} 

{'C': 
0.0024620924014

946257, 
'class_weight': 

'balanced', 
'penalty': 'l2', 

'solver': 'newton-
cg'} 

{'C': 
0.0029619103297

725533, 
'class_weight': 

'balanced', 
'penalty': 'l2', 
'solver': 'sag'} 

{'C': 
111.3839826482

6183, 
'class_weight': 

'balanced', 
'penalty': 'l2', 
'solver': 'sag'} 

{'C': 
0.00015391855229

902055, 
'class_weight': 

'balanced', 
'penalty': 'l2', 
'solver': 'sag'} 

D
T 

{'class_weight': 
'balanced', 
'criterion': 
'entropy', 

'max_depth': 4, 
'max_features': 

'log2', 
'max_leaf_node

s': 10, 
'min_samples_s

plit': 0.2, 
'splitter': 
'random'} 

{'class_weight'
: 'balanced', 
'criterion': 

'gini', 
'max_depth': 

10, 
'max_features'

: 'auto', 
'max_leaf_nod

es': None, 
'min_samples

_split': 0.3, 
'splitter': 

'best'} 

{'class_weight': 
'balanced', 

'criterion': 'gini', 
'max_depth': 12, 
'max_features': 

'auto', 
'max_leaf_nodes'

: None, 
'min_samples_s

plit': 0.1, 
'splitter': 'best'} 

{'class_weight': 
None, 'criterion': 

'gini', 
'max_depth': 6, 
'max_features': 

'auto', 
'max_leaf_nodes'

: 7, 
'min_samples_s

plit': 0.1, 
'splitter': 
'random'} 

{'class_weight': 
'balanced', 
'criterion': 
'entropy', 

'max_depth': 2, 
'max_features': 

'auto', 
'max_leaf_nod

es': 7, 
'min_samples_

split': 0.3, 
'splitter': 'best'} 

{'class_weight': 
None, 'criterion': 

'gini', 
'max_depth': 2, 
'max_features': 

'log2', 
'max_leaf_nodes': 

7, 
'min_samples_spl
it': 1.0, 'splitter': 

'best'} 

SV
M

 

{'C': 0.125, 
'gamma': 

3.0517578125e-
05, 'kernel': 

'rbf'} 

{'C': 8, 
'gamma': 

3.0517578125e
-05, 'kernel': 

'rbf'} 

{'C': 32, 'gamma': 
3.0517578125e-

05, 'kernel': 'rbf'} 

{'C': 512, 
'gamma': 

3.0517578125e-
05, 'kernel': 

'linear'} 

{'C': 0.5, 
'gamma': 

3.0517578125e-
05, 'kernel': 

'linear'} 

{'C': 0.5, 'gamma': 
0.5, 'kernel': 
'sigmoid'} 

LA
SS

O
 {'C': 

0.015239032437
388288, 'solver': 

'liblinear'} 

{'C': 
0.30634834526
96084, 'solver': 

'liblinear'} 

{'C': 
0.1720239724793

599, 'solver': 
'liblinear'} 

{'C': 
21.920584507173

235, 'solver': 
'saga'} 

{'C': 
0.096596725800
93832, 'solver': 

'liblinear'} 

{'C': 
0.00381464066443

1178, 'solver': 
'saga'} 

K
N

N
 

{'algorithm': 
'auto', 

'leaf_size': 10, 
'metric': 

'manhattan', 
'n_neighbors': 
69, 'weights': 

'uniform'} 

{'algorithm': 
'ball_tree', 

'leaf_size': 10, 
'metric': 

'manhattan', 
'n_neighbors': 
91, 'weights': 

'uniform'} 

{'algorithm': 
'auto', 'leaf_size': 

10, 'metric': 
'manhattan', 

'n_neighbors': 
67, 'weights': 

'uniform'} 

{'algorithm': 
'kd_tree', 

'leaf_size': 26, 
'metric': 

'chebyshev', 
'n_neighbors': 
99, 'weights': 

'uniform'} 

{'algorithm': 
'kd_tree', 

'leaf_size': 22, 
'metric': 

'euclidean', 
'n_neighbors': 
98, 'weights': 

'uniform'} 

{'algorithm': 
'auto', 'leaf_size': 

10, 'metric': 
'chebyshev', 

'n_neighbors': 61, 
'weights': 
'uniform'} 
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GS 0.659 0.713 0.665 0.665 

Percentage improvement 28.2% 16.9% 2.6% 8.5% 

D
at

as
et

 4
 Non-GS 0.604 0.667 0.72 0.5 

GS 0.653 0.725 0.702 0.697 

Percentage improvement 8.1% 8.5% -2.5% 39.4% 

D
at

as
et

 5
 Non-GS 0.551 0.676 0.724 0.5 

GS 0.686 0.658 0.743 0.735 

Percentage improvement 24.5% -2.7% 2.6% 47.0% 

D
at

as
et

 6
 Non-GS 0.513 0.576 0.555 0.5 

GS 0.549 0.770 0.484 0.488 

Percentage improvement 7.0% 33.7% -12.8% -2.4% 

Average percentage improvement 
over all datasets 

19.95% 13.00% -1.28% 17.70% 

Max percentage improvement over 
all datasets 

43.30% (Dataset 
1) 

33.70% (Dataset 
6) 

3.30% 
 (Dataset 1) 

47.00% (Dataset 
5) 

 
 
 
 
 
 
 
 

Table 6. Comparison of Grid Search and Non-Grid Search Results 

X, Y (X greater than Y) W p-value 95 % CI 

GS, Non-GS NB 35 0.0022 [0.051, Inf] 

GS, Non-GS SVM 30 0.0325 [ 0.014, Inf] 

GS, Non-GS LR 22.5 0.2602 [-0.08196, Inf] 

GS, Non-GS LASSO 31 0.0219 [ 0.03299, Inf] 
 

Figure 1. ROC Curves of Different Best Models Selected by Grid Search 
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Figure 2. Mean Test AUCs of All Methods for Each of the Datasets

 
We compared per each dataset the average AUCs of all methods obtained in this research and the average 

AUCs of all methods previously published to get an idea of the overall prediction performance improvement from the 
perspective of datasets. A detailed comparison is shown in Table 7 and by the bar chart in Figure 3. In Table 7, we 
included both the average AUCs values, and the percentage AUC increase of the current study from the previously 
published research. In Figure 3, the orange bars represent the average AUCs of all methods for a dataset obtained in 
this research by doing grid search, and the blue bars represents the average AUCs of all methods for the same dataset, 
which were previously published.  

 
Table 7. Average AUCs of This Study vs. Previously Published of Each Dataset 

 PCP 1 PCP 2 PCP 3 PCP 4 PCP 5 PCP 6 
Average 
Previous 0.628 0.591 0.591 0.626 0.604 0.542 
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Average 
Current  0.734 0.639 0.672 0.676 0.677 0.612 

Percentage 
Increase 17.0% 8.1% 13.8% 7.9% 12.0% 12.8 

 
 

Figure 3. Average AUC per Dataset in This Study vs. the Previous Study 

 
 
In order to understand the potential effects of data imbalance on prediction performance, we separated the six 

PCP datasets into two groups, the balanced group and imbalanced group. As shown in Table 2, PCP-1, PCP-2, and PCP-
3 are in the balanced group, and PCP-4, PCP-5, and PCP-6 are among the imbalanced group. Using Table 8 together 
with a bar graph as shown in Figure 4, we compare the performance of the two groups side by side in terms of the 
validation AUC of the best model of each of the six machine learning methods. We also included the percentage AUC 
improvement of the balanced group relative to the imbalanced group in Table 8. 

 
Table 8. Average AUCs of Balanced vs. Imbalanced Datasets 

 NB LR DT SVM LASSO KNN Average 
Balanced 0.679 0.683 0.653 0.704 0.684 0.688 0.682 

Imbalanced 0.629 0.643 0.645 0.718 0.64 0.655 0.655 
Percentage 

Increase -7.3% -5.8% -1.1% 1.9% -6.4% -4.8% -3.9% 
 

Figure 4. Performance Comparison of Balanced vs. Imbalanced Datasets 
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We also separated the six PCP datasets into a large-scale group and a small-scale group based on the number 

of cases contained in a data set. Based on Table 2, PCP-2, PCP-3, PCP-4, and PCP-5 fall into the large-scale group, and 
each of them contains more than 3000 cases. PCP-1 and PCP-6 are in the small-scale group, and they each contains only 
a few hundreds of cases. We compare the two groups side by side, in terms of the validation AUC of the best model of 
each of the six machine learning methods, using a bar graph in Figure 5 and Table 9. We included the percentage AUC 
improvement of the large-scale group over the small-scale group in Table 8. We analyzed experiment time per method 
per dataset, number of models trained, and total experiment time and the summary data are shown in Table 10. 
 

Table 9. Average AUCs of Large-scale vs. Small-scale Datasets 
 NB LR DT SVM LASSO KNN Average 

Small-
scale 0.654 0.616 0.6605 0.748 0.6195 0.741 0.67308333 

Large-
scale 0.654 0.68625 0.64325 0.6925 0.68325 0.637 0.666 

Percentage 
Increase 0.1% 11.4% -2.6% -7.4% 10.3% -14.1% -1.1% 

 
 
 
 

Figure 5. Performance Comparison of Large-Scale and Small-Scale Datasets. 
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Table 10. Experiment Time Per Method Per Dataset, Number of Models Trained, and Total Experiment Time 
(seconds) 

 NB LR DT SVM LASSO KNN 
Dataset 1  0.003 0.119 0.004 14.543 0.392 0.049 
Dataset 2  0.103 3.092 0.057 177.097 22.607 13.330 

Dataset 3  0.204 5.582 0.118 494.286 31.800 40.034 

Dataset 4  0.075 1.943 0.052 39.451 1.976 9.214 

Dataset 5  0.058 1.627 0.038 30.822 1.518 5.737 

Dataset 6  0.008 0.241 0.010 10.620 0.309 0.041 
# of Models 

Trained 2430 153000 345600 9900 24000 576000 

Total Time 
(days) 0.002 3.720 0.185 14.644 2.713 76.000 

 

DISCUSSION  
 
As Shown in Table 3 and Figure 1, the highest validation AUC we obtained using grid search in this study was 0.77, 
and this was achieved by SVM when learning from dataset PCP-6. This is impressive because PCP-6 was the 
performance “bottleneck,” and ranked the lowest at an averaged AUC of 0.54 among all six datasets in our previous 
study that did not conduct grid search [40]. SVM with grid search also brings the best performing models out of all six 
methods for datasets PCP-2, PCP-3, and PCP-4. Furthermore, SVM ranks number 1 among all methods in terms of the 
average AUC of all datasets as shown in Table 3 Column 8. Table 5 shows that SVM is indeed one of the methods that 
benefits greatly from grid search, with 13% averaged performance improvement and 33% maximum performance 
improvement among all datasets, when compared to its non-grid search results that were previously published. Note 
that all four best-performing SVM models have overall different hyperparameter settings based on Table 4. For example, 
the best-performing model for PCP-6 is a SVM model that uses the sigmoid kernel, the best-performing model for PCP-
4 is a SVM model that uses the linear kernel, while the best-performing models for PCP-2 and PCP-3 are two SVM 
models that uses the rbf kernel but different ‘C’ values. This indicates that there is not a unique optimal hyperparameter 
setting that fits all datasets, which reflects further the importance of hyperparameter tunning with grid search to identify 
the best hyperparameter setting for each dataset.  

Preprints (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 29 June 2022                   doi:10.20944/preprints202206.0397.v1

https://doi.org/10.20944/preprints202206.0397.v1


 13 of 18 
 

 

Table 3 also shows that the second highest validation AUC (0.758) was achieved by a NB model resulting from 
grid search, trained from dataset PCP-1. Table 5 shows that NB on average benefits the most from grid search among 
all machine learning methods, with 19% average performance improvement of all datasets and 43.3% maximum 
performance improvement on dataset PCP-1, when compared to its non-grid search results that were previously 
published.   

As shown in Table 5, LASSO also benefits greatly from grid search, ranking number one in terms of maximum 
percentage improvement (47% on dataset 5) and number two in terms of average percentage improvement (17.7% of 
all datasets). Note that in the previous study [40] LASSO performed very poorly on the three imbalanced datasets, 
which are PCP-4, PCP-5, and PCP-6, with an averaged AUC of 0.5 over these three datasets.  By incorporating grid 
search in this study, the average AUC of LASSO over the three imbalanced datasets is increased 28% to arrive at 0.64.   

According to Table 5, LR is the method that benefits from grid search the least, with its 3% maximum AUC 
improvement on PCP-1 and 1.28% decreased average AUC of all datasets. The possible reasons for this are 1) the default 
hyperparameters values for LR used in the previous study happened to be the best or near the best values; and 2) the 
hyperparameters of LR are not as sensitive to tuning as the ones of some other methods such as NB and LASSO.  

Our statistical testing results as shown in Table 6 are consistent with the percentage improvement results shown 
in Table 5. They further demonstrate that grid search has significantly (at alpha=0.05) improved the prediction 
performance for three out of the four methods, namely NB, LASSO, and SVM, with p-values of 0.0022, 0.0219, and 
0.0325 respectively. In this study, we also included DT and KNN, which are two widely used prediction methods. Since 
these two methods were not included in the previous study, they are not included in Table 5 and 6 which compare the 
current study and the previous study. However, as shown in Table 3, the average grid search results of these two 
methods are in line with the other four methods. Out of all six methods, KNN ranks number two in terms of the average 
AUC of all datasets. Although DT ranks at the bottom of the list, its average AUC (0.649) of all datasets is not too far off 
the overall average AUC (0.668) of all datasets and all methods, which can be obtained based on Table 3.  

As Figure 2 shows, some methods can provide stable results regardless of what hyperparameters are used. For 
example, NB’s interquartile ranges of 6 datasets are all very small, which means all results remain in a small range. 
However, SVM’s interquartile ranges are the largest, from Figure 2, it ranges from 0.5 to almost the top. One interesting 
thing is that, although SVM is not stable for different parameters tested during training, it can provide good results on 
each dataset, as the maximum of the boxplot can almost reach the top. 

 From the perspective of the datasets, the best performer for PCP-1 is NB; the best performer for PCP-2, PCP-3, 
PCP-4, and PCP-6 is SVM; the best performer for PCP-5 is LR. This indicates that there is not a single method that 
performs the best for all datasets. Also, from the perspective of the datasets, we compare the average AUC of all methods 
for each dataset obtained in this study with the matching result of the previous study via Table 7 and Figure 3. We find 
that the overall performance of every PCP dataset has been significantly improved in this study, with the AUC increase 
ranging from 7.9% (PCP-4) to 17.0% (PCP-1).  

 It has been reported that data imbalance may have negative effect on prediction performance [76]. Due to this 
reason, we compare the AUCs of the three balanced datasets with the AUCs of the three imbalanced datasets side by 
side using a bar chart in figure 4. We also compare the average AUCs of all balanced vs all imbalanced data among all 
methods in Table 8. Our results overall substantiated the previous report but with some exceptions. We see from Table 
8 that the data imbalance affects the prediction performance of each method somewhat differently. It negatively affected 
the performance of NB the most since the average AUC of all imbalanced data for NB is 7.2% lower than that of all 
balanced datasets. LASSO, LR and KNN are the next three methods following NB that are negatively affected by data 
imbalance, with an average AUC decrease of 6.9%, 6.2%, and 4.8% each respectively all imbalanced vs all balanced. DT 
is also affected negatively but only slightly. Interestingly, SVM seems to be affected positively by data imbalance, 
because its average AUC of all imbalanced datasets ends up 1.9% higher than that of all balanced datasets.  Figure 4 
shows a “dent” by PCP-6 on the imbalanced side, indicating that some of lowest AUCs occurred here. Although PCP-
4, PCP-5, and PCP-6 are all imbalanced datasets, PCP-6 contains the least number of positive cases among all three. 
PCP-4 and PCP-5 each has more than 100 positive cases, but PCP-6 only has 37. This may have contributed to the 
performance drop of some of the methods including NB, LR, and LASSO when dealing with PCP-6.  In the meantime, 
we notice from Figure 4 that SVM, KNN, and DT all performed very well with PCP-6, and this may indicate that these 
three methods are good in handling an imbalanced dataset that has a very low number of minor cases.  
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With Figure 5 and Table 9, we compare the average AUC of all large-scale datasets with that of all small-scale 
datasets for each method. We find that LR (11.4%) and LASSO (10.3%) benefit greatly from large-scale dataset, while 
KNN (-14.1%), SVM (-7.4%), and DT (-2.6%) are negatively affected by large-scale datasets, indicating that they can do 
better with small-scale datasets.  NB (0.1%) is most insensitive to the size of a dataset. Figure 5 shows the curve on the 
large-scale side is overall smoother than that on the small-scale side, which may indicate that most of the methods 
handle the large-scale datasets more consistently than they do with the small-scale datasets. 

We recorded the running time that it takes to train and fit a model when doing 5-fold cross-validation in grid 
search and computed the overall running time. As shown in Table 10, NB and DT are the two fastest methods among 
the six methods. In terms of the total running time, SVM and KNN are the slowest methods conducting grid search. 
They took weeks to finish all grid searches, which are time-consuming tasks. Grid search can help identify an 
outperforming model, but it can be costly in terms of computation time for some methods. 
 

CONCLUSIONS 
 
From the perspective of dataset, we find that the overall performance of every PCP dataset has been significantly 
improved in this study comparing to the previous study, with the increase of the average AUC of all six datasets ranging 
from 7.9% (PCP-4) up to 17.0% (PCP-1). From the perspective of method, we find that three out of four methods 
significantly benefit from grid search comparing to their previously published non-grid search results, with the 
maximum AUC improvement as high as 47% (LASSO on Dataset PCP-5), 43.3% (NB on PCP-1), and 33.7% (SVM on 
PCP-6). SVM overall ranks number one and followed by KNN as the number two performer based on their average 
AUCs of all datasets. But these two also ranked the top two (KNN 76 days and SVM 15 days) in terms of the total 
running time that they need to do grid search. We also find that SVM, KNN, and DT tend to handle small-scale and 
imbalanced datasets better, while LR, and LASSO are doing well with large-scale and balanced dataset. NB is more 
sensitive to data imbalance while less sensitive to the size of a dataset.  

Finally, the performance of a method is closely related to its hyperparameter setting and the type of data it 
handles. Even though SVM is on average an outperformer, none of the methods can provide the best performance for 
all datasets. When computing resource is well accessible, grid search is an effective way to identify both a top 
performing model for a machine learning method and a suitable machine learning method for a particular dataset. 
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