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Abstract 
Machine learning based predictive models are playing a vital role in every domain; however, to get the 
best performance of any model, hyperparameters of the underlying algorithm need to be fine-tuned. 
Tuning these hyperparameters is an extensive task in terms of resources and time. In this study, we tried 
to generalize the hyperparameters of the Multiple Logistic Regression model using the iterative method 
applied on multiple datasets to obtain the best hyperparameters values. In most cases, Newton-cg was 
found as the best solver with ridge regression. LBFGS and Liblinear were found suitable for a few 
datasets with L2 regularization irrespective of the linear separability of the data. This work gives the 
behavioral analysis of hyperparameters of the underlying dataset with respect to Multiple Logistic 
Regression Classification. It will help the researchers to come up with a more robust generalized tool for 
fine-tuning of hyperparameters to save the resources. 

Keywords: Multiple Logistic Regression, Hyper-parameters, Regularization. 

1. Introduction 

Machine learning approaches are being applied in each domain to harness the power of vast amounts of data 
availability. Predictive model is one of the applications of machine learning which is being applied in a variety 
of domains. In predictive modelling, the model is trained using historical data and based on this learning, it is 
capable of predicting the target values for new data.  

 In our previous work, we proposed a predictive model to predict the accuracy of the Point of interest (POI) 
data collected through crowdsourcing [Sharma, et al. (2021)]. This model is based on the Multiple Logistic 
Regression model which was further fine-tuned to get the best performance after tweaking the hyper-parameters. 
From data collection to fine tuning of the model, is achieved using various stages given in Fig. 1. 

 

 
 

Fig. 1. This figure represents the Predictive Model Building Process 
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Suitable data is necessary to train the model hence data pre-processing techniques are applied to make the 
data appropriate for training purposes. Once the dataset is available, various machine learning algorithms are 
applied to get the best model. After selecting the best model, it further fine-tuned for the best values of hyper 
parameters to get the excellent performance of the model.  

There is no perfect rule available to choose the suitable values for these hyper-parameters (HP). In this 
study, we tried to come up with the general guidelines which can be referred to quickly as the reference guide to 
choose suitable tuning parameters’ values for the respective model. This study will help to develop an 
automated tool to provide the best possible values for HP specifically for Multiple logistic Regression (MLR). 
Main objectives of the paper are given below: 

(1) Analyze the relationship between HP of the model and the underlying dataset. 

(2) Developing the generic guidelines to choose the suitable values of the HP for MLR Classifier. 

In this study, our focus is to analyze the HP values obtained for various domains and datasets used for MLR 
classification tasks. This paper is organized in five sections. Section I gives the brief idea about the purpose of 
the study including the model building process. Section 2, elaborate the MLR and its hyper parameters. Then we 
discuss the previous work done in this direction in Section 3. Section 4 is presenting the details of experimental 
setup and the execution outcomes. Finally, we conclude in section 5. 

2. Multiple Logistic Regression 

Multiple Logistic Regression (MLR) is a supervised learning algorithm used to classify the target values using 
the sigmoid function applied on the input feature. This sigmoid function generates the probability to make the 
classification decision. The MLR algorithm is mainly available for binary classification however using one v/s 
one and one v/s rest, it can be modified for multiclass classification problems as well. This modified version is 
based on the SoftMax formula for a better approximation of the expected target class. Mathematical concept of 
the model is based on the linear regression equation as given below: 
 

                    (1) 
 

Where  is the dependent variable and , ,….  are explanatory variables. A sigmoid function is 
applied to get the probability of predicted class which is given as  

                                                                      (2) 

 is the intercept or bias and  are the coefficients which are estimated using maximum likelihood 
method. There is a loss function which expresses how closely the classifier produces the target label to the 
actual output. Our objective is to minimize the loss function or deviation in expected and the actual output. The 
classification outcome may suffer from overfitting if the features are perfectly fit which can increase the value 
of corresponding coefficient. To avoid the overfitting, regularization is added to the objective function which 
will penalize the large weights. There are three types of regularization used: L1 (aka Lasso), L2 (aka Ridge) and 
Elastic net. In case of L1 regularization, the scaled sum of the absolute values of coefficient is used whereas in 
case of L2, scaled sum of the square of the coefficient is used. Elastic net is the linear combination of Lasso and 
Ridge. A mathematical model called solver is involved to minimize the loss function with a combination of 
regularization. These solvers are Newton-cg, Liblinear, LBFGS, SAG and SAGA. Each one has its own merits 
and demerits such as Newton-cg uses the first and second order derivatives which makes it computationally 
expensive but works for nonlinear classification. Lib-linear is a linear classification which uses coordinate 
descendent algorithm by successively performing approximate minimization along coordinate direction. 
Limited-memory Broyden–Fletcher–Goldfarb–Shanno Algorithm (LBFGS), as the name suggests, works on the 
limited memory by storing few vectors that represent the approximation implicitly by using an inverse Hessian 
matrix. Stochastic Average Gradient (SAG) optimizes the sum of smooth convex functions but it supports only 
L2 penalty. SAGA is a variant of SAG for non-smooth penalties. Inverse of the solver is set as C parameters. 
While doing the fine tuning, essentially one need to find the optimal values for all these parameters. 
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3. Related Work 

In this paper, we analyze the HP values for the MLR algorithm used in classification work. It is important to 
analyze the importance of HP and the existing methods of tuning the HP. 
 

3.1.  Importance of HP tuning 

Many researchers shed light on the importance of the HP tuning for performance improvement. Authors 
compared the performance results before fine tuning and after fine tuning. They observed the best result after 
applying HP tuning on various Machine learning algorithms, mainly Decision Tree, K-Nearest Neighbors and 
Support Vector Machine. In case of ensemble machine learning approaches, researchers found that tuning of HP 
greatly improved the performance of the model [Wong, et al. (2019)]. They proved it using a case study where a 
tuned model performed better. In another study, authors used 38 datasets and performed the study on six 
common machine learning algorithms to understand the importance of HP tuning [Probst, et al. (2018)]. They 
worked mainly on binary classification using elastic net, decision tree, KNN, SVM, random forest and XG-
Boost.  Researchers suggested a methodology to show the importance of HP tuning based on non-inferiority 
tests and tuning risk [Weerts, et al. (2020)]. They used 59 different data sets from open ml-cc18suite and applied 
SVM and random forest to study the HP tuning. In the Natural Language Processing domain also, authors found 
that fine tuning of HP increased the performance of the model [Rijin and Hutter (2020)]. They used 100 dataset 
and applied Random Forest and AdaBoost to show the importance of fine tuning of HP. 

3.2.  Fine tuning methods 

Many researchers experimented to find the best method for fine tuning of HP. They explored grid search, 
random search, Bayesian optimization, particle swarm optimization and genetic algorithms on different machine 
learning algorithms namely Logistic Regression, Ridge classification, Support vector machine classification, 
Decision tree Random Forest and Naïve Bayes classification [Elgeldawi et al.(2021)]. Result showed the same 
HP values obtained using Grid, random and Bayesian for logistic regression while PSA and Genetic algorithm 
gives different values. They also claimed that grid, random and Bayesian gives higher accuracy. Research is 
going on to obtain the automated HP tuning method and so far, it is not optimized. Authors suggested the 
automated Machine Learning based HP optimization technique but it has a limitation to handle the changeable 
parameters during the training process [Wen, et al.(2020)]. Grid search method was found to be a more effective 
way for fine tuning of HP [Hossain, et al.(2021)]. Each method has its pros and cons such as the Grid search. 
All possible combinations need to be tried in case of grid search which makes it very expensive in terms of time 
and resources. TPOT and HPOT methods are also tried but these are suitable for regression not for classification 
tasks [S. Lankford (2020)].  

From the literature review, it is observed that there is not much work done in obtaining an automated tool for 
HP tuning specifically for MLR. MLR is a basic algorithm which is a best choice for some datasets as we have 
seen in the case of predictive modeling of POI data verification. Therefore, we propose a detailed analysis on 
the values of HP which gives best results in case of MLR. Here we opted for a grid search method to obtain the 
best values of HP. Proposed work is significant to understand the pattern of HP values for various dataset w.r.t 
different statistical data properties. This work sheds the light for building an automated fine-tuning tool for 
MLR.  

4. Experimental Setup and Execution Outcomes 

To develop an automated tool for HP tuning, it is important to know the behavior of these parameters w.r.t 
different kinds of data sets. There are various fine-tuning methods available like manual search, Grid search, 
cross validation, Bayesian method ANN method etc. Manual search is the simplest process where the parameter 
values are provided based on the experiment. After that, analyze the obtained results and then repeat until we get 
the satisfactory results. In random search, a cross validation method is adopted where the training set is divided 
into several partitions to avoid the overfitting. Set of hyper-parameters were passed while applying the random 
search cross validation to get the best suitable parameters. Automated searching of the best hyper-parameters 
can be done using Bayesian Optimization or Genetic Algorithms. Bayesian optimization works to minimize the 
loss function using previous iteration’s output whereas the genetic algorithm applies a natural selection method 
to get the best possible value. In the grid Search method, a grid is prepared using all possible combinations of 
the parameters.  Grid search is slower than the other methods but it is more effective as all possible 
combinations can be tried. In this paper, we adopted the Grid search method for finding best values for the 
hyper-parameters for entirety. Automated methods are still under progress for Multiple logistic regression-based 
models. Dataset used for this study are explained in following subsections. 
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4.1. Datasets 

As mentioned earlier, this work is the extension of the predictive model building to verify POI data collected 
via crowdsourcing on map portals [Sharma, et.al (2021)]. Prepared POI data set has four different classes with 
eight independent variables and it is referred here as “POI main” dataset. During the model building, Multiple 
Logistic Regression (MLR) was found as the best choice with the HP tuning as 100, L2 and Newton-cg for 
solver strength, penalty and solver choice respectively. To understand the behavior of MLR on different datasets 
with respect to the HP value, 15 different datasets including “POI main” were explored thoroughly as shown in 
Table 1. These datasets are available in UCI machine learning repository under classification category. Main 
characteristics of the dataset considered for proposed study are given below: 

(1) Data Set size 
(2) Binary vs. Multi class 
(3) Balance vs. Imbalance data set 
(4) Multicollinearity in independent variables 

Mnemonics (used to save the space in the document), number of classes, class distribution, total number of 
instances and the presence of multicollinearity of all these datasets are presented in Table 1. Various domain’s 
datasets having diversity in number of instances, number of classes, imbalance factor, multicollinearity factors 
were included to make the study robust. 

 
Sr. No. Dataset Mnemonic Number of 

Classes 
Class Distribution Number Of 

Instances 
Multicollinearity 

(VIF>5) 
1 Abalone  AB 29 Imbalance 4,177 Yes 
2 Accelerometer  ACC 3 Balance 153,000 NO 
3 Bupa  BU 2 Imbalance 345 Yes 
4 Car evaluation  CA 4 Imbalance 1,728 Yes 
5 Contraceptive method choice CMC 3 Imbalance 1,473 Yes 
6 Crowd sourced mapping CPOI 6 Imbalance 10,846 Yes 
7 E. Coli Genes  EC 8 Imbalance 336 Yes 
8 Glass Identification GL 7 Imbalance 214 Yes 
9 Healthy Older people  HOP 4 Imbalance 26,501 Yes 
10 IRIS  IR 3 Balance 150 Yes 
11 Localization  LO 11 Imbalance 164,860 Yes 
12 Mammograph  ME 2 Balance 830 Yes 
13 POI Main  MPOI 4 Imbalance 612 NO 
14 Teaching Assistant Evaluation  TA 3 Balance 150 Yes 
15 Yeast YE 10 Imbalance 1,484 Yes 

Table 1. Details of all fifteen datasets considered for proposed study  

 

4.2. Process Adopted 

Multiple execution of model building and fine tuning was done for studying the impact of various factors as 
shown in Fig. 2. Model building steps remain the same in each iteration like analyzing the dataset, data cleaning, 
model building and fine tuning of the model. 
 

 
Fig. 2.  This figure represents the Iterative Process applied for proposed study 
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Study was done in four iterations where in iteration 1, impact of dataset size was studied, imbalance versus 
balance class effect was studied in iteration 2, multi class v/s binary class impact on HP were studied in iteration 
3 and lastly the multicollinearity relationship was analyzed in iteration 4. Observations are discussed in 
following section. 

4.3. Execution Outcome 

To check the impact of various factors, model building and HP tuning is done in various iterations and 
results of these iterations shown in following subsections. Experiment is done using Scikit- learn library of 
Python 3 on Intel(R) Core (TM) i7-7700HQ CPU @ 2.80GHz machine with 16 GB RAM. 

4.3.1.  Model building with original datasets 

Initially the model building along with HP tuning was done for each dataset using the process explained earlier. 
HP values to get the best accuracy of the respective model on the dataset is given in Table 2.  

 
Sr. No. Dataset Regularization Solver C Value 

1 AB L2 Newton-cg 1 
2 ACC L2 Liblinear 0.00001 
3 BU L2 Liblinear 0.00001 
4 CA L2 LBFGS 100 
5 CMC L2 Newton-cg 0.1 
6 CPOI None Newton-cg 0.00001 
7 EC L2 Newton-cg 10 
8 GL L2 Newton-cg 10 
9 HOP None Newton-cg 0.0001 
10 IR None Newton-cg 0.0001 
11 LO L2 Liblinear 0.001 
12 ME L2 LBFGS 10 
13 POI Main L2 Newton-cg 100 
14 Teaching Assistant Evaluation  L2 Liblinear 100 
15 Yeast L2 LBFGS 10 

Table 2.  HP values for maximum accuracy on the given dataset. 

HP related to MLR, such as regularization, Solver, and C value, were considered to get the best performance. As 
shown in above table, for most of the datasets, Ridge regularization gives the best performance. Newton-cg and 
LBFGS give the best performance as a solver but for a few cases, Liblinear is better. As per the documentation 
of Scikit- learn, Liblinear is used in the case of linearly separable data and the Newton-cg is selected for the 
non-linearly separable data. But it doesn’t perfectly fit with the experimental results given above, where BU and 
TA data are non-linearly separable. To get the in-depth relationship between data and the HP values, these 
datasets were tweaked for various descriptive statistical characteristics, which are presented in the following 
subsections. 

4.3.2.  Data size Impact 

To check the impact of data size on the HP values, datasets were grouped according to size like BU, EC, GL, 
IR, TA has the instances under 500 as shown in Table 3. HP values for these datasets were not similar. The 
solver choice is Newton-cg for all apart from the BU and TA. These two datasets have very few classes as 
compared to others. The regularization scheme is also the same for most of the datasets in this group but the C 
value varied. The largest group is the third one where instances are between 1000 to 5000. In this group, AB and 
CMC show the same solver choice whereas CA and YE went with LBFGS. Regularization is the same for each 
case but the C value differs. CA, CMC, and YE have almost the same data size whereas AB is on the higher 
side. AB and YE have a large number of classes in the target.  
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Sr. No. Dataset C-Value  Solver Regularization 

#Instance 
less than 
500 

BU, EC, GL, IR, TA 0.001,10,10, 
0.00001,100 

Liblinear, 
Newton-cg, 
Newton-cg, 
Newton-cg, 
Liblinear  

L2, L2, L2, None, 
L2 

#Instance 
500-1000 

ME, MPOI  10,100 LBFGS, 
Newton-cg 

L2 for all 

#Instance 
1000-
5000 

AB, CA, CMC, YE 1, 100, 0.1, 10 Newton-cg, 
LBFGS, 
Newton-cg, 
LBFGS 

L2 for all 

#Instance 
5000-
50000 

CPOI, HOP 0.00001, 
0.0001 

Newton-cg 
for both 

None for both 

#Instance 
50000-
1,00,000 

ACC (after slicing the data to 
consider only 99000) 

0.00001 Newton-cg L2 

#Instance 
1,00,000-
2,00,000 

ACC, LO 0.00001, 0.001 Liblinear L2 for both 

Table 3.  Groupwise HP values for different datasets. 

 
HP Values for Actual Size Datasets HP Values for Reduced Size Datasets 

Dataset 
(Actual Size) 

Regularization Solver C 
Value 

Dataset 
(Reduced 

Size) 

Regularization Solver C 
Value 

AB1 (4177) L2 Newton-cg 1 AB2 (1948) L2 Newton-cg 10 
ACC1(153000) L2 Liblinear 0.00001 ACC2(99000) L2 Newton-cg 0.00001 
BU1(345) L2 Liblinear 0.001 BU2(290) L1 Liblinear 0.01 
CM1(1473) L2 Newton-cg 0.1 CM2(999) L2 SAG 0.01 
CSPOI1(10846) None Newton-cg 0.00001 CSPOI2(3000) L2 Newton-cg 0.0001
GL1(214) L2 Newton-cg 100 GL1(141) L2 LBFGS 1 
HOP1(26501) None Newton-cg 0.0001 HOP2(1946) L2 Newton-cg 1 
LO1(164860) L1 Liblinear 0.01 LO2(44660) L2 Liblinear 1 
MPOI1(600) L2 Newton-cg 100 MPOI2(400) L2 Newton-cg 100 
Y1(1484) L2 LBFGS 10 Y2(648) L2 Newton-cg 1 

                             Table 4. Hyper-Parameters values for maximum accuracy on the given dataset (Actual vs. Reduced data size) 

To understand the behavior, further we decided to divide the same dataset and obtained the HP values as shown 
in Table 4. The original dataset is named with suffix 1 and the reduced dataset is shown with suffix 2.  It is 
observed that for some of the datasets, HP values were changed from the previous execution but for MPOI, no 
change was observed. Apart from MPOI, at least one parameter is getting changed for the altered datasets which 
are shown in bold in the above table. Solver value got changed for reduced dataset ACC2, GL2, and YE2 due to 
removal of minority classes while reducing the instances.  

4.3.3.  Minority Class Impact 

All the classes have the same number of instances, then it is said to be a balanced class dataset. ACC, IR, ME, 
and TA are the balanced class datasets. HP values for these datasets are shown in Table 5. 

Sr. No. Dataset Regularization Solver C-Value 
1 ACC L2 Liblinear 0.00001 
2 IR None Newton-cg 0.00001 
3 ME L2 LBFGS 10 
4 TA L2 Liblinear 100 

Table 5.  HP values for the datasets with balanced classes 

Ridge regularization is obtained as the best for all, except for IR but the other parameters are different in all 
cases. To check the effect on the same datasets, we have removed the minority classes from a few datasets and 
built the model to obtain the HP values for the best accuracy. Results are shown in Table 6.  
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(Unequal Distribution) (Equal Distribution) 
Dataset  Regularization Solver C 

Value 
Dataset  Regularization Solver C 

Value 
BU1 L2 Liblinear 0.001 BU3 L1 Liblinear 0.01 
CM1 L2 Newton-cg 0.1 CM3 L2 LBFGS 0.01 
CSPOI1 None Newton-cg 0.0001 CSPOI3 L2 Newton-cg 0.0001 
GL1 L2 Newton-cg 100 GL3                    L2 LBFGS 1 
HOP1 None Newton-cg 0.0001 HOP3 L2 Newton-cg 1 
LO1 L1 Liblinear 0.01 LO3 L2 LBFGS 1 
MPOI1 L2 Newton-cg 100 MPOI3 L2 Newton-cg 100 
Y1 L2 LBFGS 10 Y3 L2 Newton-cg 1 

                    Table 6. Hyper-Parameters values for maximum accuracy on the given dataset (Imbalance vs. Balance distribution) 

At least one of the parameter’s values got changed with the change in distribution of the classes in the target 
variable. It is observed that Newton-cg was the dominant solver in case of uneven distribution of classes but it 
got changed if the dataset was converted into a binary classification dataset after removing the minority class. 
Regularization choice is L2 in case of balance class provided the number of instances remains not very less as 
compared to the previous one. BU1 and BU3 both are binary classification datasets but vary in a number of 
instances. In this scenario, Regularization and solver strength got changed but the Solver choice remained the 
same. 

4.3.3. Impact of VIF values: 

 Variance Inflation Factor (VIF) is the measure of multicollinearity between independent variables. 
Multicollinearity should not be present in the dataset to apply the MLR, hence the lesser value of VIF is 
desirable.  

 
VIF range Dataset Regularization Solver C Value 

VIF>10 
HOP1 None Newton-cg 0.0001 
CSPOI1 None Newton-cg 0.0001 

VIF<=10 (after features elimination) 
HOP4 None Newton-cg 0.0001 
CSPOI4 L2 Newton-cg 0.0001 
LO1 L1 Liblinear 0.01 

VIF<5 (after features elimination) ACC L2 Newton-cg 0.0001 
CSPOI5 L2 Newton-cg 0.0001 
HOP5 L2  Newton-cg 100 
LO2 L2 Liblinear 10 
MPOI L2 Newton-cg 100 

Table 7. Grouping of datasets based on VIF value and their HP values 

It is difficult to find many datasets with less VIF value. To understand its impact, we reduced the independent 
variables in some of the datasets and built the model again along with the HP tuning. Results are shown in Table 
7. It was observed that the solver choice remained the same irrespective of the VIF value whereas regularization 
and C value got changed.  

4.3.4. Binary vs. Multiclass: 

We have only two datasets, BU and ME, having binary classification. Glass dataset was converted into a binary 
dataset after removing other minority classes. It is observed that as the number of classes changed in Glass 
dataset, solver choice got changed from Newton-cg to LBFGS as shown in Table 8.   

 
Particular Dataset Regularization Solver C Value 

Binary 
Classes  

BU L2 Liblinear 1 
GL3(reduced classes) L2 LBFGS 1 
ME L2 LBFGS 10 

Table 8.  HP values for binary classes datasets 

The regularization scheme is the same for each case, whereas the solver choice remained the same as observed 
in the original data set. C value also got impacted however, these are not sufficient cases to draw a firm 
conclusion.  
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5. Conclusion 

  The study reveals the fact that HP values for a Machine learning model depend on the underlying dataset. 
Here we have considered three important Hyper-parameters of MLR such as Solver, C value, and 
Regularization. During the study, it was observed that Newton-cg is suitable for the datasets which have 
imbalance classes, not the case of binary classification, data type for independent variable is real with a wide 
range of values. Liblinear is mostly suitable when the number of independent variables is less as compared to 
number of instances and attribute values are encoded. Solver “LBFGS” is mostly suitable for binary classes or 
the small range of values with most of the independent variables as integers.  L2 regularization is chosen as the 
best for less collinear dataset. This is also observed that reducing the dataset size won’t change the Solver and 
regularization choice provided the other statistical features remains unchanged. This observation helps to save 
the resources in executing very huge amount of data. This study is helpful to save the efforts in fine tuning of 
multiclass classification using Multiple logistic regression model. However, study must be extended for more 
datasets including binary classification and non collinear datasets.  
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