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ABSTRACT 
Traveling salesman problem (TSP) is an important problem because it is the base of many real-world transportation 
problems. One of the most effective and frequently used optimization methods for solving TSP is the genetic algo-
rithm. Generally, genetic algorithms employ two types of operators: crossover and mutation. Most researchers apply 
the crossover operator to genetic algorithms to find better solutions, without analyzing the improvement in solution 
quality each time the crossover is applied. Such an approach is commonly used with the aim of simply finding the best 
route, for example, by comparing the quality of final solutions produced by the genetic algorithm and other methods. 
Unlike previous studies, this study examines the characteristics of the updated solution within the genetic algorithm 
run, which is modified by crossover, specifically, the improvement in solution quality. To the best knowledge of the 
authors, this study is the first to evaluate the effectiveness of crossover operators using regression machine learning 
methods. The numerical experiments show that the most important feature to predict the change in the best objective 
values is the distance between customers outside the cutting points, followed by the distance between customers with-
in the cutting points, then the number of customers (outside then between the cutting points). This study provides in-
sights for researchers to develop more effective solution methods. 
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1. INTRODUCTION 

To solve real optimization problems to ensure busi-
ness profitability, e.g., travelling salesman problem (TSP) 
and vehicle routing problem, various optimization (opera-
tions research) methods are developed. Some methods 
guarantee the optimality of the solutions (e.g., exact me-
thods (Riaventin et al., 2021), while some other methods 
show that even with a much shorter computational time, 
close-to-optimal solutions could still be produced (e.g., 
metaheuristics (Meilanitasari and Shin, 2021), algorithms 
(Singgih and Kim, 2020)). One of the most used meta-
heuristics for solving routing problem is the genetic algo-
rithm (GA) (Garside et al., 2024; Ojeda Rios and Xavier, 
2025; Ostermeier et al., 2021; Shen et al., 2022). 

Most studies have a purpose to either produce the best 
solution quality that is usually defined as the best-known 
solution (regardless of the computational time) or reduce 
the computational time while still producing the best possi-
ble solution quality within the given time (Lee et al., 2024; 
Xie et al., 2025; Zhang and Woensel, 2023). Such an ap-
proach somehow fails to evaluate how well each part of the 
algorithm performs within the algorithm run because the 
method ignores how well the solution quality is improved 
after any operator is applied. Most studies focus on assess-
ing their proposed method by observing the quality of the 
final solution and contrasting it with state-of-the-art me-
thods. Some studies would then try to perform good cros-
sover operations, e.g., undirected bipartite graph-based 
crossover operator (Nazif and Lee, 2012), adjusted order 
crossover that ensured copying more related nodes into the 
new sequence (Hvattum, 2022), an updated version of the 
well-known partially mapped crossover operator (Koohes-
tani, 2020), two-layer chromosome-based crossover that 
captured more amount of necessary information simulta-
neously (Karakatič, 2021), adaptive crossover rate that 
adjusted the number of applied crossover operators based 
on the current quality of the solutions (Li et al., 2024), 
modified crossover operators that applied arithmetic opera-
tions to allow better convergence (Naskar et al., 2025), and 
multiple crossover operators which would aim to benefit 
from the advantage of each type of operator (Zhang et al., 
2025). It was common for previous studies to test several 
crossover operators and identify the ones producing the 
best solutions after the whole GA run, e.g., Kaelo and Ali 
(2007), Kaya (2011), Li et al. (2023), and Derouiche et al. 
(2025). 

All previous studies above still do not answer fun-
damental questions about (1) why the crossover operator 
performs well, (2) how well the crossover operator per-
forms, and (3) what values of parameters must be set for 
the crossover operators to perform well. The studies 
above only focused on attempting to produce good cros-
sover operators that might work well and proved their 
effectiveness after a complete run. Without answering 

such questions, it would be difficult to understand why 
and how crossover operators perform well in improving 
the solution quality, e.g., in a GA run, and to produce an 
effective operator.  

The purpose of this study is to provide answers to the 
research questions above. As the initial study, this study 
focuses on the TSP, which has no vehicle capacity restric-
tion and allows an easy understanding of the relationships 
between the nodes in the chromosome (solution representa-
tion). To the best knowledge of the authors, this study is the 
first to evaluate the effectiveness of GA’s crossover opera-
tors using regression machine learning methods. This study 
is important to ensure understanding important parts of the 
crossover operators that must be considered for designing 
good operators. 

When contrasted with statistical correlation analysis 
that only shows the relationship between features, imple-
menting regression machine learning methods together 
with operations research approaches enables online learn-
ing, in which the operators in the optimization methods 
could be assisted by machine learning-based prediction to 
ensure obtaining better solutions (Szénási and Légrádi, 
2024). The inclusion of machine learning methods to apply 
better operators in the GA initiates a whole new research 
field that could properly deal with the high uncertainty 
during the search process. Such an effort to utilize machine 
learning techniques to improve the quality of metaheuris-
tics has been attempted by recent studies in several fields, 
e.g., autonomous ridesharing (Bongiovanni et al., 2022), 
distribution system design (Xiao et al., 2022), and global 
optimization for engineering problems (Farahmand-Tabar 
and Ashtari, 2024). 

In this study, important parameters of the crossover 
operator are defined. Every time a crossover operator is 
applied, all the listed parameter values are recorded to-
gether with the amount of improvement in the objective 
value (the difference between the best new objective val-
ue and the best objective value before the crossover oper-
ation was applied). Those collected input data are then 
used to predict the target data by using regression ma-
chine learning models. As the result, this study success-
fully identifies the proper values of the parameters, which 
would improve the objective values the most. 

The structure of this study is as follows. Section 2 
describes the method that is solved using GA and propos-
es the prediction framework using regression machine 
learning models. Section 3 presents the numerical expe-
riment results. Finally, Section 4 concludes the study. 

2. METHOD 

To evaluate the performance of crossover operators, 
this study discusses a Traveling Salesman Problem (TSP) 
case study. It focuses on route determination and consid-
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ers the number of demands that must be met, while ignor-
ing vehicle capacity. The suggested Crossover Analysis 
framework model is shown in Figure 1. The crossover 
and mutation operators are applied within the GA. Then, 
the crossover operator is assessed. Data analytics uses 
feature collection for analysis and regression machine 
learning-based crossover operator evaluation. 

2.1 Genetic Algorithm (GA) for Traveling Sales-
man Problem (TSP) 

The GA procedure used to solve the TSP is illu-
strated in Figure 2. The route starts from a depot and ends 

at the same depot. In the considered TSP, the total dis-
tance is minimized, e.g., as shown in Figure 2. Initially, 
chromosomes (as many as the population_size) are gener-
ated randomly. To produce potentially better new solu-
tions, crossover and mutation operators are applied, and 
the GA procedure is continued for num_of_population 
iterations (populations). 

At the start of each population, n solutions with the 
best objective values are simply selected and stored as can-
didates for crossover operations. In the next step, crossover 
operators are applied by considering the initially selected n 
best solutions as parent chromosomes. Considering that 
chromosomes with least total distance must be given a 

 

 
Figure 1. A framework of the crossover analysis research architecture. 

 

 

Figure 2. TSP-GA model framework. 
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higher selection probability, an inverted_objective_value 
for each parent chromosome is calculated in Equation (1), 
then the value is used to calculate the selection probability 
for that chromosome, as calculated in Equation (2).  

1 iov
ov

=  (1) 

  iovsp
total iov of all best chromosomes

=  (2) 

where: 
iov : inverted_objective_value 
ov : objective_value 
sp : selection_probability 
 
A random number between 0 and 1 is generated. If 

its value is less than the crossover rate, the crossover op-
eration is applied. Otherwise, the parent chromosomes are 
set as the result of the crossover operation (stored as the 
new child chromosomes). If the two-point crossover op-
erator is applied, two cutting points are randomly selected. 
The parts of the parents within the crossover points are 
copied to the child chromosomes. The remaining unfilled 
parts of the new child chromosomes are then obtained 
from other parent chromosomes (Figure 3). The crossover 
operator is applied until the number of chromosomes in 
the current population equals to population_size. 

The mutation operator is applied when the random 
number is less than the mutation rate. The mutation is 
performed by randomly selecting two values within a 
parent chromosome and exchanging the positions of both 
values to produce a child chromosome (Figure 3).  

2.2 Regression Machine Learning-based Cros-
sover Operator Evaluation 

The objective value of the TSP-GA (the new best to-
tal distance minus the previous best total distance) is pre-
dicted in this study using regression machine learning 

models.  
The input data represent the characteristics of the so-

lution before the crossover is performed. Each input data 
is presented as follows. 

• parents_middle_average_distance_value: the av-
erage distance of subsequent customers within two 
cutting points in the two-point crossover; 

• parents_middle_average_distance_percentage: the 
value of parents_middle_average_distance_value 
divided by the length of the area for the data set; 

• parents_remaining_customers_average_distance_ 
value: the average distance between each possible 
pair of customers outside the cutting point area 
(customers at the left of the first cutting point and 
customers at the right of the second cutting point);  

• parents_remaining_customers_average_distance_ 
percentage: the value of parents_remaining_ 
customers_average_distance_value divided by the 
length of the area for the data set;  

• parents_remaining_customers_min_distance_ 
value: the minimum distance between each possi-
ble pair of customers outside the cutting point area 
(customers at the left of the first cutting point and 
customers at the right of the second cutting point); 

• parents_remaining_customers_min_distance_ 
percentage: the value of parents_remaining_ 
customers_min_distance_value divided by the length 
of the area for the data set; 

• parents_remaining_customers_max_distance_ 
value: the maximum distance between each possi-
ble pair of customers outside the cutting point area 
(customers at the left of the first cutting point and 
customers at the right of the second cutting point); 

• parents_remaining_customers_max_distance_ 
percentage: the value of parents_remaining_ 
customers_max_distance_value divided by the 
length of the area for the data set; 

• parent_number_customers_middle_value: the num-
ber of customers in the cutting area of the chromo-
some; 

• parent_number_customers_middle_percentage: the 
value of parent_number_customers_middle_value 
divided by the number of customer nodes in the 
data set; 

• parent_number_customers_remaining_value: the 
number of customers outside the cutting area in 
the chromosome. 

• parent_number_customers_remaining_percentage: 
the value of parent_number_customers_remaining 
_value divided by the number of customer nodes 
in the data set. 

 
When different datasets are considered, the number 

of customers is added as an input feature. The predicted 
output is the total distance of the route.  

 

 
Figure 3. Crossover and mutation operators for this study. 
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The considered features are expected to highly af-
fect the quality of the two-points crossover. Two impor-
tant parts of the chromosomes are the part in the middle 
of both cutting points and the remaining area outside the  
area between the cutting points. The main idea of the 
crossover is to maintain the good part from parent 
chromosomes, which refers to the middle part between 
the cutting points. It is expected that through the random 
cutting and combination process in the crossover, the 
good middle parts would remain in the child chromo-
somes and eventually lead the search to a promising 
direction. Another way to evaluate the crossover would 
be understanding the effect of the distances between 
nodes outside the middle part of the chromosome on the 
objective value. A good crossover would select middle 
parts with good partial objective values, while having 
outer parts with bad partial objective values. In contrast, 
the crossover would produce worse results when the 
middle parts contain bad sequences, but have the good 
outer parts (with short travel times). The number of cus-
tomers in each part could have a high impact on the 
crossover results as well. All these related features are 
considered in this study. 

Several regression machine learning models are tested, 
and then the best models are reported in this section. The 
predictions were developed with the following scikit-learn 
(Scikit-learn, 2022) regression machine learning models 
such as: (1) random forest regression (Kim et al., 2020), (2) 
linear regression (Abid Almubaidin et al., 2023), (3) Ridge 
(Scikit-learn, 2023; Wang et al., 2023), (4) ElasticNet (Sci-
kit-learn, 2023;Yu et al., 2021), (5) Lars (Scikit-learn, 2023; 
Lee and Jun, 2018), (6) LassoCV (Scikit-learn, 2023; 
Kramlinger et al., 2023), (7) LassoLars (Scikit-learn, 2023), 
(8) OrthogonalMatchingPursuit (Scikit-learn, 2023; Polat 
and Kayhan, 2018), (9) ARDRegression (Sandhu et al., 
2017), (10) BayesianRidge (da Silva et al., 2021), (11) 
HuberRegressor (Scikit-learn, 2023), (12) RANSACRe-
gressor (Scikit-learn, 2023; Zhu et al., 2023), (13) TheilSe-

nRegressor (Scikit-learn, 2023), (14) TweedieRegressor 
(Scikit-learn, 2023), (15) PassiveAggressiveRegressor 
(Scikit-learn, 2023; Jorge and Paredes, 2018), ExtraTree-
sRegressor (Ahmad et al., 2018), GradientBoostingRegres-
sor (Moghadaspoor et al., 2026), HistGradientBoostingRe-
gressor (Alawi et al., 2024), AdaBoostRegressor (Kumari 
et al., 2025), support vector regressor with radial basis 
function (Taiwo et al., 2024), KNeighborsRegressor, Deci-
sionTreeRegressor (Zade et al., 2023), MLPRegressor 
(Zade et al., 2023), and XGBoostRegressor (Moghadas-
poor et al., 2026). The linear and non-linear methods are 
implemented to properly find the best method for the data 
sets. At the time of writing, scikit-learn has more than 
120,000 citations based on Google Scholar. Its minimal 
dependencies and ease of use allow a high reproducibility 
rate in many studies.  

Data is generated as follows. The GA is run follow-
ing the procedure explained in Section 2. As a result, 
1,781 data records are recorded and used for the machine 
learning analysis. In the analysis, the models are com-
pared based on the mean squared error (MSE), and the 
SHAP value analysis (SHAP, 2025a, 2025b) is conducted 
to identify the most important input feature for the predic-
tion. 

3. NUMERICAL EXPERIMENTS 

Different data set sizes are generated randomly, as 
shown in Table 1. To produce the data, the parameters for 
the GA are listed in Table 2. Experiments using the ma-
chine learning models are conducted separately for each 
data set size, then for the whole data sets combined to-
gether to allow generalizing the findings. In the experi-
ments 10-fold cross validation and MinMaxScaler are 
applied. Performance metrics obtained when dealing with 
data set 1, 2, 3, and all of them are presented in Tables 3, 
4, 5, and 6, respectively.   

Table 1. Data set sizes for the numerical experiments 

Data set Number of nodes Area on which the nodes are placed Number of instances 

1 20 20 x 20 538 

2 200 100 x 100 614 

3 1,000 400 x 400 629 

Table 2. Parameters of the genetic algorithm 

Parameter Value 
Number of populations 20 

Population size 100 
Number of initial chromosomes 20% * population size 

Crossover rate 0.8 
Mutation rate 0.2 
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Table 3. Performance metrics for regression machine learning models on data set 1 

Model Train  
MAE 

Test  
MAE 

Train  
MSE 

Test  
MSE 

Train 
RMSE 

Test  
RMSE 

Train R2 
(%) 

Test R2  
(%) 

RandomForestRegressor 2.22 6.07 8.36 59.32 2.89 7.70 87.70 11.81 
LinearRegression 6.61 6.71 64.05 66.23 8.00 8.14 5.71 0.93 
Ridge 6.62 6.71 64.08 65.99 8.01 8.12 5.67 1.28 
ElasticNet 6.88 6.89 67.92 68.22 8.24 8.26 0.00 -2.59 
Lars 6.89 7.01 72.71 75.80 8.53 8.71 -6.76 -17.60 
Lasso 6.88 6.89 67.92 68.22 8.24 8.26 0.00 -2.59 
LassoLars 6.88 6.89 67.92 68.22 8.24 8.26 0.00 -2.59 
OrthogonalMatchingPursuit 6.80 6.82 66.95 67.34 8.18 8.21 1.43 -1.03 
ARDRegression 6.64 6.75 64.24 66.51 8.01 8.16 5.43 0.45 
BayesianRidge 6.64 6.72 64.20 65.94 8.01 8.12 5.49 1.34 
HuberRegressor 6.53 6.65 64.92 67.36 8.06 8.21 4.43 -0.34 
RANSACRegressor 7.18 7.34 93.21 92.68 9.65 9.63 -37.24 -37.25 
TheilSenRegressor 6.61 6.72 64.21 66.51 8.01 8.16 5.47 0.52 
TweedieRegressor 6.86 6.88 67.64 68.05 8.22 8.25 0.43 -2.29 
PassiveAggressiveRegressor 7.52 7.54 86.42 87.89 9.30 9.38 -27.27 -31.09 
ExtraTreesRegressor 0.10 6.15 0.44 64.45 0.66 8.03 99.36 3.56 
GradientBoostingRegressor 4.13 6.01 26.85 59.85 5.18 7.74 60.46 10.96 
HistGradientBoostingRegressor 3.22 6.23 16.94 63.47 4.12 7.97 75.06 4.56 
AdaBoostRegressor 6.27 6.64 52.85 62.90 7.27 7.93 22.19 4.86 
SVR_RBF 6.53 6.65 67.31 69.20 8.20 8.32 0.90 -2.97 
KNeighborsRegressor 5.22 6.72 44.64 72.82 6.68 8.53 34.28 -7.81 
DecisionTreeRegressor 0.10 7.24 0.44 100.37 0.66 10.02 99.36 -52.27 
MLPRegressor 6.61 6.74 62.75 65.68 7.92 8.10 7.61 1.42 
XGBRegressor 1.44 6.16 3.85 63.97 1.96 8.00 94.34 4.63 

Table 4. Performance metrics for regression machine learning models on data set 2 

Model Train  
MAE 

Test  
MAE 

Train  
MSE 

Test 
 MSE 

Train 
RMSE 

Test 
 RMSE 

Train R2 
(%) 

Test R2  
(%) 

RandomForestRegressor 23.5 65.8 993.2 7991.8 31.5 89.4 86.8 -9.9 
LinearRegression 62.0 62.9 6907.5 7117.4 83.1 84.4 8.0 -1.7 
Ridge 62.0 62.8 6910.8 7103.4 83.1 84.3 8.0 -1.3 
ElasticNet 63.8 64.0 7357.3 7418.9 85.8 86.1 2.1 -3.0 
Lars 62.2 62.5 6962.6 7070.0 83.4 84.1 7.3 -0.6 
Lasso 63.1 63.5 7175.6 7304.2 84.7 85.5 4.5 -2.7 
LassoLars 63.1 63.5 7187.4 7306.6 84.8 85.5 4.3 -2.7 
OrthogonalMatchingPursuit 63.4 63.8 7212.2 7327.4 84.9 85.6 4.0 -4.3 
ARDRegression 62.0 62.7 6915.5 7085.3 83.2 84.2 7.9 -0.8 
BayesianRidge 62.0 62.7 6919.2 7109.5 83.2 84.3 7.9 -1.1 
HuberRegressor 61.4 62.4 7006.7 7194.8 83.7 84.8 6.7 -1.1 
RANSACRegressor 64.6 64.5 8121.7 7792.3 90.1 88.3 -7.8 -11.3 
TheilSenRegressor 61.9 62.7 6925.4 7125.9 83.2 84.4 7.8 -1.3 
TweedieRegressor 64.0 64.2 7400.0 7451.5 86.0 86.3 1.5 -3.3 
PassiveAggressiveRegressor 62.4 62.5 7161.7 7072.6 84.6 84.1 4.6 -0.1 
ExtraTreesRegressor 0.0 67.8 0.0 8514.4 0.0 92.3 100.0 -18.2 
GradientBoostingRegressor 41.1 66.3 2975.9 8659.1 54.6 93.1 60.4 -12.3 
HistGradientBoostingRegressor 33.1 67.1 1973.8 8656.5 44.4 93.0 73.7 -18.3 
AdaBoostRegressor 60.2 66.6 5732.3 7998.3 75.7 89.4 23.6 -13.0 
SVR_RBF 62.2 62.7 7475.6 7564.9 86.5 87.0 0.5 -3.2 
KNeighborsRegressor 53.3 66.7 5406.8 8358.1 73.5 91.4 28.0 -17.6 
DecisionTreeRegressor 0.0 91.2 0.0 16358.5 0.0 127.9 100.0 -121.2 
MLPRegressor 61.5 62.9 6794.3 7167.0 82.4 84.7 9.5 -2.9 
XGBRegressor 12.9 67.4 319.7 8830.6 17.9 94.0 95.7 -18.7 
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Table 5. Performance metrics for regression machine learning models on data set 3 

Model Train  
MAE 

Test  
MAE 

Train  
MSE 

Test  
MSE 

Train 
RMSE 

Test  
RMSE 

Train R2 
(%) 

Test R2  
(%) 

RandomForestRegressor 249.11 721.31 151441.08 1275915.07 389.15 1129.56 88.56 -26.38 
LinearRegression 742.27 760.60 1200368.72 1257147.92 1095.61 1121.23 9.51 -53.95 
Ridge 741.11 759.49 1202529.30 1256671.97 1096.60 1121.01 9.35 -53.51 
ElasticNet 777.36 792.73 1301802.23 1346299.48 1140.97 1160.30 1.88 -65.68 
Lars 744.94 767.94 1208269.22 1276741.75 1099.21 1129.93 8.89 -60.23 
Lasso 742.06 761.89 1201521.10 1260090.02 1096.14 1122.54 9.42 -54.45 
LassoLars 744.95 768.14 1209326.87 1276120.10 1099.69 1129.65 8.80 -59.46 
OrthogonalMatchingPursuit 763.86 780.11 1280113.67 1330966.94 1131.42 1153.68 3.51 -77.06 
ARDRegression 743.86 764.21 1203485.08 1264248.95 1097.03 1124.39 9.28 -54.98 
BayesianRidge 741.14 759.96 1201820.72 1257419.14 1096.28 1121.35 9.40 -53.85 
HuberRegressor 699.27 714.46 1276669.46 1318829.37 1129.90 1148.40 3.75 -20.11 
RANSACRegressor 773.51 776.35 1784477.92 1567055.92 1335.84 1251.82 -33.80 -84.10 

TheilSenRegressor 43 
(109) 

41 
(109) 

19 
(1021) 

18 
(1021) 

141 
(109) 

135 
(109) 

-157 
(1016) 

-423 
(1016) 

TweedieRegressor 781.42 796.47 1311187.56 1354636.92 1145.07 1163.89 1.18 -66.00 
PassiveAggressiveRegressor 707.41 714.61 1380041.85 1394199.76 1174.75 1180.76 -3.91 -18.73 
ExtraTreesRegressor 0.00 757.95 0.00 1437740.56 0.00 1199.06 100.00 -36.36 
GradientBoostingRegressor 435.34 751.54 380870.44 1421742.25 617.15 1192.37 71.29 -48.96 
HistGradientBoostingRegressor 346.25 765.08 273954.94 1426434.43 523.41 1194.33 79.32 -55.71 
AdaBoostRegressor 734.09 866.56 878118.11 1517805.48 937.08 1231.99 34.10 -130.99 
SVR_RBF 717.11 721.31 1434919.21 1446023.09 1197.88 1202.51 -8.06 -16.98 
KNeighborsRegressor 590.70 733.18 827013.10 1258896.83 909.40 1122.01 37.64 -54.87 
DecisionTreeRegressor 0.00 972.59 0.00 2350582.54 0.00 1533.16 100.00 -250.05 
MLPRegressor 734.49 760.41 1161207.30 1230558.99 1077.59 1109.31 12.42 -75.35 
XGBRegressor 112.23 763.05 25508.40 1448972.31 159.71 1203.73 98.08 -50.74 

Table 6. Performance metrics for regression machine learning models on all data sets 

Model Train  
MAE 

Test  
MAE 

Train 
 MSE 

Test 
 MSE 

Train 
RMSE 

Test  
RMSE 

Train R2 
(%) 

Test R2  
(%) 

RandomForestRegressor 98.9 291.7 55842.7 526353.5 236.3 725.5 89.7 -13.8 
LinearRegression 310.9 339.9 434600.8 486185.8 659.2 697.3 20.1 -6826.6 
Ridge 297.5 314.4 442188.9 486585.7 665.0 697.6 18.7 -485.5 
ElasticNet 321.8 332.2 481246.4 508580.2 693.7 713.1 11.6 -2692.2 

Lars 338494.0 416814.2 221  
(1010) 

420  
(1010) 

148  
(104) 

205  
(104) 

-399  
(106) 

-26  
(108) 

Lasso 298.2 314.7 443031.9 488952.9 665.6 699.3 18.5 -835.1 
LassoLars 298.1 314.7 443044.7 489015.9 665.6 699.3 18.5 -832.4 
OrthogonalMatchingPursuit 312.6 329.6 471069.2 507923.4 686.3 712.7 13.5 -680.1 
ARDRegression 297.3 316.3 437940.2 485443.4 661.8 696.7 19.5 -283.5 
BayesianRidge 297.6 317.0 437709.4 485186.7 661.6 696.6 19.5 -489.3 
HuberRegressor 272.7 281.7 483311.0 505395.3 695.2 710.9 11.2 -43.3 
RANSACRegressor 498.2 773.1 1085469.1 1722986.0 1041.9 1312.6 -99.8 -26899.8 
TheilSenRegressor 302.4 333.8 442784.3 487451.3 665.4 698.2 18.6 -13253.4 
TweedieRegressor 338.1 349.0 495021.2 520156.3 703.6 721.2 9.1 -7114.8 
PassiveAggressiveRegressor 275.0 281.7 497727.7 518314.4 705.5 719.9 8.6 -17.3 
ExtraTreesRegressor 0.0 297.0 0.1 541539.2 0.4 735.9 100.0 -17.6 
GradientBoostingRegressor 183.4 314.7 146422.2 632543.6 382.7 795.3 73.4 -128.5 
HistGradientBoostingRegressor 146.1 290.1 107817.6 500860.3 328.4 707.7 79.8 -42.4 
AdaBoostRegressor 304.7 364.4 322521.8 587055.0 567.9 766.2 41.7 -11379.8 
SVR_RBF 280.7 282.7 542527.7 551146.8 736.6 742.4 0.5 -22.3 
KNeighborsRegressor 233.1 298.3 290406.1 486843.6 538.9 697.7 46.4 -23.1 
DecisionTreeRegressor 0.0 389.0 0.1 897974.0 0.4 947.6 100.0 -112.6 
MLPRegressor 306.6 337.2 451621.1 519803.3 672.0 721.0 16.9 -239.8 
XGBRegressor 58.8 311.2 10420.8 608625.1 102.1 780.1 98.1 -41.0 
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To initially assess the experiment results, the R2 
score obtained using the test data in each data set is ob-
served. The most promising R2 score using the test data 
(11.81%) is obtained in data set 1, in which 20 customer 
nodes are considered (Table 3), when the RandomFore-
stRegressor is applied. When the value is contrasted with 
the R2 score for the train data, the large gap between the 
scores shows a high overfitting of the model. However, a 
positive R2 score shows a promising research result, con-
sidering this study is the first to attempt observing the 
quality of the crossover operators in the GA. A low R2 
score is acceptable in some fields, e.g., social science and 
psychology, which is very affected by the complexity of 
the data (Gupta et al., 2024). Considering that R2 score 
refers to the degree to which the variation of the target 
variable is influenced by the variation in the input features, 
the metric is strongly influenced by the variation in the 
input features. However, the low R2 score does not indi-
cate a weak relationship between the variables (Hamilton 
et al., 2015). Given that the attempt to understand new 
input features of the crossover operator in the GA is a 
completely new problem, a lot of effort might be neces-
sary for studies to understand the relationships between 
variables properly. To ensure a better prediction, it is ne-

cessary to (1) identify more related input features, which 
might be specifically designed to understand hidden rela-
tionships that better predict the total distance, and (2) 
group the data based on specific characteristics to allow 
better prediction using more similar input features. Corre-
lations between variables when using this data set are 
presented in Figure 4. 

When the predictions are conducted in other data 
sets (Tables 4 and 5), the models fail to find good predic-
tions, which is reflected by the negative R2 values, which 
represent poor prediction capabilities (Zhang et al., 2026). 
The negative R2 values appear when the models fail to 
capture the nonlinear behavior of the data or fail to ex-
plain the data variations in reality (Mittlböck and Waldhör, 
2000) because the performance of the prediction models 
is worse than when the average values of the target va-
riables are considered (Chicco et al., 2021). A similar 
result is obtained when all data sets are considered simul-
taneously (Table 6), that concludes that the generalization 
could not yet be conducted properly and needs further 
observations. 

Figure 5 shows the SHAP analysis result. In Figure 5, 
the low value of each feature is represented in blue, and 
its high value is represented in red. The negative values in 

 

 
Figure 4. Correlations between variables.  
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the x-axis refer to the reduction in prediction quality (the 
increase in MSE), while the positive values refer to the 
increase in prediction quality (the decrease in MSE). 
Based on Figure 5, it is shown that the most important 
input features to predict the change in the total distance 
are (1) minimum, average, then maximum distances be-
tween each pair of remaining customers outside the cut-
ting points, (2) average distance between customers with-
in the cutting points, then (3) number of customers (out-
side then between the cutting points).  

The prioritized features are further explained as fol-
lows. First, the distance between each pair of remaining 
customers is important because its value shows the oppor-
tunity to improve outside parts of the new chromosomes, 
e.g., when customers with short distances are placed sub-
sequently. Such a conclusion aligns with the order of im-
portance for the minimum, average, then maximum val-
ues. Second, the total distance measured between subse-
quent customers within the cutting points affects the qual-
ity of the new chromosomes by ensuring that subsequent 
customers with short distances are maintained in the next 
chromosomes. The findings are interesting. The remain-
ing customers feature that is more important than the cus-
tomers within the cutting points indicates that when ap-
plying the crossover operators, it is necessary to suffi-
ciently consider including customers with short distances 
into the area between the cutting points. Third, the num-
ber of customers (either inside or outside the cutting 
points) has the least impact when predicting the total dis-
tances. Such an observation is acceptable considering that 
the distance measure itself should be observed better than 
the number of customers because the objective (total dis-
tances) is strongly related to the distance values. As a 
conclusion, such important features must be considered 

properly when applying the two-point crossover operators 
in the GA to produce generally good solutions in the long 
run, while reducing the number of required populations. 

4. CONCLUSIONS 

This study observes the potential of understanding 
the behavior of the crossover operator in the genetic algo-
rithm for solving the travelling salesman problem. The 
numerical experiments show that the distance between 
customers outside the cutting points of the chromosome is 
the most important feature to predict the change in the 
best objective values before and after the crossover opera-
tor is applied, followed by the distance between custom-
ers within the cutting points, then the number of custom-
ers. The limitation of this study is only considering the 
two-point crossover operator. For further research topics, 
it would be necessary to consider more variants of cros-
sover operators and more objectives, design more features 
that could significantly affect the prediction quality, de-
sign better regression machine learning methods with 
better generalization (e.g., by introducing more features 
related to the problem sizes), and discuss how effective 
genetic algorithms can be designed based on the insights 
found in this study. 
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Figure 5. Feature importance analysis using SHAP value. 
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