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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 (Karakati¢, 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 @ 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 (Szénasi and Légréadi,
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
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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).

iov L 1)
ov

iov
sp= .
total iov of all best chromosomes

@

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

+ Two-points Crossover:

1 1
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Figure 3. Crossover and mutation operators for this study.

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.
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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 Avrea on which the nodes are placed Number of instances
1 20 20x 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 Test Train Test Train Test  TrainR®  TestR’
MAE MAE MSE MSE RMSE RMSE (%) (%)
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 8.14 571 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 8.16 543 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 8.21 443 -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 413 6.01 26.85 59.85 5.18 7.74 60.46 10.96
HistGradientBoostingRegressor 3.22 6.23 16.94 63.47 412 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 Test Train Test Train Test  TrainR® TestR’
MAE MAE MSE MSE RMSE RMSE (%) (%)

RandomForestRegressor 235 65.8 993.2 7991.8 315 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 45 -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 71259 83.2 84.4 7.8 -1.3
TweedieRegressor 64.0 64.2 7400.0 74515 86.0 86.3 15 -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 8656.5 444 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 8358.1 735 91.4 28.0 -17.6
DecisionTreeRegressor 0.0 91.2 0.0 163585 0.0 127.9 100.0 -121.2
MLPRegressor 61.5 62.9 6794.3 7167.0 824 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 Test Train Test Train Test TrainR®  TestR®

MAE  MAE MSE MSE RMSE  RMSE (%) (%)

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 1121.23 951 -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 113142  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 71446 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 493 491 }19 }18 1491 1395 1‘?67 4%63
(10°) (10" (107) (107) (10" (10°) (10™) (10™)

TweedieRegressor 78142  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 43534 75154  380870.44 142174225 617.15 1192.37 71.29 -48.96

HistGradientBoostingRegressor  346.25  765.08  273954.94 142643443 52341  1194.33 79.32 -55.71

AdaBoostRegressor 73409 866.56  878118.11 151780548 937.08 1231.99 3410  -130.99
SVR_RBF 71711 72131 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 97259 0.00 2350582.54 0.00 1533.16 100.00  -250.05
MLPRegressor 73449 76041 1161207.30 1230558.99 1077.59  1109.31 12.42 -75.35
XGBRegressor 11223  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 Test Train Test Train Test TrainR®>  TestR®
MAE MAE MSE MSE RMSE RMSE (%) (%)

RandomForestRegressor 98.9 291.7 55842.7 526353.5 236.3 725.5 89.7 -13.8
LinearRegression 3109 339.9 434600.8 486185.8 659.2 697.3 201  -6826.6
Ridge 297.5 3144 4421889  486585.7 665.0 697.6 18.7 -485.5
ElasticNet 321.8 332.2 481246.4 508580.2 693.7 7131 116 -2692.2
Lars 338494.0 416814.2 (133% (lg?o()) (1161453 (128453 ('fg% (l'gsg
Lasso 298.2 314.7 4430319 488952.9 665.6 699.3 18.5 -835.1
LassolLars 208.1 314.7 4430447  489015.9 665.6 699.3 185 -8324
OrthogonalMatchingPursuit 312.6 329.6 471069.2 507923.4 686.3 712.7 135 -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 485186.7 661.6 696.6 195 -489.3
HuberRegressor 2727 281.7 483311.0 505395.3 695.2 710.9 112 -43.3
RANSACRegressor 498.2 773.1 1085469.1 1722986.0 1041.9 1312.6 -99.8  -26899.8
TheilSenRegressor 302.4 333.8 4427843 487451.3 665.4 698.2 18.6 -132534
TweedieRegressor 338.1 349.0 4950212 520156.3 703.6 7212 91  -71148
PassiveAggressiveRegressor 275.0 2817 4977277 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 1464222 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 3644 3225218 587055.0 567.9 766.2 417 -11379.8
SVR_RBF 280.7 282.7 542527.7 551146.8 736.6 7424 0.5 -22.3
KNeighborsRegressor 2331 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 4516211 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 R®
score obtained using the test data in each data set is ob-
served. The most promising R? 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 R? score for the train data, the large gap between the
scores shows a high overfitting of the model. However, a
positive R? 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 R?
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 R? 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 R? 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-

parents_middle_average_distance_value

parents_middle_average_distance_percentage

parents_remaining_customers_average_distance_value

parents_remaining_customers_average_distance_percentage

parents_remaining_customers_min_distance_value

parents_remaining_customers_min_distance_percentage

parents_remaining_customers_max_distance_value

parents_remaining_customers_max_distance_percentage

parent_number_customers_middle_value

parent_number_customers_middle_percentage -

parent_number_customers_remaining_value

gL} 0.11 0.11 0.03 0.03 0.13 0.13 -0.07 -0.07 0.07 0.07 0.16

pRiLiE 0.11 0.11 0.03 0.03 0.13 0.13 -0.07 -0.07 0.07 0.07 0.16

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 R? values, which
represent poor prediction capabilities (Zhang et al., 2026).
The negative R? values appear when the models fail to
capture the nonlinear behavior of the data or fail to ex-
plain the data variations in reality (Mittlbdck and Waldhor,
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
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Figure 5. Feature importance analysis using SHAP value.

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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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 sulutiolafithin 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 er 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 [Meilanitasmd Shin, 2021), algorithms
(Singgih and Kim, 2020)). One of the most used meta-
heuristics for solving routing problem is the genetic algo-
rithm (GA) [Garsme: al., 2024; Ojeda Rios and Xavier,
2025; Ostermeier ef al., 2021; Shen ef 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 ef al., 2024;
Xie ef 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 (Karakati¢, 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 er 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 ef al. (2023), and Derouiche ef 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, ¢.g., in a GA run, and to produce an
effedpBR operator.

The purpose of this study is to provide answers to the
research questions above. As the mitial study, this study
focuses on the TSP, which has no vehicle capacity restric-
tion and allows an easy understanding of the relationships
berWEa 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
1s 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-
g, in which the operators in the optimization methods
could be assisted by machine learning-based prediction to
ensure obtaining better solutions (Szénasi and Légradi,
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 thcaigh 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 ef 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
wounmpmvc the objective values the most.

The structure of this study is as follows. Section 2
dssehcs the method that is solved using GA and propos-
es the pradicticr@mevmrk 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 Crusarr Analysis
framework model is shown n 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)
1
The GA procedur@fifsed 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 1s 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

. Genetics Algorithm and .
Problem Definition ¢ . Analysis
Crossover evaluation
| | ([ Start
- _.}_" Data Analysis and Feature Collection:
Py " M *  parents_middle_average distance
Initial Population Generation ‘ = parents_remaining_customers_average
¥ distance
*  parents_remaining_customers_min_distance
Mew Population Generation = parents_remaining_customers_max_distance
vaeﬁng Salesman Problem T N ) — « parent_number_customers_middle
| of ! ®  parent_nEmber_customers remaining
+
Crassaver ‘
Input: +
. Mutation
+ Location (node) = Analysis Using Regression Machine
* Demand l Learning-based Crossover Operator
| I — Evaluation
| —_— Termination
_?ol.ldllltfn ? = Objective: Predicting changes in objective
p— values.
| Stop * Model testing with scikit-learn (15
- madels)
} = Model evaluation: MSE and SHAP value
analysis
o Operator Evaluati

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

Initial population generation

New population generation

v

I Selection of some best unique solutions I"I

3
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¥

I Mutation (considering mutation rate) I

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

fov=— (1)
av

v

§p =
r 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 1s generated. If
its value is less the crossover rate, the crossover op-
eration is applied. Otherwise, the parent chromosomes are
set as the result of the Crossovanacraﬁon (stored as the
new child chromosomes). If the two-point crossover op-

erator is applied, two cutting points are ram:lomasc]ectad.

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 En obtained
from other parent chromosomes (Figure 3). The crossover
operator is applied until the number of chromosomes in
the c*ent population equals to population_size.

The mutation operator is applied when the random
number is 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 disla:c minus the previous best total distance) is pre-
dicted m this study using regression machine learning

+ Two-points Crossover:

Parent1 | 1 8 3 7 4 2 9 6 5
Parent2 | & 3 4 i 1 7 5 9 | 2 8
B :

k
Child 1 [ 6 8
Chid2z [ s J
*  Mutation
Parent 1 5
Child 1 5

Figure 3. Crossover and mutation operators for this study.

mod@§.

The input data represent the charac ics of the so-
lution before the crossover is performed. Each input data
1s presented as follows.

« parenis_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

ellue 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 valleof parent number _customers_remaining

_value divided by the number of customer nodes
in the data set.

L]

L]

L]

L]

L]

L]

L]

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.
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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 18 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
ccmsn:red 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-lcanlJZZ] regression machine learning models
such as: (1) random forest regression (Kim ef al., 2020), (2)
linear regression (Abid Almubaidin ef 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-leam, 2023;
Kramlinger ef al., 2023), (7) LassoLars (Scikit-learn, 2023),
(8) OrthogonalMatchingPursuit (Scikit-fearn, 2023; Polat
and Kayhan, 2018), (9) ARDRegression (Sandhu ef al.,
2017), (10) BayesianRidge (da Silva ef af, 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 er al., 2018), GradientBoostingRegres-
sor (Moghadaspoor et al., 2026), HistGradientBoostingRe-
gressor (Alawi e al., 2024), AdaBoostRegressor (Kumari
et al., 2025), support vector regressor with radial basis
function (Taiwo ef al., ZDZE(NeighborsRegressor, 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
implﬁnzntcd 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) 1s conducted
to identify the most important input feature for the predic-
tion.

3. NUMERICAL EXPERIMENTS

Different data set sizes are generate:mldonﬂy, 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 20x 20 538
2 200 100 x 100 614
3 1,000 400 x 400 629
hle 2. Parameters of the genetic algorithm
Parameter Value
Number of populations 20
Population size 100
Numbcrdinitial chromosomes 20% * population size
Crossover rate 0.8

Mutation rate

02
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Table 3. Performance metrics for regression machine learning models on data set 1
- Train Test Train Test Train Test  TrainR®  TestR®
MAE MAE MSE MSE RMSE RMSE (%) (%)
Random ForestRegressor 222 6.07 8.36 5932 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 6599 8.01 8.12 5.67 1.28
ElasticNet 6.88 6.89 67.92 6822 8.24 8.26 0.00 -2.59
Lars 6.89 7.01 72.71 7580 8.53 8.71 -6.76 -17.60
Lasso 6.88 6.89 67.92 6822 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 8.16 543 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 8.21 443 -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 8.16 547 0.52
TweedicRegressor 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 6445 0.66 8.03 99.36 3.56
GradientBoostingR egressor 413 6.01 26.85 59.85 5.18 7.74 60.46 10.96
HistGradientBoostingRegressor 322 6.23 16.94 6347 4,12 7.97 75.06 4.56
AdaBoostRegressor 627 6.04 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 522 6.72 44.64 7282 6.608 8.53 34.28 -7.81
DecisionTreeRegressor 0.10 7.24 0.44 10037 0.66 10.02 99.36 -52.27
MLPR egressor 6.61 6.74 62.75 65.68 7.92 8.10 7.61 1.42
XGBRegressor 144 6.16 3.85 6397 1.96 8.00 94.34 4.63
1
Table 4. Pa'fon'u]ce metrics for regression machine learning models on data set 2
Model Train Test Train Test Train Test TrainR™  TestR®
MAE MAE MSE MSE RMSE RMSE (") ()
Random ForestRegressor 23.5 63.8 993.2 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 83.1 843 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 4.3 -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 73274 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 83.2 843 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 83.2 844 7.8 -1.3
TweedicRegressor 64.0 64.2 7400.0 7451.5 86.0 86.3 1.5 -33
PassiveAggressiveRegressor 62.4 62.5 7161.7 7072.6 84.6 84.1 4.6 -0.1
ExtraTreesRegressor 0.0 67.8 0.0 85144 0.0 92.3 100.0 -18.2
GradientBoostingR egressor 41.1 66.3 29759 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 75604.9 86.5 87.0 0.5 -3.2
KNeighborsRegressor 53.3 66.7 5406.8 8358.1 73.5 914 28.0 -17.6
DecisionTreeRegressor 0.0 91.2 0.0 163585 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. Perl'ammce metrics for regression machine leaming models on data set 3
Model Train Test Train Test Train Test TrainR*  TestR®
MAE MAE MSE MSE RMSE RMSE (%o) (%)
RandomForestRegressor 249.11  721.31 151441.08 1275915.07  389.15  1129.56 88.56 -26.38
LincarRegression 742.27  760.60  1200368.72 1257147.92 1095.61  1121.23 9.51 -53.95
Ridge 74111 75949  1202529.30 125667197 109660  1121.01 9.35 -53.51
ElasticNet 77736 79273 1301802.23 1346299.48 1140.97  1160.30 1.88 -65.68
Lars 74494 76794 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 74495  T68.14  1209326.87 1276120.10 1099.69  1129.65 8.80 -59.46
OrthogonalMatchingPursuit 763.86  780.11 1280113.67 1330966.94 113142  1153.68 3.51 -77.06
ARDRegression 743.86 76421  1203485.08 126424895 1097.03  1124.39 9.28 -54.98
BayesianRidge 741.14 75996  1201820.72 1257419.14 1096.28  1121.35 9.40 -53.85
HuberRegressor 699.27 71446 1276669.46 1318829.37 112990  1148.40 3.75 -20.11
RANSACRegressor 77351 77635 1784477.92 156705592 133584  1251.82 -33.80 -84.10
TheilSenRegressor ‘!;3 491 119 118 1491 ! 3*;5 . ‘156? -4%63
(10) (10) (107) (100)  (10) (10) (107) (107)
TweedicRegressor 78142 79647 1311187.56 135463692 1145.07  1163.89 1.18 -66.00
PassiveAggressiveRegressor 707.41 71461 1380041.85 139419976 117475  1180.76 -3.91 -18.73
ExtraTreesRegressor 0.00  757.95 0.00 1437740.56 0.00  1199.06 100.00 -36.36
GradientB oostingR egressor 43534 75154 380870.44 142174225  617.15  1192.37 71.29 -48.96
HistGradientBoostingRegressor  346.25  765.08  273954.94 142643443 52341  1194.33 79.32 -55.71
AdaBoostRegressor 734.09  866.56  878118.11 151780548 937.08  1231.99 3410 -130.99
SVR _RBF 717.11  721.31  1434919.21 1446023.09 1197.88  1202.51 -8.06 -16.98
KNeighborsR egressor 590.70  733.18  827013.10 1258896.83  909.40  1122.01 37.64 -54.87
Decision TreeRegressor 0.00 97259 0.00 2350582.54 0.00  1533.16 100.00  -250.05
MLPRegressor 73449 76041 1161207.30 123055899 1077.59  1109.31 12.42 -75.35
XGBRegressor 112.23  763.05 2550840 144897231 159.71  1203.73 98.08 -50.74
1
Table 6. Performance metrics for regression machine learning models on all data sets
odel Train Test Train Test Train Test TranR®  TestR®
MAE MAE MSE MSE RMSE RMSE (%o) (%)

Random ForestRegressor 98.9 291.7 558427 5263535 236.3 725.5 89.7 -13.8
LinearRegression 3109 3399  434600.8  486185.8 659.2 697.3 20.1 -6826.6
Ridge 297.5 3144 4421889  486585.7 665.0 697.6 18.7 -485.5
ElasticNet 3218 3322 4812464  508580.2 693.7 713.1 1.6 -26922
Lars 3384940 4168142 (1?]%]1) “‘3%% “133; (12{‘;{5) ('fgﬁ; “'ég
Lasso 208.2 3147 4430319  488952.9 665.6 699.3 18.5 -835.1
LassoLars 298.1 3147 443044.7 4890159 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 207.3 3163 437940.2 485443.4 661.8 696.7 19.5 -283.5
BayesianRidge 297.6 317.0 4377094  485186.7 661.6 696.6 19.5 -489.3
HuberRegressor 2727 281.7  483311.0 5053953 695.2 710.9 112 43.3
RANSACRegressor 498.2 773.1  1085469.1 17229860 10419 1312.6 99.8  -26899.8
TheilSenRegressor 3024 3338 4427843 4874513 665.4 698.2 186 -132534
TweedicRegressor 338.1 349.0  495021.2  520156.3 703.6 721.2 9.1 -7114.8
PassiveAggressiveRegressor 275.0 281.7 4977277 5183144 705.5 719.9 8.6 -17.3
ExtraTreesRegressor 0.0 297.0 0.1 5415392 0.4 735.9 100.0 -17.6
GradientBoostingR.egressor 183.4 3147 1464222  632543.6 382.7 795.3 734 -128.5
HistGradientBoostingRegressor 146.1 290.1  107817.6  500860.3 3284 707.7 79.8 42.4
AdaBoostRegressor 304.7 3644 322521.8 587055.0 567.9 766.2 41.7  -11379.8
SVR_RBF 280.7 282.7 5425277  551146.8 736.6 742.4 0.5 -22.3
KNeighborsRegressor 233.1 208.3  290406.1  486843.6 538.9 697.7 464 -23.1
Decision TreeRegressor 0.0 389.0 0.1 8979740 0.4 947.6 100.0 -112.6
MLPRegressor 306.6 3372 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 R?
score obtained using the test data in each data set is ob-
served. The most promising R? 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 R? score for the train data, the large gap between the
scores shows a high overfitting of the model. However, a
positive R? 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 R’
score is acceptable in some fields, e.g., social science and
psychology, which is very affected by the complexity of
the data (Gupta er al., 2024). m'nsidcﬁng that R? 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 R? 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-

parents_middle_average distance_value

parents_middle_average_distance_percentage

parents_remaining_customers_average_distance_value

parents_remaining_customers_average_distance_percentage

parents_remaining_customers_min_distance_value

parents_remaining_custamers_min_distance_percentage

parents_remaining_customers_max_distance_value

parents_remaining_customers_max_distance_percentage

parent_number_customers_ middle_value

[parent_numiber_customers_middle_percentage

j®: 0 0.11 0.11 0.03 0.03 0.13 0.13 -0.07 -0.07 0.07 0.07 0.16

j®i] 0.11 0.11 0.03 0.03 0.13 0.13 -0.07 -0.07 0.07 0.07 0.16

0.11 pRLARN: i} -0.34 -0.35 LR REN: ) mﬁﬁ 0.11

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 fezms. 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 R? values, which
represent poor prediction capabilities (Zhang ef al., 2026).
The negative R? values appear when the models fail to
capture the nonlinear behavior of the data or fail to ex-
plain the data variations in reality (Mittlbock and Waldhor,
2000) because the performance of the prediction models
is worse than when the average values of the target va-
riables are considered (Chicco ef 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
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Figure 4. Correlations between variables.
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parents_remaining_customers_min_distance_percentage
parents_remaining_customers_min_distance_value
parents_remaining_customers_average_distance_percentage
parents_remaining_customers_average_distance_value
parents_remaining_customers_max_distance_value
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parents_middle_average_distance_value =
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SHAP value (impact on model output)

Figure 5. Feature importance analysis using SHAP value.

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 3, it is shown that the most important
input features to predict the change in the total distance
are (1) mimimum, 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 1s 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
mn the GA to produce generally good solutions in the long
run, while reducing the number of required populations.

4. CONCLUSIONS

This study otm*es 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 msights
found in this study.

REFERENCES

Abid Almubaidin, M. A_, Latif, S. D., Balan, K., Ahmed,
A.N., and El-Shafie, A. (2023), Enhancing sediment
transport predictions through machine learning-
based multi-scenario regression models, Results in




Singagih, Prabowo, and Meilanitasari: Industrial Engineering & Management Systems

Vol 25, No 3, September 2026, pp.571-582, © 2026 KIIE

580

Engineering, 20, 101585.

Ahmad, M. W., Reynolds, J., and Rezgui, Y. (2018), Pre-
dictive modelling for solar thermal energy systems:
A comparison of support vector regression, random

forest, extra trees and regression trees, Journal of

Cleaner Production, 203, 810-821.

Alawi, O. A., Kamar, H. M., Salih, S. ()., Abba, S. I,
Ahmed, W., Homod, R. Z., Jamei, M., Shafik, S. S.,
and Yaseen, Z. M. (2024), Development of opti-
mized machine learning models for predicting flat
plate solar collectors thermal efficiency associated
with Al203-water nanofluids, Engineering Applica-
tions of Artificial Intelligence, 133(B), 108158.

Bongiovanni, C., Kaspi, M., Cordeau, J.-F., and Geroli-
minis, N. (2022), A machine learning-driven two-
phase metaheuristic for autonomous ridesharing op-
erations, Transportation Research Part E, 165,
102835.

Chicco, D., Warrens, M. J., and Jurman, G. (2021), The
coefficient of determination R-squared 1s more in-
formative than SMAPE, MAE, MAPE, MSE and
RMSE in regression analysis evaluation, PeerJ
Computer Science, 7, ¢0623.

da Silva, F. A., Viana, A. P., Correa, C. C. G., Santos, E.
A., de Oliveira, J. A. V. S., Andrade, J. D. G., Ribei-
ro, R. M., and Gloérna, L. S. (2021), Bayesian ridge
regression shows the best fit for SSR markers in Psi-
dium guajava among Bayesian models, Scientific
Reports, 11(1), 13639,

Derouiche, H., Elarbi, M., and Bechikh, S. (2025), Deep
crossover schemes for genetic algorithms: Investiga-
tions on the travel salesman problem, Swarm and
Evolutionary Computation, 98, 102094,

Farahmand-Tabar, S. and Ashtari, P. (2024), Intelligent
cross-entropy optimizer: A novel machine learning-
based meta-heuristic for global optimization, Swarm
and Evolutionary Computation, 91, 101739,

Garside, A. K., Ahmad, R., and Muhtazaruddin, M. N. B.
(2024), A recent review of solution approaches for
green vehicle routing problem and its variants, Op-
erations Research Perspectives, 12, 100303,

Hamilton, D. F., Ghert, M., and Simpson, A. H. R. W.
(2015), Interpreting regression models in clinical
outcome studies, Bone & Joint Research, 4(9), 152-
153.

Hvattum, L. M. (2022), Adjusting the order crossover
operator for capacitated vehicle routing problems,
Computers & Operations Research, 148, 105986.

Jorge, J. and Paredes, R. (2018), Passive-aggressive on-
line learning with nonlinear embeddings, Pattern
Recognition, 79, 162-171.

Kaelo, P. and Ali, M. M. (2007), Integrated crossover
rules in real coded genetic algorithms, Furopean
Journal of Operational Research, 176(1), 60-76.

Karakati¢, S. (2021), Optimizing nonlinear charging

times of electric vehicle routing with genetic algo-
rithm, Expert Systems with Applications, 164,
114039,

Kaya, M. (2011), The effects of two new crossover opera-
tors on genetic algorithm performance, Applied Soft
Computing, 11(1), 881-890.

Kim, 8. W, Lee, Y. G., Tama, B. A, and Lee, S. (2020),
Reliability-enhanced camera lens module classifica-
tion using semi-supervised regression method, Ap-
plied Sciences, 10(11), 3832,

Kramlinger, P., Schneider, U., and Krivobokova, T.
(2023), Uniformly valid inference based on the Las-
so i linear mixed models, Journal of Multivariate
Analysis, 198, 105230,

Koohestani, B. (2020), A crossover operator for improv-
ing the efficiency of permutation-based genetic algo-
rithms, Expert Systems with Applications, 151,
113381.

Kumari, S., Jha, R., Ray, A, Jena, I. ., Gourisaria, M. K.,
and Bandyopadhyay, A. (2025), An explainable Al
approach for potato plant disease detection using en-
hanced featwre engineering, Procedia Computer
Science, 258, 3570-3579.

Lee, S. and Jun, C.-H. (2018), Fast incremental learning
of logistic model tree using least angle regression,
Expert Systems with Applications, 97, 137-145.

Lee, Y., Thyagarajan, K., Pinto, J. M., Charitopoulos, V.
M., and Papageorgiou, L. G. (2024), Towards effi-
cient solutions for vehicle routing problems for oxy-
gen supply chains, Computers & Chemical Engi-
neering, 191, 108827,

Li, D., Yang, C., and Zou, D. (2023), A nondominated
sorting genetic algorithm III with three crossover
strategies for the combined heat and power dynamic
economic emission dispatch with or without prohi-
bited operating zones, Engineering Applications of
Artificial Intelligence, 123(C), 106443,

Li, J., Liu, R, and Wang, R. (2024), Handling dynamic
capacitated vehicle routing problems based on adap-
tive genetic algorithm with elastic strategy, Swarm
and Evolutionary Computation, 86, 101529,

Meilanitasari, P. and Shin, S.-J. (2021), A review of pre-
diction and optimization for sequence-driven sche-
duling in job shop flexible manufacturing systems,
Processes, 9(8), 1391.

Mittlbéck, M. and Waldhér, T. (2000), Adjustments for
R2-measures for Poisson regression models, Compu-
tational Statistics & Data Analysis, 34(4), 461472,

Moghadaspoor, B., Bozorgi-Amiri, A., Tavakkoli-
Moghaddam, R., and Bashiri, M. (2026), An ensem-
ble learning method to predict a hydrogen produc-
tion rate in the viable wastewater-hydrogen supply
chain network design, Energy, 345, 139950.

Naskar, A., Ghosh, S., Kundu, M., and Sarkar, R. (2025),
Feature selection using guided population based ge-




Evaluating Effectiveness of Crossover Operator in Genetic Algonithm for Travelling Salesman Problem using Regression Machine Learning: Post-Experiment Analysis

Vol 25, No 3, September 2026, pp.571-582, © 2026 KIIE

381

netic algorithm with modified crossover and parent
selection, Applied Sofi Computing, 172, 112872,

Nazif, H. and Lee, L. S. (2012), Optimised crossover ge-
netic algorithm for capacitated vehicle routing prob-
lem, Applied Mathematical Modelling, 36(5), 2110-
2117.

Ojeda Rios, B. H. and Xavier, E. C. (2025), Metaheuristic
approaches for the stochastic capacitated multi-depot
vehicle routing problem with pickup and delivery,
Expert Systems with Applications, 290, 128258,

Ostermeier, M., Henke, T., Hiibner, A., and Wischer, G.
(2021), Multi-compartment vehicle routing problems:
State-of-the-art, modeling framework and future di-
rections, Furopean Jowrnal of Operational Research,
292(3), 799-817.

Gupta, A, Stead, T. 8., and Ganti, L. (2024), Determining
a meaningful R-squared value in clinical medicine,
Academic Medicine & Surgery.

Polat, O. and Kayhan, S. K. (2018), High-speed FPGA
implementation of orthogenal matching pursuit for
compressive sensing signal reconstruction, Compui-
ers & Electrical Engineering, 71, 173-190.

Riaventin, V. N., Cahyo, S. D., and Singgih, 1. K. (2021),
A model for developing existing ports considering
economic impact and network connectivity, Sustai-
nability, 13(7), 3705.

Sandhu, R., Pettit, C., Khalil, M., Poirel, D., and Sarkar,
A. (2017), Bayesian model selection using automatic
relevance determination for nonlinear dynamical
systems, Computer Methods in Applied Mechanics
and Engineering, 320, 237-260.

Scikit-learn (2022), 1. Supervised learning. Scikit-Learn.
Available from: https://scikit-learn.org/stable/super
vised learning. html.

Scikit-learn (2023), API Reference, cited 2023 Dec 2,
Available from: scikit-learn.org.

SHAP (2025a, October 12), Shap.KernelExplainer.
Available from: https://shap.readthedocs.io/en/latest/
generated/shap. KernelExplainer. html

SHAP (2025b, October 12), Shap.LinearExplainer.
Available from: https://shap.readthedocs.io/en/latest/
generated/shap. LinearExplainer. html

Shen, J., Liu, K., Ma, C., Zhao, Y., and Shi, C. (2022),
Bibliometric analysis and system review of vehicle
routing optimization for emergency material distri-
bution, Journal of Traffic and Transportation Engi-
neering (English Edition), 9(6), 893-911.

Singgih, I. K. and Kim, B. L. (2020), Multi-type electric
vehicle relocation problem considering required bat-
tery-charging time, European J. of Industrial Engi-
neering, 14(3), 335-368.

Szénasi, S. and Légradi, G. (2024), Machine learning
aided metaheuristics: A comprehensive review of
hybrid local search methods, Expert Systems with
Applications, 258, 125192,

Taiwo, B. O., Fissha, Y., Hossein, S., Khishe, M., Ka-
hraman, E., Adebayo, B., Sazid, M., Adesida, P. A,
Famobuwa, O. V., Faluyi, J. O., and Akinlabi, A. A.
(2024), Machine learning based prediction of flyrock
distance in rock blasting: A safe and sustainable
mining approach, Green and Smart Mining Engi-
neering, 1(3), 346-361.

Wang, X, Wang, X., Ma, B, Li, Q., Wang, C., and Shi,
Y. (2023), High-performance reversible data hiding
based on ridge regression prediction algorithm, Sig-
nal Processing, 204, 108818.

Xiao, Z., Zhi, J., and Keskin, B. B. (2022), Towards a
machine learning-aided metaheuristic framework for
a production/distribution system design problem,
Computers and Operations Research, 146, 105897,

Xie, Y., Chu, K.-F., Lam, A. Y. S_, and Iida, F. (2025), A
multi-objective evolutionary algorithm with con-
straint-compliant initialization for energy transport
and urban logistics in Electric Vehicle Routing, Ap-
plied Sofi Computing, 183, 113624,

Yu, B., Chen, C., Wang, X., Yu, Z., Ma, A., and Liu, B.
(2021), Prediction of protein—protein interactions
based on clastic net and deep forest, Expert Systems
with Applications, 176, 114876,

Zade, F. A., Ghafurian, M. M., Mesgarpour, M., and
Niazmand, H. (2023), Predictive machine learning
models for optimization of direct solar steam genera-
tion, Journal of Water Process Engineering, 56,
104304,

Zhang, I. and Woensel, T. V. (2023), Dynamic vehicle
routing with random requests: A literature review,
International Journal of Production Economics, 256,
108751.

Zhang, X., Hao, Y., Zhang, L., and Yuan, X. (2025), Ap-
plication of improved genetic algorithm to vehicle
routing problem considering the environmental self-
regulation of the freight companies, Expert Systems
with Applications, 274, 127010,

Zhang, P.-F., Zhang, D., Zhao, Q., Tuerxunmaimaiti, Y.,
Yang, X., Zhao, X., and Igbal, M. (2026), Machine
learning-guided interpretable modelling of code-
based equation for bond strength of composite bars
in ultra-high-performance concrete, Advanced Engi-
neering Informatics, 73, 104542,

Zhu, F., Li, H., Li, I, Zhu, B., and Lei, S. (2023), Un-
manned aerial vehicle remote sensing image regis-
tration based on an improved oriented FAST and ro-
tated BRIEF- random sample consensus algorithm,
Engineering Applications of Artificial Intelligence,
126(B), 106944,

Ivan Kristianto Singgih is the Head of Systems
Engineering Laboratory in the Study Program of Industri-
al Engineering at University of Surabaya (Ubaya), Indo-
nesia. He received his Ph.D. degree in Industrial Engi-




Singagih, Prabowo, and Meilanitasari: Industrial Engineering & Management Systems

Vol 25, No 3, September 2026, pp.571-582, © 2026 KIIE

582

neering from Pusan National University, Busan, Korea, in
2017. He has been a Research Assistant Professor under
the Department of Industrial and Management Engineer-
ing at Pohang University of Science and Technology
(POSTECH), Korea Advanced Institute of Science and
Technology (KAIST) and Korea University. His research
interests include operations research, smart systems, ma-
chine learning, and simulation.

Dr. Eng. Ir. Aditya Rio Prabowo is an Associate
Professor in the Department of Mechanical Engineering
at Universitas Sebelas Maret (UNS) in Surakarta, Central
Java, where he also serves as Head of Laboratory. His
research primarily investigates structural crashworthiness
and accident-related phenomena in marine environ-
ments—such as collisions, groundings, and explosions—
with a particular focus on engineering operations in ex-
treme regions, such as the Arctic. He is interested in struc-
tural analysis and probabilistic estimation of large sys-
tems using numerical methods, including the Finite Ele-

ment and Monte Carlo methods. With an award as one of
the top two percent of world researchers and a substantial
publication record in impact engineering and marine
structures, he is recognized for his technical expertise in
offshore-marine structural safety.

Prita Meilanitasari a lecturer in the Logistics Engi-
neering Department in one of Private University in Indo-
nesia. She earned her Ph.D. from Hanyang University
Graduate School of Technology & Innovation Manage-
ment and has a research background in advanced manu-
facturing and supply chain management. Prita has worked
as a research and teaching assistant at Hanyang Universi-
ty and Pukyong National University. Her areas of exper-
tise include advanced manufacturing, logistics systems,
data analytics, and supply chain optimization. Her aca-
demic and research experience includes developing data-
driven models for manufacturing system optimization,
logistics management, and supply chain analytics.




IEMS_TSP_ML

ORIGINALITY REPORT

10. 7 8 24

SIMILARITY INDEX INTERNET SOURCES PUBLICATIONS STUDENT PAPERS

PRIMARY SOURCES

www.mdpi.com

Internet Source

3o

lvan Kristianto Singgih, Moses Laksono Singgih. "Regression Machine Learning
Models for the Short-Time Prediction of Genetic Algorithm Results in a Vehicle
Routing Problem", World Electric Vehicle Journal, 2024

Publication

1w

dokumen.pub

Internet Source

[e2]

1w

kpfu.ru

Internet Source

=]

%

Submitted to Sydney Institute of Higher Education

Student Paper < %
H Ilvan Kristianto Singgih, Byung In Kim. "Multi-type electric vehicle relocation < o
problem considering required battery-charging time", European J. of Industrial °
Engineering, 2020
Publication
Submitted to Telkom Universit
Student Paper y <1 %
n Submitted to Sheffield Hallam University <1 .
Student Paper %
ijtech.eng.ui.ac.id
n I;JwternetSourceg <1 %
Egba Anwaitu Fraser, Obikwelu R. Okonkwo. "GENETIC ALGORITHM APPROACH <1 o
FOR OPTIMAL CYCLIC TOUR ROUND THE STATE CAPITALS IN NIGERIA'S NIGER ’
DELTA REGION", International Journal of Research -GRANTHAALAYAH, 2021
Publication
hal.science <1 .
Internet Source %
Wen-Zhao Liu, Cong-Ying Han, Tian-De Guo. "Neural Re-Insertion Improvement <1 "
0

Algorithm for Large-Scale TSP", Journal of the Operations Research Society of
China, 2026

Publication



link.springer.com

Internetg)urceg <1 %

"2nd EAI International Conference on Renewable Energy and Sustainable <1 o
Manufacturing”, Springer Science and Business Media LLC, 2025 °
Publication
Lecture Notes in Computer Science, 2015.

Publication p <1 %
boneandjoint.org.uk

InternetSourceJ g <1 %
simulation.su

Internet Source <1 %

Hoang Nguyen, Tran Dinh Bao, Xuan-Nam Bui, Van-Viet Pham et al. "Measuring <1 %
and Predicting Blast-Induced Flyrock Using Unmanned Aerial Vehicles and Lévy ’
Flight Technique-Based Jaya Optimization Algorithm Integrated with Adaptive
Neuro-Fuzzy Inference System", Natural Resources Research, 2025
Publication

Yong Wang, Mengyuan Gou, Siyu Luo, Lu Zhen, Xiuling Hei. "Collaborative multi- <1
depot vehicle routing problem with time windows, split delivery, and uncertain
demands", Transportation Research Part E: Logistics and Transportation Review,
2026
Publication

export.arxiv.org <1 .
Internet Source %
mdpi-res.com

InternEtSource <1 %
minerva.usc.es

Internet Source <1 %

Amin Riazi. "Genetic algorithm and a double-chromosome implementation to the <1 o

0

traveling salesman problem”, SN Applied Sciences, 2019

Publication

Exclude quotes Off Exclude matches Off

Exclude bibliography On



10/22/26, 2:23 PM Universitas Surabaya Mail - Industrial Engineering & Management Systems - Manuscript ID IEMS-2025-0128

UBAYA

Industrial Engineering & Management Systems - Manuscript ID IEMS-2025-0128

2 messages

Dong Ho Lee <onbehalfof@manuscriptcentral.com> Tue, Nov 11, 2025 at 11:10 AM

Reply-To: leman@hanyang.ac.kr
To: ivanksinggih@staff.ubaya.ac.id

11-Nov-2025

Dear Dr. Singgih:

Your manuscript entitled "Evaluating Effectiveness of Crossover Operator in Genetic Algorithm for Travelling Salesman
Problem Case using Regression Machine Learning: Post-Experiment Analysis" has been successfully submitted online
and is presently being given full consideration for publication in the Industrial Engineering & Management Systems.

Your manuscript ID is IEMS-2025-0128.

Please mention the above manuscript ID in all future correspondence or when calling the office for questions. If there are
any changes in your street address or e-mail address, please log in to ScholarOne Manuscripts at https://mc03.

manuscriptcentral.com/kiie-iems and edit your user information as appropriate.

You can also view the status of your manuscript at any time by checking your Author Center after logging in to
https://mc03.manuscriptcentral.com/kiie-iems.

Thank you for submitting your manuscript to the Industrial Engineering & Management Systems.

Sincerely,
Industrial Engineering & Management Systems Editorial Office

IVAN KRISTIANTO SINGGIH _ <ivanksinggih@staff.ubaya.ac.id> Tue, Nov 11, 2025 at 11:11 AM

To: Aditya Rio Prabowo <aditya@ft.uns.ac.id>, prita.meilanitasari@uisi.ac.id
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IVAN KRISTIANTO SINGGIH _ <ivanksinggih@staff.ubaya.ac.id>

Dong Ho Lee <onbehalfof@manuscriptcentral.com> Wed, Feb 11, 2026 at 6:56 AM

Reply-To: leman@hanyang.ac.kr
To: ivanksinggih@staff.ubaya.ac.id

11-Feb-2026
Dear Dr. Singgih:

Manuscript ID IEMS-2025-0128 entitled "Evaluating Effectiveness of Crossover Operator in Genetic Algorithm for
Travelling Salesman Problem Case using Regression Machine Learning: Post-Experiment Analysis" which you submitted

to the Industrial Engineering & Management Systems, has been reviewed. The comments of the reviewer(s) are included

at the bottom of this letter.

The reviewer(s) have recommended publication, but also suggest some revisions to your manuscript. Therefore, | invite
you to respond to the reviewer(s)' comments and revise your manuscript. While revising the paper, please prepare a
separate response letter that shows how you address each of the comments.

To revise your manuscript, log into https://mc03.manuscriptcentral.com/kiie-iems and enter your Author Center, where you

will find your manuscript title listed under "Manuscripts with Decisions." Under "Actions," click on "Create a Revision."
Your manuscript number has been appended to denote a revision.

You may also click the below link to start the revision process (or continue the process if you have already started your
revision) for your manuscript. If you use the below link you will not be required to login to ScholarOne Manuscripts.

*** PLEASE NOTE: This is a two-step process. After clicking on the link, you will be directed to a webpage to confirm. ***

https://mc03.manuscriptcentral.com/kiie-iems?URL_MASK=64a6d9b925d54b50a6136515771370fa

You will be unable to make your revisions on the originally submitted version of the manuscript. Instead, revise your
manuscript using a word processing program and save it on your computer. Please also highlight the changes to your
manuscript within the document by using the track changes mode in MS Word or by using bold or colored text.

Once the revised manuscript is prepared, you can upload it and submit it through your Author Center.

When submitting your revised manuscript, you will be able to respond to the comments made by the reviewer(s) in the
space provided. You can use this space to document any changes you make to the original manuscript. In order to
expedite the processing of the revised manuscript, please be as specific as possible in your response to the reviewer(s).

IMPORTANT: Your original files are available to you when you upload your revised manuscript. Please delete any
redundant files before completing the submission.

Because we are trying to facilitate timely publication of manuscripts submitted to the Industrial Engineering &
Management Systems, your revised manuscript should be submitted by 12-May-2026. If it is not possible for you to
submit your revision by this date, we may have to consider your paper as a new submission.

Once again, thank you for submitting your manuscript to the Industrial Engineering & Management Systems and | look
forward to receiving your revision.

Sincerely,

Dr. Dong Ho Lee

Managing Editor, Industrial Engineering & Management Systems
leman@hanyang.ac.kr

https://mail.google.com/mail/u/2/?ik=844f8d1743&view=pt&search=all&permthid=thread-f:1856784608021194690&simpl=msg-f:1856784608021194690
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Area Editor
Comments to the Author:
Dear Dr. Ivan Singgih (Corresponding Author of IEMS-2025-0128),

Thank you for submitting your manuscript entitled

“Evaluating Effectiveness of Crossover Operator in Genetic Algorithm for Travelling Salesman Problem Case using
Regression Machine Learning: Post-Experiment Analysis”

to Industrial Engineering & Management Systems.

I have now completed my evaluation of your manuscript based on the peer-review process. According to the reviewers’
comments, the editorial decision is "Major Revision".

Please carefully address all comments and suggestions provided by the reviewer(s) in a revised version of your
manuscript and resubmit it within the specified deadline. Along with the revised manuscript, please include a detailed
response-to-reviewers letter clearly explaining how each comment has been addressed, with specific references to page
and line numbers in the revised manuscript.

The reviewer’s report is attached for your reference.

Thank you again for considering Industrial Engineering & Management Systems as an outlet for your work. We appreciate
your interest in and support of the journal.

We look forward to receiving your revised manuscript.

Best regards,
Sang Jin Kweon, Ph.D.
Associate Editor, Industrial Engineering & Management Systems.

Reviewer(s)' Comments to Author:
Reviewer: 1

Comments to the Author

This study analyzes the impact of cross-over operators using regression techniques. While the idea is interesting and
relevant, the paper’s presentation and experimental setup are rather straightforward. Several improvements are strongly
recommended, as outlined below:

. In the Introduction, please discuss the importance and urgency of predicting or analyzing the quality of cross-over
operators in genetic algorithms.

. Please include a Related Works section that reviews recent cross-over techniques in genetic algorithms. And some
works which analyzing the impact of cross-over techniques to the GA objectives.

. The authors should justify the selection of the following features for analyzing the impact of cross-over operators:
parents_middle_average_distance, parents_remaining_customers_average_distance, parents_remaining_customers_
min_distance, parents_remaining_customers_max_distance, parent_number_customers_middle, and
parent_number_customers_remaining. In particular, is this feature set sufficiently general?

. The current experimental design is overly simplistic. Please include additional experiments using different cross-over
operator techniques.

. The TSP settings should be more diverse, ranging from simple to complex problems. For example, experiments
could vary from instances with a small number of cities to those with a large number of cities, as well as from simple
objectives or constraints to more complex ones.

. The XAl analysis is also quite basic. The authors are encouraged to employ statistical correlation analyses to better
support their claims.

Reviewer: 2

Comments to the Author
Evaluating Effectiveness of Crossover Operator in Genetic Algorithm for Travelling Salesman Problem Case using
Regression Machine Learning: Post-Experiment Analysis

The authors investigate the influence of genetic algorithm (GA) parameters on the performance of the Traveling Salesman
Problem (TSP) and employ a regression model to estimate changes in objective values. While the study demonstrates

https://mail.google.com/mail/u/2/?ik=844f8d1743&view=pt&search=all&permthid=thread-f:1856784608021194690&simpl=msg-f:1856784608021194690 2/3
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promising results, several aspects require further clarification and improvement.

1. The abstract should clearly mention the use of regression techniques and briefly summarize the key experimental
findings.

2.  The novelty of the proposed work should be explicitly stated, particularly in the introduction section.

3.  The purpose of employing a regression model in this study needs to be explained in greater detail. The manuscript
appears to focus on identifying influential GA parameters that affect performance. However, similar insights could
potentially be obtained using feature importance analysis or correlation measures without relying on regression. The
authors should therefore clarify the role and purpose of the regression model in this study.

4. The dataset used to generate the 272 records for the TSP experiments should be described more explicitly. It is
unclear whether the TSP instances are derived from prior studies or randomly generated. Providing a screenshot of the
dataset along with descriptive statistics would improve reader understanding.

5.  Furthermore, the dataset size (272 records) is relatively small for a machine learning—based approach, which raises
concerns regarding potential overfitting. The authors are encouraged to report model performance on both training and
testing data to demonstrate whether overfitting occurs.

6. Please clarify the rationale behind the selection of features used in the regression model.

7. To better assess regression performance, additional evaluation metrics such as the correlation coefficient (R) or
coefficient of determination (R?) should be reported alongside error-based metrics. The validation strategy should also be
clearly described, including whether a hold-out method or cross-validation was used.

8.  Finally, the issue of generalization requires further discussion. Since the regression model is trained on a specific
TSP instance, the authors should clarify how and to what extent the model can be expected to perform well on different
problem instances or domains.

https://mail.google.com/mail/u/2/?ik=844f8d1743&view=pt&search=all&permthid=thread-f:1856784608021194690&simpl=msg-f:1856784608021194690 3/3



10/22/26, 2:21 PM Universitas Surabaya Mail - Industrial Engineering & Management Systems - Decision on Manuscript ID IEMS-2025-0128.R1

® Gy

¥
UBAYA

Industrial Engineering & Management Systems - Decision on Manuscript ID IEMS-
2025-0128.R1

Dong Ho Lee <onbehalfof@manuscriptcentral.com> Sat, Apr 18, 2026 at 7:14 AM

Reply-To: leman@hanyang.ac.kr
To: ivanksinggih@staff.ubaya.ac.id

18-Apr-2026
Dear Dr. Singgih:

Manuscript ID IEMS-2025-0128.R1 entitled "Evaluating Effectiveness of Crossover Operator in Genetic Algorithm for
Travelling Salesman Problem Case using Regression Machine Learning: Post-Experiment Analysis" which you submitted

to the Industrial Engineering & Management Systems, has been reviewed. The comments of the reviewer(s) are included

at the bottom of this letter.

The reviewer(s) have recommended publication, but also suggest some minor revisions to your manuscript. Therefore, |

invite you to respond to the reviewer(s)' comments and revise your manuscript. While revising the paper, please prepare a

separate response letter that shows how you address each of the comments.

To revise your manuscript, log into https://mc03.manuscriptcentral.com/kiie-iems and enter your Author Center, where you

will find your manuscript title listed under "Manuscripts with Decisions." Under "Actions," click on "Create a Revision."
Your manuscript number has been appended to denote a revision.

You may also click the below link to start the revision process (or continue the process if you have already started your
revision) for your manuscript. If you use the below link you will not be required to login to ScholarOne Manuscripts.

*** PLEASE NOTE: This is a two-step process. After clicking on the link, you will be directed to a webpage to confirm. ***
https://mc03.manuscriptcentral.com/kiie-iems?URL_MASK=b8dh4455104c47f89ea746fd1462bfde

You will be unable to make your revisions on the originally submitted version of the manuscript. Instead, revise your
manuscript using a word processing program and save it on your computer. Please also highlight the changes to your
manuscript within the document by using the track changes mode in MS Word or by using bold or colored text.

Once the revised manuscript is prepared, you can upload it and submit it through your Author Center.

When submitting your revised manuscript, you will be able to respond to the comments made by the reviewer(s) in the
space provided. You can use this space to document any changes you make to the original manuscript. In order to

expedite the processing of the revised manuscript, please be as specific as possible in your response to the reviewer(s).

IMPORTANT: Your original files are available to you when you upload your revised manuscript. Please delete any
redundant files before completing the submission.

Because we are trying to facilitate timely publication of manuscripts submitted to the Industrial Engineering &

Management Systems, your revised manuscript should be submitted by 17-Jul-2026. If it is not possible for you to submit

your revision by this date, we may have to consider your paper as a new submission.

Once again, thank you for submitting your manuscript to the Industrial Engineering & Management Systems and | look
forward to receiving your revision.

Sincerely,

Dr. Dong Ho Lee

Managing Editor, Industrial Engineering & Management Systems
leman@hanyang.ac.kr

Associate Editor Comments to Author:
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Area Editor

Comments to the Author:

Below, please find the review letter by the reviewer:

Evaluating Effectiveness of Crossover Operator in Genetic Algorithm for Travelling Salesman Problem Case using
Regression Machine Learning: Post-Experiment Analysis

The authors examine how genetic algorithm (GA) parameters affect the performance of the Traveling Salesman Problem
(TSP) and apply regression models to estimate variations in objective values.

The authors did not include a response-to-reviewers document, which made it difficult to track how reviewer comments
were addressed in the revised manuscript. Nevertheless, they made a clear effort to incorporate my previous suggestions.
They also expanded the study by adding experiments using multiple regression methods across three datasets, which
increases the overall complexity of the work.

Overall, the revised manuscript shows improved results and reflects revisions made in accordance with my suggestions.
Only my additional revision as follows:

- Please verify the calculation of the R? (coefficient of determination), as it appears to be incorrect. Typically, R? values
range between 0 and 1.

Reviewer(s)' Comments to Author:
Reviewer: 2

Comments to the Author
Evaluating Effectiveness of Crossover Operator in Genetic Algorithm for Travelling Salesman Problem Case using
Regression Machine Learning: Post-Experiment Analysis

The authors examine how genetic algorithm (GA) parameters affect the performance of the Traveling Salesman Problem
(TSP) and apply regression models to estimate variations in objective values.

The authors did not include a response-to-reviewers document, which made it difficult to track how reviewer comments
were addressed in the revised manuscript. Nevertheless, they made a clear effort to incorporate my previous suggestions.
They also expanded the study by adding experiments using multiple regression methods across three datasets, which
increases the overall complexity of the work.

Overall, the revised manuscript shows improved results and reflects revisions made in accordance with my suggestions.
Only my additional revision as follows:

- Please verify the calculation of the R? (coefficient of determination), as it appears to be incorrect. Typically, R? values
range between 0 and 1.

https://mail.google.com/mail/u/2/?ik=844f8d1743&view=pt&search=all&permmsgid=msg-f: 1862765145904 11007 2&simpl=msg-f: 1862765145904110072
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2 messages

Dong Ho Lee <onbehalfof@manuscriptcentral.com> Mon, Apr 27, 2026 at 8:48 AM
Reply-To: leman@hanyang.ac.kr
To: ivanksinggih@staff.ubaya.ac.id

27-Apr-2026
Dear Dr. Singgih:

It is a pleasure to accept your manuscript entitled "Evaluating Effectiveness of Crossover Operator in Genetic Algorithm
for Travelling Salesman Problem Case using Regression Machine Learning: Post-Experiment Analysis" in its current form
for publication in the Industrial Engineering & Management Systems. The comments of the reviewer(s) who reviewed
your manuscript are included at the foot of this letter.

Please send me the final version in MS Word format through e-mail. In the final version, please include bio data for each
author at the end of the manuscript.

Thank you for your fine contribution. On behalf of the Editors of the Industrial Engineering & Management Systems, we
look forward to your continued contributions to the Journal.

Sincerely,

Dr. Dong Ho Lee

Managing Editor, Industrial Engineering & Management Systems
leman@hanyang.ac.kr

Associate Editor Comments to Author:
Area Editor

Comments to the Author:

(There are no comments.)
Reviewer(s)' Comments to Author:

Reviewer: 2

Comments to the Author
(There are no comments.)

IVAN KRISTIANTO SINGGIH _ <ivanksinggih@staff.ubaya.ac.id> Wed, Apr 29, 2026 at 11:06 PM
To: leman@hanyang.ac.kr
Cc: prita.meilanitasari@uisi.ac.id, Aditya Rio Prabowo <aditya@ft.uns.ac.id>

Dear Professor Dong Ho Lee,

Thank you for allowing us to contribute to your journal.
Please find the final Word file you requested attached to this email.

Best regards,
Ivan K. Singgih
(on behalf of the corresponding author)

lvan Kristianto Singgih (Ph.D.)
URL: https://lwww.researchgate.net/profile/lvan_Singgih

Head of Systems Engineering Laboratory and Assistant Professor
https://mail.google.com/mail/u/2/?ik=844f8d1743&view=pt&search=all&permthid=thread-f:1863586405201954425&simpl=msg-f:186358640520195442... 1/2
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