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A B S T R A C T

The COVID-19 pandemic had brought changes to individuals, especially in consumer behavior. As the government
of different countries has been implementing safety protocols to mitigate the spread of the virus, people became
apprehensive about traveling and going out. This paved way for the emergence of third-party logistics (3PL).
Statistics have proven the rapid escalation regarding the use of 3PL in various countries. This study utilized
Artificial Neural Network and Random Forest Classifier to validate and justify the factors that affect consumer
intention in selecting a 3PL service provider during the COVID-19 pandemic integrating the Service Quality
Dimensions and Pro-Environmental Theory of Planned Behavior. The findings of this study revealed that attitude
is the most significant factor that affects the consumers' behavioral intention. Other factors such as customer
satisfaction, customer perceived value, perceived environmental concern, assurance, responsiveness, empathy,
reliability, tangibility, perceived behavioral control, subjective norm, and perceived authority support, are all
contributing factors that affect behavioral intention. Machine learning algorithms, specifically ANN and RFC,
resulted to be reliable in predicting factors as they obtained accuracy rates of 98.56% and 93%. Results presented
that consumers’ attitude, satisfaction, perceived value, assurance by the 3PL, and perceived environmental
concerns were highly influential in choosing a 3PL package carrier. It was seen that people would be encouraged
to use 3PL service providers if they demonstrate availability and environmental concerns in catering to the
customers' needs. Subsequently, 3PL providers must assure safety and convenience before, during, and after
providing the service to ensure continuous patronage of consumers. This is considered to be the first study that
utilized a machine learning ensemble to measure behavioral intention for the logistic sector. The framework,
analysis tools, and findings of this study could be extended and applied among other behavioral intentions
regarding transportation worldwide. Managerial insights among service providers are discussed.
1. Introduction

The COVID-19 pandemic forced the adaptation of changes imposed
on the accustomed routines concerning different facets. Due to the
emotional adversity caused by the pandemic, people have been exhibit-
ing dramatic changes in their behavior, particularly towards consump-
tion (Park et al., 2022). As this crisis brought limitations, people began to
consider deliveries of commodities as an efficient way to suffice everyday
necessities (Figliozzi and Unnikrishnan, 2021). This paves the way for
the emergence of various e-commerce platforms. According to Limon
(2021) and Gumasing et al. (2022), engagements in online selling have
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stores or the “shopping trip”, there is evidence of an increase in delivery
trips (Kawasaki et al., 2022). However, because of the threats posed to
different sectors, its mandated adjustments made the public transport
enforce modifications and the shipping systems (X. Wang et al., 2021).

The interminable prevalence of online shopping and online trans-
actions increased the number of delivery personnel employed to meet
customers' demands (Tran et al., 2022). This activity necessitates modi-
fications in logistics management, including the planning of warehouses
and logistics centers and scarcities in shipment vehicles and drivers
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(Kawasaki et al., 2022). Companies are pressed to introduce alterations
to cater to the customers' needs, especially the demand for deliveries, as
people are apprehensive about traveling and going out.

Businesses and companies often outsource a portion of their operation
and production such as delivering goods, to maximize resource utiliza-
tion and benefits. Holding the capability of controlling, managing, and
providing logistics services, third-party logistics (3PL) are sought after by
different organizations to enhance their ability to respond to the
competition in the market and improve customer satisfaction (Gao et al.,
2020). According to Heydari and Bakhshi (2022), 3PL services are ad-
vantageous in assuring quality and prompt deliveries. 3PL services
improved response time and reduce supply chain distribution expenses
(German et al., 2019).

Table 1 represents the growth in revenues of the top 10 global 3PL
service providers (Angell, 2021). Along with the prevalent use of 3PL
services, companies face challenges in dealing with consumers'
increasing demand despite opening opportunities for accumulating
higher profits. The expanding and diverse expectations of consumers
caused the rapid escalation regarding the standards in both delivery and
pickup services, leading to reduced vehicle capacity utilization and
increased costs in transportation (Y. Wang et al., 2021). For instance,
missed parcel deliveries are frequently encountered in logistics services.
Aside from the additional expense spent attempting another delivery, it
significantly affects customer loyalty and the loss of potential consumers
(Dragomir et al., 2022). Thus, the service performances of 3PL providers
must be progressively assessed and improved.

Several methods or theories may be applied to assess service quality
and performance. The measure of service quality is among the most
important determinants of customer satisfaction and loyalty. The
SERVQUAL dimensions of Parasuraman et al. (1985) have been consid-
ered among the most prominent approaches used in measuring the
quality of services in different industries (Ijadi Maghsoodi et al., 2019).
Several studies have evaluated the logistics industry using SERVQUAL
assessment. A study conducted by Uzir et al. (2021a,b) dealt with the
relationship between trust, perceived value, and service quality of de-
livery services on customer satisfaction utilizing PLS-SEM. The service
quality is defined by five (5) dimensions and is as follows: tangibility,
empathy, responsiveness, assurance, and reliability. Results showed that
perceived value and service qualities are the pertinent determinants or
predictors of customer satisfaction. Another study was conducted to
assess logistics management in the pharmaceutical industry for further
improvements (Knop, 2019). The study proved the possibility of defining
specific areas that need improvement using the SERVQUAL method.
Aside from the SERVQUAL dimensions, other theories may be utilized
such as the Theory of Planned Behavior.

The Theory of Planned Behavior (TPB) can be applied when assessing
consumer behavioral intention and satisfaction (German et al., 2022).
This theory stated that intentions, defined by attitude, perceived
behavioral control, and subjective norms, are influential in an in-
dividual's engagement with behaviors (Zemore and Ajzen, 2014). Studies
Table 1. Top 10 global 3PL providers.

Ranking Company Base Country

1 Amazon US

2 DHL Germany

3 Kuehne þ Nagel* Switzerland

4 DB Schenker Germany

5 Nippon Express Japan

6 DSV Panalpina Denmark

7 CH Robinson US

8 XPO Logistics US

9 UPS US

10 Expeditors International US

2

have incorporated the use of TPB in various fields. A study conducted by
Zemore and Ajzen (2014) utilized TPB in predicting the completion of
therapies or treatments for individuals suffering from substance abuse.
Moreover, a study reviewed the TPB in hospitality management, tourism,
and leisure (Ulker-Demirel and Ciftci, 2020). An extension of the TPB
model, Pro-environmental Planned Behavior (PEPB), proposed by Per-
sada et al. (2015), as cited in (German et al., 2022), integrated envi-
ronmental concerns and sustainability in predicting behavioral
intentions. The relationship between sustainability and customer satis-
faction was revealed to be important in various studies (Gerdt et al.,
2019). For instance, a study aimed to determine the relationship between
customer satisfaction and sustainability was conducted in tourism man-
agement (Gerdt et al., 2019). The findings of their study affirmed that the
different sustainability measures significantly influence customer satis-
faction. However, only limited studies assessing sustainability and ser-
vice quality regarding logistics services, specifically 3PL providers, are
present.

Various studies have dealt with the determinants or factors affecting
3PL providers. A study conducted by Gürcan et al. (2016) focused on
evaluating 3PL providers considering four criteria (i.e., reputation,
financial performance, long-term relationship, and compatibility),
applying the Analytical Hierarchy Process (AHP) method. Results
showed that compatibility is the most important factor, while long-term
relationships were the least important criterion. On the other hand, a
study utilizing a multi-criteria decision-making (MCDM) approach
revealed that the most important factor affecting a 3PL provider is the
cost (Pamucar et al., 2019). A study by German et al. (2022) focused on
the intentions of consumers when choosing courier services during the
COVID-19 pandemic, applying the SERVQUAL model and PEPB. Their
study incorporated partial least square structural equation modeling
(PLS-SEM). However, integrating other tools would further reinforce the
results acquired from the SEM and yield extensive results for irrelevant
latent (Duarte and Pinho, 2019). Furthermore, the limitations posed in
utilizing SEM may present some latent to be unimportant and irrelevant
(Fan et al., 2016). Thus, this study incorporated Random Forest Classifier
(a decision tree) and Artificial Neural Network to validate and justify
factors that affect consumer intention in selecting a 3PL service provider
during the COVID-19 pandemic. van Lissa et al. (2022) stated that the
integration of machine learning enables the simultaneous examination of
significant predictors and explains each importance concerning the
outcome.

Machine learning algorithm (MLA), a data-driven method, became
more prominent due to its capability in handling and processing a large
volume of data (Niu et al., 2021). MLA has been widely utilized in
research concerning marketing (Kopalle et al., 2022). A study conducted
by van Lissa et al. (2022) applied machine learning, specifically the
random forest classifier, in identifying the significant predictors of
infection prevention behaviors during the first periods of the pandemic.
On the other hand, MLA was also used to analyze the unsafe driving
behaviors of truck divers (Niu et al., 2021). Therefore, studies that
2019 Revenue 2020 Revenue Year Over Year Growth

$53,761 $80,437 49.60%

$32,099 $32,448 1.10%

$25,458 $25,369 -0.30%

$18,343 $19,449 6.00%

$18,306 $18,543 1.30%

$14,197 $17,732 24.90%

$14,322 $15,148 5.80%

$11,294 $11,312 0.20%

$9,302 $11,048 18.80%

$8,175 $10,116 23.70%
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discuss human behavior can utilize various machine learning techniques,
such as decision trees, artificial neural networks, and random forest
classifiers (Al-Mashraie et al., 2020; Ong et al., 2022).

A decision tree (DT) model provides observations and predictions
concerning a specific outcome (Shorabeh et al., 2022). Moreover, a de-
cision tree is often used when dealing with classification and regression
problems (Singh Kushwah et al., 2021). Several studies have incorpo-
rated the use of decision trees in predicting and identifying behavioral
intentions. Bordarie (2019) used a decision tree to understand the
behavioral intention of drivers' compliance with speed limits. However, a
more powerful type of DT, Random Forest Classifier has been utilized for
its capability to produce higher accuracy in predicting factors affecting
human behavior.

A tree-based MLA, random forest classifier (RFC) has been defined as
a predictive model capable of yielding accurate assumptions (Li et al.,
2022). In addition, RFCs can interpret and understand complex re-
lationships (Torre-Tojal et al., 2022). Cheng et al. (2019) used decision
trees and RFC in predicting travelers' behavior. The researchers of the
study recommended the integration of other MLAs to generate a better
and more efficient result for interpreting complex human behaviors. To
this, the consideration of artificial neural networks may be applied.

Artificial neural network (ANN) has been among the most used
methodologies in predicting behaviors and performances. ANN, a subset
of MLA, is a human-brain-based model with high predictive accuracy for
classification (Mumali, 2022). A study by Luo et al. (2022) used ANN to
predict sound insulation's performance to measure sound transmission
losses. Despite numerous applications, the said methodology has not yet
been applied in predicting the factors in using 3PL services.

This study applied the machine-learning algorithm to predict the
factors influencing the intention to use 3PL during the COVID-19
pandemic. Specifically, the study aimed to: (1) apply the integrated
extended theory of planned behavior through the consideration of
environmental concerns and SERVQUAL dimensions in predicting
intention to use 3PL during the COVID-19 pandemic, and (2) formulate
an optimum decision tree to classify several factors such as perceived
authority support (PAS), perceived behavioral control (PBC), perceived
environmental concern (PEC), attitude (AT), subjective norm (SN),
assurance (AS), reliability (RL), tangibles (TG), empathy (EP), and
customer satisfaction (CS) (German et al., 2022), and (3) utilize RFC and
ANN to determine the most significant affecting factors on intention to
use a 3PL service during the COVID-19 pandemic.

This study and its findings can be beneficial to the business industries,
as they will have an in-depth understanding of the factors considered in
using 3PL to aid in their decision-making process. The 3PL providers can
also benefit by determining the factors that significantly impact con-
sumers' availing of their services, which can help provide a path for
improvements. Varadarajan et al. (2022) stated that technology-based
innovation has been widely considered. It was stated that consumers
are key drivers for the advancement of this field and that their interests
should be considered. Findings can also contribute to verifying the sig-
nificant relationship between sustainability and service quality on con-
sumer preference in using 3PL. The flow of the paper is as follows: (1)
Introduction, (2) Conceptual Framework and Methodology, (3) Results
and Statistical Analyses, (4) Discussion, Managerial Insights, and Impli-
cations, and (5) Conclusion.

2. Methodology

2.1. Conceptual Framework

In predicting the factors, the SERVQUAL dimensions integrated with
pro-environmental planned behavior (PEPB) were utilized in this study.
Data and framework both were adopted from the study of German et al.
(2022), which discussed the consumer preference analysis of package
carriers during the pandemic using the integrated theories. The
SERVQUAL scale was established by Parasuraman et al. (1988) to
3

quantify the disparities and gaps between consumers' expectations and
experiences concerning the quality of service (Aboubakr and Bayoumy,
2022). In service quality literature, this model has become the most
widely recognized, used, and validated means of measurement (Purc�area
et al., 2013). The PEPB model was established by Persada et al. (2015)
following various studies that aimed to examine the relationship between
environmental sustainability and consumer behavior (German et al.,
2022). The study considered twelve (12) variables which are perceived
authority support (PAS), perceived behavioral control (PBC), perceived
environmental concern (PEC), attitude (AT), subjective norm (SN) for the
PEPB model; and assurance (AS), reliability (RL), tangibles (TG),
empathy (EP), and customer satisfaction (CS) from the SERVQUAL. This
study utilized a machine learning algorithm in predicting the factors that
affect the consumer's intention to use a 3PL service. Presented in Figure 1
is the theoretical framework utilized in this study.

2.2. Demographics

This study considered responses from 400 participants who volun-
tarily participated in the data gathering using Google Forms. Upon
answering the online survey, the participants were asked to fill out a
consent form with signed consent complying with the Data Privacy Act of
the Philippines, Republic Act No. 10173. The online survey questionnaire
was also approved by the Mapua University Research Ethics Committees
(Document No.: FM-RC-22-17) before dissemination. The first part of the
online questionnaire contained information such as a short background,
the objective of the study, and how and where the data will be utilized.
Which, if respondents would agree, a check box for conformity was
considered for them to proceed with the online survey. Those who do not
wish to participate can freely exit the online survey.

Presented in Table 2 is the demographic profile of the respondents.
The questionnaire (German et al., 2022) as seen in Appendix A was
distributed using different cross-sectional designs from September 11,
2021 to October 10, 2021. The data gathered are comprised of 61.25%
female and 38.75% male. Most of the respondents, having a percentage
of 55, are aged 18–25 years old, and a percentage of 74 are single based
on their status. For the area of residence, 56.75% are living in an urban
setting. 49.50% are employed, and 63.50% have a college or graduate
degree. For the household size, 37.50% answered 5 to 6, and 48.00%
have a total household monthly income above Php 50,000. Lastly,
91.00% of the type of usage of the courier service is for individual or
personal use.

2.3. Machine learning algorithm

The application of machine learning algorithms (MLA) which
included utilizing the artificial neural network, decision tree, and
random forest classifier, was performed using Python 5.1. Dekimpe
(2020) suggested considering big data available to assess different as-
pects of retailing businesses. Which, this study considered 3PL service
providers from the interaction of business to consumer. The 400 re-
spondents provided answers for the 66 items representing the different
latent variables (adopted from the study of German et al., 2022). A total
of 26,400 datasets were considered from the response.

2.4. Methodology design

An outline of the methodological flowchart has been presented in
Figure 2. The research aim was to identify factors influencing the
intention to use 3PL during the COVID-19 pandemic. Following different
studies, three MLA was utilized to achieve the objective of the study. It
was stated that classification models such as DT and ANN may be
considered to analyze factors affecting human behavior (Cheng et al.,
2019). However, other studies have justified the utilization of RFC
instead of the basic DT as it presents higher accuracy based on the pattern
of model creation of RFC. It was stated that RFC determines the best tree



Figure 1. Theoretical framework (German et al., 2022).
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every output compared to the basic DT which produce one tree at a time
(Ong et al., 2022b). Similarly, Ong et al. (2022) expounded on the dif-
ference of using ANN and deep learning neural network (DLNN). They
explained how ANN should be considered first and additional layers may
be applied for DLNN when accuracy is low for ANNmodel creation. With
that, this study considered the tests of DT and RFC and ANN before DLNN
application. So far, the current trend of human behavior analysis is
considering machine learning, but further verification for its application
is needed (Jamshidi et al., 2020).

To contribute with the application verification, the current study
considered only three out of all the classification tools. It was stated by
Jamshidi et al. (2020) that these complex calculations may be highly
considered for analysis as they possess enough computational complexity
for analysis consideration. Compared to more complex algorithms, this
study wanted to provide additional application for the current method-
ology trend by using highly powerful machine learning algorithms.
Before applying the said algorithms, data preprocessing was conducted.
Data preprocessing includes data cleaning, data aggregation, and data
normalization which are needed to be accomplished for appropriate
datasets to be considered in the algorithm.

Data cleaning refers to identifying significant factors through the
use of correlation, a filter method (Verma et al., 2020). Verma et al.
4

(2020) explained that the filter method evaluates the attributes on
their metric in relation to the characteristics of the dataset. In addition,
it was explained that computation time is lessen with the filter method
compared to the wrapper method. Thus, this study opted the correla-
tion analysis. Factors that attained a p-value of more than 0.05 and a
correlation coefficient of less than 0.20 are considered insignificant,
and thus needed to be disregarded (Ong et al., 2022c). No missing data
was seen and all indicators were deemed significant. After data
cleaning, data aggregation was conducted and identified twelve (12)
latent variables would be used: RS, AL, TG, E, RS, PAS, PEC, PBC, SN,
AT, CPV, and CS. The data underwent data normalization using min_-
max scalar before the application of a decision tree, random forest
classifier, and artificial neural network to process the data uniformly
(Ong et al., 2022b). Lastly, all the algorithm utilized the train_test_split
from sklearn. model_selection package which is similar to the k-fold
technique principle. The called “cross-validation” technique used in
the python run considered the test set and automatically considered
the corresponding train set. The output of run would be the accuracy
produced for the model. This package was considered to reduce
calculation time and complexity. The automation of calculation re-
duces the manual calculation of the k-fold technique, but still produced
the same output.



Table 2. Respondents’ demographic profile.

Characteristics Category N %

Gender Female 245 61.25%

Male 155 38.75%

Age 18–25 220 55.00%

26–35 78 19.50%

36–45 70 17.50%

46–55 23 5.75%

56–65 9 2.25%

Status Single 296 74.00%

Married 101 25.25%

Separated 3 0.75%

Area of Residence Urban 227 56.75%

Rural 173 43.25%

Employment Unemployed 25 6.25%

Student 133 33.25%

Employed 198 49.50%

Self-employed/Business owner 44 11.00%

Education Level Finished college or graduate degree 254 63.50%

Attended college 128 32.00%

Attended high school/
senior high school

17 4.25%

Attended grade school 1 0.25%

Household size 1–2 32 8.00%

3–4 148 37.00%

5–6 150 37.50%

Above 6 70 17.50%

Total household
income (monthly)

Less than 20,000 61 15.25%

20,001–30,000 53 13.25%

30,001–40,000 43 10.75%

40,001–50,000 51 12.75%

Above 50,000 192 48.00%

Type of usage of the
package carrying/delivery
service

Individual/Personal use 364 91.00%

I am a retailer 36 9.00%

Figure 2. Methodological flowchart.
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2.5. Decision tree

The decision tree technique can increase prediction accuracy, thus
playing a vital role in decision-making (Ramos et al., 2022). According to
Sharma et al. (2021), a decision tree can be used in predicting and
identifying important factors in a particular situation. A decision tree
encompasses numerous leaves, representing the number of tests on
certain attributes, including the terminal node, the root node, and the
internal node (An and Zhou, 2022; Shorabeh et al., 2022). Optimization
of the DT in this study involved determining the best parameters of the
splitter such as gini or entropy (Eqs. (1) and (2)), random or best for the
criterion, tree depth between 4-7, and training and testing ratios
(60:40–90:10). A total of 6,400 runs was conducted from 100 runs per
combination. In accordance, Ong et al. (2022;2022b) explained that the
training and testing ratio should not be less than 60:40 to avoid under-
fitting. In addition, the ratios divided by 10's or 5's would not create
much difference when the possible ratios such as 60:40, 70:30, 80:20,
and 90:10 are applied. Relatively close results of accuracy rate will be
seen (e.g. 80:20 with 85:15) (Joseph, 2022). It was also explained that if
the size is relatively large, close to 100% ratios should be considered.
Since there are no standard metric for the data splitting usual studies use
80:20 (Joseph, 2022) or 90:10 (Ong et al., 2022b). This is applicable to
machine learning algorithm in general. The pseudocode of the process is
presented as follows:

Step 1. Pre-processed data was loaded.
5

Step 2. Parameters of train-test ratios was loaded using sklearn.
model_selection with train_test_split.
Step 3. Random state of 0 was set for the tree depth.
Step 4. Using the sklearn. tree package Gini and Entropy as criterion as
seen with Eqs. (1) and (2); setting p as the probability of the classified
factor to a specific class from j to t.

Gini ðtÞ¼1� Σj½pðjjtÞ�2 (1)

EntropyðtÞ¼ � ΣjpðjjtÞlog pðjjtÞ (2)

2.5.1. Gini
The probability utilized at 1� ðp21stclass þ p22ndclass þ …nÞWhere,



J.D. German et al. Heliyon 8 (2022) e11382
Each tree branch split represents used weight for calculation.Where,
Each class is calculated from the probability of the given branch and p

of class is squared and summed.
Summation will be deducted with 1 obtaining gini index for every

branch.
Weight will be set as baseline p.
Sum all weight for gini index of each split.

2.5.2. Entropy
The probability utilized at�

p1stclass � log
��
pclass1 ;2

�þ �
pclass2 ; 2

�þ…n
� �

.Where.
Each tree branch split represents used weight for calculation.Where.
Each class is calculated from the probability of the given branch and p

of class is multiplied with logðp;base 2Þ.
Result will be multiplied with negative one and sum of all resulting p

will be obtained.
Each weight baseline p of branch will be obtained.
Sum all weight of entropy index for each split.
Step 4. Random and Best split selection.
Step 5. Obtaining result generation of precision (F1), accuracy, run
time, and recall values.
Step 7. Print (DTree) using Graphviz package.
Table 3. Artificial neural network parameters.

Hidden Layer Activation Function References

Sigmoid, ReLu, Tanh Santosh et al. (2007); Jang and Xing (2020);
Liu et al., 2021

Output Layer Activation
Function

References

Softmax Ong et al. (2022c); Yousefzadeh et al. (2021)

Optimizer References

Adam Eckle and Schmidt-Hieber, 2019

RMSProp Yousefzadeh et al. (2021)

SGD Jena et al. (2020); Jena and Pradhan (2020)
2.6. Random forest classifier

To have improved the accuracy of results obtained, a random forest
classifier (RFC) has been utilized similar to various studies (Hari Chandana
and Bala Krishna, 2021). RFC is a multi-tree classifier that can handle
high-dimensional problems efficiently and perform screening of variables
and prediction while preventing overfitting (Lu et al., 2022). The integra-
tion of RFC in this study intends to provide an optimal tree with increased
accuracy. Cheng et al. (2019) explained how the RFC determines the best
tree produced every run. To which, it will produce the best tree classifier
after optimization. Similar to the DT, RFC underwent optimization
considering parameters of the splitter such as gini or entropy, random or
best for the criterion, treedepthbetween 4-7, and training and testing ratios
(60:40–90:10). A total of 6,400 runs was conducted from 100 runs per
combination. The pseudocode of the process is presented as follows:

Step 1. Pre-processed data was loaded.
Step 2. Parameters of train-test ratios was loaded using sklearn.
model_selection with train_test_split.
Step 3. Random state of 0 was set for the tree depth.
Step 4. Using the sklearn. esemble package for the Random-
ForestClassfier parameter – Gini and Entropy as criterion as seen with
Eqs. (3) and (4); setting p as the probability of the classified factor to a
specific class from j to t.

Gini ðtÞ¼ 1� Σj½pðjjtÞ�2 (3)

EntropyðtÞ¼ � Σ jpðjjtÞlog pðjjtÞ (4)

2.6.1. Gini
The probability utilized at 1� ðp21stclass þ p22ndclass þ …nÞWhere.
Each tree branch split represents used weight for calculation.Where.
Each class is calculated from the probability of the given branch and p

of class is squared and summed.
Summation will be deducted with 1 obtaining gini index for every

branch.
Weight will be set as baseline p.
Sum all weight for gini index of each split.

2.6.2. Entropy
The probability utilized at�

p1stclass � log
��
pclass1 ;2

�þ �
pclass2 ; 2

�þ…n
� �

.Where.
6

Each tree branch split represents used weight for calculation.Where.
Each class is calculated from the probability of the given branch and p

of class is multiplied with logðp;base 2Þ.
Result will be multiplied with negative one and sum of all resulting p

will be obtained.
Each weight baseline p of branch will be obtained.
Sum all weight of entropy index for each split.
Step 5. Random and Best split selection.
Step 6. Obtaining result generation of precision (F1), accuracy, run
time, and recall values.
Step 7. Print (RFCTree) using Graphviz package.
2.7. Artificial neural network

To handle issues of inherent complexity, artificial neural networks
(ANN) replicate the human brain's predictions and classification func-
tions (Deshpande et al., 2014). ANNs have been increasingly prominent
in recent years as they can predict significant qualities and factors
(Nguyen et al., 2020). In the utilization of ANN in this study, the input
layer which has twelve (12) nodes, considered the data from latent RS,
AL, TG, E, RS, PAS, PEC, PBC, SN, AT, CPV, and CS. These are obtained
upon performing the data aggregation process.

Several activation functions (AF) and optimizers can be used in uti-
lizing the ANN. Table 3 presents the AF and optimizer that were
considered in the initial optimization to determine the best parameters.
To determine the suitable AF, an initial run was performed. The hidden
layer utilized Sigmoid (Santosh et al., 2007; Jang and Xing, 2020; Liu
et al., 2021), ReLu (Liu et al., 2021), and Tanh (Jang and Xing, 2020).
The output layer is considered Softmax (Ong et al., 2022c; Yousefzadeh
et al., 2021). The optimizer considered were Adam (Eckle and
Schmidt-Hieber, 2019), RMSProp (Yousefzadeh et al., 2021), and SGD
(Jena et al., 2020; Jena and Pradhan, 2020).

A study that used an artificial neural network performed ten (10) runs
per combination and considered one hundred fifty (150) epochs for the
optimization process (Pradhan and Lee, 2010; Satwik and Sundram,
2021). Epochs refer to the repetition of runs that an MLA needs to
complete; thus, it is recommended to set a high number of epochs and
base the termination on the error rates (Hamedi and Dehdashti Jahromi,
2021). Aside from the AF and optimizer determination, the number of
nodes (by 10s until 100) was considered to determine the optimum ANN
model. In addition, the number of hidden layers was determined to have
higher predictive accuracy. A total of 10,800 runs for the initial opti-
mization were conducted to determine the best combination of AF with
the optimizer, and number of nodes that would predict the factors
influencing the intention to use 3PL during the COVID-19 pandemic was
conducted. The pseudocode of the process is presented as follows:

Step 1. Pre-processed data was loaded with feature selection.
Step 2. Parameters of train-test ratios was loaded using sklearn.
model_selection with train_test_split and zero random state.
Step 3. Keras sequential package used for node setting and parameter
setting in all layers of ANN.



Table 4. Decision tree mean accuracy (depth ¼ 5).

Category 60:40 70:30 80:20 90:10

Random

Gini 81.97 80.80 82.76 83.91

Std. Dev 5.408 4.826 7.267 6.712

Entropy 82.81 80.70 83.34 83.30

Std. Dev 3.836 4.951 5.360 8.596

Best

Gini 84.00 83.00 93.00 88.00

Std. Dev 0.000 0.000 0.000 0.000

Entropy 83.44 86.56 89.00 88.00

Std. Dev 0.499 0.499 0.000 0.000
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Following several studies, activation functions (AF) used were
adopted.

#Swish swish ðYÞ ¼ X*Sigmoid ðXÞ

A sophisticated AF following Relu for a continuous smooth function.
Negative weights are considered in the analysis, applicable for small
dataset number. This is typically used for non-monotonic type AF,
training the parameters for its fine-tuning capabilities which maximizes
the output of the ANN processing. Swish is considered fast, efficient, and
easy to generalize results (Wang et al., 2022).

#ReLu f ðxÞ ¼ ðmaxð0;xÞÞ

This considers all values from negative to zero which is consistent
among other AFs. ReLu has been an AF used from simple neural network
to deep learning focusing on nonlinear modedls. This AF can avoid hin-
drance in calculation of nonlinear relationships with great accuracy rates.
With low calculation complexity, ReLu has been suggested to be used for
its versatility (Lin and Shen, 2018).

# TanhðxÞ ¼ 2
ð1þe�2Þ�1

Tanh as an AF is under a stretch function of the Sigmoid AF that can
perform better with negative data in contrast with processed zeros.
Gudivada and Rao (2018) presented neural network AFs and showcased
Tanh to analyze nonlinear models with consideration of optimized layer
nodes. This AF has strong computational complexity, especially with
updating of weights – presenting greater gradients. As such, Tanh can
produce fast and effective optimized results and can resolve nonlinear
relationship issues (Jang and Xing, 2020; Verma et al., 2020b).

# Sigmoid ðxÞ ¼ 1
ð1þe�xÞ

This AF is typically utilized for nonlinear relationship and bounded
smaller-valued datasets with limited range. Sigmoid sets the parameters
to zero and has been used in hidden output layers for data processing in a
feed-forward process. It has functions that are effective with simple
calculation. Studies (Costarelli and Spigler, 2013; Li�ebana-Cabanillas
et al., 2017) have shown that this AF calculates through probability thus
can accommodate higher complexity power.

# Softmax ðzjÞ ¼ ezj
ðezkðk;KÞÞ

Similar to sigmoid, this AF considers summed denominator. All outputs
are being considered by this AFwhich iswhy it is considered to be reliable as
a calculated parameter. Compared to Sigmoid, the dataset is not generalized
thushasbetteroutput (Ongetal., 2022). Inaddition,Maida (2016)explained
this AF's calculation complexity which shows great power in calculation and
therefore can be set as an AF for numerous neural network analysis.

Step 5. Optimizer selection and epochs.
Step 7. Processing of ANN using feed-forward analysis.
Step 8. Obtaining result generation of precision (F1), accuracy, run
time, and recall values.

3. Results

3.1. Random forest classifier

Since the basic DT produced an accuracy lower than 60%, it was not
considered. RFC has been considered in this study to predict the factors
influencing the intention to use 3PL during the COVID-19 pandemic.
Presented in Table 4 is the summary of the results. The results in Depth 5
7

was considered since this was the depth that provided more consistent
data (STD¼ 0.00) and had high accuracies compared to Depth 4 (highest
accuracy ¼ 90%), Depth 6 (highest accuracy ¼ 90%), and Depth 7
(highest accuracy¼ 92%). Utilizing Analysis of Variance, it was seen gini
as the criterion and best as splitter at 80:20 training and testing ratio
produced the highest accuracy of 93% with 0.00 standard deviation.
Figure 3 represents the optimum tree from RFC.

Presented in Figure 3, CS (X1) represents the parent node which
leads to the decision among other latent variables. The condition set
was having X1 with values less than or equal to 0.386. Satisfying this
condition will lead to the child node which considers AT (X0) with a
value less than or equal to 2.13. If this is satisfied, it will consider X0 and
X1 which leads to very high BI to use 3PL during the COVID-19
pandemic. Otherwise, it will consider X1 and AS (X2) with values less
than or equal to 0.341 leading to high BI to use 3PL during the COVID-
19 pandemic.

On the other hand, if the parent node is not satisfied, it will consider
X0 with a value less than or equal to 0.123. Satisfying this will consider
PEC (X4) with a value less than or equal to -0.043 which will lead to high
BI to use 3PL during the COVID-19 pandemic. Otherwise, not satisfying
X1 will lead to X2 and X0 which will lead to high BI to use 3PL during the
COVID-19 pandemic. If the first child node is not satisfied, it will consider
X2 and X1, leading to a very high BI to use 3PL during the COVID-19
pandemic. Moreover, it may also consider CPV (X3) with a value less
than or equal to -0.70 which will lead to a very high BI to use 3PL during
the COVID-19 pandemic if satisfied.

Overall, it could be deduced from the results that X0, X1, and X3 will
lead to a very high BI to use 3PL during the COVID-19 pandemic. This
means that these three latent variables, AT, CS, and CPV have the most
significant influence. Moreover, it was seen that both X2 and X4, AS and
PEC would lead to high BI to use 3PL during the COVID-19 pandemic.
These two factors are considered to be significant. However, one of the
limitations of RFC is not being able to identify the ranking of the most
significant to the least significant factors in assessing influence (Ong
et al., 2022). Thus, it was suggested to consider ANN for the identifica-
tion of significant factor ranking among latent variables influencing
behavioral intention to use 3PL during the COVID-19 pandemic.

3.2. Artificial neural network

To further classify the different factors influencing behavioral inten-
tion to use 3PL during the COVID-19 pandemic, ANN was considered in
this study. Other combination of parameters only provided accuracies
close to 90–95%. Figure 4 represents the optimum ANN model using
Tanh as the AF for the hidden layer and Softmax for the output layer.
With Adam as the optimizer, the ANNmodel with 50 nodes in the hidden
layer resulted in a 98.56% accuracy. Following the study of Ong et al.
(2022b; 2022c), their study indicated how the different testing results
correspond to the influence of each factor on the dependent variable.



Figure 3. Optimum decision tree from random forest classifier. Legends: X0 – attitude, X1 – customer satisfaction, X2 – assurance, X3 – customer perceived value, X4 –

perceived environmental concern.
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Which in this study, behavioral intentions to use 3PL during the
COVID-19 pandemic. Presented in Table 5 are the results for each latent
variable with the training and testing results.

Similarly, the ANN score of importance was conducted to validate the
ranking of the different factors influencing behavioral intention to use
3PL during the COVID-19 pandemic. Table 6 encompasses the results in
ascending order. It could be deduced that the results of RFC have targeted
the top 5 significant results, and the ANN result presented the ranked
significant latent variables respectively. From the results, Attitude,
Customer Satisfaction, Customer Perceived Value, Perceived Environ-
mental Concern, and Assurance were the most significant factors, fol-
lowed by Responsiveness, Empathy, Reliability, Tangible, Perceived
Behavioral Control, Subjective Norm, and Perceived Authority Support
as the least important.

3.3. Evaluation of accuracy

In evaluating the accuracies of the different machine learning algo-
rithms, the study of Verma et al. (2019) explained that validation of al-
gorithms may consider the analysis of accuracies, error, and performance
indices, and coincidence matrices. To which, Gholami et al. (2020)
suggested that a Taylor Diagram would holistically measure the Root
Mean Square Error (RMSEA), correlation coefficient, standard deviation,
and Mean Absolute Error (MAE). From the figure, it could be seen that
the correlation coefficient for the different results of ANN and RFC are
still considered significant (correlation � 0.7). In addition, close to the
threshold of standard deviation are the RFC results, AT, CS, PBC, AS, RS,
and PEC. These results were consistent with the individual analysis of
RFC and ANN. Similarly, the 1.600 RMSEA value (>0.80) and <20%
MAE value threshold presents that all resulting accuracies for ANN were
deemed significant.

However, the RFC represents low significance since the classification
is the generalizability of values. As explained by Ong et al. (2022), the
RFC would provide guide for the highly significant variables rather than
individual identification of representative latent variable affecting the
objective of the study. Following the study of Gholami et al. (2020), the
resulting values from the Taylor Diagram as seen in Figure 5 is accept-
able; which shows uniform distribution and generalizability (German
et al., 2022b). It could be deduced that the results of the individual al-
gorithms are consistent, justified by the statistical analysis for accuracy
evaluation and verification.

4. Discussion

The rapid escalation from the number of competitors in the market
demanded companies and organizations to focus on their core functions
while outsourcing other essential tasks; including logistics, trans-
portation, and warehousing, to other providers was evident. According to
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Pal Singh et al. (2022), a third-party logistics (3PL) provider is an inde-
pendent service provider that yields efficiency and flexibility as it han-
dles logistics functions for a manufacturer without owning the finished
products. This paper aimed to predict the factors that influence the
behavioral intention to use 3PL during the COVID-19 pandemic using
machine learning ensembles such as Artificial Neural Network (ANN)
and Random Forest Classifier (RFC).

A study conducted by German et al. (2022) utilized partial least
square structural equation modeling (PLS-SEM) to determine the con-
sumer's intention to choose package carriers during the COVID-19
pandemic. However, several limitations of applying structural equation
modeling (SEM) were discussed. Fan et al. (2016) revealed how the in-
direct effect due to mediating factors could cause low beta coefficients,
leading to low or no significant level of the different factors. Similarly,
Woody (2011) showed how mediation causes a hindrance in the deter-
mination of factors affecting a dependent variable. In addition, German
et al. (2022) applied Baron and Kenny Mediating Tests to examine the
validity of the mediating effects. Still, the results were not measured in an
equal distribution due to the effects caused by the mediating variables. It
was stated by Ong et al. (2022b) that ANN can consider factors in
non-linear models as equally distributed. With that, machine learning
algorithms may be utilized to determine the highest important factor
affecting a dependent variable, the intention to choose a 3PL service
provider during the COVID-19 pandemic.

Based on the results, attitude (AT) gained the highest significant ef-
fect on behavioral intention. In this study, AT considers four aspects
mainly convenience, relevance, benefits, and safety. This depicts the
importance of their perception of 3PL as beneficial and valuable and their
way to assure security. Due to the limitations brought by the pandemic,
people are hesitant and anxious to shop in physical stores. 3PLs were seen
as advantageous as people are not mandated to travel while catering to
their needs more conveniently (e.g., door-to-door deliveries). A study
conducted by Ding et al. (2022) that deals with the purchase intention of
traceable seafood revealed that a more positive AT equates to a more
apparent purchase intention, thus making it a predictor of the consumers'
intention. Moreover, Ong et al. (2021) have revealed that AT bears a
significant influence on the behavioral intention of individuals. This
result, therefore, indicates that AT is the main significant factor affecting
BI due to its benefit, and relevance, and highlighting the convenience
people experience in utilizing 3PL during the COVID-19 pandemic.

Subsequently, customer satisfaction (CS) resulted to be the second
most important factor that affects behavioral intention. There are two
aspects considered in CS: customer expectation and accessibility.
Initially, customer expectation refers to the consumers' impression of
excellence, be it for the accuracy of the product delivered or received or
the quality of the service itself. On the other hand, results have shown
that consumers longed for services that cater to their needs while
ensuring promptness and quality. Results demonstrated that consumers



Figure 4. Optimum artificial neural network model.
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intend to use a 3PL provider based on their overall emotional response
regarding the experience with the service. CS was revealed to have an
important impact on consumer behavior and can improve customer
retention rates (Kim et al., 2019). Consumers who are satisfied with the
service or product are expected to do continuous purchases and avail of
services repeatedly (Jalil et al., 2016). Thus, it could be deduced that 3PL
9

provided a satisfactory output for the consumers during the COVID-19
pandemic.

Similarly, customer perceived value (CPV), which focuses on the
consumers' comprehensive assessment of the service experienced during,
before, and after the use, resulted to have a significant impact on
behavioral intention to use a 3PL. This factor incorporates the trust of the



Table 5. Summary of ANN results.

Latent Average
Training

StDev Average
Testing

StDev

Attitude 89.32 0.9639 97.32 0.9354

Customer Satisfaction 89.14 0.8641 96.04 1.8708

Customer Perceived Value 88.63 1.2810 95.87 1.9526

Perceived Environmental Concern 87.21 2.2582 94.93 1.4577

Assurance 87.06 1.9639 94.70 1.0897

Responsiveness 86.21 1.2992 92.25 1.4577

Empathy 85.09 2.3086 90.86 1.9526

Reliability 84.12 2.8286 88.74 2.4495

Tangible 81.67 1.4352 87.63 1.6817

Perceived Behavioral Control 78.23 2.8058 75.18 1.6583

Subjective Norm 76.48 2.9468 73.47 1.0078

Perceived Authority Support 72.58 2.9164 70.56 1.6583

Table 6. ANN score of importance.

Factors Importance Score (%) Cronbach's Alpha

Attitude 0.151 100 0.899

Customer Satisfaction 0.140 92.7 0.920

Customer Perceived Value 0.135 89.6 0.858

Perceived Environmental Concern 0.135 89.5 0.898

Assurance 0.131 86.7 0.863

Responsiveness 0.127 84.3 0.847

Empathy 0.127 83.8 0.893

Reliability 0.124 82.1 0.834

Tangible 0.124 81.9 0.782

Perceived Behavioral Control 0.119 78.6 0.836

Subjective Norm 0.099 65.8 0.900

Perceived Authority Support 0.099 65.4 0.790
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consumers regarding its quality and safety from the order point to the
delivery of the products. According to Liu et al. (2021), CPV incorporates
various facets such as social values, functional, and emotional. Studies
have revealed that customers are increasingly focused on the emotional
value of the product or service, which is expressed in qualities like con-
venience, ease of use, fulfillment, etc. Similarly, brand loyalty, trust, and
purchasing intention are bolstered by social reputation (Chae et al., 2020;
Peng et al., 2019). This shows how the 3PL services provided a similar
positive outcome for the consumers despite the cases of COVID-19
increasing in the country. This would lead to very high BI as indicated
by the results of the classification techniques.

Perceived environmental concern (PEC) obtained the fourth-highest
percentage that influences consumers' behavioral intention to use 3PL.
This finding suggests that customers are aware of the existing environ-
mental problems, causing them to be pro-environmental. Consumer
concern for the environment has been demonstrated in studies to lead to
pro-environmental behavior (Persada et al., 2015; Lin et al., 2017;
Nadlifatin et al., 2016German et al., 2022b). Ong et al. (2020) high-
lighted how the impact of the environment on supply chains has been
rapidly increasing, showing how consumers are more aware of the re-
sponsibilities for the environment, thus leading to challenging different
parties of a supply chain, especially the logistics sector. In addition, it was
highlighted how customer satisfaction should be considered to increase
profitability (German et al., 2022). Thus, justifying how PEC is one of the
significant factors affecting BI to use of 3PL services.

SERVQUAL dimensions mainly assurance, responsiveness, empathy,
reliability, and tangibles, were also considered in this study. Results have
shown that assurance (AS), obtaining the fifth-highest percentage, was
proven to significantly impact consumers' BI. In the context of this paper,AS
focuses on the evaluation of consumers towards the response and
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performance of the personnel tasked in 3PLs. In the service industry,
assurance is regarded as a critical component of long-term engagements
and trust as behavior and interaction build confidence among clients, thus
resulting in a positive behavioral intention (Alzahrani et al., 2022). More-
over, Responsiveness (RS) was also found to have a significant effect on the
behavioral intentions to use 3PL. This explains that consumers seek pro-
viders that promptly respond to their needs and requests despite the
COVID-19 pandemic. The availability handled by the service providers is
greatly acknowledged by consumers. A study conducted by Khajeh-
shahkoohi et al. (2021) stated that the time spent by consumers in getting a
service or a product has a positive impact on attitude and behavioral
intention.

Subsequently, Empathy (EP) also demonstrated a significant effect on
behavioral intention. This study recognized empathy based on the
response, priority, availability, accuracy, and understanding of the ser-
vice provider demonstrated towards the consumers. The result of this
study, which states that empathy greatly affects behavioral intention was
supported by the study of Lv et al. (2022). It revealed that customers who
receive a high-empathy response are more likely to improve their
intention to use a service than those who experienced a low-empathy
response. In addition, Reliability (RL), refers to the accuracy of the in-
formation being provided and adhered to by the 3PL provider, as well as
the protection of the confidentiality of the customers. This information
includes the location, time of delivery, confirmation, and updates. Ac-
cording to source credibility theory, reliable information from the pro-
vider has a greater impact on consumer behavior (Onofrei et al., 2022). It
was also explained that it is critical to demonstrate knowledge and
experience with the products and services as this influence the pur-
chasing intentions of consumers.

Lastly, Tangibility (TG) focused on the facilities, appearance, and
technology, which are evident in a 3PL provider. Results have shown that
consumers tend to evaluate package carriers based on their physical
appearance, the technology being used for communication, vehicles, and
facilities. Consumers' emotions have been demonstrated to be influenced
by their physical surroundings. Consequently, appealing physical settings
may foster customer behavior (Quy Nguyen-Phuoc et al., 2022). This
therefore would lead to a significant effect of SERVQUAL dimensions on
the behavioral intentions influencing the use of 3PL providers during the
COVID-19 pandemic.

Perceived behavior control (PBC) was also found to have a significant
effect on the behavioral intention to use 3PL. The context of PBC in this
study was used to evaluate the performance of the provider in terms of
quality, reliability, and accuracy, considering the challenges of getting
the service. It also refers to the perception that consumers are given
control in using package carriers. Results have shown that consumers
find convenience and safety in using 3PL when catering to their needs. In
addition, PBC is closely intertwined with the establishment of consumers'
self-efficacy, and it has been concluded that a high level of self-efficacy
influences or causes a high level of behavioral intention and control
(Cao et al., 2022).

On the contrary, subjective norm (SN) and perceived authority support
(PAS) obtained the lowest percentages but still bear a significant effect on
behavioral intention. SN refers to the belief that an individual's peers and
other important figures must be considered in the engagement in a
behavior. According to Izquierdo-Yusta et al. (2022), several studies have
proven evidence of a weak relationship between intention and subjective
norms because the TPB employed a limited understanding regarding
normative influences. However, this does not neglect the results of studies
that explained the significant impact of subjective norms on behavioral
intention. Regarding certain behaviors, a greater degree of SN is frequently
associated with a stronger behavioral intention (Cao et al., 2022). A study
conducted by Roh et al. (2022) supported the claim that subjective norm
has a significant and minimal positive effect on intentions.

Similarly, PAS had a low importance score but still shows importance
on behavioral intention. The awareness regarding resources, processes,
regulations, or activities to be done by a service provider that can be aided



Figure 5. Taylor diagram.
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by authorities or the government is referred to as PAS. Despite the
Philippines being active with its advocacy for sustainability and envi-
ronmental concerns, there is evidence of the lack of promotion and
encouragement to participate in related programs. This caused a signifi-
cant but loweffect on behavioral intention to use 3PL. Althoughnumerous
laws and regulations deal with environmental issues in the Philippines,
the government fosters inadequate directives to mandate such orders. It
was proven in the study by Mohanty et al. (2021) that government ini-
tiatives significantly influence not only the behavioral intention of a
consumer but their pro-environmental behavior as well. Therefore, to
increase PAS, the government may consider the findings of this study to
highlight how sustainability and environmental concernsmaybe included
in propagation and monitoring for the benefit of the people.

4.1. Managerial Insights

The integration of SERVQUAL and PEPB models revealed the factors
that affect a consumer's behavioral intention to use a 3PL. Based on the
results, factors under the PEPB model significantly impose effects on the
consumers' intention, thus it is necessary for the companies, organiza-
tions, and the government to continuously strengthen the support given
in promoting sustainability and environmental concern. According to
Bueno (2022), prominent companies in the Philippines have developed
various green initiatives to help in mitigating the severity of the envi-
ronmental problems. These companies include Shell, Jollibee, Meralco,
GCash, SM, San Miguel Corporation, etc. The author also mentioned
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some of the programs implemented by the aforementioned companies.
For instance, Jollibee has launched its first delivery of e-bikes while of-
fices for the business operations for Shell are utilizing 100% green-tech
energy. These initiatives can be practiced and adapted by other com-
panies and organizations. However, to encourage companies and orga-
nizations, the government must at least provide incentives for the said
participation. Also, the government must establish regulations that
mandate businesses to adopt programs and campaigns that can influence
customers to also participate in such advocacy.

Subsequently, 3PL providers must assure safety and convenience
before, during, and after providing the service, as attitude, customer
satisfaction, and customer perceived value ranked highest among other
factors. Continuous compliance with the COVID-19 protocols can guar-
antee safety and security. Moreover, the overall quality of service must be
progressively improved and assessed for a better customer experience.
Significant factors under the SERVQUAL model, which are assurance,
responsiveness, empathy, reliability, and tangibility, depict that 3PL pro-
viders must escalate the level and quality of their performance, be it
regardingdifferent aspects.As the continuous advancement of technologies
is evident nowadays, companies can maximize their utilization to provide
ease and availability to customers, especially during the pandemic.

4.2. Theoretical and practical implications

The utilization of machine learning ensemble to predict factors
affecting behavioral intention has generated results with high accuracy.
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This study considered machine learning algorithms such as artificial
neural networks and random forest classifiers. According to Ong et al.
(2022b), an artificial neural network (ANN) can make highly reliable
predictions. ANN also yields models in dealing with complex structure
predictions and does not require explicit assumptions (Kuvvetli et al.,
2021). Researchers have been utilizing ANN for the reliability it hands
concerning both non-linear and complex systems (Idris et al., 2022). On
the other hand, a random forest classifier (RFC) has also been used in
studies that deal with predicting behaviors. A study by Mohd Ali et al.
(2022), applied the RFC commuting behavior of passengers toward
modes of transportation. The study revealed that RFC aid in predicting
behaviors and determining the best decision tree model (Cheng et al.,
2019; Ong et al., 2022c). These studies have reinforced the importance of
the utilization of machine learning algorithms in predicting factors
affecting behavioral intention.

Upon utilizing the artificial neural network, results have shown that
high accuracy of 98.56% was determined in predicting factors affecting
intention to use 3PL. Therefore, it can be claimed that the result of the
prediction is dependable. Likewise, high accuracy for the random forest
classifierwas evident as it obtained a percentage of 93. These high accuracy
percentages depict that the integration of both algorithms can generate
highly reliable results. Furthermore, based on the results of the study,
deduced that the government must help businesses and organizations with
initiatives concerning the environment. Findingsof this studyhave revealed
that customers are mindful and aware of the occurrences of environmental
issues and tend to support a service provider if they participate in such
movements. Through the adaptation of pro-environmental actions, con-
sumers will positively improve their satisfaction with a service.

4.3. Limitations

Despite utilizing methodologies that produced high predictive accu-
racy for the results, various limitations are still elevated. Initially, this
study only considered generalized 3PL providers in the Philippines.
Another package delivery service providers such as Toktok, 2GO, Grab
Express, Transportify, etc. is recommended to be considered and focused
on to determine whether there are changes with the results. Subse-
quently, due to various limitations brought by the COVID-19 pandemic,
the data utilized in this study were gathered through an online survey. It
is recommended to consider interviews and group discussions to deduce
other factors and reasons why consumers would choose a 3PL service
provided. Furthermore, the models considered in this study are only
SERVQUAL and PEPB. Other theories can be applied to assess other
factors that might influence the intention to use a 3PL. Lastly, in the
analysis of data, this study utilized machine learning algorithms such as
random forest classifier and artificial neural network. Other machine
learning algorithms can be applied to evaluate the differences concerning
the capabilities of algorithms and with the results. Other machine
learning algorithms such as K-Nearest Neighbors, Support Vector Ma-
chine, and Naïve Bayes may be considered for highly complex calcula-
tions, clustering, and classifications of constructs. In addition,
distinguishing other feature selection methods may be applied to provide
other insights and analyses. Both new algorithms and feature selection
method may be considered for the determination of another analysis for
human behavior-related studies for future researchers.

5. Conclusion

This study dealt with predicting the factors that influence a consumer
in using a 3PL during the COVID-19 pandemic. Due to this crisis, deliv-
ering of commodities was amplified as people are anxious about going
out. The rising competition among 3PL providers has forced modifica-
tions and changes to induce consumers to avail of their services. Utilizing
the SERVQUAL and PEPB models, prior studies identified the consumer's
intention to use package delivery services during the COVID-19
pandemic by applying PLS-SEM. However, other literatures have
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shown that integrating machine learning algorithms can further reinforce
the results obtained using the SEM. Thus, this study predicted factors
affecting the consumers' intention to use a 3PL during the COVID-19
pandemic utilizing machine learning algorithms, specifically artificial
neural networks, and random forest classifiers.

This study was able to establish and contribute in the field of human
behavior and logistic sector. Using the filter method, specifically correla-
tion analysis, the 26,400 datasets from the responses of 400 respondents
with 66 items to measure factors influencing consumers’ intention to
choose a 3PL service during the COVID-19 pandemic was established to be
significant and may be utilized for analysis. This proved how the response
from survey to measure consumer behavior may be analyzed using ma-
chine learning algorithm; specifically, ANN and RFC. Moreover, RFC may
stand alone as a classification technique if relatively low attributes are
considered. Otherwise, supporting techniques should be utilized to high-
light significant attributes. In accordance to the analysis, future research
may adopt or extend the methodology by considering higher power and
computation complexity among other classification techniques.

For the results, it was seen that RFC (93% accuracy) overpowered the
accuracy of the basic DT (approximately 60% accuracy) and how DLNN
may not be utilized with the high accuracy rate of ANN (98.56% accu-
racy). With the Taylor Diagram, uniform findings were seen across
multiple algorithms. Findings presented that AT had the highest signifi-
cant contribution to BI (100% score of importance), which depicts the
importance of consumers' perception of 3PL as beneficial and valuable
and their way to assure security, followed by CS (92.7%), CPV (89.6%),
PEC (89.5%), AS (86.7%), RS (84.3%), E (83.8%), RL (82.1%), TG
(81.9%), PBC (78.6%), SN (65.8%), and PAS (65.4%) as the least
contributing factor. It was seen that people would be encouraged to use
3PL service providers if they demonstrate convenience, safety, avail-
ability, and environmental concerns in catering to the customers' needs.

In addition, it was seen how the high accuracy of the results from
utilizing machine learning ensembles could predict factors influencing
behavioral intentions and consumer behavior. It could be deduced that
MLA could be utilized especially for complex and integrated models to
suffice with the limitations present in the traditional statistical treatment
and multivariate analysis. The results of this study could be applied and
extended among other studies regarding behavioral intentions and
human behavior prediction. Due to the predictive power and accurate
classificationmodel, it could be inferred howMLA can highlight and rank
the most significant factor down to the least. Therefore, MLA could be
used among other studies applicable to human behavior worldwide.
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