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Abstract 

This study investigates how cargo companies managed their last-mile activities during the Covid-19 outbreak and 

suggest a solution to the adverse outcomes. The data used in the study included complaints made about cargo 

companies from sikayetvar.com between February 2020 and September 2021 and was collected using Python 

language and the Scrapy module web scraping methods. Multi-label classification algorithms were used to 

categorize complaints based on assessments of training data obtained according to the topics. Results showed that 

parcel delivery-related themes were the most often complained about, and a considerable portion were delay issues. 

Keywords: Covid-19, web scraping, cargo companies, customer complaints, multi-label classification, 

text mining 

1. Introduction 

A series of pneumonia cases of unknown origin emerged in Wuhan, China, in the late days of December 

2019, triggering an investigation that the source of this infection is thought to be linked to the Wuhan 

South China Seafood Market. In January, the Chinese government reported this situation to the World 

Health Organization (WHO), and the pathogen causing this epidemic was defined as a new type of 

coronavirus on January 7, 2020, and named Covid-19 [1]. The virus expanded to other nations and had 

a huge global impact when the number of cases increased rapidly till January 23, 2020 [2]. The first 

Covid-19 case in Türkiye was seen on March 11. WHO declared that this newly emerged virus was a 

pandemic on the same date [3]. Due to the coronavirus, nearly 527 million cases have been reported 

globally as of May 24, 2022, and as a result of this outbreak, it permanently influenced all aspects of 

consumers' needs and daily habits with a new lifestyle [4]–[7]. 

During the pandemic, e-commerce has increased globally, especially in countries where e-commerce 

was previously less developed have been more remarkable. The growth of the digital economy will 

undoubtedly continue to be influenced by the changing shopping and payment behaviors of customers 

brought about by the pandemic conditions [8]. In 2020, Türkiye's e-commerce volume increased 66% 

compared to 2019 and reached 226.2 billion TL from 136 billion TL [9]. In 2021, Türkiye's e-commerce 

volume climbed by 69% from the previous year and reached 381.5 billion TL, while the orders increased 

by 46%, from 2 billion 297 million to 3 billion 347 million [10]. The asymmetrical growth that resulted 

inevitably affected the delivery step, the most crucial part of e-commerce. According to Güven  [11], 

customers' main complaints during the Covid-19 outbreak were discovered to be customer service / live 

assistance and the delivery process, considering complaints received on e-commerce sites. 

Additionally, Parlakkılıç et al. [12] found a significant negative relationship between trust and cargo 

tracking during the Covid-19 period. A similar problem has also been mentioned from the industry side; 

for example, Etid's [13] report states that the high instantaneous increase in demand during the pandemic 

led to problems in the logistic organization, warehouse, and order preparation operations resulting in 
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customer dissatisfaction. In this regard, it is strategically vital for cargo companies to identify the reasons 

that trigger consumer complaints during the delivery phase of e-commerce to take the necessary 

precautions. 

In this sense, it is thought that this research will make an academic and practical contribution to the 

literature from a different perspective. First of all, this research fills the gap in the literature with sample 

size and puts forward an alternative method considering studies carried out by a relatively small number 

of complaints in the local literature. Hence, in this study, much more complaints were classified by 

machine learning approaches, and a method will be proposed for the literature. In addition, in 

extraordinary situations such as Covid-19, practical contributions to cargo firms will be provided 

according to research findings. 

2. Literature Review 

When a consumer has an issue with a product or service they purchase, they have three options under 

the complaint behavior. The first of these options is to cease buying the relevant brand and promote 

negative word of mouth among the social circle. The second is the direct contact of the consumers with 

the company, and the last way is to initiate the legal process [14]. Today, with social media applications, 

it has become easier for the consumer to use these different methods of complaint behavior 

simultaneously, and it has provided convenience for consumers in terms of solutions for complaints 

[15][16]. For example, sikayetvar.com [17] has emerged as an online platform that acts as a bridge 

between customers and brands by allowing companies to resolve complaints and increase customer 

satisfaction. Users who visit the system can easily see the brands that received the most complaints or 

those with the most resolved complaints. In this sense, the platform, which creates pressure on brands, 

has gained much popularity in Türkiye and has resolved approximately 2 million complaints. This 

platform is also a resource used in academic studies. For instance, Çallı and Çallı [16], who conducted 

research into the complaints mentioned by airline passengers during the Covid-19 pandemic on the 

sikayetvar.com platform, highlighted the service quality issues and proposed potential solutions for both 

low-cost carriers and full-service airlines. In another study that analyzed complaints regarding private 

hospitals, topics and sub-topics were revealed using data from sikayetvar.com [18]. In a qualitative 

study, Güler [19] found that half of the complaints against banks during the pandemic period were 

related to credit cards via sikayetvar.com. 

A limited number of studies in the academic literature focus on the topic of customer complaints made 

against cargo services at sikayetvar.com. All of these studies use a qualitative method, which means 

they can only deal with a small number of complaints. In this regard, this study is expected to fill a gap 

in the relevant literature in terms of the methodology applied and the number of complaints obtained. In 

the study conducted by Burucuoğlu and Yazar [20], which was prepared by considering 300 complaints, 

the main complaint topics for cargo services operating in Türkiye before the pandemic are; business 

processes, product-related problems, courier-related issues while receiving the parcel, 

delivery/distribution-related issues, pricing, communication, and personnel. According to Gürce and 

Tosun's [21] findings, the most common complaint themes for the cargo services were providing the 

promised service, timely delivery, fulfilling good service, willingness to assist, and sincere problem-

solving. The study considered 300 complaints made to various online shopping sites and found that one 

of the most frequently mentioned complaint topics in the Covid-19 period is mainly related to cargo 

services and was revealed as unfair shipping charges, sending to the wrong address, not receiving the 

orders, and not delivering the product on time [11]. In another study considering 690 complaints against 

online shopping sites during the Covid-19 outbreak [22], it is stated that similar complaints about the 

delivery process that Güven [11] mentioned are the second most frequently mentioned issues. 

Considering local research about complaints other than sikayetvar.com against cargo services, Deniz 

and Gödekmerdan [23] found that delay is the most common problem while determining the factors that 

cause dissatisfaction in cargo transportation in Türkiye with the survey method. According to Akkan 

[24], the first two most common service issues are delivery times, such as the delivery of the parcel late 

or delivery later than promised, and communication difficulties, like not answering calls or leaving a 

note even though the customer is at home for Turkish customers. Duran et al. [25] evaluated the opinions 
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of consumers about cargo services within the framework of five factors. The first is logistics values, 

including parcel delivery time and a widespread transportation network. Reliability, which includes the 

concepts of timely delivery of the product and easy communication with the customer, is another 

concept evaluated within the model's scope. Delivery speed is evaluated under the time factor, which 

includes the delivery at the promised time, the return process, and the provision of information to the 

customer. The factor that includes price-quality consistency, compensation for faulty situations, and 

promotional elements is the economic expense. Finally, the concept of personnel and service consists 

of dimensions that include fulfilling expectations, assurance, being kind to the customer, product follow-

up, and solving complaints in a short time. A study examining 300 complaints about the three largest 

cargo companies operating in Türkiye stated that the customers mostly expressed problems related to 

not being found at the address, issues with the delivery, not delivering to the address, and the attitudes 

and behaviors of the service personnel [20]. 

The practical solution to customer complaints is a critical factor in customer satisfaction and loyalty. 

For example, in their study, Cho et al. [26], considering the complaints of e-commerce customers, 

determined that customer service, product, price, delivery problems, misleading information, security 

& trust issues, tracking and tracing, and promotion are general complaints topics. They state that online 

customers should be provided with the best service, customer demands and complaints should be 

responded to more quickly than offline customers, and strategies should be developed in line with the 

product category, such as giving more detailed information with different multimedia tools for cosmetic 

products. 

If businesses manage complaints effectively, they can develop their products/services to meet the 

expectations of their customers. A dissatisfied customer decides whether to leave or stay based on the 

complaint's solution. If the business handles this process successfully, it will offer an excellent 

opportunity for the firm, considering that acquiring new customers is five or six times more expensive 

than retaining existing customers [27]. 

2.1 Machine Learning for Complaint Classification 

Many online customers experiencing issues with delivery service companies due to the pandemic have 

been looking for answers by posting their complaints on online complaint sites. Examining each 

complaint in a sector with a high volume of complaints can be costly for firms' budgets since it requires 

more human resources and intelligence. Instead, reviewing only a few complaints with machine learning 

algorithms allows future complaints to be categorized more quickly and at a lower cost. 

The concept of machine learning is an area of Artificial Intelligence that attracts excellent attention in 

the digital world and is a crucial component of digitization solutions. Depending on the types and 

categories of training data, methods such as supervised, unsupervised, semi-supervised, and 

reinforcement learning are used [28]. Basically, machine learning (ML) can define as a continually 

changing computing program that, in some ways, mimics human intelligence by learning from its 

surroundings [29]. Regression, classification, clustering, dimensionality reduction, ensemble methods, 

neural nets, deep learning, transfer learning, reinforcement learning, natural language processing, and 

word embeddings are commonly used machine learning approaches applied to any data scenario [30].  

Text mining, one of the fundamental techniques in data mining, is described as discovering knowledge 

by the computers automatically extracting information from various unstructured or structured textual 

sources [31], [32]. Natural Language Processing (NLP) is a branch of artificial intelligence in which 

computers efficiently analyze and understand human language with machine learning. While sentiment 

and grammatical structure can be extracted with NLP from language, frequency, correlation, and word 

patterns may be revealed with text mining as statistical indicators with a multidiscipline approach [33]–

[35]. 

A more complex situation is encountered in complaint cases in text mining practices. While the analysis 

process assumes that each item belongs to a single class in classification problems, this is not possible 

in complaints due to their nature. For example, a consumer complaining about undelivered cargo may 

also say he could not reach customer service in the same complaint message. Multi-label classification 
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is known as a solution for this type of challenge, which may categorize each complaint such that it may 

be allocated to more than one topic using machine learning techniques [36].  

In this study, Python language, which has become one of the leading technologies in creating models 

for the industry and developing new methods for researchers, together with machine learning libraries, 

was used to perform multi-label classification using the Scikit-multilearn [37]. 

3. Methodology 

3.1 Text Mining Process 

The data for the study were collected using Python scripts and the Scrapy module from the 

sikayetvar.com website, an online complaint management platform, between February 2020 and 

September 2021. The database consists of 16332 customers who received service from cargo companies 

in Türkiye and expressed their dissatisfaction on the sikayetvar.com website. Complaints against cargo 

companies in Türkiye during the Covid-19 outbreak were classified using machine learning and multi-

label classification algorithms. 

The qualitative approach was used to discover the most common complaints of cargo customers during 

the pandemic period by reviewing a random sample of the complaints in the database considering the 

literature findings. The frequent complaints were formed under six topics as follows; delayed or not 

delivered parcel, the note was written "customer was not at home" was left at the door or parcel not 

brought to the door, customer service has not answered the call, returning processes, parcel not 

received or delivered, and hygiene rules related issues. 

The dataset's first 3000 rows were used as training data and were refined using natural language 

processing (NLP) techniques. Labels were assigned to the training data using two approaches. The first 

method used a written python script to label complaints, while the second method included the survey 

method to label complaints based on participant responses. The text mining process used in the study is 

presented in Figure 1. 

 

Figure 1 Text Mining Process 

 

Logistic Regression, OneVsRest Classifier, and vectorization methods were used for multi-label 

classification. 

3.1.1 Multi-Label Classification 

This section explains the results of word-based and survey-based labeling methods for selecting the 

appropriate topics for each complaint in the training dataset. 
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3.1.1.1 Word-Based Labeling 

After tokenizing each complaint in the training dataset, a script written in Python programming language 

checked whether the determined words related to the relevant topic for labeling the complaint to the 

appropriate topics. This process is illustrated in figure 2. 

 

 

Figure 2 Word-based Labeling Flowchart 

3.1.2.2 Survey-Based Labeling 

Survey-based labeling aims to get more accurate labeling with human intelligence by having different 

participants assign labels to each complaint in the training dataset. Three thousand complaints from the 

training dataset were primarily uploaded to the Google Sheets platform in Turkish and English for 

Turkish and foreign participants to access the survey. The numbers generated between 3000 and 1 were 

assigned to the complaints as temporary random IDs, and a dynamic structure was obtained with the 

page renewed every 4 minutes.  

 

Figure 3 Google Form Survey 

Complaints with IDs between 1 and 10 were shown to the participants to show different complaints to 

the different participants at different times. The participant who accesses the web page is directed to the 

survey page created on Google Form by clicking the "Form" button, as seen in Figure 3. The participant 

is asked to determine which of the ten different complaints belong to the pre-determined categories on 

the survey page. 
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3.1.2 Text Vectorization Algorithms 

Vectorization is a crucial stage in NLP for machine interpretation of data by transforming textual 

materials into meaningful numerical representations [38]. This study used Tf-Idf Vectorizer, Hashing 

Vectorizer, and Count Vectorizer methods. 

One of the most widely used text vectorization algorithms in today's information retrieval systems is the 

Term frequency-Inverse Document Frequency (TF–IDF) [39]. TF-IDF method weights word counts by 

measuring how often they appear in documents. The equation is as follows. 

𝑤𝑖.𝑗 = 𝑡𝑓𝑖.𝑗  × log (
𝑁

𝑑𝑓𝑖
) 100 (1) 

The description of terms used in equation 1 is as follows [40]; 

wi,j : The weight for Term i in document j. 

N : The number of documents in the collection. 

tfi,j : The term frequency of Term i in document j. 

dfi: The document frequency of Term i in the collection. 

The second method used for text vectorization is hashing. Tokens are stored as strings in the hashing-

vectorizer, and the hashing trick is used to encode features as numerical indexes [41]. The hashing trick 

creates a unique association between the input and the hash value and replaces the authenticity of a large 

quantity of information with a much smaller hash value [42]. The Count Vectorizer is used as the third 

method for text vectorizing in this study as a simple technique based on the count of word occurrences 

in the document [41]. 

3.1.3 Classification 

One-vs-rest (OvR) method was used for the multi-label classification with Python coding, as seen in 

figure 4. OvR applies binary classification methods for multi-class classification by splitting the multi-

class dataset into multiple binary classification models. Then, each binary classification problem is used 

to train a binary classifier, and the most confident model is used to make predictions [43].  

 

Figure 4 Example of Python Coding 
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Logistic regression was used as the prediction method. The first five rows of the database are shown in 

Table 1 as an example of the coding procedure. The mean score of each category in the training dataset 

was used to determine categories for each complaint, and scores above the mean score were coded as 1, 

as seen in Table 2. 

 

Table 1 Category Prediction Scores of Complaints 

ID 

Delayed or 

Not Delivered 

Parcel 

The Note Was Written 

"Customer Was Not at Home" 

Was Left at The Door or 

Parcel Not Brought to The 

Door 

Customer 

Service Has Not 

Answered the 

Call 

Returning 

Processes 

Parcel Not 

Received or 

Delivered 

Hygiene 

Rules 

Related 

Issues 

1 0,2612 0,4362 0,44955 0,1009 0,0873 0,0633 

2 0,3179 0,2796 0,4277 0,2112 0,2756 0,094 

3 0,6167 0,3059 0,26176 0,1664 0,1481 0,5855 

4 0,3715 0,1817 0,64245 0,0859 0,1601 0,0408 

5 0,6186 0,2144 0,16975 0,0903 0,0893 0,0556 

 

Table 2 Binary Coding of Each Complaint 

ID 

Delayed or 

Not Delivered 

Parcel 

The Note Was Written 

"Customer Was Not at Home" 

Was Left at The Door or 

Parcel Not Brought to The 

Door 

Customer 

Service Has Not 

Answered the 

Call 

Returning 

Processes 

Parcel Not 

Received or 

Delivered 

Hygiene 

Rules 

Related 

Issues 

1 0 1 1 0 0 0 

2 0 0 1 1 1 1 

3 1 0 0 0 0 1 

4 0 0 1 0 0 0 

5 1 0 0 0 0 0 

Analysis processes were carried out with each text vectorization algorithm to discover the general 

complaint topics. The topics that lead to the most significant number of customer complaints were 

identified, and the rates of complaints topics according to the cargo firms were calculated. 

4. Results 

4.1 Density Map 

All complaints containing the words corona, covid, and pandemic listed on the sikayetvar.com website 

were acquired within the specified period with Python code using the Scrapy module, data including 

company name, number of reads, and created date. Complaints regarding cargo companies were 

isolated, and a density map was generated based on March 2020 to September 2020 data, as seen in 

Figure 5. 
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Figure 5 Density Map 

 

Accordingly, it is observed that the most intense complaints are made between the end of May 2020 and 

the beginning of July 2020, which shows a pattern with the Covid-19 cases in Türkiye that are most 

intense between April 2020 to May 2020 [44]. Following the peak of Covid-19 cases in April and May 

2020, it was observed that complaints increased between May and July 2020. 

4.2 Prediction Results 

A computer program was created to generate the training data by determining the words and word 

groups that are assumed to be related to each category, as illustrated in Figure 6. The first 3000 

complaints are used for creating the training dataset in this method. 
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Figure 6 Example of Word-Based Labeling Code 

 

Table 3 shows the confusion matrix based on 53.982 predictions using word-based labeling. The 

method's accuracy rate was calculated to be 92%. 

Table 3 Confusion Matrix Based on Word-Based Labeling 

% 92 
 

Prediction: No Prediction: Yes Total 

Actual: No 33528 1406 34934 

Actual: Yes 2874 16174 19048 

Total 36402 17580  

Two hundred forty-nine participants filled out the online survey, which was used to generate training 

data using human intelligence. A total of 1887 questionnaires were found to be suitable for the research 

after the filtering process. Table 4 shows the confusion matrix prepared according to 33.966 predictions, 

according to the model trained with survey-based labeling. The accuracy rate of this method was 

calculated as 87%. 

Table 4 Confusion Matrix Based on Survey-Based Labeling 

% 86 
 

Prediction: No Prediction: Yes Total 

Actual: No 21631 805 22436 

Actual: Yes 3620 7910 11530 

Total 25251 8715  

According to the results, the distribution of the complaint topics is shown in table 5. While considering 

the means values, It is seen that the most common complaint topics are as follows respectively: delayed 

or not delivered parcel, customer service has not answered the call, parcel not received or delivered, 

returning processes, and hygiene rules-related issues. 

Table 5 Distribution of Predicted Complaint Topics by Methods 

Method Text Vectorization 

Delayed 

or Not 

Delivered 

Parcel 

The Note Was 

Written 

"Customer Was 

Not at Home" 

Was Left at The 

Door or Parcel 

Not Brought to 

The Door 

Customer 

Service 

Has Not 

Answered 

the Call 

Returning 

Processes 

Parcel Not 

Received 

or 

Delivered 

Hygiene 

Rules 

Related 

Issues 

Word-Based 

TF-IDF Vectorizer 8156 6176 6902 4189 5696 3104 

Count Vectorizer 8614 6336 7610 3431 5100 1078 

Hashing Vectorizer 8075 5770 7001 3894 5375 4017 

Survey-

Based 

TF-IDF Vectorizer 7019 5991 6514 4751 7706 5196 

Count Vectorizer 5941 6265 5418 2542 6568 2958 

Hashing Vectorizer 7198 5961 6590 4617 7473 5605 

 Mean 7501 6083 6673 3904 6320 3660 
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Another goal of this research is to identify the most common complaints about each cargo operator 

during the pandemic. Table 6 shows the five cargo firms' complaint topics based on the prediction 

results. 

Table 6 Distribution of Predicted Complaint Topics According to Cargo Firms 

 
Delayed or 

Not Delivered 

Parcel 

The Note Was Written 

"Customer Was Not at Home" 

Was Left at The Door or Parcel 

Not Brought to The Door 

Customer 

Service Has Not 

Answered the 

Call 

Returning 

Processes 

Parcel Not 

Received or 

Delivered 

Hygiene 

Rules 

Related 

Issues 

Firm A 1549 1074 1337 961 1494 984 

Firm B 1725 1413 1550 1127 1853 1183 

Firm C 730 672 715 499 855 612 

Firm D 1660 1383 1548 1102 1823 1218 

Firm E 1354 1447 1364 1059 1678 1195 

Complaints involving non-delivery and delays are more common, while those about return processes 

and hygiene rules are relatively less frequent, as seen in Table 6. 

5. Conclusion 

As a result, our study shows that customers primarily complained about the delay or lack of delivery of 

their cargo. The least common complaint was that cargo staff did not follow the hygiene rules during 

the pandemic. According to the research results, the number of complaints about each topic and the total 

number of complaints reveals the best and worst parts of the leading cargo companies in Türkiye. While 

some companies have difficulties in specific areas, some have had a relatively successful period. In this 

context, adopting the decision support method used in the study to companies is critical for reviewing 

real-time complaints and discovering missing or unsatisfactory situations. The findings of this study 

reveal how the leading cargo companies in Türkiye manage the pandemic within the scope of the sample 

data. If cargo companies want to achieve customer satisfaction, receiving fewer complaints is the best 

method to be accomplished. They should focus on removing their shortcomings to be more successful 

and observe their competitors' activities by reviewing complaints. 

When the research findings are compared with the relevant literature, Burucuoglu and Yazar's [20] 

findings show high similarities in consideration of the topic called delivery/distribution, which includes; 

the issues of "you were not at the address" note, the return of the cargo without the knowledge of the 

customer, delivery to the wrong address, no delivery to the address, no delivery, late delivery, and 

delivery to the wrong person is considered as one of the most intense complaints of the customers that 

revealed. Güven [11], Kocabaş [22], and Tosun & Gürce's [21] studies partially show similarities with 

our findings, such as delayed or not delivered parcels, parcels not received or delivered, and returns 

processes. The issues related to hygiene rules revealed the complaint topic different from the relevant 

literature considering cargo services in our study. 

Within the scope of the research, it was seen that the word-based labeling method estimated a total of 

100,524 complaints, while the survey-based method estimated a total of 104,313 complaints. When we 

examined it for accuracy, the word-based label assignment method was found to be 92%, whereas the 

survey-based method was 87%. Although the survey-based labeling method predicts many more 

complaints, the prediction accuracy rate is decreased. The accuracy rates of each method are shown in 

Table 7. 
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Table 7 Accuracy Rates of Methods 

Word-Based Survey-Based 

TfidfVectorizer TfidfVectorizer 
  Prediction    Prediction  

  No Yes Total   No Yes Total 

Actual 
No 11059 519 11578 

Actual 
No 6950 252 7202 

Yes 1075 5341 6416 Yes 1467 2653 4120 
 Total 12134 5860 17994  Total 8417 2905 11322 
 Accuracy 91%    Accuracy 84%   

HashingVectorizer HashingVectorizer 
  Prediction    Prediction  

  No Yes Total   No Yes Total 

Actual 
No 10356 879 11235 

Actual 
No 6339 553 6892 

Yes 1778 4981 6759 Yes 2078 2352 4430 
 Total 12134 5860 17994  Total 8417 2905 11322 
 Accuracy 85%    Accuracy 76%   

CountVectorizer CountVectorizer 
  Prediction    Prediction  

  No Yes Total   No Yes Total 

Actual 
No 12113 8 12121 

Actual 
No 8342 0 8342 

Yes 21 5852 5873 Yes 75 2905 2980 
 Total 12134 5860 17994  Total 8417 2905 11322 
 Accuracy 99%    Accuracy 99%   

The CountVectorizer vectoring method has the highest accuracy rate of 99% in both labeling 

approaches. This result is believed to be related to the method's operating basis. The CountVectorizer 

vectoring approach makes vectorization by counting the words in the document. Since the training and 

test data were comprised of the same samples throughout the testing of the training data, it is likely that 

the approach discovered identical word counts on the same samples and, as a result, made highly 

accurate predictions. It should be noted that this result may be misleading. 

The period with the highest number of complaints followed a period in which the number of Covid-19 

cases increased in Türkiye dramatically for the first time. During this period, the Turkish Ministry of 

Health requested that citizens stay home. The main reason for the increase in complaints is the growing 

number of customers who prefer to order via the internet rather than traditional methods and that most 

cargo companies were caught unprepared for this demand. As a result, cargo companies should need to 

anticipate future demand and create a variety of operational approaches in the case of similar scenarios 

in the future. 

In general, it is seen that most complaints are experienced during the delivery of the parcels, which is 

the number of delayed cases is relatively high. In order to reduce the number of complaints about this 

theme, cargo businesses must increase the number of branches in proportion to the increase in business 

volume and employees. 

Another finding based on the research findings is that branch staff, and customer service professionals 

experience a lack of control in the face of increased business volume, just like field personnel. 

Customers have complained about the carelessness of customer service and the lack of consideration 

for their requests (for example, delivery in the branch, although customers were requesting delivery at 

the door). Undoubtedly, this research field should be handled with an interdisciplinary approach, as in 

this study, and the underlying causes of the complaints should be dealt with in more detail. For example, 

from the perspective of the management or human resources discipline, it can be said that the perception 

of burnout in the employees who were recruited with insufficient training due to the workload may be 

an important reason for these complaints. In this scenario, the cargo companies devoting emphasis to 

the in-company training and considering the aspects that motivate their personnel may significantly 

minimize the number of complaints. According to recent studies [11], [12] done during the pandemic, 

the number of orders on e-commerce sites has steadily grown, and logistics problems have become more 

challenging. In this sense, our study findings are similar to the literature studies. 
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6. Limitation and Future Studies 

Several limitations must be considered in evaluating the findings of this study. The first limitation is 

that the data used in this study was obtained only from a single web page. Using data from various 

platforms may reveal different outcomes. The second limitation of the study is that the complainants' 

demographic characteristics are unknown, and it cannot be determined whether they have written more 

than one complaint about the same problems or whether the complaints written are genuine. The third 

limitation is about methods. In the survey-based labeling method, the accuracy of the participants' 

answers could not be checked. 

Furthermore, the study solely used the logistic regression method to make the prediction. In this context, 

using different methods will be beneficial for the relevant literature, as it will provide the chance to 

make a comparison in future studies. Future studies in this field may improve predicted consistency by 

increasing the amount of learning data and employing various methods for estimating word weights or 

implementing different classification algorithms. 
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