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Abstract
The demand for automated customer support approaches in customer-centric environments has increased significantly 
in the past few years. Natural Language Processing (NLP) advancement has enabled conversational AI to comprehend 
human language and respond to enquiries from customers automatically independent of the intervention of humans. 
Customers can now access prompt responses from NLP chatbots without interacting with human agents. This application 
has been implemented in numerous business sectors, including banking, manufacturing, education, law, and health-
care, among others. This study reviewed earlier studies on automating customer queries using NLP approaches. Using a 
systematic review methodology, 73 articles were analysed from reputable digital resources. The evaluated result offers 
an in-depth review of prior studies investigating the use of NLP techniques for automated customer service responses, 
including details on existing studies, benefits, and potential future study topics on the use of NLP techniques for business 
applications. The implications of the results were discussed and, recommendations made.

Keywords  NLP · Automated responses · Systematic review · Business applications · Customer queries

1  Introduction

Applications of NLP have been identified as a possible alternative to manipulate and represent complex inquiries in 
customer-centric industries. As technology and the human–computer interface progress, NLP usage and applications 
are attracting increasing attention, prompting widespread recognition and implementation in a variety of industries. NLP 
has found its use in the banking sector [1–3] in supply chains [4, 5] to education [6–10] within the legal space [11–13] and 
among medical practitioners [14, 15]. The combination of artificial intelligence (AI) and automation is causing significant 
changes in the business world. In order to reach previously unachievable levels of efficiency and quality, businesses 
are presently focusing their attention on developing new applications of AI and automating their work processes [16]. 
Several studies have shown that NLP can be used to comprehend and interpret speech or text in natural language to 
accomplish the desired goals [17–21]. NLP has become increasingly integrated into our daily lives over the past 10 years. 
For example, text classification prevents junk in our email inboxes, semantically, search engines have evolved beyond 
pattern matching and networking, integrated conversational tools offer a standard and efficient means of gathering 
and exchanging information and, social networks and the Internet frequently use automatic machine translation [22].
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Using interactive chatbots, NLP is helping to improve interactions between humans and machines. Although NLP 
has existed for a while, it has only recently reached the level of precision required to offer genuine value on consumer 
engagement platforms. Businesses value customer service—employing NLP in customer service allows employees to 
concentrate on complex and nuanced activities that require human engagement. E-mail, social networking sites, chat-
rooms, web chat, and self-service data sources have evolved as alternatives to the traditional method of delivery, which 
was mostly done via the telephone [23]. The transmission of discourse with the help of digital assistants such as Google 
assistant, Alexa, Cortana and Siri is another significant advancement for NLP applications. These apps allow users to 
make phone calls and search on-line simply using their voices, and then receive the relevant results and data [24, 25].

Furthermore, NLP techniques are used in software programs that run database queries, collect text-based data, retrieve 
pertinent material from a collection, translate between languages, produce text responses and even recognize human 
speech and transform them into text, and automatically generate responses to human-generated questions in natural 
language [26, 27]. The contribution of NLP to the understanding of human language is one of its most appealing compo-
nents. The field of NLP is linked to several ideas and approaches that address the issue of computer–human interaction 
in natural language. It explores techniques for tasks including automatic comprehension and summarisation of text [28], 
machine translation (MT)—automated text translation across languages [29], part of speech tagging (POS) [30, 31], optical 
character recognition (converting human and machine written text into machine-readable format) [32, 33] and named entity 
recognition (NER) when attempting to collect data to categorize recognized name entities into predetermined groups [34].

Computers could be considered intelligent if they can execute the above tasks on natural language representations 
(written or verbal) and if they can comprehend what humans see. The recent strides in the application of NLP have led 
to the development of advanced algorithms that are now able to automatically respond to queries asked by customers. 
While a significant proportion of earlier reviews in this field emphasized the impact of chatbots, chatbot design, the 
human customer experience with customer service chatbots, and the implementation of these technologies in customer 
service, among other things. In this study, we provide a comprehensive analysis of the existing literature on the applica-
tion of NLP techniques for the automation of customer query responses. To contextualize our study, we review the most 
relevant papers and related reviews on the topic. Several of these related concepts are discussed below.

1.1 � Related systematic reviews

1.1.1 � Human–computer interaction in customer service

A systematic literature review of customer experience with customer service chatbots was conducted by [35] to (1) 
determine the main factors that have a significant impact on customer experience with customer service AI chatbots; 
and (2) investigate the customer’s opinions, views, and emotions about the use of AI chatbots, as well as the customer’s 
responses and behaviors. The results show that chatbot-related, customer-related, and context-related factors influence 
customer experience with chatbots.

1.1.2 � The impact of chatbots on customer loyalty

The objective of this review was to find out how chatbots affect how loyal customers are to a business. The findings of 
this systematic review of the literature indicated that there is a correlation between customer experience and customer 
satisfaction when using a chatbot, leading to customer loyalty [27].

1.1.3 � Service chatbots

This review explored the state-of-the-art in chatbot development as measured by the most popular components, approaches, 
datasets, fields, and assessment criteria from 2011 to 2020. The review findings suggest that exploiting the deep learning and 
reinforcement learning architecture is the most common method to process user input and produce relevant responses [36].

While these review papers provide valuable information on the use of chatbots and their impact on customer expe-
rience, our study aims to provide a contribution to this field of study by investigating the recent applications of NLP 
techniques to the automation of customer service inquiries. Specifically, we intend to conduct a systematic literature 
review on automating customer queries through the use of several NLP techniques. A systematic literature review (SLR) 
is critical as it can serve as a beneficial basis to support and facilitate the execution of future research [37]. In conducting 
this review of the literature, we attempted to answer the research questions identified below. 
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1.	 RQ1:What is the current state of NLP techniques to automate customer query responses?
2.	 RQ2:What are the main advantages of NLP applications in customer-focused industries?
3.	 RQ3:What limitations are associated with the implementation of NLP techniques within the customer service domain?
4.	 RQ4:What are the prospects for NLP applications in the business domain?

The goal of this review is to provide answers to the questions highlighted above by performing an SLR on the NLP 
techniques used in the automation of customer queries. In order to obtain more in-depth and comprehensive insight 
into the research topic, SLR studies seek to discover relevant primary publications, retrieve the necessary data, evaluate, 
and synthesize results [38, 39] and aids grasp the depth and breadth of current research, identify research gaps, test 
a hypothesis and/or formulate new ideas [40]. Consequently, in this paper, we seek to identify and summarize recent 
studies that have consolidated on the applications of NLP in customer-centric environments, the significant benefits 
that result from using NLP in businesses that focus on the needs of customers, the corresponding challenges in the 
implementation of the NLP techniques in customer-centric industries, and the solutions directions.

The organization of the subsequent sections of this paper is as follows. An overview of NLP techniques is provided 
in Sect. 2, and the methodologies for conducting research are discussed in Section 3, while Sect. 4 discusses the results. 
In Sect. 5, we examine the relevance of the study findings and Section 6 offers recommendations for further research.

2 � An overview of natural language processing

NLP refers to a computer system’s capability of comprehending human languages—a technique to leverage machines 
to analyze texts that involves comprehending how people use and understand language [25, 41]. NLP comprehends the 
language, sentiments, and context of customer service inquiries. It analyzes and interprets customer conversations and 
responds to them without the need for human participation. The foundation of NLP may be found in the 1950s, when 
Alan Turing put forth and explored the idea of ”can machines think”, which established the course for future studies on 
language processing and natural language comprehension [42–44].

Humans communicate with machines on a daily basis, from sending a message to speaking with Siri or Alexa, as 
well as Google search, grammar, and spell check. Using application models such as chatbots, virtual assistants, and 
client relationship management, NLP and AI play a vital role in enterprise customer care. ELIZA, PARRY, and ALICE were 
earlier chatbots that used simple syntax, information extraction, or classification techniques for evaluating user input 
and generate responses based on human-created rules [36, 45]. The precision and scalability of NLP systems have been 
substantially enhanced by AI systems, allowing machines to interact in a vast array of languages and application domains.

The advancement of various approaches, including deep learning, rule-based techniques, statistical models, recurrent 
neural networks (RNN) and machine learning (ML), can be seen as a consequence to the development of NLP [24, 46, 47]. 
NLP is useful for many businesses, however customer service benefits the most. Individuals are actively researching and 
advancing technology as it serves businesses as well as consumers. For example, it results in cost savings for operations, 
particularly for businesses, and generates more revenue for businesses [48, 49]. NLP systems are designed to relieve the 
burden of simple and routine questions that accumulate in customer service support centers and support desks so that 
employees can focus on more challenging and complex activities that require human interaction.

NLP transforms unusable unstructured textual data into usable computer language. To accomplish this, NLP employs 
algorithms to identify and retrieve natural language rules. The computer receives the text data, decrypt it using algo-
rithms, and then extracts the key information. NLP can be classified into two basic components; Natural Language 
Understanding (NLU) and Natural Language Generation (NLG) [50–52]. Figure 1 shows the broad classification of NLP.

2.1 � Natural language understanding

Machines nowadays can analyze human speech using NLU to extract topics, entities, sentiments, phrases, and other infor-
mation. This technique is employed in call centers and other customer service networks to assist in the interpretation of 
verbal and written complaints from customers [50, 53]. Several techniques are required to make a machine understand 
human language. These tasks include classifying phrases and sentences into a sequence of characters, determining the 
intended meaning of a sentence, determining whether it follows grammatical rules, and extracting or understanding 
the meaning of a sentence [41]. The respective terms for these five tasks are morphological analysis, syntactic analysis, 
semantic analysis, phonological analysis, and pragmatic analysis [50, 54].



Vol:.(1234567890)

Review	 Discover Artificial Intelligence            (2023) 3:20  | https://doi.org/10.1007/s44163-023-00065-5

1 3

2.2 � Natural language generation

The generation of meaningful phrases, words, and sentences from an internal representation—converts information 
collected from a computer’s language into human-readable language [50, 55]. Computer systems that can translate 
information from some underlying non-linguistic representation into texts that are comprehensible in human languages 
[56, 57].

3 � Methodology

This section describes the methodical procedure for retrieving publications and analyzing the literature on NLP tech-
niques to automate customer query responses using the Kitchenham and Charters-introduced guidelines [39]. An integral 
component of academic research is a literature review, as new knowledge must be established in the existing literature 
prior to review [40]. Three crucial steps make up a successful review, according to the standards outlined by Kitchenham 
and Charters: planning, conducting, and reporting the review [39, 58]. Figure 2 shows the three stages of the review 
process. The SLR’s stages are discussed below.

3.1 � Planning the review

The primary focus of the planning phase is the preparation of the research undertaking to be carried out in order to 
perform the SLR. It entails determining the review’s goal, developing relevant hypotheses according to established goals, 
and devising a thorough review methodology. A systematic review approach should be employed if the review’s primary 
goal is to assess and compile data showing how a certain criterion has an impact [59].

3.1.1 � Objectives of the review

The study’s purpose is to outline the present situation of NLP techniques to automate customer query responses, the 
key advantages of these techniques in customer-focused industries, the challenges in implementing this strategy, and 
the future potential of NLP applications in the business sector.

3.1.2 � The review of the protocol

The procedure for the review is critical in improving the review’s overall quality, as it minimizes the probability that a 
reviewer is biased in the data selection and analysis processes. For example, it is entirely feasible that the choice of existing 

Fig. 1   Broad classification of 
NLP (Source: [50])
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studies or the assessment will be influenced by the assumptions of the researcher without a protocol [39]. Additionally, 
the establishment of a standardized protocol that others can use to replicate the study adds credibility to the review. 
The next section discusses the protocol review process.

3.1.2.1  The search process  This study aims to synthesize unbiased research on NLP approaches for automated customer 
inquiries from as many sources as possible while excluding works that are not directly related to the subject matter at 
hand. Initial searches focused on identifying the current comprehensive assessment and estimating the number of pos-
sibly eligible studies using appropriate phrases based on research questions. We used five digital libraries (ScienceDirect, 
Springer, Web of Science, Scopus, and IEEE) to perform an automatic search for research articles as an answer to inquiries 
about research from relevant journals and conferences. Furthermore, we use a backward and forward search strategy to 
perform manual searches for alternative sources of evidence [60].

3.1.2.2  Search string  A widely used search string strategy is to base the string on the research questions and add a list 
of synonyms, abbreviations, and alternate spellings [39]. After identifying keywords and synonyms, the search string 
was established and implemented in electronic databases to retrieve the most relevant studies to ensure the integrity of 
this research. A Boolean “AND” and “OR” expression was used to describe the search string. All searches were carried out 
between August and September 2022 in order to identify relevant journal papers and conference proceedings. Conse-
quently, we employed the following broad search term:

Fig. 2   Overview of SLR stages (Source: [36])
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(“NLP” OR “Natural Language Processing”) AND (“Techniques” OR “Approaches” OR “Methodologies”) AND 
(“Automation” OR “Automating” OR “Automated”) AND (“Responses” OR Reply”) AND (“Customer” OR “Consumer”) 
AND (“Queries” OR “Inquiries” OR “Questions”).

3.1.2.3  Inclusion and exclusion criteria  The quality of a review’s research depends on its inclusion and exclusion criteria 
[59]. We deliberately broadened the search string to avoid missing any studies of interest. Using the study selection cri-
teria provided below, we were able to identify relevant studies. The criteria used for inclusion were; 

1.	 The scientific studies must be written in English.
2.	 Studies must be published between 2016 and 2022.
3.	 The results of only studies that have been published in conferences and journals.
4.	 The research should focus on NLP and automated customer queries, or employ NLP in customer service as a key 

component of their approach.
5.	 The publications provide an answer that is directly applicable to at least one of the research questions addressed in 

this study.

The criteria used for exclusion were; 

1.	 Studies that were not written in English.
2.	 Remove duplicate articles.
3.	 Studies published in publications other than journals and conferences should be removed.
4.	 Studies without an emphasis on NLP techniques and automated customer queries.
5.	 Studies that are irrelevant to the study topic or questions should be discarded.

3.1.2.4  Data extraction  The extraction method started by generating search strings. These strings were used to search 
the selected libraries for study-related articles. There were 2362 articles found in the original search, and there were 429 
downloads. Table 1 below shows the number of articles that were retrieved from each selected database.

3.2 � Conducting the review

This step involved performing searches against the selected database searches to find the appropriate articles for 
this study, using the inclusion or exclusion criteria as the basis for these queries. Quality assessment standards were 
used to double-check identified primary studies, and details about each item that met the criteria were compiled.

Table 1   Overview of search 
results

Database Initial search Downloaded articles

ScienceDirect 465 78
Springer 280 75
Web of Science 220 52
Scopus 715 121
IEEE 682 103
Total 2362 429
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3.2.1 � Study selection

We used five digital libraries (ScienceDirect, Springer, Web of Science, Scopus, and IEEE) to perform an automatic search 
for research articles as an answer to inquiries about research from relevant journals and conferences. Our initial database 
search yielded a total of 2362 articles. As a result of differing approaches taken by the numerous search engines in the 
pursuit of relevant articles, the total number of publishing results varied between databases. We then improved the search 
results using criteria to find only the articles that addressed our main study questions and objectives. These studies were 
reviewed by a second reviewer to avoid potential bias. Disagreements in viewpoint were aired and ultimately resolved. 
The authors reached a consensus over the final inclusion and exclusion of the articles. After removing duplicates and 
studies that were not written in English, there were 429 studies remaining. To proceed, we remove irrelevant studies by 
assessing titles, abstracts, and keywords, resulting in 175 articles. We progressed to the subsequent phase, where the 
entire study’s contents were reviewed. A more thorough evaluation of the remaining 175 publications led to the rejec-
tion of 76 studies, as there were still instances in which some articles were missed during the initial screening, such as 
duplicate articles and abstracts that were ambiguous. The reviewers conducted a thorough analysis of the remaining 
99 studies, leading to the exclusion of an additional 26 studies. As a result, the foundation for this SLR was made up of a 
total of 73 primary studies. Figure 3 shows the process of study selection.

3.2.2 � Quality assessment

The selected articles for the final sample must be subjected to a thorough evaluation of their quality [61]. The quality of 
each article was assessed in accordance to the research purpose using the requirements stated in Table 2 for reliability. 
Using the quality evaluation criteria, which were all quantified on a rating scale (Poor = 1, Good = 2, and 3 = Excellent), 
each researcher conducted the review objectively. When the quality evaluation criteria specified in Table 2 are satisfied 
by an article, a rating will be assigned to that article (a journal or conference paper). For example, if an article sufficiently 
addresses the QA1 (Does the study meet the criteria for inclusion and exclusion?) question, it receives a rating of 3 = 
“Excellent”, if the answer is adequate, it receives a rating of 2 = “Good”, and if it fails to address the question, it receives 
a rating of 1 = “Poor”. This procedure will be repeated for the remaining QA questions. The final score would then be 
calculated as presented in Table 3.

3.3 � Reporting the review

The outcomes of this study are described and discussed with reference to the research questions introduced earlier in 
this section. The SLR process must be reported in significant detail to ensure that the literature reviews are credible and 
reproducible consistently [62]. After conducting a comprehensive review of these papers in order to choose just the 
articles from journals and conferences that were the most relevant to the use of NLP techniques for automating customer 
queries. In the end, 73 articles were selected for inclusion in the study. On the basis of the full texts, QAs were utilized 
on the studies in order to conduct an assessment of the quality of the selected papers. Again, to illustrate the finding, 
the results of these articles were categorized, organized, and structured. The 73 primary studies that we included in this 
review are listed in Table 3. These studies were published between 2016 and 2022. Figure 4 shows the distribution by year.

3.3.1 � RQ1: What is the current state of NLP techniques to automate customer query responses?

The NLP domain and its numerous potential uses have seen an increase in popularity with the advancement of technology 
and the development of the human involvement. In response to this, NLP has been implemented in many different 
settings. The review indicates that a huge number of studies are being conducted in this field, resulting in a substantial 
rise in the implementation of NLP techniques for automated customer queries. The review of those studies are discussed 
below.

3.3.1.1  Question answering and Chatbots  NLP in customer service tools can be used as a first point of contact to answer 
basic questions regarding services and technologies. Using NLP techniques such as keyword extraction, intent recogni-
tion, and sentiment analysis, chatbots can be trained to comprehend and respond to customer queries. Chatbots are 
computer programs that employ NLP to simulate conversations with humans [63]. Chatbots are the most widely used 
NLP application in customer service, according to studies. In the finance sector, chatbots are used to solve complex 



Vol:.(1234567890)

Review	 Discover Artificial Intelligence            (2023) 3:20  | https://doi.org/10.1007/s44163-023-00065-5

1 3

Fig. 3   Study selection process 
for SLR

Table 2   Quality assessment 
checklist

No Questions

QA1 Does the study meet the criteria for inclusion and exclusion?
QA2 Is there evidence that the design conforms to any specific development ideas or concepts?
QA3 Does the paper give a quantitative or qualitative analysis of performance evaluation that is 

based on experimentation?
QA4 Do the study’s findings match the main objective?
QA5 Is the paper available in a publication that is widely recognized?
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Table 3   Quality assessment 
results

S/N Paper type Author Year QA1 QA2 QA3 QA4 QA5 Score

1 Conference [1] 2020 3 3 3 3 3 15
2 Conference [2] 2018 3 3 3 3 3 15
3 Conference [15] 2021 3 3 3 3 3 15
4 Journal [63] 2020 3 3 2 2 3 13
5 Journal [64] 2021 3 3 3 3 3 15
6 Conference [65] 2017 3 3 2 2 3 13
7 Conference [66] 2022 3 3 3 3 3 15
8 Conference [67] 2020 3 3 3 3 3 15
9 Conference [68] 2019 3 3 3 3 3 15
10 Conference [6] 2019 3 1 1 2 3 10
11 Journal [9] 2021 3 3 3 3 3 15
12 Conference [69] 2018 3 3 3 3 3 15
13 Conference [70] 2020 3 3 3 3 3 15
14 Journal [71] 2020 3 3 3 3 3 15
15 Conference [72] 2019 3 3 3 3 3 15
16 Conference [73] 2018 3 2 2 2 3 12
17 Journal [7] 2022 3 3 3 3 3 15
18 Conference [74] 2018 3 2 2 1 3 11
19 Conference [75] 2020 3 3 3 3 3 15
20 Conference [76] 2016 3 3 3 3 3 15
21 Conference [77] 2020 3 3 3 3 3 15
22 Conference [78] 2019 3 3 3 3 3 15
23 Conference [79] 2017 3 3 3 3 3 15
24 Conference [23] 2018 3 3 3 3 3 15
25 Journal [80] 2018 3 2 1 1 3 10
26 Journal [81] 2021 3 3 3 3 3 15
27 Journal [82] 2021 3 2 2 2 3 12
28 Conference [83] 2017 3 1 1 2 3 10
29 Conference [84] 2020 3 1 2 1 3 10
30 Journal [11] 2021 3 2 2 3 3 13
31 Conference [13] 2020 3 2 2 2 3 12
32 Journal [85] 2016 3 3 3 3 3 15
33 Conference [86] 2020 3 3 3 3 3 15
34 Journal [8] 2021 3 3 3 3 3 15
35 Conference [88] 2018 3 3 3 3 3 15
36 Conference [89] 2017 3 2 2 2 3 12
37 Journal [90] 2016 3 3 3 3 3 15
38 Journal [91] 2021 3 2 1 2 3 11
39 Journal [92] 2020 3 2 2 2 3 12
40 Journal [93] 2019 3 3 3 3 3 15
41 Conference [94] 2019 3 3 2 2 3 13
42 Journal [95] 2020 3 1 2 2 3 11
43 Conference [87] 2018 3 3 3 3 3 15
44 Conference [96] 2020 3 2 1 2 3 11
45 Conference [97] 2020 3 3 3 3 3 15
46 Journal [98] 2019 3 3 3 3 3 15
47 Journal [99] 2018 3 3 3 3 3 15
48 Conference [100] 2018 3 2 2 2 3 12
49 Journal [101] 2018 3 2 2 2 3 12
50 Journal [34] 2021 3 3 3 3 3 15
51 Journal [102] 2020 3 3 3 3 3 15
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problems—assists clients in resolving their daily banking-related queries. NLP algorithms that the system is cognizant of 
are employed to collect and answer customer queries. Customers can ask questions in natural language, and the chat-
bot can provide the appropriate response [1, 2]. In the health industries, AI algorithms are used by medical chatbots to 
analyze and understand customer queries and respond appropriately to them [15, 64, 65].

In addition, the technique has been used to provide medical consultation on vulnerable and mental health problems, 
depression, nutritional information, monitoring user activity, and prescribing medications to patients [66–69]. Chatbot 
technology is a huge advancement for e-learning; in effect, it has emerged as the most inventive method of bridging 
the gap between learning and technology, deployed to give students the accurate information to their concerns. The 

Table 3   (continued) S/N Paper type Author Year QA1 QA2 QA3 QA4 QA5 Score

52 Conference [25] 2017 3 3 3 3 3 15
53 Journal [24] 2020 3 3 3 3 3 15
54 Journal [103] 2020 3 3 3 3 3 15
55 Journal [104] 2020 3 3 3 3 3 15
56 Journal [105] 2019 3 3 2 2 3 13
57 Journal [106] 2019 3 3 3 3 3 15
58 Conference [107] 2021 3 2 2 2 3 12
59 Journal [108] 2019 3 3 3 3 3 15
60 Journal [109] 2020 3 2 2 2 3 12
61 Journal [110] 2021 3 3 3 3 3 15
62 Journal [111] 2021 3 3 3 3 3 15
63 Journal [112] 2018 3 2 3 2 3 13
64 Journal [113] 2021 3 3 3 3 3 15
65 Conference [114] 2019 3 3 3 3 3 15
66 Journal [115] 2018 3 3 3 3 3 15
67 Conference [116] 2018 3 3 3 3 3 15
68 Journal [117] 2018 3 2 2 2 3 12
69 Journal [118] 2021 3 3 3 3 3 15
70 Journal [119] 2021 3 3 3 3 3 15
71 Journal [120] 2018 3 2 2 2 3 12
72 Journal [121] 2022 3 3 3 3 3 15
73 Journal [122] 2021 3 3 2 2 3 13

Fig. 4   Year-wise distribution of articles relevant to study
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review indicates that the most common application for chatbots is in educational settings, both for facilitating teaching 
and for learning, being utilized to evaluate students’ reading, writing, and speaking skills in order to produce tailored 
feedback that takes into consideration each student’s needs [6, 7, 9, 70–74].

Chatbots are assisting educators in the grading of student continuous assessments such as assignments, tutorials, tests, 
and examinations [8, 75, 76], providing advisory services for students and visitors searching for locations on the Academic 
road campus, used to interactively address students’ queries regarding frequently asked questions on educational portals 
[77–79]. For administrative purposes, chatbots have been used in education to automatically respond to questions from 
students in relation to the services the school system provides for the academics. The chatbot has the potential to assume 
the function of an intelligent assistant, offering higher learning institutions the opportunity to improve the quality of 
the services they now offer, decrease the amount of money spent on personnel, and develop new and groundbreaking 
services [74, 77, 80].

Studies have shown that chatbot systems are a viable solution for customer service—presenting an effectiveness 
for automated customer experience. Several digital channels are available for customers to contact service providers, 
including company websites, social networking services like Facebook, Twitter, and Instagram, email, and chat [23, 
81–85]. Also with automation of the process of allocating petitions to their respective fields of law, legal services have 
seen significant usage of NLP, which has resulted in a decrease in costs and time associated with such procedure while 
permitting the allocation of human resources to more complicated tasks [11, 13].

3.3.1.2  Language translation  The process of transforming spoken or written language from one language to another 
is called language translation. Human translators or machine translation tools can accomplish this. In customer query 
response, language translation can be used to automate the process of providing answers to customer queries in a 
diverse range of languages, which is useful in customer care and support. For example, a virtual assistant can be built 
to translate inbound questions and responses from customers into other languages in real time. This can be especially 
helpful for customer care teams who receive questions from consumers who speak multiple languages. Integration of 
MT with other NLP techniques, such as text classification, text generation, sentiment analysis, and text summarization, 
is possible in order to deliver an appropriate response to the customer in the client’s native language. The review has 
shown that MT is a good indication of how NLP is used to enhance human communication in customer service. MT has 
advanced to the point where it can produce results that are generally accurate as a result of intensive scientific research 
and business effort over the last 10 years [25].

Several applications have employed MT in customer service. For example, Google Translate converts a customer’s 
inquiry from one language to another without human involvement, Facebook automatically translates posts and 
comments using MT to remove language barriers and enable global communication, and similarly eBay uses MT to link 
users globally, facilitating cross-border transactions [24, 86]. The transmission of discourse and discussion using NLP is 
another significant development for applications of NLP via speech-to-text devices such as Siri, Google Assistant, Alexa, 
and Cortana. These applications enable users to make calls and perform voice-based online searches, receiving relevant 
information and results [87]. Neural Machine Translation (NMT) is a deep learning-based approach that uses neural 
networks to translate text. NMT models are trained on large amounts of bilingual data and can handle various languages 
and dialects, which is useful for customer service that requires multilingual support. Humans can speak naturally to their 
smartphones and other smart gadgets with a conversational interface in order to obtain information, use Web services, 
give instructions, and engage in general conversation [88–90].

3.3.1.3  Sentiment analysis  In customer query response, machine learning can be used to train models on a large dataset 
of customer queries and responses, to classify customer queries into predefined categories, to analyze the sentiment of 
customer queries and to generate automated responses. The Customer service departments can better comprehend 
customer sentiment with the aid of NLP techniques according to some studies. Companies can evaluate consumer feed-
back to find common topics of interest, uncover complaints, and monitor important patterns over time using sentiment 
analysis, the technique of finding and categorizing views expressed in text [91–94]. In order to analyze sentiment in real 
time, businesses are already using NLP in customer care, deploying sentiment analysis technologies that automatically 
monitor written content, such as reviews and posts on social networks. This enables businesses to proactively address 
user complaints and criticism.

The techniques are frequently used to collect, evaluate, and analyze textual opinions and classify them as positive, 
negative, or neutral sentiment in the fields of finance trading, manufacturing, healthcare, politics, the hospitality 
industry, the food industry, events, and enterprises [95–101]. Additionally, it aids businesses in enhancing product 
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recommendations based on earlier consumer feedback and better comprehending their chosen products. Businesses 
would be restricted to segmenting customers who have similar needs together or promoting only well-known products 
if they did not have access to AI-driven NLP technologies. AI-enabled customer care has already been proven to be 
useful for organizations, and this trend is expected to continue. Businesses that implement NLP technology are able to 
improve their interactions with customers, better comprehend the sentiments of customers, and enhance the overall 
satisfaction of their customers.

3.3.1.4  Named entity recognition  NER is an NLP technique that can be used for automating responses to customer que-
ries. This entails locating and extracting specific entities such as persons, organizations, places, and dates from a text. 
NER techniques have the ability to extract vital information from customer queries, such as product names, account 
numbers, and contact information, for use in customer service and support. Customer service can then use this informa-
tion to deliver more precise and personalized responses to customer queries [34]. Deep learning models have produced 
unprecedented outcomes in NLP tasks in recent times, notably in NER. For example, extracting the name of a product 
from a customer’s inquiry and then utilizing that name to tell the customer about the product’s price, qualities, and avail-
ability. This technique is also able to extract account numbers, which can be subsequently utilized to look up customer 
information and provide personalized services. It can also assist in determining what the consumer is attempting to 
accomplish, and can identify keywords like “cancel” and “refund” to determine the customer’s intent and send the query 
to the right department or representative for processing [102, 103]. In general, NER is an NLP technique that may be used 
to extract pertinent information from customer queries and give more accurate and personalized responses.

3.3.1.5  Pre‑trained models  Recent developments in the field of NLP have been ushered in by the introduction of pre-
trained models. Pre-trained models are ML models that have been trained on a large dataset of text, allowing them to 
understand the context of the text and handle various languages and dialects. In customer query response, pre-trained 
models can be fine-tuned on a dataset of customer queries and responses to classify customer queries into predefined 
categories, analyze the sentiment of customer queries, generate automated responses, translate customer queries, and 
manage the flow of conversation. For example, ML models can be pre-trained on a dataset of customer queries and 
responses to address similar questions from customers using NLP techniques such as text classification to categorize and 
answer customer queries. Pre-trained models such as BERT (Bidirectional Encoder Representations from Transformers), 
GPT-2 (Generative Pre-trained Transformer 2), RoBERTa (Robustly Optimized BERT Pre-training), T5 (Text-to-Text Transfer 
Transformer), and ALBERT (A Lite BERT), amongst others, can be fine-tuned on specific customer service datasets to 
improve the performance of virtual assistants in understanding and responding to customer queries [104–109]. They 
enhance model performance and save both time and resources compared to training models from scratch.

3.3.2 � RQ2: What are the main advantages of NLP applications in customer‑focused industries?

In this section, we discuss the advantages of NLP applications in customer-focused industries. Review of the relevant 
literature shows that advances in AI have allowed for the creation of NLP technology that is accessible to humans. The 
fundamental gap between machines and people that NLP bridges benefits all businesses, as discussed below.

3.3.2.1  Improve customer satisfaction  In today’s highly competitive business, immediate service is required [110]. Busi-
nesses are already seeing the benefits of artificial intelligence-based customer service. NLP techniques are helping com-
panies connect with their customers better, understand how they feel, and improve customer satisfaction across the 
board. The availability of automated customer service is not affected by schedules or locations. This allows businesses 
to provide ongoing customer care so that problems can be resolved as soon as they emerge. This enables customers to 
have their questions answered at any time without having to wait for a response, which could take anything from a few 
hours to several days—a significant impact on the level of customer satisfaction. Furthermore, it shows that the business 
is focused on providing service to customers, which is an asset for the general reputation of the brand and trust [80, 111].

3.3.2.2  Minimizes costs and improves processes  The adoption of NLP technology allows businesses to offload manual 
effort by employing chatbots powered by NLP. This enables them to focus on more innovative tasks, such as solving 
problems to drive sales. NLP technologies automate a major portion of business customer service operations by answer-
ing simple questions and analyzing customer feedback in real-time, allowing businesses to know instantly if their prod-
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uct or service is creating instability. This enables businesses to recruit fewer customer care and call center representa-
tives, resulting in cost savings [64, 82].

3.3.2.3  Translate and deliver accurate information  NLP-powered technologies can be programmed to learn the lexi-
con and requirements of a business, typically in a few moments. Consequently, once they are operational, they 
execute considerably more precisely than humans ever could. Additionally, you can adjust your models and continue 
to train them as your industry or business terminology changes [25, 112]. Global customers can receive reliable 
information in a variety of languages through chatbots powered by AI that can circumvent the language barrier [86, 
87, 113].

Evaluation of consumer opinions According to the review, one of the significant advantages of NLP techniques is 
that they enable organizations to recognize and comprehend the opinions and sentiments of their customers online. 
The emotions and attitude expressed in online conversations have an impact on the choices and decisions made by 
customers. Businesses use sentiment analysis to monitor reviews and posts on social networks. This allows companies to 
address customer problems proactively. These strategies are used to collect, assess and analyze text opinions in positive, 
negative, or neutral sentiment [91, 96, 114].

3.3.3 � RQ3: What limitations are associated with the implementation of NLP techniques within the customer service 
domain?

NLP in customer service promotes research and innovation, helping consumers and businesses. NLP in customer service 
technology answers simple questions about themes, features, product availability, related products, etc. This frees up 
human workers to handle escalating client complaints. However, the deployment and use of NLP applications can present 
significant challenges, as will be explored in the following, as the literature has shown.

3.3.3.1  Data ambiguities  NLP has difficulty comprehending all the subtle nuances and relevant facts because human 
language is so complex and has numerous layers of abstraction. The importance of semantics in determining the link 
between concepts and products cannot be underestimated. Unless context and semantics of interaction are identified, 
retrieval of textual and visual objects and domains cannot generate reliable information [86]. The challenge in NLP is 
the complexity of natural language, which causes ambiguity at different levels. Ambiguity is a widespread problem 
that affects human–computer interaction; however, its evolving nature complicates design. Data ambiguities present 
a significant challenge for NLP techniques, particularly chatbots. Multiple factors, including polysemy, homonyms, and 
synonyms, can cause ambiguities. The customer experience may suffer as a result of these ambiguities, which can lead 
to misunderstanding and inaccurate chatbot responses. Incorrect user interpretations may drive users to stop using the 
system [115, 116]. Various techniques have been proposed to address data ambiguities in NLP, such as word sense dis-
ambiguation, neural machine translation, pre-trained models, text summarization, named entity recognition, dialogue 
management and others.

3.3.3.2  Information overload  The most significant obstacle of NLP applications in customer service is the enormous 
amount of information available, which makes it extremely difficult to retrieve a precise and relevant piece of data from 
enormous datasets. Summarization systems must understand the semantics and context of information to function 
properly, however this can be difficult owing to accuracy and readability issues [24, 117].

3.3.3.3  A domain‑specific language  Language used by various industries and businesses often vary widely. For example, 
the NLP processing model required for the processing of medical records might differ greatly from that required for the 
processing of legal documents. Although there are many analysis tools available now that have been trained for particu-
lar disciplines, specialized companies may still need to develop or train their own models [118].

3.3.4 � RQ4: What are the prospects for NLP applications in the business domain?

3.3.4.1  Language understanding  According to the reviewed literature, the goal of NLP in the future is to create machines 
that can typically understand and comprehend human language [119, 120]. This suggests that human-like interactions 
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with machines would ultimately be a reality. The capability of NLP will eventually advance toward language understand-
ing. The amount of data available around the world is constantly growing. The vast majority of businesses now think of 
data as a commodity, and a large portion of these data is unstructured. This is an indication that the use of NLP is neces-
sary. NLP already has a firm place in the progression of machine learning, despite the dynamic nature of the AI field and 
the huge volumes of new data that are accumulated daily.

3.3.4.2  Available pre‑trained models  In its current iteration, NLP can be taught to answer a number of questions, some of 
which are rather complex. In the near future, however, NLP will be trained to do more than just answer questions; it will be 
able to deliver complicated solutions that directly address the underlying questions being asked. In the years to come, we 
can anticipate that NLP technology will become increasingly sophisticated and precise [104, 121, 122].

4 � Discussion

The purpose of the research was to better understand the current state of NLP techniques to automate responses to 
customer inquiries by performing a systematic evaluation of the literature on the topic. This would enable a deeper 
comprehension of the advantages, limitations, and prospects of NLP applications in the business domain. Across the 
course of the research into the relevant literature, it became abundantly evident that the NLP domain and its myriad 
of possible applications have gained in popularity as a direct result of the growth of technology and the expansion of 
human involvement—applied in a wide variety of contexts. Currently, a large number of studies are being carried out 
on this subject, resulting in a substantial rise in the implementation of NLP techniques for the automated processing of 
client inquiries.

The study findings suggest that the application of NLP techniques in customer service can function as an initial point 
of contact for the purpose of providing answers to fundamental queries regarding services. Chatbots have been widely 
employed to handle difficult problems in the finance sector, such as assisting clients with everyday banking-related 
enquiries, providing medical counseling on vulnerable and mental health problems, depression, dietary information, 
tracking user activity, and prescribing drugs to patients. The analysis suggests that chatbots are most commonly used 
in educational settings to test students’ reading, writing, and speaking skills and provide customized feedback. Legal 
services have used NLP extensively, reducing costs and time while freeing up staff for more complex duties. Using 
sentiment analysis to track customers reviews and social media posts in order to proactively address customer complaints. 
Additionally, the utilization of language translation techniques in order to eliminate linguistic barriers and automate the 
process of providing answers to customer queries in a diverse range of languages.

The recent developments in AI have made it possible to develop NLP technology that is accessible to humans. NLP 
helps bridge the fundamental divide between technology and people, which is beneficial for all businesses. The review 
highlights several benefits, among which are significantly improved level of customer satisfaction, the minimization of 
costs and the improvement of processes, the ability to translate and transmit reliable information and the evaluation of 
consumer comments. In the reviewed articles, the difficulties that are linked with the implementation of NLP techniques 
within the customer service area were identified. Data ambiguities presents a significant challenge for NLP techniques, 
particularly chatbots. Multiple factors, including polysemy, homonyms, and synonyms, can cause ambiguities and 
customer experience may suffer because of these ambiguities, which can lead to misunderstanding and inaccurate 
chatbot responses. The enormous amount of available information makes it challenging to get precise and useful 
information from large datasets, while a domain-specific language remains a barrier in customer service. Word sense 
disambiguation, neural machine translation, pre-trained models, text summarization, named entity recognition, dialogue 
management, and a variety of other techniques have been suggested as potential solutions to the problem of data 
ambiguity in NLP.

Furthermore, the study found that NLP is now the most researched subject in the fields of AI and ML. The research 
on NLP is conducted by businesses because they have the goal of developing technologies that will facilitate consumer 
engagement. The ultimate aim of NLP is to 1 day build machines that are capable of normal human language 
comprehension and understanding. This provides support for the hypothesis that human-like interactions with machines 
will 1 day become a reality. In the long run, NLP will develop the potential to understand natural language better. We 
anticipate that in the coming future, NLP technology will progress and become more accurate.
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5 � Limitations

The SLR’s goal is to assess and analyze primary studies on NLP techniques for automating customer query responses. 
While the data is logically valid, it is mostly concerned with the context of certain research questions. Numerous variables 
could have had an impact on the study’s accuracy such as data extraction process and studies focus. Five major scientific 
databases were searched at in order to retrieve the relevant studies. However, these databases are not exhaustive, and, 
as a result, the quality of this research may have been impacted. In a similar vein, the study concentrates largely on the 
techniques of NLP for automating customer query responses in specific industries (as covered in Section 3), with no 
consideration given to other industries, such as the automotive, manufacturing, and entertainment industries, among 
others. In the future, these limitations may be addressed using keywords that link to various industries.

6 � Conclusion and future work

In recent years, NLP techniques have been identified as a promising tool to manipulate and interpret complex customer 
inquiries. As technology and the human–computer interface advance, more businesses are recognising and implementing 
NLP. NLP understands the language, feelings, and context of customer service, interpret consumer conversations and 
responds without human involvement. NLP systems are designed to reduce the burden of simple and routine questions 
in customer service support centers and support desks, so that personnel can focus on more complicated activities that 
require human interaction. In this review, NLP techniques for automated responses to customer queries were addressed.

In general, NLP techniques for automating customer queries are extensive, with several techniques and pre-trained 
models available to businesses. These methods can boost customer service efficiency and quality. NLP techniques can 
provide more personalized and human-like responses, which can improve customer service and customer satisfaction; 
handle multilingual customer service; better understand customer intent; handle a large volume of customer queries 
which can be useful for businesses with a high volume of customer interactions; and extract useful information from 
customer queries and use it for better decision-making. These techniques have opened new opportunities for businesses 
in education, e-commerce, finance, and healthcare to improve customer service and reduce costs. The implementation of 
NLP techniques within the customer service sector will be the subject of future works that will involve empirical studies 
of the challenges and opportunities connected with such implementation.
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