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Interactions between consumers and companies are increasingly relying on technologies such as chatbots and voice assistants that
are based on natural language processing (NLP) techniques. With the advent of more sophisticated technologies such as
transformers and generative artificial intelligence, this trend will likely continue and further solidify. To our knowledge, this
study is the first to systematically review the current scientific discourse on NLP-based technologies in the context of the
customer journey and attempts to outline existing knowledge and identify gaps before the onset of a new era in NLP
sophistication. Employing the Preferred Reporting Items for Systematic Reviews and Meta-Analyses (PRISMA) method and
co-occurrence analysis, we offer new and nuanced insights into the prevailing discourse. From a sample of 734 articles, 41
studies were selected and analyzed. Our findings shed light on the current research focus, exploring various technologies,
concepts, and challenges. We also offer a starting point for how emerging NLP-based technologies could impact the customer
journey, as well as future research directions.
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1. Introduction

The natural language processing (NLP) market is steadily
gaining traction and is expected to increase in value from
$29.1 billion in 2023 to $92.7 billion by 2028, reflecting a
compound annual growth rate of 26.1%, according to a mar-
ket analysis report by Singh [1]. This expansion is driven by
increasing consumer adoption of NLP-based technologies,
such as chatbots and the widespread integration of these
tools into business operations [2]. As organizations seek to
enhance customer engagement and streamline interactions,
NLP-powered applications are becoming a core component
of the customer journey. By 2027, chatbots are expected to
serve as the primary customer service channel for around a
quarter of companies [3].

NLP, as a subset of artificial intelligence (AI), is a generic
term for technologies concerned with the handling of
human languages [4]. Unlike other AI domains, such as
computer vision, which interprets visual data, or machine
learning-based analytics, which identifies patterns in struc-
tured data, NLP is specifically concerned with linguistic data.
It encompasses various subareas such as speech recognition,
which enables machines to interact with humans in a more
natural and context-aware way. Thus, we define NLP-based
technologies as applications whose core functionalities stem
from this field of research, particularly in processing and
generating human language. These systems must incorpo-
rate at least one core NLP functionality—such as language
understanding or language generation—and are, in the case
of this study, primarily deployed at customer touchpoints.
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NLP-based technologies include, for example, chatbots,
which simulate human conversation by analyzing user
inputs and producing text-based responses, or voice assis-
tants, which use NLP in combination with speech recogni-
tion and synthesis to facilitate hands-free interactions.

Emerging and more powerful technologies, such as large
language models (LLMs), represent a significant advance-
ment and also fall under this category. However, unlike tra-
ditional NLP models, which rely on predefined rules or
statistical methods for specific language tasks, LLMs are
advanced models based on transformer technology, featur-
ing unprecedented parameter sizes and learning capabilities
that enable the analysis and generation of new texts [5].
While traditional diffusion theories (e.g., [6]) emphasize
early adopters as key drivers, an LLM like ChatGPT reaching
the mark of 100 million monthly active users in 2 months
after launch [7] suggests that its appeal has swiftly extended
beyond early adopters to a broader, mainstream audience.
These new technologies therefore seem to accelerate market
development even further and transform how customers
interact with companies throughout their journey. Given
this development, it is essential to explore and analyze the
limitations of traditional NLP models and investigate how
advanced models like LLMs can be beneficially implemented
to enhance customer interactions.

Despite the clear relevance and timeliness of this topic,
there is, to our knowledge, no comprehensive overview of
customer interactions with various NLP-based technologies
across the customer journey—only reviews on adjacent
topics exist (e.g. [8–11]). The customer journey is a frame-
work rooted in customer experience management [12] that
describes the various phases a customer experiences and thus
encompasses the entirety of the experiences that a customer
has when interacting with a company or brand [11]. A struc-
tured analysis of these interactions would be highly valuable,
offering practitioners insights into current approaches for
implementing these technologies and their impact on cus-
tomer behavior and thus address a critical knowledge gap in
a rapidly growing market poised for significant expansion in
the coming years. The current absence of a systematic
overview on the specific topic of NLP-based technologies in
conjunction with the customer journey framework may limit
researchers’ and practitioners’ ability to fully capture the
nuances of how these technologies impact customer behavior
and could hinder the ability to project the possibilities and
create advanced customer journeys.

To address this knowledge gap, we propose the following
research questions:

RQ1: How is the current state of research on NLP-based
technologies distributed across the different stages of the
customer journey in terms of research quantity and techno-
logical focus, and what underlying technological trends or
limitations characterize this distribution?

RQ2: How do key concepts identified in our curated
database affect customer behavior across different stages of
the customer journey, and how are these concepts distrib-
uted and interrelated within these stages?

Given these research questions, from both an academic
and practical standpoint, understanding their implications

is essential for ensuring the effective integration of new tech-
nologies and the creation of satisfying customer experiences,
making this a critical area of study.

We have taken this development as an opportunity to
address these challenges by performing a systematic litera-
ture review according to the Preferred Reporting Items for
Systematic Reviews and Meta-Analyses (PRISMA) method-
ology, along with a co-occurrence analysis. We aim to
analyze the previous scientific discourse regarding NLP-
based technologies along all phases of the customer journey,
namely, the prepurchase, purchase, and postpurchase
phases. Specifically, the objectives and contributions of this
research are to (1) address the current lack of overview by
identifying and categorizing specific gaps in the existing
literature on NLP-based technologies and their interplay
with customers to provide actionable insights guiding future
research directions, (2) propose a structured framework that
synthesizes current knowledge and highlights key concepts
and their impact that must be considered when designing
innovative customer interactions across different journey
stages, and (3) offer a multidisciplinary perspective that
bridges management sciences and technical research fields,
offering actionable insights into how NLP-based technolo-
gies influence different facets of consumer decision-making
and behavior—from initial rapport building to increasing
purchase intention. The significance of this research lies in
its potential to serve as a foundational reference for
researchers and practitioners navigating this rapidly evolv-
ing landscape, enabling the development of innovative and
effective customer interactions powered by NLP-based
technologies.

2. Related Literature Reviews

AI is a major point of discussion in scientific discourse
across disciplines. Therefore, it is not surprising that various
authors have engaged in the preparation of literature reviews
on this topic from different viewpoints. Haleem et al. [13],
for example, explore the topic from a general marketing per-
spective, noting that AI can create a more personalized
brand experience, improve user experience, and optimize
campaigns and strategies by analyzing user data. The
authors investigate how AI can be applied to different
marketing domains like pricing, product management,
promotion management, or strategy and planning. Besides
mentioning the growing importance of NLP, the report
remains relatively broad, without focusing on a specific sub-
set of AI or a particular technology. Mustak et al. [14] add to
this with their article highlighting key research topics related
to AI in marketing, including understanding consumer
sentiment, analyzing customer satisfaction, and improving
market performance. These areas are significant for the
application of NLP-based technologies, yet the review falls
short in this area. Instead of providing a detailed explora-
tion, it offers only a broad overview by mentioning that big
data could be leveraged. The role of the customer journey
is not discussed. Instead, the authors analyze the literature
using software such as VOSviewer to examine the major
themes of AI research in marketing since the 1960s and find
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that these can be divided into two categories: consumer
research or organization and strategy, giving general
insights. Other reviews commit themselves to specific appli-
cation areas, addressing, for instance, the way in which AI
can improve customer experience management [10] or
how AI helps to improve brand awareness and allows per-
sonalized product modifications [11]. While Nwachukwu
and Affen [10] address customer experience, a closely related
topic to the customer journey, they do not discuss it in
sufficient detail. The same goes for exploring the role of
NLP-based technologies, as the authors remain general and
superficial. Rana et al. [11], on the other hand, go into more
depth regarding the concept of the customer journey but do
not explore NLP-based technologies in detail, remaining
more on the surface and discussing areas such as machine
learning and recommendation systems. In addition to these
more general literature reviews that explore AI as a whole,
there are also more focused articles discussing specific AI-
based technologies in the context of marketing practice.
For example, there are several reviews investigating the
implementation of augmented reality into retail, showing a
positive impact on attitude, decision-making, behavioral
intentions, and customer engagement [15, 16]. In addition,
chatbots and conversational agents, both of which are part
of the NLP field, seem to be of great interest to researchers
as they appear relatively frequently as the main topic in
review articles [8, 9, 17, 18]. These reviews have shown that
a connection between chatbots and customer loyalty is very
likely [9], which could make them a viable option through-
out the customer journey, especially for postpurchase inter-
actions. Unfortunately, the authors do not link this finding
to the customer journey in more detail. Further, Mariani
et al. [17] found that the adoption of conversational agents
has various user-related outcomes on variables like attitude
towards an offering, advice adherence, or purchase inten-
tion, leading to promising results. However, the authors
again do not link these results to the customer journey
framework.

The body of existing literature reviews highlights that
this research area holds relevance not only for academic
scholars but also for industry practitioners. For instance,
AI tools have been found to possess increasing potential in
helping marketers identify optimal promotional strategies
while addressing trust and privacy concerns [11]. Addition-
ally, practitioners can enhance chatbot sales performance by
leveraging anthropomorphic features [18]. Jenneboer et al.
[9] have even created a table that lists various practical
implications regarding the impact of chatbots on customer
loyalty. While these findings are promising for practitioners,
the authors do not integrate them into the customer journey
framework. For instance, enhanced sales performance could
be critical during the purchase stage, yet the authors fail to
make that connection.

The previous discussion shows that the current review
literature tends to (1) either study AI as a whole (e.g. [13]),
(2) study multiple technologies (NLP, computer vision,
etc.) at once without differentiating and focusing on specific
areas of AI research (e.g. [11]), or (3) limit the scope of
research to very specific AI-based technologies (e.g. [17]).

These approaches, while valuable, leave a critical gap: they
do not provide a detailed overview of a field like NLP as a
complex area with its various technologies and how they fit
into marketing practice and the customer journey. To
address this shortcoming, the following literature review
focuses specifically on the integration of NLP-based technolo-
gies into the customer journey. The results can serve as a basis
for decision-makers, be they practitioners or researchers, to
decide how NLP-based technologies can improve the cus-
tomer journey and, thus, the overall customer experience.

3. Methodology

In this article, two methodological approaches are followed,
namely, (1) the PRISMA method introduced by Moher et al.
[19], which is a recognized reviewing system frequently used
in other literature reviews on similar topics [16, 20–22] and
(2) co-occurrence analysis using the software VOSviewer. By
applying the standardized PRISMA method, we aim to
ensure transparency, reproducibility, and comprehensive-
ness from the identification of articles to the final determina-
tion of study inclusion or exclusion. VOSviewer, on the
other hand, is a tool for constructing and visualizing biblio-
metric networks, enabling the presentation of scientific land-
scapes in a clear and easily understandable format, making it
ideal for review articles. VOSviewer allows us to identify
underlying topical trends within the scientific discourse
and gaps in terms of terminology. The software uses
advanced layout, clustering, and NLP techniques to create
these bibliometric networks [23].

At the beginning of each literature review, a search string
needs to be defined that contains the most important key-
words to cover the research field in the best way possible.
In the case of this article, the search string is composed of
two parts that were entered into the databases one after the
other and are linked by a Boolean AND operator. The first
part of the search string contains frequently used keywords
of NLP-based technologies and their abbreviations if any.
The terms in the first part of the search string are then linked
with a Boolean AND operator to the second part, which
contains keywords related to the customer journey and
adjacent topics such as customer experience (see Table 1).
As a result, an article appeared in the search results only if
it included at least one keyword from each group.

The various keywords were selected based on other
research articles and were discussed and evaluated with
two other researchers who are experts in the field of NLP
and marketing. To further ensure that the search string sat-
isfactorily represented the subject matter and achieved the
maximum number of matching search hits, it was subjected
to an iterative testing procedure. For example, we examined
whether using the plural or singular form of keywords
affected the number of search hits and whether omitting cer-
tain keywords influenced the results. Ultimately, we selected
the search string that produced the highest number of rele-
vant hits. This fine-tuning was done in the databases/scien-
tific search engines used in this article, namely, EBSCO,
Web of Science, IEEE, and ACM. Within EBSCO, the data-
bases Business Source Elite, Communication & Mass Media
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Complete, Psychology and Behavioral Sciences Collection,
and APA PsycInfo were chosen. Since the authors wanted
this work to bridge the gap between the marketing literature
with its related fields and the more technical publications, an
important concern was to select databases that are com-
monly used in both fields. IEEE and ACM serve as primary
hubs for academic research in computing and information
technology, while EBSCO, as a specialized search engine,
enables a targeted exploration of specific research areas
through its customizable database selection, in our case,
focusing on the field of management science. To ensure
comprehensive coverage of relevant articles spanning multi-
ple research fields, we supplemented this approach by
incorporating the overarching database Web of Science into
the search process. The search string was applied to the
titles, abstracts, and keywords of potentially fitting articles.

In addition to using an appropriate search term, the
database query was also narrowed down by defining suitabil-
ity criteria based on the PRISMA method.

Search criteria:

• We followed highly cited reviews on similar topics [11,
16, 17, 24] and focused on publications from peer-
reviewed journals to ensure better comparability and
a high level of scientific quality.

• Publications must be full original primary research
articles (no literature reviews, no books, no extended
abstracts, no bachelor or master theses, and no disser-
tations) published within the last 5 years (July 2018 to
December 2023) and contain the search keywords in
the title, abstract, or keywords.

• Publications must be written in the English language

Screening criteria:

• Articles must address NLP and the customer journey.
Papers only discussing one of the two topics are
excluded

• We checked again if all of the search criteria were
being met

Eligibility criteria:

• Articles must be open access or accessible through uni-
versity licenses

• Articles must address NLP-based technologies in the
context of the customer journey. The integration of
the customer journey must be recognizable either by
the direct naming of the term or its phases. If the terms
are not directly mentioned, the description of the
research context must indicate whether or not the arti-
cle addresses the general concept of the customer jour-
ney. An example of this can be found in the study by
Han [25]. Here, the author examines chatbots for food
orders and the influence of their anthropomorphic fea-
tures on consumers’ purchasing decisions. While the
article does not explicitly use the relevant terminology,
it clearly addresses an NLP-based technology at the
purchase stage. Therefore, despite not mentioning
terms such as customer journey, NLP, or related con-
cepts, the study was still included in our database.

• Only articles investigating NLP-based technologies as
the research object are included. Articles that use
NLP as a research method (e.g., semantic analysis)
are dismissed. This was decided as the focus of this
work is on the interaction of NLP-based technologies
and consumers rather than on the capabilities of the
technologies as research tools.

Infringement on one or more of the aforementioned cri-
teria served as an exclusion criterion. These articles were not
considered for further investigation in this review. The ini-
tial search query, according to the search criteria, returned
899 results. These results were then screened and filtered
using the PRISMA method, which is shown in the following
flowchart (Figure 1).

In the first step, these 899 search results were checked for
duplicates, resulting in 734 initial publications. Articles were
classified as duplicates if they had the same title and author.
The abstracts of the 734 articles were then examined for the
screening criteria. Because this screening was based only on
the abstracts, it was sometimes difficult to assess whether the
criteria were met. Therefore, articles were only excluded if
the abstracts provided explicit evidence that one or more
of the screening criteria had been violated. This was the case,
for example, with abstracts that contained search string

TABLE 1: Search string.

First part of the search string Operator Second part of the search string

“Natural Language Processing” OR NLP
OR “Large Language Models” OR LLM
OR “Language Models” OR “Voice Assistants”
OR “Smart Devices” OR Chatbots
OR “Natural Language Understanding” OR NLU
OR “Natural Language Generation” OR NLG
OR “Conversational Agents” OR CA OR “AI Agents”
OR “Service Robots” OR “Virtual Assistants”
OR “Virtual Agent”

AND

“Customer Journey” OR “Customer Experience”
OR “User Experience” OR UX
OR “Consumer Experience”
OR “Customer Satisfaction”
OR “Consumer Satisfaction”

OR “Consumer Journey” OR “Service Journey”
OR “Customer Process” OR

“Customer Touchpoints” OR “Digital Touchpoints”
OR “Pre-purchase” OR Purchase OR
“Post-purchase” OR “Pre-service” OR

“Post-service”
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terms, especially abbreviations, that have a different meaning
in a different research area. For example, Malekian et al. [27]
use the abbreviation CA for corporate ability instead of con-
versational agent. However, the main reason for exclusion in
the screening phase was that some articles did not examine
NLP-based technologies and the customer journey but
focused on one of the two topics. The various reasons for
the exclusion of the individual articles were recorded in the
form of a spreadsheet. After the screening stage, 157 articles
remained, 70 of which were accessible through the university
licensing pool. Then, the full texts of these 70 publications
were reviewed against the eligibility criteria, excluding an
additional 29 articles. A total of 734 publications were
reviewed, of which 41 articles qualified for further investiga-
tion and, thus, integration into this literature review. To
ensure sufficient objectivity, the process from the creation
of the search term to the screening and assessment of suit-
ability was carried out by a team of researchers. The screen-
ing and eligibility process was recorded and structured in the
form of a spreadsheet that included, among others, informa-
tion about the authors, the title, the name of the journal, the
decision on the outcome of the selection, and the reasons for

the respective decision. Critical screening decisions were dis-
cussed in special meetings in order to reach joint decisions
and ensure the greatest possible objectivity. The information
was then categorized, processed, and synthesized in a sepa-
rate spreadsheet.

4. Results

The following chapter, in which the results of this review are
presented, begins with the presentation of the descriptive
results. Afterwards, the focus will be on the co-occurrence
analysis to gain a better understanding of the most prevalent
themes of the papers. This will be supplemented by findings
regarding NLP-based technologies in the context of the
customer journey.

4.1. Descriptive Results

4.1.1. Chronology of Publications. This literature review
includes two articles from 2018 and three from 2019. The
number of publications present in this study then fell to zero
in 2020 before rising sharply in 2021 to 9 and in 2022 to 10

Records removed before screening:
Duplicate records removed

(n = 165)

Records excluded:
(n = 577)

Reports not retrieved:
(n = 87)

Reports excluded:
(n = 29)

Records identified from databases:
EBSCO: 199
ACM: 15
Web of Science: 652
IEEE: 33

Records screened
(n = 734)

Reports sought for retrieval
(n = 157)

Reports assessed for eligibility
(n = 70)

Studies included in review
(n = 41)
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Figure 1: PRISMA flow chart [26].
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publications. One year later, in 2023, the number of articles
on NLP in the context of the customer journey peaked at 17
publications. The course of this timeline is also illustrated in
Figure 2.

4.1.2. Distribution of Publications Among the Individual
Journals. In addition to the chronology of the publications,
it is also insightful to examine in which journals the respec-
tive articles were published.

With four articles, the journal Psychology & Marketing
published the most studies on the topic, followed by the
Journal of Business Research, the Journal of Marketing, the
International Journal of Retail & Distribution Management,
Information System Frontiers, Frontiers in Psychology, and
Electronic Commerce Research with two articles each. It
seems that journals from the fields of management and psy-
chology are particularly interested in this topic. For the sake
of clarity, these journals with two or more articles are also
shown in Table 2 with the respective papers.

4.1.3. Method of Data Collection. The analysis has shown
that both quantitative and qualitative methods are used,
albeit to varying frequencies. Three times, a qualitative
method was employed, while quantitative approaches were
taken 43 times. It must be said that the number of different
methodologies is higher than the number of articles since
some articles used multiple methods for their studies. The
three most frequently employed methods were the online
experiment (n = 20), the online questionnaire (n = 14) and
the laboratory experiment (n = 5). Other methods used in
the articles were field experiments (n = 3), interviews (n = 2),
EEG (n = 1), and content analysis (n = 1). The distribution is
also illustrated in Figure 3.

4.1.4. Research Settings. The publications in our database
cover a wide range of different research settings. To improve
readability, we have decided to focus on research settings
that occur twice or more rather than displaying all 24 differ-
ent settings in the reviewed articles (see Figure 4).

As Figure 4 illustrates, there was a sharp drop in fre-
quency between settings, while most settings only occurred
once. Online shopping was by far the most common
research setting (n = 20). This was followed by research set-
tings relating to the hospitality and telecom sectors, with
three articles each. The other four investigation contexts
were grouped into banking (n = 2), online ticket sales
(n = 2), tourism (n = 2), and no specific research setting
(n = 2). Examples of more niche application settings that
occurred only once include car rental services and music
streaming.

4.1.5. Participant Groups. The selection of participants is a
recurring process that researchers must deal with. To gain
a better understanding of a population, it is important that
the different groups within the population are adequately
represented in terms of gender and age. For this reason,
the authors decided to examine the selection of participant
groups in the selected articles. It was found that none of
the articles tailored their research to a specific gender. How-
ever, the situation is different with regard to age: although

most articles do not focus on a specific age group (n = 30),
a nonnegligible share of studies specifically investigates
younger participants (n = 9) in the form of university stu-
dents [25, 33, 35, 44–46], millennials [32, 43], and 23–30-
year-olds [47]. Only two articles specifically focused on older
participant groups, for example, 30 and upwards [48, 49].

4.2. Co-Occurrence Analysis. To gain a deeper insight into
the predominant themes of the papers, it was decided to
opt for a co-occurrence analysis. Co-occurrence analysis is
a method for visualizing terms according to their frequency
and association with each other in a given dataset [18]. The
frequency of a term is illustrated by its node size, while the
association strength is visualized by the distance between
the nodes, meaning the smaller the distance between words,
the higher the association [50].

To visualize the data set of this study in such a way,
VOSviewer, a program for creating, exploring and analyzing
maps of network data, was used [51]. Here, groups of terms
associated with each other can also be grouped into different
clusters. In addition, the degree to which a term is integrated
into a network can be assessed based on the link strength.
Before visualizing and analyzing this study’s data set, which
is based on the keywords of the different papers, the data was
checked so that terms such as “chatbot” and “chatbots” are
displayed as one node to avoid ambiguity. The threshold
for the minimum number of occurrences of a keyword to
be displayed on the map was set at three, resulting in a total
network of 13 terms. The software then grouped these 13
terms into three different clusters, which are listed in
Table 3.

4.2.1. Network Visualization of Keywords. Figure 5 illustrates
the findings of the network visualization. It is evident from
the node sizes that the keywords “artificial intelligence”
and “chatbots” appear most frequently in the various papers.
This visual observation is also backed by the total link
strength, which is an attribute indicating how strongly an
item is connected to other items within the network [51].
Here, “artificial intelligence” has an overall link strength of
39 and “chatbots” of 40. It is not surprising that the term
“chatbots” occupies a central position in the network, as it
was one of the components of the search string. However,
the term “artificial intelligence” was not explicitly mentioned
in the search string but is still one of the two most common
keywords for the description of the articles in the paper pool,
although much more specific terms were offered in the
search string. This could be an indication that the current
scientific discourse lacks specific terminology and tends to
fall back on the very broad and unspecific term “artificial
intelligence” instead of, for example, “NLP,” as already sug-
gested in the Related Literature Reviews section.

In addition, the network visualization shows that the
variable “anthropomorphism,” which was also not part of
the search string, is a common theme in the present sample
(link strength: 29), which is primarily examined in the con-
text of customer service (link strength: 4). Based on this find-
ing, current research is investigating human likeness of
NLP-based technologies and their impact on customer
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interactions. The most common keywords that can be
described as factors regarding the customers’ interaction expe-
riences according to the network visualization are trust (link
strength: 10), personality (link strength: 8), and, of course, cus-
tomer satisfaction (link strength: 13), customer experience
(link strength: 17), and satisfaction (link strength: 9).

It is noticeable that customer characteristics, for exam-
ple, in relation to demographics, are not present in the sam-
ple. In terms of analysis methods, structural equation
modeling (link strength: 11) is the most common term that
is explicitly mentioned as a keyword by the authors.

4.2.2. Overlay Visualization of Keywords. In addition to the
visualization of the keywords in the form of a network, the
sample was also edited as a so-called overlay visualization,
which puts the terms in a temporal context (Figure 6). The
values are formed by VOSviewer from the publication year of
the articles to which the keywords belong. The overlay visuali-
zation shows that authors used the term “Structural Equation
Modelling” the most around 2020, with an average publication
year of 2020.50, making it the “oldest” keyword in the dataset.
The central term of artificial intelligence had its height towards
the end of 2021 (average publication year 2021.79). Current
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Figure 2: Number of publications per year.

TABLE 2: Most frequent journals and corresponding papers in our database.

Journal Article

Psychology & Marketing Chen et al. [28]; Dwivedi et al. [29]; Elmashhara et al. [30]; Pizzi et al. [31]

Journal of Business Research Fernandes & Oliveira [32]; Roy and Naidoo [33]

Journal of Marketing Crolic et al. [34]; Garvey et al. [35]

International Journal of Retail & Distribution Management Chen et al. [36]; Silva et al. [37]

Frontiers in Psychology Xu et al. [38]; Yun & Park [39]

Electronic Commerce Research Klein & Martinez [40]; Wang et al. [41]

Information System Frontiers Li, Gan, et al. [42]; Sharma et al. [43]

Interviews
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2%
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Laboratory
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Figure 3: Frequency of methodologies.
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research seems to be most interested in the aforementioned
user experience factors like trust, anthropomorphism, and sat-
isfaction, all having an average publication year of 2022 and
upwards. Of course, the data should be interpreted with cau-

tion, as some keywords are used less frequently than others
and could, therefore, be more prone to outliers. Nevertheless,
the analysis reveals tendencies within the scientific discourse
and its prioritization.

20
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ticket
sales

Tourism No specific
research
setting

Figure 4: Most frequent research settings.

TABLE 3: Clustering of keywords.

Cluster 1 Cluster 2 Cluster 3

Anthropomorphism Artificial intelligence Chatbots

Conversational agents Customer experience Customer satisfaction

Customer services Personality

Conversational commerceRobots Structural equation modelling

Satisfaction Trust

SatisfSatisfactionaction

RobotsRobotsRobots

PersPersonalonalityity

ConverConversationsational comal commercemerce

ConverConverConversationsationsational ageal ageal agentsntsnts

TrusTrustt
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Figure 5: Network visualization of the keywords in the dataset.
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4.3. Results Regarding NLP-Based Technologies Throughout
the Customer Journey

4.3.1. Customer Journey Phases. Since the customer journey
is one of the major concepts of interest in this literature
review, the articles were analyzed regarding how the differ-
ent technologies are distributed along its stages (Figure 7).
The articles were grouped into the four groups “no specific
stage,” “prepurchase stage,” “purchase stage,” and “post-
purchase stage.” The label “no specific phase” was given
for articles that are more exploratory or general and do not
focus on a specific stage [52, 53]. If the customer journey
phase was not already evident from the keywords in the arti-
cle or because it was clearly mentioned in the text, the cate-
gorization was made based on the definition by Lemon and
Verhoef [12] and by looking at the respective context in
which the studies were conducted. Articles could be catego-
rized into multiple stages since the stages are dynamic [12],
and publications could investigate multiple stages within one
study. The analysis showed that most of the articles investi-
gated NLP in the purchase stage (n = 27), tightly followed by
the prepurchase stage (n = 23). NLP-based technologies were
significantly less studied in the postpurchase stage (n = 9).
Five articles were not categorized in one of the specific stages
and were labelled with “no specific phase.” This underrepre-
sentation of the postpurchase phase could be explained by
the complexity of after-sale dialogues, which is difficult to
handle with classic conversational platforms like rasa. As
the power of customers has increased at this stage due to
the widespread availability of rating options in e-commerce,
the postpurchase stage could benefit strongly from more
powerful NLP applications. With generative AI on the rise,

this might change in the near future, as this kind of AI
brings new capabilities in performing complex dialogues.

4.3.2. NLP-Based Technologies. The investigated publications
used different NLP-based technologies for their research
purposes. An overview of the variety of technologies can be
seen in Table 4.

Chatbots were the most studied technology within the
publication pool (n = 26). Other technologies examined were
service robots and voice assistants, with five studies each.
The least studied NLP-based technologies within our data-
base were conversational agents (n = 2), AI agents (n=1),
digital assistants (n = 1), and virtual assistants (n = 1). Dur-
ing the analysis, it became clear that the terminology in the
field of NLP-based technologies is not unambiguous. Con-
versational agents, virtual agents, and digital assistants, for
example, all have chatbot characteristics, are closely related
to each other and are frequently described as very similar
if not as the same technology, across the reviewed papers
[43, 44, 69]. Thus, it would be advantageous to agree on a
certain terminology. It was decided not to cluster the
mentioned terms into one of the other categories to better
illustrate this ambiguity. In addition to this insight into
terminology, the technologies were also clustered along the
phases of the customer journey in Figure 8.

Figure 8 shows that although chatbots are distributed
relatively proportionally to the total number in the individ-
ual phases of the customer journey, service robots have a
strong overhang in the purchasing stage.

Another conspicuousness relates to the application of
voice assistants. Here, the focus lies clearly on the first two
stages of the customer journey, while the postpurchase stage
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Figure 6: Overlay visualization of the keywords in the dataset.
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is mostly ignored. This uneven distribution of NLP-based
technologies along the customer journey could have several
explanations, for example, a more natural adaptation to
certain application scenarios. An example of such a more
natural adaptation to certain scenarios could be the afore-
mentioned tendency to investigate chatbots in the first two
phases of the customer journey, as communication in the
postpurchase phase could be characterized by a higher
degree of complexity. Nevertheless, researchers should be
open to examining all phases of the customer journey so that
no dark spots can arise, and rather, atypical application sce-
narios can still be identified and studied.

4.3.3. Investigated Concepts. One of the main objectives of
this review is to get an overview of the critical variables
and factors currently studied by researchers in the realm of
NLP and the customer journey. Each article was checked
for the most important variables examined, resulting in the
extraction of around 100 terms. As this list itself was too
extensive to draw conclusions from, it was then analyzed
for the most common variables within the database, which

were then clustered into different thematic groups. The anal-
ysis revealed that the publications in terms of frequency
mainly focused on the four variables purchase intention
(n = 17), anthropomorphism (n = 15), customer satisfaction
(n = 10), and trust (n = 10), which were also examined
together in various combinations. These concepts are also
illustrated in Figure 9 and put into context according to their
relationship to other variables. We categorized the relation-
ship between overall positive influence, overall negative
influence, and conflicting/ambiguous results by comparing
the number of studies that reached each conclusion.

4.3.3.1. Purchase Intention. Purchase intention was one of
the most frequently investigated variables in the database
and describes the process in which customers indicate
whether they are willing to continue to purchase or not
[71]. Understanding this factor is important, as it can be
influenced by various circumstances and elements within
the shopping environment.

One factor influencing purchase intention is the per-
ceived competence of NLP-based technologies. A study
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Figure 7: Distribution of the different customer journey stages within the dataset.

TABLE 4: Studied NLP-based technologies.

NLP technology Publication

Chatbots

Chang et al. [49]; Cheng et al. [36]; Chen et al. [28]; Crolic et al. [34]; Dwivedi et al. [29]; Elmashhara et al. [30];
Han [25]; Haupt et al. [54]; Jansom et al. [55]; Kaushal & Yadav [53]; Klein & Martinez [40]; Gan et al. [42]; Luo
et al. [56]; Pizzi et al. [31]; Roy & Naidoo [33]; Ruan & Mezei [57]; Sands et al. [58]; Shin et al. [46]; Shumanov &
Johnson [59]; Silva et al. [37]; Tan & Liew [60]; Upadhyay & Kamble [61]; Wang et al. [41]; Xu et al. [38]; Yen &

Chiang [62]; Yun & Park [39]

Service robots Caleb-Solly et al. [48]; Liang et al. [63]; Mende et al. [45]; Okafuji et al. [64]; Wenguo & Yongwei [65]

Voice assistants Bawack et al. [66]; Fernandes & Oliveira [32]; Kautish et al. [67]; Li et al. [68]; Wolbers & Walter [47]

Conversational agents Danckwerts et al. [69]; Schmid et al. [70]

AI agents Garvey et al. [35]

Digital assistants Sharma et al. [43]

Virtual agents Liew & Tan [44]
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examining this variable in relation to purchase intention,
signaling expertise through the use of specialized chatbots
for specific product categories, came to conflicting results,
with some users finding multiple chatbots more confusing
than helpful [44, 60]. This indicates that while specialization
can enhance competence perception, the implementation of
multiple chatbots needs to be carefully planned to avoid
diminishing user experience. One could speculate that the
use of such specialized chatbots could reduce trust if the ser-
vice does not meet customer expectations.

Building on this, the studies by Yen and Chiang [62] and
Li et al. [68] investigated purchase intention in an online
shopping environment and how, among other things, chat-
bot competence influences customers’ purchase intention
through mediating variables. They found that competence
positively influences purchase intention through the variable
of trust [42, 62]. Chang et al. [49] investigate the same
phenomenon in a different setting but come to similar
conclusions: The authors’ results show that the purchase
intention of solo travelers is positively influenced by the
competence of the NLP-based technology. For solo travelers,
who may place a higher value on personalized and reliable
interactions, a competent chatbot can serve as a crucial fac-
tor in the decision-making process, providing a sense of
security and enhancing the overall customer experience.
The study highlights that competence seems to be an impor-
tant and overarching variable impacting purchase intention
in different contexts and customer segments.

In addition to competence and trust, anthropomorphism
is another variable frequently studied in the context of pur-
chase intention in our database. Roy and Naidoo [33] found
that an anthropomorphic conversation style of NLP-based
technologies can have a positive influence on purchase
intention moderated by customers’ time orientation. Time
orientation refers to how individuals prioritize and focus on

either immediate pleasures and rewards (present orientation)
or long-term goals and consequences (future orientation) in
their decision-making and behavior [33]. For instance, a chat-
bot that engages users with a human-like conversational style
might increase purchase intention in scenarios requiring quick
decision-making where underlying motives are hedonistic in
nature, such as last-minute travel bookings. The implication
for practitioners is that effectively matching the conversation
style to consumer motives—aligned with the product type—
determines whether a chatbot should emphasize warmth or
competence in its communication to increase purchase inten-
tion. Crolic et al. [34] investigated a similar scenario and found
that the effect of anthropomorphism on purchase intention is
moderated by customer anger, revealing that while anthropo-
morphic features can improve purchase intention, negative
emotions may dampen these effects. Building on this, beyond
matching time orientation to conversation style, chatbot
design should also account for the customer’s emotional state
to enhance purchase intention. Researchers are developing
machine learning techniques to detect emotions through text
analysis, which could serve as a foundation for even better
alignment between chatbots and their human counterparts
[72]. Furthermore, anthropomorphism can also positively
influence purchase intention through mediating variables like
trust [62] and perceived enjoyment and social presence [25].
Sharma et al. [43] also found a positive influence of anthropo-
morphism in NLP-based technologies on the variable specifi-
cally for the group of millennials. By integrating these
findings, it becomes evident that the effectiveness of anthropo-
morphism is contingent on its ability to work with other psy-
chological factors. The combined influence of these factors
may enhance the overall appeal of the chatbot and make the
purchasing process feel more natural and less transactional.
This dynamic interaction illustrates the importance of a holis-
tic approach in designing interactions.
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Other studies within the database suggested that NLP-
based technologies may affect purchase intentions through
even more factors like motivated consumer innovativeness,
amazement with the technology, and eWOM [67]. The study
by Kautisch et al. [67] suggests that consumers who are
inherently more open to novel experiences may be more
inclined to make purchases when interacting with advanced
NLP-based technologies, particularly when these technolo-
gies evoke a sense of awe or amazement. This emotional
engagement could draw customers into the purchasing fun-
nel and create a memorable interaction that can again lead
to positive electronic word-of-mouth (eWOM).

The deployment of different service scripts [58] is
another factor illustrating the nuanced role of conversational
design in shaping customer behavior. The choice between
personalized, informal scripts versus more formal, struc-
tured interactions can significantly affect how customers
perceive the chatbot and, consequently, their likelihood to
make a purchase. This finding underscores the importance
of tailoring the communication style of chatbots to match
the context of the service and the preferences of the target
audience. For instance, a casual script may work well in a
fashion retail setting but might be less appropriate in a
financial services context.

The importance of adjustments to individual needs and
contexts is also visible for factors like collaborative customer
service [64] and the matching of customer service type to
product type [28] and highlights the importance of strategic
use of NLP-based technologies. Okafuji et al. [64] demon-
strate that combining chatbots with human agents can
enhance purchase intentions by leveraging both human empa-
thy and technological efficiency. Chen et al. [28] emphasize
that the match between customer service type and product
type positively affects consumers’ purchase intentions. These
insights suggest a complementary, context-sensitive approach
to maximize purchasing behavior.

Additionally, visual information and perceived intelli-
gence, as explored by Li et al. [68], underscore the role of
sensory and cognitive elements. The study shows that visual
cues provided by NLP-based technologies can enhance the
perception of the chatbot’s intelligence, which in turn posi-
tively influences purchase intentions. The interplay between
visual appeal through these elements and perceived intelli-
gence seems to be important, as it could bridge the gap
between artificial and human-like interaction, making the
technology more relatable and effective in driving conver-
sions. Adding to the importance of sensory and cognitive
elements, Elmashhara et al. [30] show that integrating the
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element of gamification can boost engagement and motiva-
tion, making the shopping experience more enjoyable and
likely to lead to purchases.

Another important factor ensuring a pleasant experience
seems to be the disclosure or nondisclosure of chatbot identity
as it affects purchasing behavior. Luo et al. [56] found that
when customers know that they are communicating with a
machine, they purchase less. This effect should be kept in
mind to optimize purchasing outcomes in e-commerce.

While much research focuses on initial purchase inten-
tion, Yun and Park [39] uniquely examined repurchase
intention. Their study reveals that repurchase intention is
positively influenced by customer satisfaction. This finding
shifts the focus from initial purchase to long-term customer
loyalty, highlighting the importance of sustaining high levels
of satisfaction through consistent and positive interactions
with NLP-based technologies. Their research suggests that
the key to driving repeat purchases lies in the chatbot’s abil-
ity to continuously meet or exceed customer expectations,
thereby fostering a lasting relationship between the customer
and the brand.

To conclude, the interplay of the aforementioned factors
shapes customer purchase intention, highlighting the need
for a nuanced and holistic approach in the design and imple-
mentation of NLP-based technologies to optimize both
initial and repeat purchases.

4.3.3.2. Anthropomorphism. Anthropomorphism, defined as
the ascription of human attributes, physical characteristics,
emotions, and traits to nonhuman entities [40], plays a sig-
nificant role in how users interact with NLP technologies.
This concept is important in understanding user behavior
and is frequently studied within our database.

Research by Danckwerts et al. [69] and Fernandes and
Oliveira [32] investigates the variable in the form of perceived
humanness. It was found that perceived humanness has a pos-
itive impact on user experience [69] while not having a signifi-
cant influence on user acceptance [32]. This suggests that while
human-like interactions can enhance the enjoyment of using
NLP technologies, they may not always translate to increased
acceptance if the technology fails to meet user expectations.
To leverage anthropomorphism effectively, developers of NLP
technologies could ensure that the human-like qualities they
design are supported by robust functionality and reliability.

Anthropomorphism was also studied in the context of
customer satisfaction. The authors found that NLP-based
technologies with human attributes can be positively associ-
ated with customer satisfaction [40], though the context has
to be taken into consideration to ensure satisfying interac-
tions [34, 35, 46]. However, not all outcomes are positive.
For instance, one study on service robots found that anthro-
pomorphism can negatively influence satisfaction by causing
social discomfort [63]. This suggests that while a certain
level of anthropomorphism can be beneficial, pushing the
boundaries too far may backfire, leading to negative cus-
tomer experiences. One takeaway could be that the degree
of anthropomorphism needs to be carefully calibrated to
match customer expectations and avoid triggering negative
emotional responses.

Beyond customer satisfaction, human-like features in
NLP-based technologies also affect competence [31], engage-
ment and smart consumer experiences [61], service failure
recovery [54], and chatbot experience and recommendation
intention [29]. Pizzi et al. [31] have shown that higher levels
of anthropomorphism increase the perception of competence,
which could, in turn, impact user trust and willingness to dis-
close personal information, fostering deeper engagement and
more effective interactions.

Additionally, Upadhyay and Kamble [61] demonstrate
that the integration of humanlike features in service robots
positively affects customer engagement and creates smarter
consumer experiences. Engaging interactions can be a differ-
entiator from competitors as they encourage customers to be
more deeply involved with a product, service, or company,
creating a stronger bond.

However, the role of anthropomorphism in service fail-
ure recovery is more nuanced. Haupt et al. [54] have shown
that empathic and, therefore, more human-like recovery
messages outperform solution-oriented messages primarily
when the chatbot repeatedly fails to deliver an adequate
response—a phenomenon known as double deviation. In
contrast, solution-oriented messages may be more effective
after a single failure, particularly when users attribute
responsibility to themselves rather than the chatbot. This
indicates that situational factors, such as failure frequency
and failure attribution, play a crucial role in determining
the effectiveness of recovery strategies. These findings were
consistent across multiple studies involving different demo-
graphic groups, including a younger cohort from European
universities and a more diverse sample from a US-based
platform with an average age of 45 years. Consequently, tai-
loring the type of service recovery message to both the com-
munication context and user demographics can significantly
enhance interaction satisfaction and trust.

Finally, Dwivedi et al. [29] found that anthropomorphic
features like warmth are particularly influential in the post-
purchase stage, whereas in the purchase stage, cognitive cues
play a more important role in a satisfying experience. This
could suggest that optimizing customer interactions requires
designing chatbots with human-like characteristics that align
with the specific stage of the customer journey. For instance,
incorporating more warmth can enhance customer satisfac-
tion during postpurchase interactions. Furthermore, this
study illustrates an important phenomenon in the current
scientific discourse, which will be discussed in more detail
later on.

In summary, while anthropomorphism can significantly
enhance interactions on different variable levels, its effective-
ness is highly context-dependent. Developers should carefully
calibrate the level of human-like features in NLP-based tech-
nologies to ensure that they align with user expectations, the
specific context of the interaction, and the stage of the cus-
tomer journey, thereby avoiding potential drawbacks such as
social discomfort or dissatisfaction.

4.3.3.3. Customer Satisfaction. Customer satisfaction is a
multifaceted concept that encompasses a customer’s expec-
tations before a purchase, their interactions during service
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encounters, and the fulfilment of their expectations post-
purchase across all points of contact [55]. Within the context
of NLP-based technologies, this concept seems to be central
within our database to understand how these technologies
influence the customer journey.

Our review reveals that several factors can enhance cus-
tomer satisfaction when interacting with NLP-based sys-
tems. For instance, apologies for service failures [65] and
the use of a social-oriented communication style [38] can
significantly improve customer perceptions. Wang et al.
[41] and Yun and Park [39] come to similar results and
demonstrate that social-oriented and emotional communi-
cation styles are particularly effective during service recov-
ery, where customers may tend to appreciate a more
empathetic approach. This suggests that while technical
proficiency is important, the ability of NLP technologies to
convey empathy and understanding is equally important in
fostering customer satisfaction. These elements can contrib-
ute to creating a more empathetic interaction, which could
be important for mitigating the sometimes impersonal
nature of AI-driven systems.

Positive online customer experiences [52] further bolster
satisfaction by ensuring seamless and engaging interactions,
while anthropomorphic cues [40], such as the ability to mimic
human characteristics, can enhance satisfaction as well. How-
ever, as already mentioned in the prior chapter anthropomor-
phism can also have a negative effect on customer satisfaction
in certain situations [34, 63], as it may create unrealistic expec-
tations that the technology cannot meet.

Additionally, interaction design, trendiness, and
problem-solving [55] were found to boost customer satisfac-
tion, suggesting again that a well-designed NLP technology
could potentially drive loyalty, positive brand perception,
competitive advantage, and thus long-term business growth.

While the prior publications focused on NLP-based
technologies alone, Ruan and Mezei [57] compared a chat-
bot to human frontline employees. Here, the authors showed
that the technology only performed better than the employee
in terms of customer satisfaction for functional products.
This finding underlines again the importance of context
when evaluating the effectiveness of NLP-based technologies
in customer interactions.

In summary, while NLP-based technologies have the
potential to enhance customer satisfaction significantly, their
effectiveness is influenced by various factors, including the
nature of the interaction, the customer’s expectations, and
the specific communication strategies employed.

4.3.3.4. Trust. Trust is another key variable in the field of
NLP-based technologies according to our database. It
appears to serve a moderating role in shaping user experi-
ence [69], enhancing user acceptance [32], and influencing
behavioral intentions [37] and customer experience perfor-
mance [66]. It seems that trust plays an important role for
customers when deciding whether or not they are inclined
to use an NLP-based technology and if they perceive the
interaction as satisfying. This makes it all the more impor-
tant to clarify the contradictory results regarding the
influence of specialized chatbots as opposed to generalist

chatbots on trust [44, 60]. On the other hand, it seems to
be well-studied that trust can be positively impacted by the
usage of anthropomorphic attributes [40, 42, 62]. In addition
to these quantitative studies, Wolbers and Walter [47] found
in in-depth interviews that trust is an important factor for
user adoption throughout the customer journey, underlining
the previously made assumption.

4.3.3.5. Other Concepts. Even though most of the publica-
tions have already been covered by the concepts mentioned
above, some articles have not yet been discussed. Calleb-
Solly et al. [48] investigated in a longitudinal study the
acceptance of human-robot interaction, proposing a more
pragmatic approach to the design of the technology. Their
research highlights that practical design considerations can
significantly impact user acceptance, suggesting that techno-
logical integration must address real-world user concerns
and usability to enhance effectiveness. This is also evident
in another study from our database that looked at service
robots and found that the use of this technology can lead
to increased compensatory consumption, driven by con-
sumer discomfort [45]. This finding illustrates the complex
interplay between technology adoption and consumer psy-
chology, emphasizing the need for a deeper exploration of
how these technologies influence consumer behavior beyond
initial impressions.

Furthermore, Kaushal and Yadav [53] found through
interviews with B2B professionals, among other things, that
perceived risk, customization, integration with other plat-
forms, scalability, omnichannel engagement, and personali-
zation are important for a successful implementation of
chatbots. The importance of tailored interactions was again
underlined by the variable of personalization, which also
has a positive impact on customer engagement with chat-
bots [59].

5. Discussion and Future Research Directions

Our systematic review led to several different results that
need to be discussed and put into context. This discussion
is structured according to our research questions and con-
tains theoretical as well as managerial implications. This is
followed by a chapter dedicated to discussing the other find-
ings that go beyond the two research questions and an illus-
tration of possible research questions for future studies.

5.1. How Is the Current State of Research on NLP-Based
Technologies Distributed Across the Different Stages of the
Customer Journey in Terms of Research Quantity and
Technological Focus, and What Underlying Technological
Trends or Limitations Characterize This Distribution? Our
review has shown that there is currently an imbalance
between the different stages of the journey in terms of occur-
rence. The analysis shows that the postpurchase stage must
be described as a dark spot in the discourse at the moment.
Researchers in the field of NLP currently tend to ignore the
postpurchase stage and focus on the first two stages of the
customer journey (see Figure 8). One possible explanation
for this phenomenon could be the tendency towards more
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complex interactions in this phase of the customer journey
[36]. As shown by Dwivedi et al. [29], chatbots perform
worse in the postpurchase phase than in the purchase phase
for all measured variables. With the emergence of new tech-
nologies like generative AI, this might change. As generative
AI becomes increasingly capable of handling complex com-
munication situations with its ability to generate human-like
content [73], postpurchase interactions between customers
and technological counterparts appear to be more feasible
than previously. Soni [74] supports this claim, stating that
LLMs mark a significant advancement in customer relation-
ship management. However, LLMs will probably not be the
solution to all problems in this regard, since these models,
as Haupt et al. [54] assess correctly, possibly hallucinate
instead of giving a rather simple error message stating that
the system does not know the answer. This could lead to
incorrect system statements that may have significant conse-
quences depending on the interaction context (e.g., purchas-
ing process and troubleshooting instructions). Therefore,
failure recovery measures could be even more important
for this kind of NLP-based technology. The problem of hal-
lucinations and their detection is currently part of the scien-
tific discussion (e.g., [75]), so this problem may be solved by
refining model architectures rather than through recovery
messages. Nevertheless, future studies could investigate
whether generative AI opens up the postpurchase stage or
whether a human counterpart is still needed to handle inter-
actions in this stage of the customer journey, as it seems to
be currently the case. Practitioners could also benefit from
deploying this new technology, as previously, all answers to
possible questions that a customer might ask in postpurch-
ase but also other interactions had to be determined manu-
ally. In contrast, now it could be sufficient to train an LLM
based on FAQs. This could, of course, also be relevant for
future research, as it is currently not clear whether such a
model would perform better than a classic chatbot. How-
ever, according to our database, LLMs and generative AI
are not currently being investigated in the context of the
customer journey. Besides the inherent complexity of post-
purchase interactions, another explanation for its underrep-
resentation could also reflect methodological factors. Data
on acquisition and conversion metrics may be generally
more readily available and easier to measure than latent var-
iables like customer loyalty. Another reason for the current
focus on the first two phases of the customer journey could
lie in the concepts examined, in particular the one of pur-
chase intention. As already shown, purchase intention is
the most frequently investigated concept in our database.
Repurchase intention, on the other hand, which relates to
interactions after the first two phases of the customer jour-
ney, was only examined once [39]. Consequently, concepts
that relate to customer retention, customer loyalty, and
product or service advocacy are not widely discussed in the
scientific discourse, at least not in the context of NLP-
based technologies and the customer journey. This should
change as the Internet allows customers to share their expe-
riences, acting as ambassadors and influencing potential new
customers. Another imbalance in the current discourse can
be found in the technologies examined, as traditional chat-

bots seem to be, by far, the most common (see Table 4).
Other NLP-based technologies like service robots or voice
assistants are also present in our database, but far less fre-
quent. At least in the case of service robots, this could, of
course, be due to the limited access to such research objects.
Nevertheless, such human-like technologies could be rele-
vant for future research efforts, especially considering that
anthropomorphism seems to be an important influencing
factor in our database.

5.2. How Do Key Concepts Identified in the Scientific
Discourse Affect Customer Behavior Across Different Stages
of the Customer Journey, and How Are These Concepts
Distributed and Interrelated Within These Stages? Concern-
ing investigated concepts, our review found purchase inten-
tion, anthropomorphism, customer satisfaction and trust to
be the most frequently studied. It was found that businesses
should focus on improving the competence and anthropo-
morphic features of their NLP-based technologies to
increase purchase intent [33, 43, 49, 62]. This could include
the use of specialized chatbots for specific product categories
[44], with the limitation of the conflicting findings by Tan
and Liew [60]. Future studies should attempt to clarify these
contradicting results, as it may be a feature that can be rela-
tively easily implemented by practitioners and have a signif-
icant impact. In addition, integrating features that increase
trust and perceived enjoyment can further increase purchase
intent [25, 62]. The impact of trust is not only limited to
purchase intention but seems to be a rather decisive variable
already present in the adoption process of a technology [76].
Thus, this should definitely be taken into account when
designing emerging technologies. Furthermore, regarding
the design of the technologies, special attention should be
on balancing human-like attributes to enhance positive user
experiences [40] while mitigating potential negative effects
like social discomfort [63]. This balance can be achieved
through the context-appropriate use of anthropomorphic
features, ensuring they are tailored to the specific interaction
setting and customer expectations [34, 35, 46]. Here, future
research could attempt to develop a framework that allows
practitioners to derive the appropriate degree of anthropo-
morphic features based on the different interaction situations
at hand. To improve customer satisfaction with NLP-based
technologies, communication styles and interaction designs
must be chosen that are socially oriented and emotionally
intelligent [38]. Organizations should also ensure that NLP-
based technologies can effectively address service failures and
meet customer expectations at all touchpoints [39, 41, 65].
Current NLP-based technologies have their limitations, so an
effective service recovery is important to ensure good perfor-
mance. Our review also revealed a lack of studies that examine
whether a particular concept is perceived and evaluated differ-
ently throughout the stages of the customer journey. The larg-
est part of the studies focused on the evaluation of the concept
and not on the possible interplay between the respective con-
cept and the customer journey stage. In fact, only the article by
Dwivedi et al. [29] compared the evaluation of different con-
cepts between the purchase stage and postpurchase stage with
important results. This could open up vast possibilities for
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future research projects. The results of these future studies are
urgently needed, as they are necessary to design customer
interactions in which the concepts used are tailored to the
respective point of the customer journey at which the cus-
tomer is currently located.

The overview of currently discussed concepts in the area
of NLP-based technologies provides researchers with a solid
foundation for investigating the emerging technologies pre-
viously mentioned. To facilitate even easier access to this
overview, we have decided to map the various concepts
along the customer journey, as illustrated in Figure 10. This
mapping not only clarifies the relationship between these
technologies and customer interactions but also serves as a
visual guide for further exploration. This visualization
provides valuable new insights into the current scientific
discourse as it offers an easy-to-understand illustration of
which concepts are examined in which phases of the cus-
tomer journey. This allows for easy identification of research
gaps in relation to the different concepts and whether or not
they have already been explored in the respective customer
journey stages.

5.3. Other Findings. The descriptive findings revealed that
the topic of NLP-based technologies in the customer journey
has been gaining traction, especially since 2021 (see
Figures 2 and 7), which means that the research interest in
NLP-based technologies in the context of the customer
journey is relatively new. The fluctuations in the number
of publications per year, particularly the notable changes in
2020, could be explained by taking contextual factors such
as the impact of the COVID-19 pandemic into account.
Thus, this drop in publications should be considered an
anomaly, and it can be assumed that the upward trend in
research interest will continue, driven by emerging technol-
ogies that offer new possibilities for creating innovative cus-
tomer journeys. Nevertheless, researchers should be
prepared for the fact that the topic of generative AI could
currently be tainted with unrealistic expectations and,
according to the hype cycle model could enter the “Trough
of Disillusionment” as proposed by King and Prasetyo
[77]. Researchers should therefore continue to investigate
technologies such as classic chatbots, as it is currently not
possible to say whether the new technologies will be superior
in all interaction situations.

The analysis also revealed anomalies referring to the ter-
minology in the field of NLP-based technologies. Our results
show that the terminology of some NLP-based technologies
such as conversational agents, virtual agents and digital
assistants is not clear as they are sometimes used inter-
changeably [43, 44, 69]. Thus, it is not always possible to
identify why the authors use one term or the other, espe-
cially if the readers’ expertise does not lie in the area. This
makes the search for articles unnecessarily complicated
and prevents researchers and practitioners from other disci-
plines from gaining a good overview of the literature.
Another finding related to terminology: the analysis of co-
occurrence revealed that authors often use broad, general
terms such as “artificial intelligence” as keywords in the
scientific discourse, although more precise terminology is

available. Of course, the keywords should illustrate a
research topic on a more abstract level. Nevertheless, this
generalization could make it difficult to find specific research
when conducting a keyword search. One possible explana-
tion for this could be that authors from business and man-
agement fields, which are more strongly represented in our
database, tend to use these general terms due to a lack of
familiarity with the nuanced AI terminology. To improve
scientific discourse and keyword search accuracy, researchers
could adopt specific terms such as “natural language under-
standing” or “generative AI” instead of the broader “artificial
intelligence.”

Our analysis revealed that while most studies do not tar-
get specific age groups, those that do tend to focus primarily
on younger participants. This may be due to the easier acces-
sibility of groups like university students, who are frequently
selected by researchers. Studies focusing specifically on
senior age groups remain underrepresented. Future studies
could specifically explore these age groups and their behav-
ior when interacting with NLP-based technologies at various
touchpoints, particularly as aging populations become more
prevalent in most Western societies.

Most of the publications come from the field of business
and management. This was partly to be expected, as the cus-
tomer journey originates from this field. Nevertheless, the
topic should also be of interest to more technical journals,
as the concept could be used to further develop NLP-based
technologies in a customer-centric way with a clear focus
on different application scenarios. Many of these application
scenarios will most likely have a commercial background.
Therefore, early integration of the customer perspective with
the various touchpoints could be useful for the design of the
technologies. The current imbalance risks biasing research
toward perspectives from psychology and management,
thereby overlooking the technical, engineering, and data sci-
ence dimensions of NLP.

In terms of application scenarios, we have identified an
overhang in e-commerce (see Figure 5). This may be because
online shopping is a familiar process for many respondents
and allows for easy mapping and coverage of all phases of
the customer journey. Furthermore, the sector’s openness
to and reliance on technological innovation, combined with
its role as a global revenue driver, makes it highly relevant to
researchers. The focus on e-commerce settings could also
indicate that NLP-based technologies have not yet made
the transition into offline scenarios, at least not in a notewor-
thy way. Future research should investigate which factors are
currently hindering this transition, for example, to the point
of sale.

The online focus is also evident in the data collection
methods (see Figure 4), as most authors relied on online
channels for the acquisition of data. The use of in-person
data collection methods, supplemented by technologies such
as EEG, is notably lacking. This may be due to the ease of use
and efficiency of online data collection methods, which save
both time and resources. However, the heavy reliance on
online methods limits the diversity of insights. This issue
becomes even more pronounced given the low number of
field experiments combined with a high prevalence of
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controlled experimental setups, ultimately reducing general-
izability. Future research should attempt to compensate for
this deficiency by incorporating methodologies like EEG,
which could yield novel insights currently overlooked, and
by focusing more on real-life settings to enhance the trans-
ferability of results. It also became clear that the authors
have a strong tendency to use quantitative methods, as
94% of the articles in our database use such methods. Future
research could seek to shift the focus to theory-building
studies by using more qualitative research designs, particu-
larly concerning emerging technologies. These qualitative
insights may offer a more comprehensive perspective on
customer sentiment, preferences, and emotional reactions
to these technologies. To give the reader an overview of
future research directions, we have decided to present a col-
lection of possible research questions for future studies in
Table 5.

6. Limitations

This systematic overview provides a comprehensive picture
of the current scientific discourse on NLP-based technolo-
gies along the customer journey. However, every study has
its limitations, and this article is no different. Although we
made great efforts in terms of screening, not all eligible arti-
cles could be retrieved due to licensing issues. In addition, it
was decided to concentrate the search on journal articles, a
specific timeframe and certain databases that should cover
the most essential publications, but it cannot be ruled out
that we missed interesting articles, which were not indexed
in these databases or published outside the 5-year period

examined. So, while our sample is significant, it may not
fully encompass the entire scope of research on NLP in the
customer journey, particularly in light of the rapid advances
in AI and NLP-based technologies. However, the chronology
of publications shows that the field of research is only cur-
rently gaining momentum. Another limitation of this study
refers to the various decisions throughout the screening pro-
cess. Although we have taken measures to avoid potential
errors in the audit of studies like discussing critical decisions
in special meetings or documenting each screening decision
in detail, it cannot be ruled out that errors have occurred. In
addition to our consensus-based screening approach, future
studies could also include formal measures such as Cohen’s
kappa. Furthermore, we have tried to include all important
terms from this research area in our search string, but of
course, we cannot exclude the possibility that we have over-
looked articles that use different terminology to describe
their research. For example, we focused on the term “service
robot” rather than “robot” in general, as we only wanted to
identify studies that examined this technology in the context
of human interaction, which may have meant that some
studies that used the more general term were not included
in our database. A further limitation concerns the heteroge-
neity of the studies in terms of methods, research settings,
variables, or sample characteristics, which makes compara-
bility difficult. The factors mentioned so far are inherent to
literature reviews. A factor that is specific to this review is
that it was not always possible to clearly assign the various
publications to one of the customer journey phases. As the
different stages are dynamic, some articles were sorted into
multiple stages.

Pre-Purchase Stage Purchase Stage Post-Purchase Stage

Competence
Trust
Antropomorphism
Anger
Perceived Enjoyment
Social Presence
Consumer Innovativeness
Amazement
eWOM
Service Script Typep yp
Collaborative Customer Service 
Matching of Customer Type to Service Type
Perceived Intelligence
Gamification

Disclosure of Chatbot Identity
Customer Satisfaction

User Experience
User Acceptance

Chatbot Specialization

Social Discomfort
Engagement
Smart Consumer Experiences

Service Failure Recovery 
Recommendation Intention

Apologies for Service Failures
Social-Oriented Communication Styley
Behavioral Intention
User Adoption
Personalization

Purchase Intention

Figure 10: Mapping of concepts along the customer journey stages. Note: concepts out of studies that could not be categorized into a
specific stage are not illustrated.
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7. Conclusion

To our knowledge, this article is the first systematic review of
NLP-based technologies in the context of the customer jour-
ney. Our review has shown that research on NLP-based tech-
nologies is currently focused on the prepurchase and purchase
stage, with chatbots being the most deployed technology.
Among a variety of other factors studied by researchers, pur-
chase intention and anthropomorphism were the most exten-
sively studied in our database. With technological advances,
for instance, in generative AI and the development of LLMs,
arguably more complex interaction settings from postpurch-
ase interactions could eventually becomemore accessible. This
could be a starting point for future research. As NLP-based
technologies become more widespread and impact many
people, our review can offer important new insights for
researchers and practitioners alike.
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