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Abstract: 

Pedagogical conversational agents (PCAs) are an innovative way to help learners improve their academic 
performance via intelligent dialog systems. However, PCAs have not yet reached their full potential. They often fail 
because users perceive conversations with them as not engaging. Enriching them with game-based approaches 
could contribute to mitigating this issue. One could enrich a PCA with game-based approaches by gamifying it to 
foster positive effects, such as fun and motivation, or by integrating it into a game-based learning (GBL) environment 
to promote effects such as social presence and enable individual learning support. We summarize PCAs that are 
combined with game-based approaches under the novel term “game-inspired PCAs”. We conducted a systematic 
literature review on this topic, as previous literature reviews on PCAs either have not combined the topics of PCAs 
and GBL or have done so to a limited extent only. We analyzed the literature regarding the existing design knowledge 
base, the game elements used, the thematic areas and target groups, the PCA roles and types, the extent of artificial 
intelligence (AI) usage, and opportunities for adaptation. We reduced the initial 3,034 records to 50 fully coded 
papers, from which we derived a morphological box and revealed current research streams and future research 
recommendations. Overall, our results show that the topic offers promising application potential but that scholars and 
practitioners have not yet considered it holistically. For instance, we found that researchers have rarely provided 
prescriptive design knowledge, have not sufficiently combined game elements, and have seldom used AI algorithms 
as well as intelligent possibilities of user adaptation in PCA development. Furthermore, researchers have scarcely 
considered certain target groups, thematic areas, and PCA roles. Consequently, our paper contributes to research 
and practice by addressing research gaps and structuring the existing knowledge base. 

Keywords: Game-inspired Pedagogical Conversational Agent, Game-based Learning, Gamification, Serious Game, 
Chatbot, Virtual Companion, Education, Literature Review 
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1 Introduction and Motivation 

Pedagogical conversational agents (PCAs) are intelligent dialog systems that support learners by 
interacting with them using natural language options such as text or voice (Hobert & Meyer von Wolff, 
2019). PCAs can support learners, for example, by acting as tutors to instruct knowledge or by motivating 
them through their interaction (Wollny et al., 2021). This support can benefit learners since they often 
struggle with processing knowledge and motivating themselves to learn and because they can feel 
isolated due to the imbalance in the learner-instructor ratio at many educational institutions (Lehmann et 
al., 2015; Morisano et al., 2010). Driven by the trend to adopt artificial intelligence (AI), PCAs can 
comprehend user input and respond to it adequately, which can help learners overcome specific 
challenges (Khosrawi-Rad et al., 2022b). Despite these advantages, PCAs often fail in practice (Følstad et 
al., 2018; Janssen et al., 2021; van der Goot et al., 2020). For example, in their recent practical analysis, 
Janssen et al. (2021) found that providers no longer actively operate any PCAs that the authors 
examined. PCAs’ challenges include insufficiently stimulating conversations (Benner et al., 2022) and their 
often machine-like rather than natural and human-like nature (Seeger et al., 2018). Consequently, PCAs 
can rarely engage users to interact with them. However, PCAs need to interact with learners in the long 
term to keep them motivated and continuously collect training data in order to ensure a natural user 
experience (Benner et al., 2022; Khosrawi-Rad et al., 2022b). A possible solution for engaging learners 
involves adding game-based approaches to PCAs. Combining game elements with educational content 
constitutes an established way to motivate students to learn, which the term game-based learning (GBL) 
encompasses (Prensky, 2007). By reviewing the literature, we discovered that designers can combine 
PCAs and GBL in two ways: 1) by gamifying the dialog with a PCA through incorporating game elements 
(e.g., Benner et al., 2022); or 2) by integrating a PCA into an existing GBL environment (e.g., Guo & Goh, 
2016). On the one hand, incorporating game elements into a PCA addresses human needs, such as 
appreciation (González & Area, 2013), which leads to positive effects such as increasing learner 
engagement (Hamari et al., 2016; Schöbel et al., 2020). For example, points and badges reward learners 
and, thus, encourage them to study further with a PCA (Benner et al., 2022; Sailer et al., 2017). Therefore, 
adding game elements is a possible way to motivate learners and contribute to solving PCAs’ challenges. 
On the other hand, integrating a PCA into an existing GBL environment could help make learning with 
GBL applications more individualized, intelligent, and natural in terms of interaction. Specifically, PCAs 
can learn from interaction data and respond accordingly, such as by considering learners’ preferences 
and emotions (Khosrawi-Rad, Rinn, et al., 2022; Wambsganss et al., 2021b). In addition, learners receive 
direct and individual feedback, which promotes motivation (Csikszentmihalyi et al., 2005). Consequently, 
embedding a PCA into a GBL application could help tackle the learners’ needs and unfold the GBL 
applications’ potential.  

Overall, synthesizing both approaches to technology-enhanced learning (PCAs and GBL) could contribute 
to exploiting both variants’ potential. Since scholars refer to enriching a learning context with a game-like 
component as “game-inspired design” (Aguilar et al., 2018), we refer to enriching PCAs with a game-like 
component as game-inspired PCAs1. In this paper, we examine the literature on game-inspired PCAs to 
identify its current state. In doing so, we consider the topic holistically since further recent literature 
reviews on PCAs either have not addressed gamification at all (e.g., Karrenbauer et al., 2021; Wollny et 
al., 2021) or focused only on text-based PCAs that incorporate game elements (Benner et al., 2022). 
Moreover, in literature reviews, scholars have only marginally considered embedding a PCA into a GBL 
environment (e.g., Khosrawi-Rad et al., 2022b; Wellnhammer et al., 2020). We compare our study to 
related work from relevant information systems (IS) proceedings and subject-related journals in Appendix 
A in detail to highlight its relevance. In addition, Schöbel et al. (2021b) recently called for research on 
combining game-based approaches with PCAs. We respond to this call to explore what potential 
designers can create by synthesizing PCAs and GBL. Therefore, we structure the corresponding 
knowledge base to show where the research streams originate from and where they could lead to and, 
thus, contribute to research in the IS community (Grover et al., 2019). Consequently, we address the 
following research questions (RQs). 

RQ1: What is the status quo of research on game-inspired PCAs? 

RQ2: Which gaps and streams for future research on game-inspired PCAs exist? 

                                                      
1 This term emerged during the paper's review process with the goal of providing an umbrella term for ways to enrich PCAs with 
game-based approaches. 
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By answering RQ1, we explore the opportunities to design and deploy game-inspired PCAs. Based on the 
opportunities we identify, we contribute to providing recommendations for future research in this area and 
address RQ2. Thus, we contribute to solving the outlined overarching challenges of PCAs in practice (Rai, 
2017). Overall, we generate more knowledge about how game-inspired PCAs may support learners in 
their studies. Furthermore, we show what the research side needs to do in order to contribute to efforts to 
practically implement game-inspired PCAs. 

2 Research Background 

2.1 Pedagogical Conversational Agents 

PCAs use natural language to interact with their users either as chatbots (predominantly text-based) or 
virtual assistants (predominantly speech-based) (Gnewuch et al., 2017; McTear et al., 2016). In addition, 
many novel PCAs have an embodiment (e.g., avatar) (Diederich et al., 2022). PCAs can teach content, 
encourage learners to conduct reflection, or provide individualized tips to improve time management 
(Gubareva & Lopes, 2020; Wollny et al., 2021). Importantly, one can scale PCAs and they work 24/7 and 
in any location (Hobert & Meyer von Wolff, 2019). Furthermore, thanks to advances in AI, PCAs become 
better at understanding their users’ individual needs and responding accordingly (Diederich et al., 2022). 
For instance, novel natural language processing (NLP) and natural language understanding (NLU) 
technologies make conversations with PCAs more natural, and could enable open-ended conversations in 
the future (Brown et al., 2020). Moreover, recent research highlights the potential for conversational 
agents in general2 and PCAs in particular to build relationships with users by acting as virtual companions 
(e.g., Nißen et al., 2021; Strohmann et al., 2022). These developments enable PCAs to help learners with 
the challenges that they face in learning each day (Hobert & Meyer von Wolff, 2019; Karrenbauer et al., 
2021). As an example, the PCA “Jill Watson” understands up to 97 percent of all user queries and users 
perceive it as a human-like interaction partner, which enables personalized learning (Wang et al., 2020). 
Furthermore, through PCAs’ intelligent capabilities, one can use them to better understand learners’ 
behavior. For example, learners exhibit different cross-situational behavioral characteristics related to 
learning (also called learning styles and preferences) (Filho et al., 2021; Latham, 2011). One can identify 
learning styles and preferences by integrating an appropriate questionnaire into dialog with a PCA and 
automatically adapt instruction by suggesting suitable learning content (Filho et al., 2021; Latham, 2011). 

2.2 Game-based Learning 

GBL serves as an umbrella term that means gameful learning by “integrating the learning and game 
portions so that the result feels like a fun game and gets the learning accomplished” (Prensky, 2007, p. 
164). Studies show that GBL can positively influence learning by enhancing knowledge gain (e.g., Eckardt 
& Robra-Bissantz, 2018; Putz et al., 2020; Sanchez et al., 2020) or motivation to learn (Connolly et al., 
2012; Manzano-León et al., 2021). GBL applications even have the potential to motivate students to learn 
about topics that they do not find interesting at all (Lieberman, 2006). One can realize GBL in two different 
ways (see Figure 1): 1) gamification and 2) serious games (Grogorick, 2021). Gamification refers to 
integrating game elements (e.g., points, badges, or feedback) in a non-game context such as education 
(Deterding et al., 2011) to “evoke similar positive experiences and motivations that games do (the gameful 
experience)” (Högberg et al., 2019, p. 619). For example, the “GamEducation” concept uses particular 
game elements to teach strategic decisions and planning electronic businesses in a lecture (Siemon & 
Eckardt, 2017). In contrast, serious games refer to complete games with fixed rules and objectives 
(Deterding et al., 2011). Unlike gamification, serious games “are often used separately from, rather than 
as part of, real-world systems” (Liu et al., 2017, p. 1013). One example includes the application “Program 
your robot” to learn computer programming (Kazimoglu et al., 2012). Although researchers often use 
these terms synonymously and although the boundaries between them often lack clarity, they do have 
something in common: interactions in a game-like learning environment create a situation where learners 
expect to have fun and, thus, feel motivated. Hence, these two ways to realize GBL both help learners 
succeed (Grogorick, 2021; Majuri et al., 2018; Manzano-León et al., 2021). 

                                                      
2 Henceforth, we use the term “conversational agents” when referring to general developments in this domain and the term "PCA" 
when referring to circumstances explicitly related to the educational context. 
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Figure 1. Game Concepts in Education 

2.3 Deduction of Game-inspired Pedagogical Conversational Agents 

Game-inspired design builds on the idea of enriching a non-game context with game-based approaches 
(Aguilar et al., 2018; Liu et al., 2017). If we combine a PCA as a non-game technology with GBL as an 
overarching term for gamification or serious games (Section 2.2), we can refer to PCAs as “game-
inspired”. Consequently, we define game-inspired PCA as a novel term that means “a conversational 
agent in an educational context that is combined with a game-based approach”. We introduce this 
umbrella term to explain in an overarching manner how appropriate technologies can support learners. 
Figure 2 summarizes how we conceptualize game-inspired PCAs. This novel conceptualization intends to 
enable researchers and practitioners to learn from the research streams on both subtypes at an 
overarching level. 

 

Figure 2. Conceptualization of Game-inspired PCAs 

Designers can gamify PCAs by integrating individual game elements into their dialog (Benner et al., 
2022). One such gamified PCA includes Micromate (Benner et al., 2022), which uses various forms of 

Gamification Serious Game

Individual game 

elements used in an 

educational 

environment 

Full-fledged game with 

fixed rules for 

educational purposes

Game-based Learning

Game-based learning serves as an umbrella term 
and means gameful learning.

Elements Whole

Pedagogical Conversational Agents (PCAs)

Intelligent dialog systems that can communicate with their 

users via natural language, either as chatbots

(predominantly text-based) or virtual assistants 

(predominantly speech-based) and which are

utilized for educational purposes

Game-based Learning (GBL)

Game-inspired PCA = A conversational agent in an educational context 

that is combined with a game-based approach 

The utilization of game-based approaches for educational 

purposes, either through the use of individual game 

elements (gamification) or

full-fledged games (serious games)

Definition

Example

PCAs integrated into

GBL environments

Gamified pedagogical CAs

PCAs that incorporate individual game 

elements like points, badges, or feedback into the 

interaction with the learners (e.g., to promote the 

motivation to chat or talk with the PCA)

Example

Gamified PCAs

Micromate by Benner et al. (2022): A PCA that 

rewards the learner (through badges and 

feedback), visualizes the learner's progress 

(through levels and progress bars), provides 

quizzes to solve, and incorporates learning goals

PCAs, which are incorporated as an additional 

element into an existing GBL application (e.g., to 

promote social presence in GBL)

Library Escape by Guo & Goh (2016): A role-

playing game for learning information literacy that 

includes a life-like PCA (a virtual librarian) acting as 

instructor, mentor, assitant, and companion to 

support the student

Note that the two subtypes of game-inspired PCAs are not disjoint. Thus, it is also possible for a PCA to be both, gamified itself as well as 
integrated into an existing GBL environment.
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game elements to provide, for instance, rewards, and progress visualization. In addition, one can embed a 
PCA into an existing GBL application (either a gamified learning application or a serious game) to, for 
example, promote social presence through a lifelike avatar (Lester et al., 1997). As an example, Guo and 
Goh’s (2016) role-playing game “Library Escape” integrates a virtual librarian that supports learners in 
different roles (as instructor, mentor, assistant, or companion). Moreover, one can also gamify a PCA in a 
GBL environment itself, such as when it narrates a story (Forsyth et al., 2020). In Sections 2.3.1 and 
2.3.2, we deduce both forms of game-inspired PCAs in detail by elaborating on why both forms provide 
meaningful support for learners. 

2.3.1 Gamified PCAs 

Despite conversational agents’ potential, users remain dissatisfied with communicating with them (Følstad 
et al., 2018; van der Goot et al., 2020). Poorly designed conversational agents can cause users to not be 
motivated to interact with them, perceive interactions with them as frustrating, and consequently abandon 
using them (Janssen et al., 2021; Pricilla et al., 2018). Thus, PCAs need to be well designed to avoid 
learners abandoning them since learners must study over a longer period to progress in their learning 
(Dunlosky et al., 2013). Furthermore, poorly designed conversational agents can cause learners to not 
trust the technology or even completely deny it since insufficient trust arises when negative experiences 
counteract positive expectations regarding novel technologies (Lankton et al., 2015; Lewicki & Bunker, 
1995; Seeger & Heinzl, 2021). Importantly, PCAs often lack focus on long-term engagement (i.e., they 
rarely use game elements) (Benner et al., 2022). With the motivational effect that game elements have, 
one might be able to enable this long-term commitment to PCAs (Nißen et al., 2021). With an AI-based 
PCA, establishing regular user interaction with the PCA also leads to the PCA being able to learn along 
with the acquired training data, improve its interaction behavior, and, thus, avoid negative experiences 
with PCAs that have low language-comprehension abilities (Inaba et al., 2015; Janssen et al., 2021). For 
example, Inaba et al. (2015) used game elements such as points to encourage users to interact with a 
conversational agent on a crowdsourcing platform with the overall goal of obtaining new training data. 
Furthermore, gamification can promote collaboration between learners and PCAs, such as when learners 
try to work out solutions together with the PCA in order to earn game points (Iurgel & Ziegler, 2005). For 
instance, in analyzing the most frequently used PCAs for Facebook Messenger, Smutny and 
Schreiberova (2020) identified gamification as a crucial success factor. Nißen et al. (2021) have also 
suggested that gamification may foster PCAs’ long-term orientation. In analyzing real-world chatbots, they 
found that about half of all long-term chatbots used gamification while only one-third of those that focused 
on medium-term interactions and only three percent of short-term chatbots used gamification. Thus, 
gamification can help “solve a user’s cause to approach the chatbot” (Nißen et al., 2021, p. 12); that is, to 
individually solve learners’ initially described challenges. 

2.3.2 PCAs Integrated into GBL Environments 

By integrating PCAs into GBL applications, designers can also benefit from an already existing game 
environment’s positive effects, such as fun, enjoyment, and/or flow states (Hamari et al., 2016). In this 
way, designers might counteract the uninspired user experiences that many PCAs offer. In addition, AI 
could enable individualized GBL experiences, which could allow GBL applications to better fulfill their 
potential rather than being one-size-fits-all solutions (Sajjadi et al., 2022; Schöbel et al., 2021a; Söbke & 
Streicher, 2016; Streicher & Smeddinck, 2016). Classical, non-AI-based research has already shown that 
animated agents can improve how learners perceive the learning experience in virtual learning 
environments (Lester et al., 1997). Traditionally, classic GBL application designers have used non-player 
characters (NPCs) (i.e., avatars that guide users through a virtual learning environment) to improve 
learners’ experiences in virtual learning environments (Michael & Chen, 2005). However, these 
applications have rarely used AI (Schöbel, Saqr, et al., 2021), which has limited NPCs’ communication 
behavior. Through AI, one could have far more open conversations with PCAs as a way to further develop 
NPCs (Streicher & Smeddinck, 2016). As a result, game stories could be more engaging (Toncu et al., 
2021). Moreover, the PCA could discuss students' questions individually to promote interactive learning 
and provide individual feedback (Winkler et al., 2020). For instance, AI-based PCAs could possibly give 
personalized learning recommendations that fit with users’ previous learning behavior and reward them for 
successfully performing those suggestions (Utomo & Santoso, 2015). Therefore, developers may 
implement an adaptive recommendation system and a partially adaptive gamification approach (Böckle et 
al., 2017), which is a promising avenue because learners vary in their individual characteristics (e.g., 
cognitive performance, personality traits, or motivation), which PCAs can capture and respond to 
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adaptively (Marković et al., 2014; Schlimbach et al., 2022b). For instance, the open interaction space 
might provide the opportunity to better understand learners’ needs through dialog and to adapt a PCA 
and/or a GBL application itself to learners. For example, research shows that PCAs may classify learning 
styles and adapt instruction accordingly (Latham, 2011). One could transfer these possibilities to further 
use cases. For instance, scholars have tried to categorize individuals who use game-inspired applications 
into "player types", which characterize players based on their behaviors (e.g., Bartle, 1996). Since 
different player types also tend to prefer different game elements (Bartle, 1996), identifying these 
preferences and adapting the GBL design accordingly could enable a GBL design tailored to users’ 
wishes. Furthermore, PCAs might counteract the problem that many GBL applications experience: too 
much focus on achieving learning goals rather than creating an environment in which students want to 
learn (Eckardt et al., 2018; Zichermann & Cunningham, 2011). Here, PCAs might interact with users like 
friends by offering virtual companionship (Strohmann et al., 2022). To do so, PCAs employ manual 
gestures, gazes, facial expressions, locomotion, small talk, and self-styled "easter eggs" (Luger & Sellen, 
2016). In ensuring that PCAs employ these features, designers can address students’ needs and 
emotions and make the conversations more entertaining (Iurgel & Ziegler, 2005). In addition, PCAs can 
provide support in a particular moment through, for example, situational quiz questions (Sreelakshmi et 
al., 2019). Furthermore, PCAs can help learners when they experience frustration because, for instance, 
they cannot progress due to missing points or wrong answers to quiz questions. Here, PCAs can provide 
support via their assisting role through friendly behavior or explain via their tutoring role exactly those 
aspects with which learners have difficulties (Khosrawi-Rad et al., 2022b; Wollny et al., 2021). The more 
the learners and the PCAs interact with each other, the more the latter can also respond on a personal 
level (Khosrawi-Rad et al., 2022b; Wollny et al., 2021). In this way, PCAs can build a social relationship 
with learners, and the learners enjoy spending time in the GBL environment. 

3 Methodology 

We conducted the systematic literature review following Webster and Watson (2002), Schoormann et al. 
(2021), and Page et al. (2021). We queried four databases that cover interdisciplinary research domains, 
such as computer science and IS: Scopus, AIS eLibrary, ACM Digital Library, and the Senior Scholars’ 
basket of eight journals. Appendix B provides further information on why we selected these databases. 
Figure 3 illustrates the entire search and selection process in a PRISMA flow diagram (Page et al., 2021).  

 

Figure 3. PRISMA Flow Diagram 
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We searched for papers using the following search query string: 

ALL (“Education*” OR “Learning” OR “Teaching” OR “Instruction*” OR “Pedagogic*”) AND ALL 
(“Conversational Agent” OR “Chatbot” OR “Virtual Assistant” OR “Virtual Companion” OR 
“Personal Assistant” OR “Virtual Human” OR “Pedagogical Agent”) AND ALL (“Game-based” 
OR “Gamification” OR “Serious Game”)3. 

We requested the databases in December 2021, and the screening process happened between 
December 2021 and March 2022. The search query resulted in 3,034 hits in total. We eliminated 94 
duplicate papers before we started reviewing titles and abstracts to match our RQs. We excluded papers 
by following pre-defined criteria to ensure that they fit our RQs. We excluded content duplicates, research 
in progress papers, short papers, and papers that did not go through peer review to focus on completed, 
high-quality research. Furthermore, since we speak only German and English, we excluded papers in 
other languages. To consider game-inspired PCAs holistically, we did not consider papers that lacked a 
conversational agent and gamification focus or that lacked an educative context. Furthermore, we 
excluded papers that did not present any artifacts to focus on papers that presented reusable approaches 
for designing game-inspired PCAs. Moreover, we decided to exclude studies that focused on minors and 
concentrate on adults as the target group since the two groups often adopt different designs; for instance, 
minors’ education generally exhibits more freedom and playfulness, while adults’ education generally 
exhibits more seriousness and institutionalization (Alfadhli & Alsumait, 2015; Sheldon, 2020). An 
additional peer-review screening process among the authors strengthened the systematic literature 
review’s objectivity. Through systematic filtering in combination with a forward and backward search to 
complete the review process, we refined the final number of papers to 50. Appendix B presents 
contributions on game-inspired PCAs by publication year that we included in our final analysis. One can 
see that most papers emerged after 2013. The first and second authors performed the analysis in an 
Excel sheet while following a fixed coding guide for a structured content analysis under predefined criteria 
in line with Mayring (2015). The coders continuously peer-reviewed each other to ensure consistent 
analysis. We derived the coding manual, which we present in Appendix C, from existing relevant literature. 

4 Results 

We divide our analysis into six major dimensions, which we describe in Section 4.1. These dimensions 
emerged during the filtering and screening process through joint discussion. We identified 11 papers that 
described gamified PCAs, 35 papers that concentrated on PCAs in GBL environments, and four papers 
that specified both gamified PCAs and PCAs in GBL in combination. In Sections 4.2 to 4.7, we present the 
results regarding the analysis’s dimensions and characteristics that we used as a basis for our review and 
explain them in more detail by giving example studies for the three different ways researchers have used 
game-inspired PCAs. In addition, we provide an analysis matrix following Webster and Watson (2002) in 
Appendix D that summarizes the results we identified from analyzing the 50 papers in our sample.  

4.1 Six Major Dimensions 

4.1.1 Design Knowledge Base 

We analyzed the artifact levels based on Gregor and Hevner’s (2013) categorization: level 1 artifacts 
(instantiations such as products and processes), level 2 artifacts (nascent design knowledge such as 
design principles), and level 3 artifacts (well-developed design theories that are already established in the 
research community). We followed this approach to overview which design knowledge already exists and 
in which aspects it may still be lacking. Furthermore, we examined the publications’ theoretical grounding 
to extract “kernel theories” explaining and justifying certain design considerations for game-inspired PCAs 
(Kuechler & Vaishnavi, 2008). The analyses serve to support other researchers and developers in 
designing future artifacts. 

                                                      
3  Please note that we did not include the term “game-inspired pedagogical conversational agent” in our initial search as an 
anonymous reviewer suggested this novel term during this paper’s review process. 
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4.1.2 Game Elements Incorporated into PCAs 

We analyzed the game elements that the papers used and, in doing so, focused on understanding which 
game elements have been used in the PCA context, which have not, and which areas still require further 
research to fully exploit the potential of game elements to promote learning. We used the taxonomy that 
Schöbel et al. (2020) suggested to categorize game elements since researchers have adapted and used it 
in the gamified PCA context (Benner et al., 2022). This taxonomy contains the following game elements 
that we defined in our coding guide (Appendix C): points, badges, virtual goods, level, ranking, progress 
bar, feedback, avatar, goals, time pressure, narratives, and reminders. Since gamification and its 
associated potentials result particularly from individual game elements in combination (Deterding et al., 
2011; Schöbel & Söllner, 2019b), we considered publications in which artifacts contained at least two 
game elements integrated into a PCA. We chose this criterion despite an existing research trend toward 
analyzing individual game elements (Nacke & Deterding, 2017) because the papers in the dataset with a 
PCA that contained one game element only related to providing feedback to learners (e.g., Gratch et al., 
2016; van den Bosch et al., 2020) or contained an avatar (Bosse & Gerritsen, 2016; Tumenayu et al., 
2014). However, these elements generally apply to many conversational agents as intelligent dialog 
systems often provide feedback (e.g., congratulations) (Benner et al., 2022; Winkler et al., 2020) or 
include an embodied avatar (Diederich et al., 2022). Therefore, we only analyzed papers that created a 
real “playful experience” (Deterding et al., 2011) by gamifying PCAs. 

4.1.3 Target Groups and Thematic Areas 

We analyzed the thematic areas and the target groups to explore PCAs’ potential in different learning 
contexts as users’ needs vary in different situations. Thus, we focused on revealing which topic areas 
currently have the most potential for using game-inspired PCAs and where hidden potential may remain. 
To do so, we divided the target groups into university students and professionals and coded the thematic 
areas exploratively.  

4.1.4 PCA Roles 

We assessed the PCAs in terms of their intended pedagogical roles to determine how current game-
inspired PCAs support learners in their learning processes. In keeping with Wollny et al. (2021), we 
distinguished between PCAs that teach content or skills (learning role), PCAs that give learning advice 
and, thus, motivate learners (assisting role), and PCAs that encourage learners to plan, reflect, or 
evaluate their progress (mentoring role). Since PCAs have different functions and behaviors depending on 
their roles (Benner et al., 2022; Wollny et al., 2021), we focused on discovering the potential to apply 
game-inspired PCAs in practice. In addition, we examined which roles have been poorly developed thus 
far and examined why to derive implications for future research. 

4.1.5 PCA Type and AI Usage 

Technology maturity is the foundation for PCAs to contribute to providing value to learners. With this in 
mind, we explored the PCA types and the extent to which PCAs have used AI. For this, we categorized 
the PCA types into text-based and speech-based PCAs in accordance with Gnewuch et al. (2007) and 
also into embodied PCAs based on Hobert and Meyer von Wolff (2019). To classify AI usage, we 
concentrated on rule-based and corpus-based solutions (Jurafsky & Martin, 2000). In contrast to rule-
based PCAs that use hand-built rules for conversations (do not use AI), corpus-based PCAs require 
significant amounts of data as they mine existing human-human conversations and interactions. Overall, 
in the analysis, we identified practical opportunities to develop game-inspired PCAs and implications that 
researchers still need to examine to enable better technical implementations. 

4.1.6 Adaptivity and Adaptability 

Since researchers foresee digital learning to feature more personalization in the future (Luan & Tsai, 
2021), developers need to focus on tailoring the design to learners’ needs and interests when developing 
PCAs. Such a focus becomes paramount when designing user-centric and valuable artifacts (Schöbel et 
al., 2021b; Soflano et al., 2015). Researchers distinguish between a learner’s ability to customize a 
system (adaptability) and a system’s ability to adapt automatically to the learner (adaptivity) (Bontcheva, 
2002; Mulwa et al., 2010; Schlimbach et al., 2022b). We analyzed adaptation opportunities to reiterate to 
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practitioners the status quo and identify ways to potentially improve the user experience with game-
inspired PCAs. 

4.2 Design Knowledge Base 

4.2.1 Artifact Levels 

In accordance with Gregor and Hevner (2013), we distinguished between three levels of artifacts, which 
differ in their degree of abstraction. Figure 4 illustrates these terms and the level at which we categorized 
the papers. 

Overall, most papers (44) presented a level 1 artifact. Among these artifacts, most constituted PCAs that 
authors either incorporated in GBL applications (e.g., Augello et al., 2016; Grivokostopoulou et al., 2018), 
gamified themselves (e.g., Aguirre et al., 2018; Utomo & Santoso, 2015), or both (e.g., Economou et al., 
2015; Iurgel & Ziegler, 2005). Not all authors had fully implemented PCAs yet though some had reached a 
conceptual level (Tumenayu et al., 2014). Special use cases included self-styled "trialogues," in which a 
student interacts with not one PCA but several PCAs (e.g., Forsyth et al., 2020; Graesser et al., 2014). 
Certain publications focused on the algorithms that underlie a PCA (Collins et al., 2016), a PCA’s 
technical architecture (Rojas-Barahona et al., 2012), or platforms that enable one to create PCAs in 
gamified learning environments (Economou et al., 2015). 

Two publications proposed a level 2 artifact. Adinolf et al. (2020) presented three design principle 
categories for PCAs that relate to cybersecurity training and the function of PCAs as a learning 
companion. Othlinghaus-Wulhorst and Hoppe (2020) derived and evaluated a framework for role-playing 
games that incorporate a PCA. 

Four publications presented both a level 1 and a level 2 artifact. Winkler et al. (2020) proposed three 
design principles for PCAs that act as tutors in online video lessons and developed a virtual coding tutor, 
named Sara, in line with the design principles. Van den Bosch et al. (2020) described a framework for 
PCAs’ adaptive behavior in simulation training, which they evaluated with an application in an army 
context. In addition, Griol and Callejas (2016) presented a more generalized framework for using PCAs on 
mobile devices. They designed two framework instantiations (Griol & Callejas, 2016). Benner et al. (2022) 
derived a framework for gamified PCAs based on which they designed a Microsoft Teams chatbot named 
Micromate. 

In total, we classified six papers as level 2 artifacts. Among these six papers, two considered gamified 
PCAs (Benner et al., 2022; Winkler et al., 2020) while the remaining four considered GBL environments 
that incorporated PCAs. Since none presented artifacts that their authors had transferred to multiple 
application contexts, we assume that they constitute nascent design knowledge that one could further 
develop toward a level 3 artifact. However, we could not identify any level 3 artifacts in our sample. 

 

Figure 4. Contributions that We Classified in Artifact Levels in Accordance with  
Gregor and Hevner (2013) 
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4.2.2 Theoretical Grounding 

To offer inspiration for new developments and also identify promising theories for designing game-inspired 
PCAs, we found the studies in our sample drew on four main theory types: instructional and learning 
theories, multimedia theories, motivational theories, and HCI theories. We examine these four areas in 
more detail in the following. 

Instructional and learning theories: multiple theories explain how information should be taught and how 
learners can internalize it. Some authors (e.g., Benner et al., 2022; Forsyth et al., 2020) referred to goal-
setting theories, such as Bloom’s taxonomy (Bloom, 1956), which Anderson and Krathwohl (2001) later 
revised. They did so to clarify that, when using PCAs, one needs to define at which level learners should 
achieve learning goals (e.g., remembering or understanding). Forsyth et al. (2020) referred to the 
interactive, constructive, active, and passive (ICAP) framework (Chi & Wylie, 2014), which assumes that 
interactive learning is particularly conducive to learning success so that interactions with PCAs can 
contribute to positive learning effects. For this rationale, authors (Goldberg & Cannon-Bowers, 2015; 
Winkler et al., 2020) also cited the social constructive theory that Wood et al. (1976) and Vygotsky and 
Cole (1978) developed and that posits that social environments can enhance learning. Winkler et al. 
(2020) highlighted that, during these interactions, one also needs to consider the zone of proximal 
development (ZPD). Thus, learners need a lot of support from a PCA in the beginning and supposedly 
less support over time as their knowledge grows (Vygotsky & Cole 1978). In this context, certain authors 
(e.g., Grivokostopoulou et al., 2018; Winkler et al., 2020) pointed out that so-called “scaffolding” by PCAs 
leads to goal-oriented learning successes (Wood et al., 1976); that is, when a learning partner (i.e., a 
PCA) provides support in a way that induces learners to acquire knowledge step by step. Moreover, PCAs 
should enable a deeper processing level (Forsyth et al., 2020), following Craik and Lockhart's (1972) 
depth of processing theory. In this regard, Utomo and Santoso (2015) recommended following the 
community of inquiry model according to which deeper knowledge processing requires a (virtual) teacher’s 
social, cognitive, and pedagogical presence. Moreover, according to Forsyth et al. (2020), PCA designers 
should address how learners process information in their long-term memory by paying attention to the 
similarity theory (Hunt & McDaniel, 1993) and the SAM model of memory (Raaijmakers & Shiffrin, 1981). 
Ruan et al. (2019) pointed out that, to recall knowledge in the long term, learners should retrieve 
knowledge at increasingly larger intervals, which researchers refer to as the spacing effect (Cepeda et al., 
2008). Otherwise, according to the forgetting curve that Ebbinghaus (1885) proposed, learners risk 
forgetting information. 

Multimedia theories: Goldberg and Cannon-Bowers (2015), Winkler et al. (2020), and Goldberg and 
Sottilare (2016) referred to theories about how people deal with multimedia. For instance, according to the 
Mayer and Moreno’s (1998) multimedia learning theory and Wickens’ (2002) multiple resource theory, 
PCAs should provide information in different ways (visual and auditory) to promote learning. However, 
designers should avoid situations where users experience cognitive overload due to too much information 
(Mayer & Moreno, 2002). 

Motivational theories: several authors (e.g., Benner et al., 2022; Forsyth et al., 2020) referred to flow 
theory, which states that people need to achieve complete absorption in an action (flow) to generate 
learning motivation (Csikszentmihalyi, 2014; Csikszentmihalyi et al., 2005). Moreover, Terzidou et al. 
(2016) highlighted the ARCS model as a relevant framework for digital learning environments too (Keller, 
1987). According to the ARCS model, designers need to consider four factors (attention, relevance, 
confidence, and satisfaction) when designing digital learning environments (Keller, 1987). Benner et al. 
(2022) stated that designers need to foster learners’ needs for competence, autonomy, and relatedness 
when gamifying PCAs, which is consistent with the self-determination theory (Ryan & Deci, 2000). 

HCI theories: Winkler et al. (2020) drew attention to the computers are social actors (CASA) paradigm 
that Nass et al. (1994) developed as a rationale for a somehow human-like conversational agent design to 
increase interaction effectiveness. The CASA paradigm states that humans behave in a social and 
human-like manner toward machines (Nass et al., 1994) and this phenomenon can be enhanced by 
integrating human-like design elements into machines (Nass et al., 1997). Furthermore, several authors 
(Benner et al., 2022; Utomo & Santoso, 2015) have used the social agency theory (Clarebout & Heidig, 
2012; Shapiro, 2005) to explain why people interpret PCAs as social actors when certain roles (e.g., 
learning) are tied to a relationship or goal (e.g., teaching content). Goldberg and Cannon-Bowers (2015), 
Adinolf et al. (2020), and Ruan et al. (2019) referred to the persona effect to emphasize that learners 
perceive the presence of a life-like virtual interaction partner positively when they are studying (Baylor & 
Kim, 2005; Lester et al., 1997), which is in line with social cognitive theory for learning (Bandura, 2011). 
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Adinolf et al. (2020) further argued that the distributed cognition theory (Hollan et al., 2000) also suggests 
that having a life-like virtual interaction partner is relevant for learning with a PCA. Benner et al. (2022) 
referenced the social presence theory (Lowenthal, 2010) which suggests that the social presence of a 
virtual interaction partner creates feelings of relatedness. 

4.3 Game Elements Incorporated into Pedagogical Conversational Agents 

Based on the game element taxonomy that Schöbel et al. (2020) and Benner et al. (2022) developed, we 
identified 15 publications that used game elements in a PCA (see Table 1). Ten publications considered 
only a gamified PCA, while five presented a gamified PCA that had been reintegrated into an existing GBL 
environment (e.g., Economou et al., 2015; Grivokostopoulou et al., 2020; Iurgel & Ziegler, 2005). Since we 
focused on game elements in the analysis, we examined their occurrences across all 15 sources. 

Table 1. Game Elements in PCAs in Accordance with Benner et al. (2022) and Schöbel et al. (2020) 
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Utomo and Santoso 
(2015) 

 X    X X X X   X 

Aguirre et al. (2018)       X     X 

Benner et al. (2022)  X  X  X X  X    

Economou et al. (2015)       X X X X  X 

Forsyth et al. (2020) X   X X  X X X  X  

Graesser et al. (2014) X    X  X  X    

Grivokostopoulou et al. 
(2020) 

      X X X    

Su et al. (2015) X      X  X    

Dutchuk et al. (2009) X    X  X   X   

Iurgel and Ziegler 
(2005) 

X    X  X X     

Pham et al. (2018)       X X X   X 

Ruan et al. (2019)       X X X    

Winkler et al. (2020)       X  X    

Schlippe and Sawatzki 
(2022) 

X      X  X  X  

Lindholm et al. (2013)       X X   X  

Overall, the game elements exhibited a highly unbalanced distribution. Six papers used points to give 
learners feedback on their performance and reward them (e.g., Schlippe & Sawatzki, 2022; Su et al., 
2015). Although the classic GBL design often uses points in combination with badges (Werbach & Hunter, 
2012), we did not find the same situation in the papers we analyzed. Only two papers described using 
badges and provided learners with implicit instructions for obtaining them (e.g., go online once a week); 
thus, the badges served a goal-setting function (Benner et al., 2022; Utomo & Santoso, 2015). No paper 
referred to using virtual goods, which corresponds to what Benner et al. (2022) found in their review. As 
for why, Benner et al. (2022) reasoned that virtual goods need people to be available for trading. As in 
traditional games, it might be possible to increase the sense of social belonging between learners and 
PCAs via allowing them to collect and exchange virtual goods in the game and learning process (Sun et 
al., 2006). Only two papers resorted to levels in that the player must solve certain tasks while interacting 
with the PCA to progress to the next module (Benner et al., 2022; Forsyth et al., 2020). Levels provide 
players with small achievable goals to encourage engagement (Kapp, 2012). Moreover, as it concerns 
flow, designers must ensure that users find the challenges in each level neither too easy nor too difficult 
(Csikszentmihalyi et al., 2005; Kapp, 2012). While gamified learning management systems frequently use 
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levels to represent challenges that range from lower-level cognitive learning goals (e.g., remember) to 
higher-level cognitive learning goals (e.g., create) (Anderson & Krathwohl, 2001; Bloom, 1956), their use 
in gamified PCAs remains in its beginning stage. We found four publications that used rankings: in the 
context of a student agent in a trialogue (Forsyth et al., 2020; Graesser et al., 2014), in a game show 
(Dutchuk et al., 2009), or to compare different teams competing against each other (Iurgel & Ziegler, 
2005). Rankings address interactions and can provide a way for people to make social comparisons 
(Benner et al., 2021). Just like a ranking in a gamified learning management system, a PCA provides the 
environment that presents the ranking. In addition, a chatbot needs a graphical user interface (GUI) to 
display the ranking and a backend to evaluate students’ performance and report back to the GUI. 
Therefore, PCA developers may find implementing rankings more difficult especially since PCAs often 
only exist as an integration in a messenger, such as WhatsApp (Hobert & Meyer von Wolff, 2019; 
Khosrawi-Rad et al., 2022b), due to the technical infrastructure. Only two PCAs in our sample used 
progress bars to visualize learning progress (Utomo & Santoso, 2015) or to indicate that the user had 
attained a badge (Benner et al., 2022). In learning management systems, learning content and goals often 
build on each other, which makes visualizing progress through a progress bar valuable feedback for 
learners (Verbert et al., 2014). However, one may not find it simple to integrate progress bars into a PCA 
due to technical requirements (e.g., linking the GUI to the backend to track students’ progress). Similar to 
levels, which developers up until now have also rarely integrated into PCAs, efforts to integrate progress 
bars remain in their early stages. Apart from that, we found it striking that all sources used feedback. As 
for why, a likely reason concerns the fact that research has identified feedback as among the main 
benefits that PCAs offer (see Section 2.3.2). Furthermore, learners require feedback to be able to learn in 
a flow state (Csikszentmihalyi et al., 2005). Moreover, we found that PCA designers frequently used 
avatars (eight times), probably because learners perceive them positively when it comes to a human-like 
design, which one can see in findings for the CASA theory (Nass et al., 1997, 1994) and the resulting 
persona effect (Lester et al., 1997) (see Section 4.2.2). However, not all PCAs in our sample had a 
human-like design; for instance, some papers depicted them as aliens (Forsyth et al., 2020; Graesser et 
al., 2014). Most papers used goals (11 times) by, for example, providing learners with different tasks to 
solve via dialog (Forsyth et al., 2020; Graesser et al., 2014; Grivokostopoulou et al., 2020). Designers 
have presumably used goals frequently because, according to the flow theory, they provide an important 
way to motivate learners and help them achieve their goals (Csikszentmihalyi et al., 2005). Two papers 
used time pressure: as a learning timer in a PCA (Dutchuk et al., 2009) and milestones embedded in the 
conversation with the learner having to fulfill the milestones (Economou et al., 2015). Thus, researchers 
have rarely used time pressure as a game element even though it challenges learners, which they need to 
feel motivated according to the ARCS model (Blohm & Leimeister, 2013; Keller, 1987). However, time 
pressure has also received criticism in digital learning because it increases stress, which can harm 
learning success (Ackerman & Lauterman, 2012). Therefore, the authors considered time pressure an 
inappropriate game element for a PCA (Benner et al., 2022). Three author teams integrated a narrative 
into dialog with a PCA to enable contextual problem solving (Forsyth et al., 2020; Lindholm et al., 2013) or 
embedded learning tasks that learners needed to solve in a story about a trip to Mars (Schlippe & 
Sawatzki, 2022). We found it noteworthy that researchers have rarely used narratives thus far even 
though they can help people feel competent according to self-determination theory if one integrates 
quests or other tasks into them (Kapp, 2012; Peng et al., 2012; Ryan & Deci, 2000). In addition, narratives 
might be particularly well suited for PCAs since PCAs often provide the opportunity for informal 
conversations, such as small talk (Wambsganss et al., 2020), and, therefore, the dialog character could 
make storytelling seem natural. Furthermore, studies often used buttons in conversational agents (Han et 
al., 2021), which could offer learners the possibility to influence the narrative and their need for autonomy 
(Nicholson, 2015; Ryan & Deci, 2000). Moreover, we found four studies that referred to reminders to keep 
track of deadlines and learning units that learners need to complete (Pham et al., 2018) or that provide 
feedback on what learners have already accomplished in the past (Aguirre et al., 2018; Economou et al., 
2015). 

Furthermore, during the review, we recognized that studies often used quizzes to gamify dialog even 
though the quizzes did not appear in the initial game element taxonomies that we used (Benner et al., 
2022; Schöbel et al., 2020). Among the 15 studies that used game elements, seven considered quizzes. 
One such study referred to the gamified PCA itself being incorporated into a GBL environment (Iurgel & 
Ziegler, 2005). Authors implemented quizzes to, for example, allow learners to exercise flashcards or 
practice tasks in dialog (Aguirre et al., 2018; Benner et al., 2022; Pham et al., 2018; Ruan et al., 2019), to 
create a competitive dynamic when different teams answer quiz questions (Graesser et al., 2014; Iurgel & 
Ziegler, 2005), and to receive feedback from the PCA (Dutchuk et al., 2009). 
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4.4 Target Groups and Thematic Areas 

Studies in our sample used game-inspired PCAs in various thematic areas (see Figure 5). In particular, 
we identified six main thematic areas and one category “others”. “Others” includes all thematic areas for 
which we could identify only one mention (e.g., politics, plastic industry, cultural heritage, and digital 
forensic investigation). Most studies we reviewed focused on soft skills (10), computer science (8), and 
language learning (6). In contrast, only four studies focused on military topics, and two papers each 
addressed information literacy and environmental engineering. The analyzed PCAs predominantly 
targeted university students (28) and professionals (12). Ten studies mentioned no specific target group. 

 

Figure 5. Thematic PCA Areas 

4.4.1 Gamified PCAs 

Among the papers in the computer science theme, two focused on Java (Aguirre et al., 2018) and Python 
(Winkler et al., 2020) and two focused on English language learning (Pham et al., 2018; Ruan et al., 
2019). The other four papers focused other topics, such as science and technology (Graesser et al., 
2014), exam preparation (Schlippe & Sawatzki, 2022), or working environment guidelines (Lindholm et al., 
2013). Most PCAs targeted university students (e.g., Aguirre et al., 2018; Utomo & Santoso, 2015) or 
specifically foreign students (Schlippe & Sawatzki, 2022). Some papers did not target specific audiences 
or at least did not specify the audience and kept the audience more general, such as artifacts for low 
literates (Graesser et al., 2014) or general language learners (Su et al., 2015; Pham et al., 2018). One 
paper only concentrated on professionals (Lindholm et al., 2013). 

4.4.2 PCAs Integrated into GBL Environments 

In contrast to PCAs that incorporated game elements, most PCAs in GBL environments had soft skills as 
their main thematic area. These soft skills included (intercultural) communication skills, such as in medical 
interviews (Augello et al., 2016; Behler et al., 2013), in conversations between police officers and citizens 
(Bosse & Gerritsen, 2016), or in different situations (Hays et al., 2009; Othlinghaus-Wulhorst & Hoppe, 
2020). Furthermore, the abovementioned soft skills also included customer complaint management 
(Othlinghaus-Wulhorst et al., 2019), collaborative problem-solving skills (Stoeffler et al., 2020), negotiation 
skills (Gratch et al., 2016), elicitation skills (Riedman et al., 2013), and critical thinking in the research 
methodology domain (Forsyth et al., 2015). Further thematic areas included computer science topics such 
as learning programming (Tumenayu et al., 2014), database languages (Soflano et al., 2015), 
cybersecurity (Adinolf et al., 2020), and computer graphics (Kuk et al., 2012; Kuk et al., 2017). Authors 
also focused on language learning (Brusk et al., 2007; Su et al., 2013; Wik & Hjalmarsson, 2009) or 
military topics (Goldberg & Cannon-Bowers, 2015; Goldberg & Sottilare, 2016) such as teaching platoon 
commanders. Further still, they considered information literacy (Guo & Goh, 2016; van den Bosch et al., 
2020) and environmental engineering (Grivokostopoulou et al., 2018). Other papers covered topics such 
as the plastic industry (Rojas-Barahona et al., 2012), aerial and satellite images (Atorf et al., 2019), 
sexology (van Rosmalen et al., 2012), or digital forensics (Nordhaug et al., 2015). All these examples 
highlight the thematic variation in how authors have used PCAs in GBL. Similarly, as with the analyzed 
papers that considered gamified PCAs, studies that considered PCAs in GBL environments mostly 
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targeted university students (e.g., Forsyth et al., 2015; Mori et al., 2013; Wilding et al., 2019) or 
professionals (e.g., Collins et al., 2016). Similarly, some papers did not specify their target group in more 
detail (e.g., Stoeffler et al., 2020). 

4.4.3 Both Game-inspired PCA Variants 

Some papers combined both gamified PCAs and PCAs integrated into GBL environments. Their thematic 
areas included information literacy (Forsyth et al., 2020), environmental engineering (Grivokostopoulou et 
al., 2020), politics (Economou et al., 2015), as well as history and geography (Iurgel & Ziegler, 2005). 
They targeted university students (Forsyth et al., 2020; Grivokostopoulou et al., 2020), professionals 
(Economou et al., 2015), or no specific target group (Iurgel & Ziegler, 2005). 

4.5 PCA Roles 

Figure 6 shows how many papers present PCAs with a specific role. The PCAs in the papers we 
examined varied in their roles, and we found some roles had higher representation than others. Papers 
primarily used PCAs in a learning role to teach content or skills regardless of whether they used a 
gamified PCA or incorporated a PCA into a GBL environment. Papers often included an assisting role in 
their PCAs as well, which means that they served to motivate learners. However, we barely found any 
paper that presented a PCA with a mentoring role that encouraged students to plan, reflect on, or evaluate 
their progress. 

 

Figure 6. Classified PCA Roles in Accordance with Wollny et al. (2021) 

4.5.1 Gamified PCA 

Gamified PCAs support learners by providing content or skills. In eight papers, the PCA had a learning 
role (e.g., Aguirre et al., 2018; Graesser et al., 2014; Su et al., 2015). For example, Graesser et al. (2014) 
demonstrated a trialogue setting, that is, a setting in which a learner interacts with two agents—a teacher 
and a student—to learn scientific writing. One paper described its PCA’s assisting role (Schlippe & 
Sawatzki, 2022). The presented PCA facilitated exam preparation and motivated learners by, for instance, 
notifying them about their answers and scores, highlighting keywords, or providing information about their 
learning progress (Schlippe & Sawatzki, 2022). In addition to these typical PCA roles, we found two 
special cases: 1) a PCA that acted like a game show host as a further role (Dutchuk et al., 2009); and 2) a 
PCA that supported both a learning and an assisting role via reminders and goal settings if learners had a 
deadline to submit an assignment in the next few days (Utomo & Santoso, 2015). 

4.5.2 PCAs Integrated into GBL Environments 

In most papers, the PCA had a learning role (e.g., Adinolf et al., 2020; Gratch et al., 2016; Rojas-
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Barahona et al., 2012). Two papers presented a relationship-oriented PCA that acted as a co-equal virtual 
learning companion (Adinolf et al., 2020; Grivokostopoulou et al., 2018). Five papers described PCAs with 
an assisting role (e.g., Atorf et al., 2019; Kuk et al., 2017; Wilding et al., 2019), but only one described a 
PCA with a mentoring role (van den Bosch et al., 2020). Here, the agent's behavior adapts to fit the 
learner’s needs. For example, if the learner acts incorrectly with regard to learning goals, the PCA adapts 
its behavior. Thus, the agent asks for reasons to encourage learners to reflect, assess, and improve and, 
therefore, achieve the overall learning goal (van den Bosch et al., 2020). As in papers that we analyzed 
that considered gamified PCAs, we again found two special cases besides the classic PCA roles: 1) a 
PCA that had both a learning and an assisting PCA role in that it answered organizational questions and 
provided tests about theoretical concepts (Griol & Callejas, 2016) and; 2) a PCA that had a learning and 
mentoring role (Hays et al., 2009) via helping students learn in conversation, which concurs with the ICAP 
framework (Chi & Wylie, 2014) and the social cognitive theory (Vygotsky & Cole, 1978) (see Section 
4.2.2). Furthermore, based on the feedback (PCAs’ gestures and facial expressions), students could 
notice immediately if they had made a mistake and, thus, reflect on their performance (Hays et al., 2009). 

4.5.3 Both Game-inspired PCA Variants 

Papers that combined both gamified PCAs and PCAs integrated into GBL environments used only PCAs 
with a learning role (Economou et al., 2015; Forsyth et al., 2020; Grivokostopoulou et al., 2020; Iurgel & 
Ziegler, 2005). 

4.6 PCA Type and AI Usage 

The game-inspired PCA variants (i.e., gamified PCA, PCA in GBL, and both game-inspired PCA variants 
combined) differed according to their PCA type and AI usage (i.e., whether they used AI) (see Figure 7).  

 

Figure 7. PCA Type and AI Usage in Accordance with Gnewuch et al. (2017), Hobert & Meyer von Wolff (2019), 
and Jurafsky & Martin (2000) 
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As for their PCA type, we could differentiate the PCAs into embodied PCAs (2), text-based PCAs (12), 
and speech-based PCAs (1). Furthermore, we found PCAs that combined these types. For instance, 18 
papers combined an embodied PCA with a text-based interaction, while five further linked this 
combination with a speech-based interaction. Five papers used a text-based and a speech-based PCA. A 
further five papers combined all three types. Furthermore, we also reviewed the usage of AI. Most papers 
(18) designed rule-based PCAs (did not use AI), while 13 specified their described PCAs as corpus-based 
PCAs (explicitly used AI). Two papers described a solution that combined both rule-based and corpus-
based PCAs. Some papers did not specify the PCA type or AI usage. Therefore, we do not consider them 
in the following analysis. 

4.6.1 Gamified PCAs 

Utomo and Santoso (2015) described an embodied PCA (i.e., a human avatar) but did not describe in 
detail whether the PCA interacts in a text-based or speech-based way with users. Two papers combined 
embodied PCAs (human avatars) with speech-based (Graesser et al., 2014) or text-based interaction 
(Ruan et al., 2019). Su et al. (2015) only described a speech-based interaction. Benner et al. (2021) noted 
the difficulty in implementing game elements into voice-only PCAs since game elements are usually part 
of the software’s visual surface (Deterding et al., 2011; Sailer et al., 2017), which means a voice assistant 
can only verbally convey them. Su et al. (2015) implemented points, feedback, and goals to enable 
gamification despite this limitation. Their PCA evaluated how well users pronounced Chinese words with 
scores and, thereby, provided feedback; furthermore, the PCA also provided a final learning goal (i.e., a 
score) for all learning units. Three papers combined a text-based and speech-based PCA (Pham et al., 
2018; Winkler et al., 2020) with one author team using Google Assistant (Aguirre et al., 2018). Moreover, 
another four papers focused on using text-based PCAs (e.g., Benner et al., 2022; Winkler et al., 2020). 
Five papers did not specify their AI usage (e.g., Dutchuk et al., 2009; Graesser et al., 2014; Utomo & 
Santoso, 2015). However, since one paper applied Google Assistant (Aguirre et al., 2018), we assume 
that its authors used a corpus-based PCA. In another four papers, the authors described a corpus-based 
PCA (e.g., Pham et al., 2018; Schlippe & Sawatzki, 2022). For instance, Schlippe and Sawatzki (2022) 
used Devlin et al.’s (2019) NLP model called the multilingual bidirectional encoder representations from 
transformers model (M-BERT) and two AI models, a multilingual automatic short answer grading (ASAG) 
and a keyword matching model, to create conversations. In contrast, Lindholm et al. (2013) developed a 
PCA in which a selection from predefined responses (decisions) influences the storyline, which 
corresponds to a rule-based PCA without AI. 

4.6.2 PCAs Integrated into GBL Environments 

Most papers that introduced PCAs in GBL environments described a PCA that is embodied and text-
based (e.g., Othlinghaus-Wulhorst et al., 2019; Rojas-Barahona et al., 2012; van den Bosch et al., 2020). 
Collins et al. (2016) used an NPC visualized as an embodied PCA without specifying whether the PCA 
used text-based or speech-based conversation. Four papers used an embodied PCA that they visualized 
as a human that allowed interactions through spoken natural language speech commands (e.g., Gratch et 
al., 2016; Toncu et al., 2021). Eight papers concentrated on text-based PCAs (e.g., Kuk et al., 2017; 
Nordhaug et al., 2015; Stoeffler et al., 2020). Three papers combined an embodied PCA with a text-based 
and speech-based conversation (Brusk et al., 2007; Griol & Callejas, 2016; Wik & Hjalmarsson, 2009). 
Two papers described interactions between a PCA and learners with either verbal via voice or non-verbal 
via text interactions (Hays et al., 2009; Tumenayu et al., 2014). Regarding the implementation, most 
papers that described a PCA in a GBL environment relied on a rule-based solution. Several papers 
decided to use decision trees (i.e., they implemented dialog systems as multiple-choice menus and 
learners could choose between different options that influenced the storyline) (e.g., Bosse & Gerritsen, 
2016; Collins et al., 2016; Stoeffler et al., 2020). Many PCA developers used artificial intelligence markup 
language (AIML) because, if the learner input matches a pattern, it triggers a defined answer or action 
(e.g., Augello et al., 2016; Behler et al., 2013; van Rosmalen et al., 2012). In one paper (Kuk et al., 2012), 
the software calculated the need for help from a PCA using a “Markov decision process” (MDP). Six 
papers described realizing a PCA via a corpus (i.e., via mining large datasets of human-to-human 
conversations) to create interactions (e.g., Griol & Callejas, 2016; Mori et al., 2013; Toncu et al., 2021). 
For instance, in their implementation, Kuk et al. (2017) used the Monte Carlo approach via the best-first 
tree (BFtree) classifier to predict learners’ needs for help. Commercial video games often use this method, 
but it also offers much potential for designing personalized PCAs in a GBL environment. Another paper 
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combined rule-based and corpus-based AI usage by training an MDP as a Gaussian mixture model 
(GMM) with reinforcement learning using simulated users generated from actual learner data (Su et al., 
2013). While many papers defined how they technically implemented their PCA, ten articles completely 
skipped describing the implementation (e.g., Atorf et al., 2019; Tumenayu et al., 2014). One paper 
addressed neither the PCA nor the AI usage types, presumably because it focused on describing design 
insights for realizing playful interactions with a learning companion in virtual reality (Adinolf et al., 2020). 

4.6.3 Both Game-inspired PCA Variants 

The papers that combined both game-inspired PCA variants did not focus on only one PCA type. For 
example, Forsyth et al. (2020) and Grivokostopoulou et al. (2020) used text-based conversations with an 
embodied PCA. In Economou et al.’s (2015) as well as Iurgel and Ziegler’s (2005) studies, learners had 
the choice to interact via speech or text with an embodied PCA. Authors who described their AI approach 
drew on corpus-based implementations (Forsyth et al., 2020; Iurgel & Ziegler, 2005). Furthermore, 
Economou et al. (2015) presented a corpus-based tool for designing PCAs. 

4.7 Adaptivity and Adaptability 

In total, we identified three papers that allowed for adaptability, 15 papers that considered a PCA’s 
automatic adaptivity to users, and one paper (Soflano et al., 2015) that examined both (see Figure 8). 
Unlisted papers either did not use any form of adaptation or did not explicitly mention it. 

 

Figure 8. Contributions Classified into Adaptability and Adaptivity in Accordance with Bontcheva (2002), 
Mulwa et al. (2010), and Schlimbach et al. (2022b) 
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more detail. In addition, we identified five papers that referred to the system’s adaptivity to users. Dutchuk 
et al. (2009) developed a PCA that guided a competition between several learners. The software 
determined learners’ emotional state based on the ranking and the answer time to different quiz tasks and 
recorded it. As such, the PCA could provide extra support to learners with a low emotional state. Another 
paper evaluated scores to provide automated hints (e.g., videos) (Su et al., 2015). Graesser et al. (2014) 
presented an emotion-sensitive PCA that adapted to learners’ speech acts and statements. Furthermore, 
Schlippe and Sawatzki's (2022) PCA recognized users’ language based on NLU and NLP and provided 
exam preparation tasks adapted to their native language. Winkler et al. (2020) used individual scaffolding 
(i.e., their PCA adapted to learners’ ZPD when providing support) (see Section 4.2.2). Accordingly, the 
PCA provided support to learners in the beginning and less over time as they learned more about a 
subject. The scaffolding approach relies on Vygotsky and Cole's (1978) social cognitive theory according 
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to which a social environment can benefit learning. As an implication, a PCA should establish such a 
social setting and adapt its assistance to the learner's ZPD. 

4.7.2 PCA Integrated into a GBL Environment 

Two papers considered enabling adaptability. Terzidou et al (2016) offered users several options for 
obtaining help from a PCA: 1) an agent that acted as a teacher and motivator, 2) two assisting chatbots 
that answered questions about the game rules with the user being able to select the gender, and 3) an 
NPC that acted as a guide in the virtual learning environment (Terzidou et al., 2016). In another paper, 
users could choose between three options: a PCA that answered 1) with gestures, 2) with pre-generated 
speech fragments, or 3) with facial expressions (Bosse & Gerritsen, 2016). In addition, eight papers used 
adaptivity to learners. Following Fischer (2012), adaptivity can contain the entire interaction situation, 
which he refers to as context awareness. To this end, several papers also referred to emotion sensitivity 
with respect to, for example, a PCA that recognized users’ emotional state based on the language they 
use and that adapted its communication when providing feedback) (Forsyth et al., 2015), a PCA that 
showed affective expressions based on users’ responses that match their mood (Guo & Goh, 2016), and 
a PCA that responded empathically based on the identified emotions (Augello et al., 2016). Furthermore, 
a PCA could provide information (e.g., definitions) exactly when students become stuck by analyzing the 
need for help from answers that they had already given. Technically, such a PCA could build on an MDP 
(Kuk et al., 2012) or the BFtree algorithm (Kuk et al., 2017). Adaptive testing also makes it possible to 
assess users’ knowledge based on their response behavior and to present either more challenging or 
easier questions in a quiz game (Leung et al., 2013) or when they practice pronouncing words in a foreign 
language (Su et al., 2013). Van den Bosch (2020) proposed recording learner data in a learner model to 
suggest appropriate content based on information about learners and their situations. For this purpose, 
the authors set up a framework that included, for instance, adaptation to preferred learning strategies and 
learning progress (van den Bosch et al., 2020). One paper (Soflano et al., 2015) used adaptation to 
learning styles and compared adaptability (the ability to freely choose the learning styles), out-of-game 
adaptation (filling out a learning style questionnaire), and in-game adaptation (based on interaction 
behavior with the PCA / in a GBL environment). The results indicate that individualized teaching of 
learning content in both forms leads to better learning outcomes than non-adaptive learning (with a non-
significant tendency toward in-game adaptation) (Soflano et al., 2015). 

4.7.3 Both Game-inspired PCA Variants 

As for the papers that presented both game-inspired PCA variants, none explicitly addressed adaptability. 
Two papers allowed for automatic adaptability. Forsyth et al. (2020) enabled adaptivity to knowledge level 
by allowing learners with less prior knowledge to see a virtual tutor that taught a virtual student a topic and 
to receive hints adapted to their knowledge level through scaffolding. Iurgel and Ziegler (2005) presented 
an educational competition game that a virtual companion coordinated in which learners had to try to 
collaborate with the companion. Otherwise, the PCA would switch sides and support the other team. 

5 Discussion 

5.1 State-of-the-art Research on Game-inspired PCAs 

To answer RQ1, we followed Ritchey (2011) and derived a morphological box (see Table 2) based on the 
six major dimensions and their categories that we organized our findings into (Sections 4.2 to 4.7). The 
morphological box overviews the dimensions we analyzed and their different characteristics. To reduce 
the complexity, we generalize the state-of-the-art research on game-inspired PCAs into one morphological 
box for both gamified PCAs and PCAs in GBL rather than present an individual table for both variants. We 
consider a generalization as reasonable since the morphological box builds on the individual dimensions 
and their defined characteristics. In most cases, the papers also mentioned individual characteristics in 
the dimensions for both variants of game-inspired PCAs. With the table, we hope to enable readers to 
learn from both research streams. Even if papers implemented certain characteristics that we identified 
only a single PCA variant to exhibit, the table allows readers to learn how these characteristics could 
potentially be implemented for the other PCA variant as well. For instance, one might find it relevant for all 
forms of game-inspired PCAs to know not only about theoretical foundations for increasing motivation or 
fostering learning, but also what possibilities exist to improve the user experience with adaptation and AI. 
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We further address the extent to which one can transfer knowledge between gamified PCAs and PCAs in 
GBL environments in Section 5.2 where we derive research streams. 

Table 2. Morphological Box of Research on Game-inspired PCAs 

Section and 
dimension 

Characteristic 

4.2 

Artifact level 
Level 1 

(e.g., prototype) 
Level 2 

(nascent design knowledge) 
Level 3 (well-established design 

knowledge) 

Theoretical 
grounding 

Instructional and 
learning theories 

Multimedia theories Motivational theories HCI theories 

4.3 

Integration type Gamified PCA PCA in GBL 

Game elements 
incorporated 

into PCAs 

Collection and 
reward 

elements 

Progress 
visualization and 

goal setting 

Avatars and 
narratives 

Feedback and 
reminders 

Quiz games 

4.4 

Target groups University students Professionals 

Thematic areas Soft skills 
Computer 
science 

Language 
learning 

Army 
Information 

literacy 
Environmental 

engineering 

4.5 PCA roles Learning Assisting Mentoring 

4.6 
PCA type Text-based Speech-based Embodied 

AI usage Rule-based Corpus-based 

4.7 

Adaptation Adaptivity Adaptability 

Adaptivity type Emotion 
Learning progress 

and knowledge 
level 

Native language 
Learning styles and 

strategies 

Adaptability 
type 

Narrative customization Gender PCA roles 

Legend: 4.2:  Design Knowledge Base; 4.3: Game Elements Incorporated into PCAs; 4.4: Target Groups and Thematic Areas; 4.5: 
PCA Roles; 4.6: PCA Type and AI Usage; 4.7: Adaptivity and Adaptability. 
Abbreviations: pedagogical conversational agent (PCA), artificial intelligence (AI). 
We do not include residual categories of occasionally mentioned aspects in the morphological box for clarity. 

5.2 Future Research Streams 

To answer RQ2, we identify areas that require further research based on the six dimensions in the 
morphological box. In Figure 9, we summarize the research recommendations that result from these major 
dimensions. We elaborate on the future research streams for each dimension in this section. 
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Figure 9. Dimensions, Research Recommendations, and Arising Potentials  
for Game-inspired PCAs 

5.2.1 Artifact Level and Theories 
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and practitioners create game-inspired PCAs (Gregor & Hevner, 2013). Of these, only two publications 
are considered gamified PCAs. However, one paper did not focus on gamification but considered 
scaffolding as a way for dialog between a PCA in the tutor role and learners (Winkler et al., 2020). 
Furthermore, we identified no artifact that belonged to level 3 (i.e., knowledge that the research 
community adopted and applied in various domains as a design theory) (Gregor & Hevner, 2013). For this 
reason, we assume that we still have a particular need for research on prescriptive design knowledge 
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(levels 2 and 3) both for gamified PCAs and PCAs in GBL environments. Since existing frameworks partly 
refer to specific use cases, it may also be helpful to sort existing design knowledge in this area in the form 
of a taxonomy (across PCA roles too) (Nickerson et al., 2013). To assist in such efforts, we offer the 
derived morphological box as an initial effort (see Section 5.1). To facilitate in deriving design knowledge, 
we identified scientific theories from four areas (see Table 2). Researchers can use these theories to, for 
example, define meta-requirements for designing game-inspired PCAs and to derive a design theory that 
builds on them (Möller et al., 2020). Furthermore, many theories relate to how PCAs teach knowledge 
(learning roles). Consequently, we identify a need to expand the knowledge base with additional theories 
while also looking at further roles (assisting, mentoring). Furthermore, researchers used certain theories 
for specific aspects only and did not apply them to both game-inspired PCA variants. For instance, 
researchers mainly used motivational theories to explain the persuasive design of individual game 
elements embedded into a PCA (e.g., Benner et al., 2022). However, motivational theories also play an 
essential role in explaining the design of PCAs in GBL environments, including which PCA behaviors 
could increase aspects such as attention and learning satisfaction (e.g., Terzidou et al., 2016). 

5.2.2 Game Elements Incorporated into PCAs 

Overall, researchers have frequently used certain game elements (feedback, goals, avatars) but others 
rarely (e.g., badges, levels, progress bars) or not at all (virtual goods) in the PCA context. In addition, 
most PCA designers combined game elements only sporadically. However, the interplay between different 
game elements ensures a playful experience (Deterding et al., 2011) and exploits the potential to increase 
learners' motivation and engagement (Kapp, 2012). Researchers have implemented some game elements 
less often than others possibly due to their focus on more easily implementable game elements and game 
elements that appear more commonly in controversial agents, such as avatars (Diederich et al., 2022) and 
feedback mechanisms (Benner et al., 2022; Winkler et al., 2020). Implementing game elements, such as 
levels and progress bars, involves more complexity than deploying simple feedback mechanisms or 
reward elements. These game elements require technical options for evaluating users’ learning progress 
and learning units that build on each other’s content. However, to date, many PCA implementations have 
not reached full maturity and rarely focus on long-term application scenarios (Janssen et al., 2021; 
Khosrawi-Rad et al., 2022b), which they would need to enable progress tracking. Therefore, we believe 
that gamified PCAs, in contrast to classic GBL applications, often do not yet provide all prerequisites for a 
fully viable gamification concept. However, they may not yet have done so due to the risk that combining 
too many game elements might lead to cognitive overload (Chandler & Sweller, 1991; Mayer & Moreno, 
2002). While it remains unclear, even for classic gamification designs, at what point cognitive overload 
occurs (Krath et al., 2021), the literature on gamified PCAs did not consider this issue. Future research 
could pick up on this point and investigate, for instance, at what point cognitive overload occurs, what 
game-element combinations contribute to it, and how to prevent its negative effects. Overall, we assume 
that researchers have designed gamified PCAs often not based on systematic design decisions possibly 
because they lack prescriptive knowledge to design gamified PCAs. Other researchers could address this 
research gap by integrating game elements in PCA instantiations that researchers have rarely considered 
thus far. In addition, it would be useful to investigate the effects of combining different game elements in 
PCAs to expand our knowledge about how users perceive different design decisions. For instance, 
researchers could investigate whether they can transfer existing findings on preferences for game 
elements in the traditional GBL context to the game-inspired PCA context. In this way, they might provide 
a more structured view on which game elements can be adequately transferred to PCAs, how to 
implement them, and which (behavioral) effects arise from using certain game elements. 

5.2.3 Target Groups and Thematic Areas 

The papers we analyzed considered various topics. Nevertheless, only papers that included PCAs 
integrated into GBL environments, such as in the context of medical interviews or police training, 
addressed, for example, soft skills. As for why, learning soft skills often requires significant immersion in a 
virtual environment in order to become engaged with the training situation (Hickman & Akdere, 2017; 
Ratan & Ritterfeld, 2009; Schöbel & Söllner, 2019a; Thompson et al., 2021). We can conceive that such 
immersion may require a full-fledged GBL application and that a pure dialog system could not achieve 
these immersion effects. However, we believe that one should not rule out gamified PCAs entirely for such 
applications. For training problem-solving and reasoning skills in particular, current PCA research already 
shows positive results (Wambsganss et al., 2021a; Winkler et al., 2019), and these application scenarios 
might not necessarily require high immersion. Overall, how a gamified PCA could support soft skills 
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learning remains unanswered, which means further studies should evaluate it. Furthermore, even if 
researchers have examined varied topics, numerous thematic areas remain unexplored, such as 
jurisdiction, tax expertise, or repair work. Also, in comparison to university students as a target group, few 
papers focused on professionals. Still, great potential to conduct work in fields such as vocational and in-
company training remains; thus, we recommend researchers conduct more work in these areas. 

5.2.4 PCA Roles 

Some roles remain underrepresented. Studies seldom used PCAs with assisting or mentoring roles, 
especially for gamified PCAs. In comparison to using PCAs that show facts or information for instruction 
reasons (learning role), implementing PCAs that give learning advice (assisting) or help learners reflect on 
their performance (mentoring role) could be more difficult. For instance, it would require a PCA to properly 
analyze users’ behavior (including previous and possible next steps) (Luan & Tsai, 2021) or to possess 
information about deadlines or data entries from other systems (e.g., calendar). However, these roles 
have substantial application potential as well. Moreover, PCAs in the assisting and mentoring roles may 
feature the same problem that PCAs in the learning role have (i.e., that learners may often perceive PCA 
interactions as uninspiring as described initially). Subsequently, elements such as avatars or points could 
make the interaction more exciting (Benner et al., 2021, 2022). 

5.2.5 PCA Type and AI Usage 

Few papers described the technical implementation. However, such information has particular value for 
others who seek to replicate PCAs that already exhibit positive effects or use them as a basis for their 
transfer to other educational contexts. Thus far, we found few examples that allow users to interact with 
an embodied PCA through speech and text. Thus, no paper on gamified PCAs considered all three PCA 
types, and few papers on PCAs in GBL environments / both forms addressed all PCA types. However, 
allowing learners to choose how they want to interact with a PCA (speech-based or text-based interaction) 
in each situation could impact learning positively (Strohmann et al., 2022). In addition, all PCAs with an 
assisting role used text-based interaction, which we find surprising since assisting conversational agents 
in other application domains, such as Siri or Alexa, often allow voice input (Gnewuch et al., 2017; McTear 
et al., 2016). However, to investigate how users perceive different interaction styles, more PCAs need to 
facilitate conversations in both ways so learners can decide individually. Furthermore, most PCAs relied 
on rules and, therefore, not on AI. However, PCAs need to learn from previous interactions to promote 
truly personalized learning. In particular, AI language models can help users perceive PCAs as human-
like and, consequently, according to the CASA theory, as benevolent interaction partners (Diederich et al., 
2022; Nass et al., 1997; Nass et al., 1994). Moreover, only robust language understanding can enable 
natural interaction behavior and, thus, allow one to implement PCAs for long-term and real-world 
scenarios (Khosrawi-Rad et al., 2022b; Nißen et al., 2021). Consequently, researchers require AI as a 
basis for conducting studies with real interactions. 

5.2.6 Adaptivity and Adaptability 

A minority of publications in our sample considered automatic user adaptivity. Such a focus would be 
crucial because IS that adapts to users ensures that they trust in novel technologies (Elshan et al., 2022). 
Many papers that used adaptivity did so by considering users’ emotions and, thus, enabled adaption to 
the context in which users interacted with the respective system (Fischer, 2012). Other forms, such as 
adaptivity to learning progress or language, occurred sporadically. Researchers have also implemented 
learning style adaptivity but only for PCAs in GBL (i.e., not for gamified PCAs). However, we should be 
able to implement learning style adaptivity for gamified PCAs in the future as it has already led to positive 
effects for non-gamified PCAs such as the virtual tutor Oscar (Latham et al., 2012; Latham, 2011). 
Furthermore, a recent research-in-progress paper already addressed this possibility for gamified PCAs 
(Khosrawi-Rad et al., 2022a). We could not find adaptivity to personality styles, such as the Big Five 
model (McCrae & John, 1992) or player types (Bartle, 1996), in any source. The literature on 
conversational agents for mental health support (Ahmad et al., 2022) and education (Iwase et al., 2021) 
has indicated that personality adaptation could have positive effects on how users perceive PCAs. 
Moreover, research has shown that adaptivity to player types helps better accommodate learners’ 
individual preferences in GBL environments (Klock et al., 2020; Santos et al., 2021). Thus far, we found 
that researchers have implemented adaptivity to users’ native language only for gamified PCAs; however, 
they could also use it for PCAs in GBL environments if they have appropriate NLP capabilities. Few 
papers considered the possibility for users to initiate a system’s adaptability (e.g., in terms of 
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communication style and gender). Only four papers among the 50 in our sample considered adaptability. 
Developers have applied narrative's adaptability but only for gamified PCAs. Since classic GBL design 
already involved approaches to adjusting the narrative itself via the GUI (Nicholson, 2015; Sullivan, 2012), 
it would be possible to transfer a narrative’s adaptability to the interaction with a PCA. Furthermore, 
developers might use the ability to adapt a PCA’s role and gender for gamified PCAs in the future since 
scholars have already highlighted adaptable PCA characteristics as important design aspects for PCAs in 
general (Schlimbach et al., 2022b). No research considered the possibility to, for example, adapt the 
gamification design and the game elements in a PCA or a GBL application at all, although collecting and 
evaluating user preferences could be a way to create a better experience when using GBL (Klock et al., 
2020; Santos et al., 2021; Schöbel et al., 2021b). Consequently, we recommend that the research 
community make an effort to compile in more detail which possibilities exist with regard to adapting PCA 
and GBL artifacts and to develop and evaluate corresponding instantiations. 

5.3 Implications 

Based on our findings, we highlight several implications for using game-inspired PCAs for research and 
practice.  

First, we surprisingly found that researchers often incorporated quizzes into PCAs although they do not 
belong to the game element taxonomy we used (Benner et al., 2022; Schöbel et al., 2020). This finding 
concurs with what Smutny and Schreiberova (2020) and Benner et al. (2022) found: that one can easily 
implement quizzes because they provide instant feedback and, in particular, address the lower level of 
Bloom’s (1956) learning goal taxonomy (i.e., remembering). Moreover, quizzes constitute simple elements 
because they provide intuitive tasks for learners (Benner et al., 2022). Furthermore, some evidence shows 
that they positively promote knowledge recall (i.e., processing and repeating quiz tasks can counteract 
Ebbinghaus’s (1885) forgetting curve). Besides, developers could use the spacing effect known for 
flashcards (Cepeda et al., 2008) as Ruan et al.’s (2019) QuizBot showed. Consequently, we assume that 
quizzes represent a particularly suitable option for gamified PCAs (e.g., for solving specific tasks).  

Second, we found some differences in purpose between gamified PCAs and PCAs in GBL. Specifically, 
we identified PCAs in GBL as a more suitable option to help people learn procedural skills than gamified 
PCAs. We can see as much in the army use case for which researchers have only used a PCA in a GBL 
environment thus far. Since army training is a simulation application for skills training, we assume that a 
full-fledged game is required for this purpose. Furthermore, developers have implemented soft skills 
learning but only for PCAs in GBL environments (ten times) and not at all for gamified PCAs. In general, 
we assume that using single game elements in PCAs mainly suits simpler learning goals, while 
embedding a PCA in a GBL environment (especially a serious game) often suits more complex learning 
goals. Furthermore, PCAs in GBL environments may rely on existing infrastructure to leverage users’ 
learning progress data in order to enable complete gamification concepts. Overall, we suggest that 
researchers consider learning goals’ nature (i.e., their complexity and the need to simulate specific 
actions) when deciding whether to use a gamified PCA or a PCA integrated into a GBL environment.  

Third, we emphasize the importance of implementing functionally mature PCAs that one has trained 
robustly based on a corpus. Similar to other reviews, we identified that many researchers have not 
elaborated on how they technically implemented their PCAs and adopted mostly rule-based solutions 
(Benner et al., 2022; Khosrawi-Rad et al., 2022b). Furthermore, we found that researchers have often not 
specified the game elements they used (Benner et al., 2022). Fully functional PCAs make it possible to 
ensure long-term deployment scenarios and to learn from training data (Janssen et al., 2021). We 
consider long-term use as a prerequisite to unfolding the gamification’s essential potential (Inaba et al., 
2015). For instance, the potential of game elements that show learners’ progress over time, such as 
levels, progress bars, only emerges with recurring use (Liu et al., 2017). In addition to ensuring the 
maturity of a PCA, designers should use the game elements comprehensively since their benefits arise 
primarily from the combination of several elements (Deterding et al., 2011). In this way, designers can 
ensure that learners use PCAs in the long term. In particular, designers should not use game elements 
sporadically; rather, they should use them based on their conscious decisions to promote positive effects 
(Schöbel et al., 2020). Accordingly, we assume that a well-thought-out gamification concept and a 
technically mature PCA depend on each other.  

Fourth, developers rarely served all PCA types (embodied, text-based, and speech-based). However, 
designers need to ensure their PCAs offer many ways for users to interact with them for several reasons. 
First, PCAs that adopt multiple types contribute to accessibility for all (e.g., hearing-impaired people) 
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(Schlimbach et al., 2022a). Second, along with the theory of multimedia learning, enabling speech-based 
interactions leads to better recall (Moreno, 2005). Third, along with the CASA theory and the persona 
effect, offering a somehow human-like avatar leads to social responses from users and promotes trust (de 
Visser et al., 2016; Lester et al., 1997; Nass et al., 1997). Furthermore, offering multiple PCA types plays 
a particularly relevant role in gamified PCAs because some game elements (such as progress bars or 
rankings) can only be indicated via purely speech-based solutions through speech commands but require 
visual support supplied through chat with the PCA to reach their full potential (Benner et al., 2021).  

Fifth, the knowledge base identified in this article should be a starting point for practitioners and 
researchers to effectively use game-inspired PCAs. Motivational theories such as flow theory create the 
foundation for the persuasive design of PCAs and GBL applications themselves. HCI theories such as the 
CASA theory may justify social and human-like design elements. Some learning theories such as the 
ICAP framework or the social constructive theory can justify fostering social belonging when interacting 
with the PCA and the need for promoting collaboration with peer learners. We also discovered 
approaches that focus on how a tutor’s role should mediate learning content (e.g., through the depth of 
processing theory) and how designers should orient PCAs along Bloom’s taxonomy toward achieving 
certain learning goals. Multimedia theories reveal that environments using game-inspired PCAs should 
incorporate diverse media types while avoiding cognitive overload. Designers can use these theories to 
justify design decisions and further evaluate individual design options for game-inspired PCAs. 

5.4 Limitations 

Readers should keep some limitations in mind when interpreting our findings. First, as with any literature 
review, the analysis process depends on our subjective interpretation. However, to ensure correct coding, 
we peer reviewed each other throughout the screening and coding process and used existing 
categorizations from the literature as a guide for the analysis (see Section 4.1 and Appendix C). In 
addition, we could not find a consistent statement in the literature about at which point a PCA becomes 
gamified. To ensure we consistently selected publications when reviewing the literature, we followed 
guidance from Deterding et al. (2011). Based on their approach, gamification exists when one combines 
several game elements. Therefore, we did not include certain sources (e.g., Rodriguez et al. 2019) since 
they only marginally considered gamification and their artifacts correspond only in the broadest sense to 
Deterding et al.’s (2011) definition. Third, as with any literature review, we might have overlooked sources 
although querying interdisciplinary databases and gradually reducing 3,034 hits helped to ensure we 
holistically viewed the topic. In addition, to reduce the complexity of the phenomena we set out to 
describe, we generalized knowledge about gamified PCAs and PCAs in a GBL environment when 
presenting state-of-the-art research and summarized it using the term “game-inspired PCAs”. Of course, 
the PCA variants occasionally differ in their characteristics (e.g., in military games; see Sections 4.4 and 
5.3). However, we do not present a separate morphological box due to the relatively infrequency with 
which sources mention these different characteristics. 

6 Conclusions 

PCAs support learners regarding motivation and achieving learning success, but they often fail because 
they lack an engaging design. Enriching PCAs with game-based approaches could mitigate this problem 
either by using gamified PCAs or by incorporating a PCA into a GBL environment. To synthesize both 
forms, we created a novel umbrella term, “game-inspired PCA”. We conducted a systematic literature 
review to reveal the status quo of research on game-inspired PCAs (RQ1) and to identify research gaps 
(RQ2). Regarding RQ1, we identified and analyzed different dimensions (Section 4), condensed them in a 
morphological box (see Table 2 and Section 5.1), and discussed implications for researchers and 
practitioners (Section 5.3) to assist them in designing game-inspired PCAs. Furthermore, we derived 
research recommendations for the major dimensions and pointed out potential ways to address them (see 
Figure 9 and Section 5.2). In doing so, we contribute to answering RQ2. We expect this topic to evolve 
dynamically as more publications on game-inspired PCAs emerge and AI advances create new 
opportunities for their implementation.  
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Appendix A: Related Work 

We analyzed current literature reviews on PCAs. We compared our study to other recent PCA literature 
reviews in relevant IS conference proceedings (e.g., ICIS, ECIS) or journals (e.g., Computers & 
Education) with respect to their goals, strengths, and limitations as well as what game-inspired PCA types 
they considered. Thus far, the literature reviews on PCAs have not contributed sufficiently to a holistic 
approach on game-inspired PCAs. For instance, most literature reviews about PCAs have not considered 
GBL at all (e.g., Ashfaque et al., 2020; Hobert, 2019; Karrenbauer et al., 2021; Weber et al., 2021). Four 
reviews briefly mentioned gamification as a design option for PCAs (Hobert & Meyer von Wolff, 2019; 
Khosrawi-Rad et al., 2022b; Pérez et al., 2020; Smutny & Schreiberova, 2020), while three papers 
indicated that embedding PCAs in GBL environments represents a common way to provide learners with 
meaningful support in the form of a natural language dialog partner (Khosrawi-Rad et al., 2022b; 
Schlimbach et al., 2022b; Wellnhammer et al., 2020). Only one review (Benner et al., 2022) dealt 
intensively with gamifying PCAs. Moreover, we could not find any literature review that explicitly covered 
embedding PCAs into GBL environments or both game-inspired PCA forms. We identified another 
literature review that generally deals with gamifying conversational agents (Benner et al., 2021) to enable 
persuasive design (i.e., to encourage the user to behave positively); however, the review did not explicitly 
specialize in the educational domain. 

Table A1. Related Work 

Paper Goal of the study 
Strengthens and limitations 

(compared to our study goal) 
Gamified 

CAs 
CAs in 
GBL 

 This paper 

• Conceptualizing game-
inspired PCAs and exploring 
state-of-the-art research in 
this field 

• Identifying research gaps and 
future research steams for 
game-inspired PCAs 

N/A + + 

Benner et al. 
(2022) 

• Exploring state-of-the-art 
research on gamified PCAs  

• Deriving a framework for 
gamifying PCAs 

(+) Links literature findings to learning-
theoretical basis, synthesizes them to a guiding 
framework and illustrates its application (proof-
of-concept “Micromate”) 
(-) Limited to gamified PCAs (does not consider 
PCAs in a GBL environment) and considers 
only text-based PCAs 

+ - 

Khosrawi-
Rad et al. 
(2022b) 

• Structuring the PCA literature 
in general through a holistic 
lens 

• Deriving further research 
streams 

(+) Holistically reviews PCA literature and many 
full-text papers  
(-) Only briefly mentions PCAs combined with 
GBL without a deeper analysis 

○ ○ 

Schlimbach 
et al. (2022b) 

• Capturing the different 
existing options for 
adaptation in the PCA field 

• Deriving research gaps and 
streams 

(+) Presents the different possibilities for 
adaptation in PCA design through adaptability 
and adaptivity in detail (especially concerning 
the meta-variables cognitive, motivational, 
affective, socio-cultural) 
(-) Only casually mentioned a PCA in a serious 
game and does not focus on GBL 

- ○ 

Scheu & 
Benke (2022) 

• Exploring state-of-the-art 
research on PCAs that focus 
on self-regulated learning 

(+) Analyzes the various interventions to 
promote self-regulated learning well 
(-) Does not mention GBL at all and focuses on 
a special PCA use case (fostering self-
regulated learning) 

- - 
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Table A1. Related Work 

Benner et al. 
(2021) 

 

• Exploring state-of-the-art 
research on the persuasive 
design of conversational 
agents 

• Identifying possibilities for 
integrating persuasive design 
features into conversational 
agents 

(+) Links the parallels between gamification and 
digital nudging and explores design 
opportunities for encouraging users to use 
conversational agents through persuasive 
design 
(-) Focuses on conversational agents in general 
rather than the education sector 

+ - 

Weber et al. 
(2021) 

• Deriving a taxonomy 
containing PCAs’ 
characteristics and 
dimensions from a socio-
technical perspective 

• Exploring the impact that 
PCA design features have on 
specific learning variables 

(+) Very successful taxonomy development and 
insightful overview of the various effects 
achieved by PCAs on learning-related variables 
(-) GBL not mentioned at all 

- - 

Karrenbauer 
et al. (2021) 

• Exploring the status quo of 
research on PCA 
functionalities in higher 
education institutions related 
to the student lifecycle 

• Deriving future research 
streams on PCA research in 
higher education related to 
the student lifecycle 

(+) Specifically focuses on supporting PCAs in 
higher education through the student lifecycle’s 
various stages 
(-) Does not mention GBL at all 

- - 

Wellnhammer 
et al. (2020) 

• Deriving relevant design 
aspects for PCAs 

(+) Concisely clusters results with a focus on 
design attributes and analyzes their different 
effects of individual design options 
(-) Does not focus on GBL; mentions the 
possibility to embed a PCA into an existing GBL 
application only briefly; considers only the tutor 
and co-learner roles 

- ○ 

Ashfaque et 
al. (2020) 

• Analyzing technical 
possibilities for the 
implementation of chatbots in 
the education sector 

(+) Analyzes different technologies for PCAs / 
intelligent tutoring systems (e.g., fuzzy logic) 
(-) Does not mention GBL at all; purely focuses 
on technically deploying PCAs; considers the 
implications for research only briefly; focuses 
only on text-based chatbots with a tutoring role 

- - 

Pérez et al. 
(2020) 

• Analyzing existing chatbots’ 
different types and 
environments 

• Analyzing the effect that 
chatbots have on student 
learning and service 
improvement 

• Identifying the technologies 
used in chatbots as well as 
the corresponding learning 
results 

(+) Focuses on analyzing practically deployed 
chatbots, quality attributes for chatbots, and 
possible deployments for measuring 
educational quality 
(-) Mentions gamifying PCAs only briefly and 
considers only text-based chatbots 

○ - 

Smutny & 
Schreiberova 

(2020) 

• Analyzing existing text-based 
PCAs that learners on the 
Facebook Messenger 
actually used 

• Assessing the quality of PCA 
implementations for 
Facebook Messenger 

(+) Focuses on how designers have practically 
implemented PCAs by examining various 
chatbots that learners in Facebook Messenger 
commonly used 
(-) Pure focus on text-based PCAs for 
Facebook Messenger; practical analysis rather 
than classical literature research; considers 
gamification only sporadically 

○ - 
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Table A1. Related Work 

Gubareva & 
Lopes (2020) 

• Identifying state-of-the-art 
research on virtual assistants 
in higher education 

(+) Focuses on analyzing the effect that PCAs 
have on motivation and autonomy 
(-) Does not mention GBL at all and uses a 
limited search term and number of databases  
(e.g., PCA was not part of the search term, 
does not focus on the IS domain) 

- - 

Hobert & 
Meyer von 

Wolff (2019) 

• Exploring state-of-the-art 
research on PCAs 

• Identifying design-oriented 
research gaps in PCA 
research 

(+) Analyzes how researchers technologically 
implemented the PCAs in terms of the system 
architectures and focuses on the learning 
setting and learning form 
(-) No focus on gamification (only embodied 
avatar as one possibility for gamifying the PCA 
briefly mentioned) 

○ - 

Hobert (2019) 

• Identifying already 
established ways in research 
to evaluate PCAs 

• Deriving implications for 
conducting PCA evaluation 
studies in the future 

(+) Relevant and insightful findings on 
conducting PCA evaluations 
(-) Does not mention GBL at all and has very 
specific RQs (focus on evaluation studies) 

- - 

- = not mentioned at all; ○ = just mentioned occasionally; + = considered in detail 
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Appendix B: Further Details on the Literature Review Procedure 

Rationale for the Database Selection 

We first searched the leading journals of the Association for Information Systems (AIS), which we 
summarize as the “basket of eight”. From this search, we identified only five results, which shows that the 
topic has not yet received much attention in top IS journals. To reduce bias and to gain deeper insights 
due to the subject’s novelty, we queried three more scientific literature databases (Scopus, AIS eLibrary, 
and ACM Digital Library). We chose these databases because Scopus is one of the largest databases of 
peer-reviewed literature and contains much research in social and economic science (e.g., theory-based 
and empirical effects of PCAs). The ACM Digital Library covers more computer science-related topics that 
might lead to details about implementing PCAs. The AIS eLibrary contains many relevant outlets in the IS 
community that often have a design-oriented focus. 

Number of Publications per Year 

 

Figure B1. Number of Publications per Year 
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Appendix C: Coding Guide 
Table C1. Coding Guide 

Analysis categories Explanation Way of filling out 

Author(s) Paper’s author(s) Prefilled from database 

Title Paper’s title Prefilled from database 

Integration type 

Gamified PCA 
At least two game elements based on Schöbel 
et al. (2020) are integrated into the PCA. 

If game elements are integrated 
into the PCA, an X is set. 

PCA integrated into a GBL 
environment 

PCA incorporated as an additional element into 
an existing GBL application. 

If a PCA is integrated into a GBL 
environment, an X is set. 

Game elements based on Schöbel et al. (2020) and Benner et al. (2022) 

Points 
A numerical unit that is obtained for completing 
an activity. 

This category is filled only if there 
is a gamified PCA. 
If game elements (either points, 
badges, virtual goods, level, 
ranking, progress bar, feedback / 
information, avatar, goals, time 
pressure, narratives, or reminder) 
are integrated into the PCA, an X is 
set. 

Badges 
A visual icon that signifies an achievement a 
user accomplishes while working on an 
activity. 

Virtual goods 
Assets with a perceived value that can be 
purchased or traded (e.g., coins). 

Level 
Shows a user’s progress in working on system 
activities and displays their experience through 
different (increasing) level positions. 

Ranking 
A user can compare his/her own performance 
with the performance of other users. 

Progress bar 
A progress bar is used to indicate the user’s 
progress when working on activities. 

Feedback / information 

Feedback provides users with information 
about how well they have performed and helps 
to keep them aware of progress and failure 
when working on activities. 

Avatar 

Avatars are either used as tutors or as user 
representation and can be visualized in 
different forms (e.g., with a human or animal 
shape). 

Goals 
Goals are achievable steps that users can 
accomplish while working on activities. 

Time pressure 
Time pressure is applied regarding the 
completion of certain activities using, e.g., a 
counter or an hourglass. 

Narratives 
Narratives are used to tell a story and are 
generally embed in an activity. 

Reminder 
A reminder is used to visualize the user’s past 
behavior by presenting him/her with a history 
of his/her actions. 

Thematic area Subject or theme of education. 
Entered thematic area if 
information is available. 

Target Group 
Group of people who are specifically to be 
reached with something. 

Entered target group if information 
is available. 

Design knowledge base 

Artifact level based on Gregor 
and Hevner (2013) 

Level 3: Well-developed design theory 
Level 2: Nascent design theory 
Level 1: Instantiations 

Entered level of presented artifact; 
multiple entries possible (e.g., if 
both design theory and a software 
artifact based on it are presented). 
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Table C1. Coding Guide 

Kernel theories 
Theories that provide a foundation for 
understanding phenomena related to IS. 

Entered theories to rigorously 
design artifacts if information is 
available. 

PCA roles based on Wollny et al. (2021) 

Mentoring 

PCA actions deal with the student’s personal 
development. In this type of support, the 
student himself/herself is the focus of the 
conversation and should be encouraged to 
plan, reflect, or assess his/her progress on a 
metacognitive level. 

If role of PCA (either learning, 
mentoring, or assisting) is 
mentioned, an X is set. 
Multiple answers are possible as 
the roles of PCAs are not without 
any overlaps. 

Learning 
PCAs are used as an educational tool to teach 
content or skills. 

Assisting 
PCA actions can be summarized as simplifying 
the student’s everyday life, i.e., taking tasks off 
the student’s hands in whole or parts. 

PCA Type based on Gnewuch et al. (2017) and Hobert and Meyer von Wolff (2019) 

Text-based PCA interacts with learner via text. If the PCA type (either text-based, 
speech-based, or embodied) is 
mentioned, an X is set. 
Multiple answers are possible as 
the types of PCAs are not without 
any overlaps. 

Speech-based PCA interacts with learner via voice. 

Embodied PCA that is represented embodied. 

AI usage based on Jurafsky and Martin (2020) 

Rule-based PCA uses hand-built rules (no AI). If AI usage of PCA (either rule-
based, or corpus-based) is 
mentioned, an X is set. 
Multiple answers are only possible 
if more than one artifact is 
presented. 

Corpus-based 
PCA mines large datasets of human-human 
conversations. 

Adaptivity and adaptability based on Bontcheva (2002), Mulwa et al. (2010), and Schlimbach et al. (2022b) 

Adaptivity 
Ability of the information system to adapt to the 
user. 

If adaptivity or adaptability is 
mentioned, an X is set. 
Multiple answers are possible as 
adaptivity and adaptability are not 
without any overlaps. 

Adaptability 
Ability of the user to adapt the information 
system. 

Other Notes 
Additional information that might be relevant 
for the analysis. 

Entered additional information. 
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Appendix D: Analysis Matrix 

Table D1. Analysis Matrix 

Paper 
GPCA AL 

KT 
TG 

TA* 
Roles Type AIU 

AV AB 
G GBL 1 2 3 S P L A M T Sp E R C 

Utomo & 
Santoso (2015) 

x  x   

Community of 
inquiry model, 
social agency 

theory 

x  CS x x    x   - - 

Rojas-Barahona 
et al. (2012) 

 x x   -  x PI x   x  x  x - - 

Mori et al. (2013)  x x   - x  Cult x   x    x - - 

Soflano et al. 
(2015) 

 x x   - x  CS x   x  x - - 
Learning 
style & 

strategies 

Narrative 
customization 

Adinolf et al. 
(2020) 

 x  x  

Persona effect, 
social cognitive 
theory, theory of 

distributed 
cognition 

x  CS x   - - - - - - - 

Aguirre et al. 
(2018) 

x  x   - x  CS x   x x  - - - - 

Grivokostopou-
lou et al. (2018) 

 x x   - x  EE x   x  x - - - - 

Augello et al. 
(2016) 

 x x   -  x Sof.S x   x  x x  

Emotions, 
learning 

progress & 
knowledge 

level 

- 

Brusk et al. 
(2007) 

 x x   - x x LL x   x x x - - - - 

Collins et al. 
(2016) 

 x x   -  x A x     x x  - - 

Economou et al. 
(2015) 

x x x     x Polit x   x x x  x - - 

Forsyth et al. 
(2020) 

x x x   

Bloom’s 
taxonomy, ICAP 

framework, 
depth of 

processing 
theory, similarity 

theory, SAM 
model of 
memory, 

scaffolding, flow 
theory 

x  IL x   x  x  x Emotions - 

Goldberg & 
Cannon-Bowers 

(2015) 
 x x   

Social cognitive 
theory, theory of 

multimedia 
learning, 
multiple 

resource theory, 
cognitive load 

theory, persona 
effect 

 x A x    x x - - - - 

Goldberg & 
Sottilare (2016) 

 x x   

Social 
constructive 
theory, flow 

theory, theory of 
multimedia 
learning, 
multiple 

resource theory 

 x A x    x x - - - - 
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Graesser et al. 
(2014) 

x  x   - x x S&T x    x x - - Emotions - 

Griol & Callejas 
(2016) 

 x x x  - x  CS x x  x x x  x - - 

Grivokostopou-
lou et al. (2018) 

x x x   Scaffolding x  EE x   x  x - - - - 

Guo & Goh 
(2016) 

 x x   
Bloom’s 

taxonomy 
x  IL x   x  x - - Emotions - 

Su et al. (2015) x  x   - x x LL x    x   x 

Learning 
progress & 
knowledge 

level 

- 

Dutchuk et al. 
(2009) 

x  x   - - - - - - - x   - - Emotions - 

Iurgel & Ziegler 
(2005) 

x x x   - - - 
His, 
Geo 

x   x x x  x 
Team 

collabo-
ration 

- 

Pham et al. 
(2018) 

x  x   - x x LL x   x x   x - - 

Ruan et al. 
(2019) 

x  x   
Spacing effect, 
forgetting curve, 
persona effect 

x  
LL, 

S&S 
x   x  x x x - - 

Schlippe & 
Sawatzki (2022) 

x  x   - x  EP  x  x    x 
Native 

language 
- 

Winkler et al. 
(2020) 

x  x x  

Social 
constructive 

theory, zone of 
proximal 

development, 
scaffolding, 

theory of 
multimedia 
learning, 

cognitive load 
theory, CASA 

paradigm 

x  CS x   x x   x 
Individual 

scaffolding 
- 

Kuk et al. (2017)  x x   -  x CS  x  x   x  

Learning 
progress & 
knowledge 

level 

- 

Kuk et al. (2012)  x x   -  x CS  x  x   x  

Learning 
progress & 
knowledge 

level 

- 

Toncu et al. 
(2021) 

 x x   - x x Q x    x x  x - - 

Leung et al. 
(2013) 

 x x   - - - Q x   x  x x  

Learning 
progress & 
knowledge 

level 

- 

Lindholm et al. 
(2013) 

x  x   -  x WEG x   x   x  - 
Narrative 

customization 

Rosmalen et al. 
(2012) 

 x x   - x  Sex x   x  x x  - - 

Bosse & 
Gerritsem (2016) 

 x x   -  x Sof.S x   x  x x  - PCA roles 

Nordhaug et al. 
(2014) 

 x x   - x  CS  x  x   x  - - 

Othlinghaus-
Wulhorst & 

Hoppe (2020) 
 x  x  - x  Sof.S x   x  x x  - - 

Othlinghaus-
Wulhorst & 

Hoppe (2019) 
 x x   - x  Sof.S x   x  x x  - - 
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Hays et al. 
(2009) 

 x x   - x  Sof.S x  x x x  x  - - 

Stoeffler et al. 
(2020) 

 x x   - - - Sof.S x   x   x  - - 

Gratch et al. 
(2016) 

 x x   -  x Sof.S x    x x  x - - 

Su et al. (2013)  x x   - x  LL x   x   x x 

Learning 
progress & 
knowledge 

level 

- 

Terzidou et al. 
(2016) 

 x x   ARCS model x  CS x   x  x x  - 
PCA roles & 

gender 

Forsyth et al. 
(2015) 

 x x   - x  Sof.S x   x   x  Emotions - 

Tumenayu et al. 
(2014) 

 x x   - x  CS  x x x x  - - - - 

van den Bosch 
et al. (2020) 

 x x x  -  x A   x x  x - - 

Learning 
progress & 

learning 
strategies 

- 

Atorf et al. 
(2019) 

 x x   - x  ASI  x  x   - - - - 

Wik & 
Hjalmarsson 

(2009) 
 x x   - x  LL x   x x x  x - - 

Wilding et al. 
(2019) 

 x x   - x  -  x  x  x x  - - 

Christopoulos et 
al. (2019) 

 x x   - x  CS x x  x  x - - - - 

Riedman et al. 
(2013) 

 x x   - x  Sof.S - - - x  x x  - - 

Behler et al. 
(2013) 

 x x   - x  Sof.S x   x  x x  - - 

Benner et al. 
(2022) 

x  x x  

Bloom’s 
taxonomy & 

revised version 
by Anderson & 

Krathwohl 
(2001), learner 

orientation 
theory, flow 
theory, self-

determination 
theory, social 
agency theory 

- - BK x   x   - - 
Learning 

orientation 
- 

Headers: GPCA = game-inspired PCA, G = gamified PCA, GBL = PCA in game-based learning, AL = artifact level, KT = kernel 
theories, TG = target groups, S = university students, P = professionals, TA = thematic area, L = learning, A = assisting, M = 
mentoring, T = text, Sp = speech, E = embodied, AIU = AI usage, R = rule-based, C = corpus-based, AV = adaptivity, AB = 
adaptability. 
Thematic area column: CS: computer science, PI = plastic industry, EE: environmental engineering, Cult: culture, Sof.S: soft skills, 
LL: language learning, A: army, Polit: politics, S&T: science and technology IL: information literacy, His: history, Geo: geography, 
S&S: science and safety, EP: exam preparation, Q: quiz, WEG: work environment guidelines, Sex: sexology, ASI: aerial and satellite 
images, BK: basic knowledge 
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