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Abstract. With the increasing popularity of massive open online courses, 

universities are able to reach a wider audience without restriction and for 

comparably low costs. However, in these learning environments, educators are 

hardly able to offer individual support to their learners. According to learning 

theory, the lack of individual support in online learning environments can 

considerably limit learning success. In our paper, we argue that new emerging 

Smart Personal Assistants (SPAs) have the capabilities to address this problem 

by building up an interaction with the learner similar to a human tutor. Drawing 

on the concept of the Interactive, Constructive, Active and Passive (ICAP) 

Framework, we designed an experiment with 76 participants, where one group 

received text-based learning materials and the other group received additional 

scaffolds from an interactive, text-based smart personal assistant. Posttest-score 

comparisons revealed that learners interacting with the SPA were able to 

achieve higher learning outcomes.  

Keywords: smart personal assistant, online learning, intelligent tutoring 

system, mechanical turk, experiment 

1 Introduction 

With the increasing popularity of massive open online courses (MOOCs), education 

providers have the possibility to reach a wider audience for comparatively low costs 

[1]. However, this positive development does not come without disadvantages. A 

major disadvantage of MOOCs is the lack of individual support from educators due to 

financial and organizational restrictions [2, 3]. According to predominant 

constructivist learning theories, individual support is crucial for learning success [4]. 

Information systems have often tried to fill this gap. There is a huge body of 

literature reaching about 30 years back in which IS and educational research 

investigated the impact of intelligent tutoring systems (ITS) on learning outcomes [5]. 

When compared to no tutoring, ITS showed that they are able to improve learning 

outcomes to the same extent as human tutoring [6]. Some studies also showed that 

https://doi.org/10.30844/wi_2020_d7-winkler

In: Gronau, N., Heine, M., Krasnova, H., Pousttchi, K. (Hrsg.): Entwicklungen, Chancen und Herausforderungen der Digitalisierung. Band 1: Proceedings der
15. Internationalen Tagung Wirtschaftsinformatik 2020. GITO Verlag : Berlin, Seiten 465-479, ISBN 978-3-95545-335-0, 2020

mailto:pabloluis@posteo.de


 

 

ITS are able to improve learners’ problem-solving skills in selected domains [7, 8]. 

Although there is general consensus about the effectiveness of ITS, they are still not 

integrated enough into learning environments [9]. One reason for that might be that 

developing and introducing ITS often requires a high amount of technological 

knowledge and required time from the educator [10]. Thus, they are mainly used by 

technology-savvy domains, such as computer science. For example, Hooshyar et al. 

[7] and Wang et al. [8] introduced an ITS in a computer science course where learners 

received help to conduct problem-solving activities. Furthermore, ITS applications are 

often complex to transfer from one context to the other and do not work on different 

devices and operating systems that learners use every day [10]. Smart personal 

assistants (SPA) are a promising way to address the mentioned problems [11]. SPAs 

are computer programs that are able to interact with users on a specific topic in 

natural language [12]. Natural language means that users can use their normal 

language similar to human-human communication. SPA can be text-based or voice-

based. SPA providers offer rich ecosystems with intuitive and easy-to-use toolkits 

where educators can create SPAs without having deep programming knowledge. The 

use and popularity of SPAs has risen sharply in the recent years [13]. In the United 

States, 59 percent of respondents from the ages of 18-24 stated that they were heavy 

(at least once per day) users of smart personal assistants [14]. However, the use of 

SPAs for online learning environments is rare and only few studies exist that 

concentrate on SPAs in online learning environments. For example, Song et al. [15] 

designed and developed a SPA to reflect with the learners about their learning 

experience in online courses. They found out that most of the students (98.5%) used 

the SPA during the course. Nevertheless, empirical evidence about the effect of SPAs 

for online learning activities is still scarce [16]. Thus, our study tries to answer the 

following research question:  

RQ: Do learners improve their learning outcomes when interacting with a smart 

personal assistant in online learning activities?  

To answer this research question, we developed and integrated a text-based SPA 

on Amazon Mechanical Turk (MTurk), where 76 participants had to solve a 20-

minute task. One group received only a text as input while the other group was 

additionally able to interact with a SPA. Both groups had the same amount of time 

and the amount of information provided was equivalent for both groups. Based on the 

Interactive, Constructive, Active and Passive (ICAP) Framework, we argue that the 

interaction with the SPA brings participants into a more interactive learning mode, 

which is considered as the gold-standard of learning.  

2 Theory and Hypotheses Development 

2.1 Smart personal assistants in education 

In general, SPAs are computer programs that are able to interact in natural language 

with users on a specific topic or domain [17]. SPAs include all types of software that 
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enable people to converse with computers. The main task of the SPA is to improve 

the user's perception, cognition and/or ability to act [18]. 

The main advantages of using SPAs are the low cost of services and higher user 

satisfaction due to fast response times [11]. Compared to other e-learning 

technologies, SPAs stand out for their ability to interact with learners synchronously 

and to respond to their individual needs, allowing them to control their own learning 

process [11]. SPAs can be divided into two types: (1) built-in SPAs that use multi-

purpose devices and (2) stand-alone SPAs that use dedicated devices. Examples of 

built-in SPAs include Siri (for Apple products) and Cortana (for Windows-based 

PCs). Examples of stand-alone SPAs include Alexa (that uses Echo, Echo Dot and 

Tab dedicated devices) and Google Assistant (that uses Google Home dedicated 

devices, 19). 

SPAs, such as Amazon’s Alexa, Google’s Assistant, Apple’s Siri, and others are 

running on “SPA-enabled devices” (endpoints) such as Apple’s iPhone, iPad and 

Mac, Amazon’s Echo, Google’s Home, etc. The main functionality, the “brain” of a 

SPA, is typically housed as a cloud service that processes voice or text data [20]. This 

new generation of SPAs has achieved commercial success in contrast to previous 

implementations, and also shows significant progress in terms of natural language 

capability and its correctness. The use of SPAs for online learning activities has 

several benefits. First, it allows educators to develop SPAs for their own learning 

environments without being dependent on software designers or having to invest a 

large amount of time. Second, it allows educators to convert the use of SPAs to 

different contexts in an efficient way. And third, SPAs are becoming daily 

companions on everyday devices of students in their private and school life. 

Researchers pretty much agree that SPAs are able to improve learning outcomes. For 

eample, Hooshyar et al. [7] introduced an SPA to aid learners in learning computer 

programming.  

2.2 ICAP framework 

The ICAP framework proposed by Chi and Wylie [21] is based on a constructivist 
view of learning. It explains the process of effective learning by classifying 
observable learner behaviours into four modes: interactive, constructive, active and 
passive. It predicts that these modes will be ordered by effectiveness as follows: 
interactive > constructive > active > passive. Educators have long recognized that 
although learners can learn from receiving information passively, they learn much 
better by learning actively [22]. Learning actively requires learners to engage 
cognitively and meaningfully with the tasks they are dealing with. They think about 
their learning material in depth rather than just passively receiving it [23]. Each mode 
of the ICAP framework corresponds to different types of behaviours and knowledge-
change processes predicting different learning outcomes. Table 1 outlines the 
different modes (from passive to interactive) showing that for different learning 
scenarios (listening to a lecture, reading a text, and observing a video), learners show 
different modes of behavior. 
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Table 1. Distinction of Learner Behavior according to ICAP Framework adapted from Chi and 

Wylie [21] 

 PASSIVE 

(Receiving) 

ACTIVE 

(Manipulating) 

CONSTRUCTIVE  

(Generating) 

INTERACTIVE  

(Dialoguing) 

Reading a 

text 

Reading 

entire text 

passages 

silently/aloud 

without doing 

anything else 

Underlining or 

highlighting; 

Summarizing 

by copy- and-

delete 

Self-explaining; 

Integrating across 

texts; Taking notes 

in one’s own words 

Asking and 

answering 

comprehension 

questions with a 

partner 

 

A passive learner behavior describes learners who deal with the presented 

instructional information without additional physical activity (e.g., reading a text 

without doing anything else). An active learner behavior includes “doing something 

physically” (e.g., underlining or highlighting a text). A constructive learner behavior 

requires “producing outputs that contain ideas that go beyond the presented 

information” (e.g., taking notes in one’s own words). An interactive behavior requires 

“dialoguing extensively on the same topic, and not ignoring a partner’s contribution”. 

This means that both partners’ utterances are primarily constructive, and a sufficient 

degree of turn-taking occurs (e.g., asking and answering comprehension questions 

with a partner [21]). For example, Gobert and Clement [24] compared learning gains 

among learners who studied learning materials by only reading a text (passive), 

writing summaries of the text (active), and drawing diagrams from the text 

(constructive). As predicted by the ICAP hypothesis, the results showed that the 

constructive (diagram) group did better on measures of learning outcomes than the 

active (summary) group did, which in turn did better than the passive reading group. 

We argue that SPAs in learning activities might be able to help students engaging 

deeper with the learning materials compared to non-interactive text materials only. 

2.3 Learning outcomes 

The learning outcome describes knowledge and skills that a learner has acquired as a 

result of the learning process [25]). Learning outcomes are used to assess and 

compare the performance of participants and organizations and can be divided into 

self-assessment and test-based assessment. In the former, the learner evaluates his 

own learning outcome. In the latter case, the assessment is carried out by third parties 

according to a standardized procedure [26]. The literature shows that learners often 

accurately assess their own learning performance. Although these assessments are 

distorted to a certain extent, they are still a suitable supportive construct for 

measuring learning success [26]. To get a holistic view of learning success, both 

approaches should be investigated in parallel [27].  

Properly designed SPAs used in learning activities have the capabilities to build up 

meaningful interactions with learners bringing them from a passive to an interactive 

learning mode [21], [27]. Thus, we propose: 
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H1a: Learners who interact with a SPA during online learning activities achieve 

higher levels of objective learning outcomes compared to those learners who learn 

without this interaction. 

H1b: Learners who interact with a SPA during online learning activities achieve a 

higher level of subjective learning outcome compared to those learners who learn 

without this interaction. 

3 Method 

3.1 Tutor design 

The SPA tutor was developed based on Python and used the MTurk API to automate 

the experiment. ParlAI [28] was used for higher abstraction and simplification of the 

MTurk-API in dialogue-oriented applications. Initially, we wanted to provide a more 

sophisticated tutor assistance by using deep learning models. We used the site 

NLPProgress.com to select the question answering algorithm as a possible algorithm 

which could be used to provide such assistance by answering questions from learners 

by searching a background information text. The pretests revealed that questions of 

learners showed a high variance whose answers therefore could not be found in the 

background information text. Furthermore, the answers were not always correct. 

Therefore, we assumed that these deep learning models are not yet capable to provide 

sufficient value in our generic research context and focused on the described simpler 

case. We used a proactive logic where the tutor was able to ask students 

comprehension questions. The guidance by the tutor and the answers by the learner 

were transmitted by chat messages in the MTurk interface as seen in Figure 2. All five 

questions can be found in the Appendix. 

 

Figure 1. Dialogue overview 

<Phase 1 Instruction>: Swot is […] 

What is the difference between internal and 

external factors? 

A business can influence internal factors, but 
not external ones. 

… (4 more questions) 

<Phase 2 Exercise>: Create a SWOT Analysis 
for Tesla and derive strategy recommendations 

from it.  

Strength: Exciting brand 
Weakness: Not enough production capacity 

Opportunity: Trend towards electrical vehicles 
Threats: Competition from settled car makers 
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The tutor was perceived to be a text-based SPA, and can be classified as Chatbot 

Assistant according to the archetypes of Knote et al. [29]. Table 2 summarizes the 

properties of the tutor. The tutor communicates text-based on both the input and 

output sides. The direction of interaction is mainly system-to-user because the SPA 

initiated the interaction with asking questions about the text.  

Table 2. Degree of interaction and intelligence 

Interaction 

Communication mode Text-based 

Direction of explicit 

interaction 

System-to-User; User-to-System 

Query Input Text-based 

Response Output Text-based 

Action No Service Execution 

Intelligence 

Assistance Domain General Assistance 

Accepted Commands Manual Data Entry 

Adaptivity - / static 

Collective Intelligence - 

Embodiment - 

 

3.2 Sample 

To answer our research questions and test our hypothesis, we conducted an online 

experiment on Amazon MTurk. The tested sample is composed as follows: 78.9% of 

treatment group 1 (TG) participants (n = 30) and 94.7% of TG2 participants (n = 36) 

live in the USA. India follows with 10.5 (n = 4) and 5.3% (n = 2) of the participants 

respectively. The remaining four TG1 participants come from the United Kingdom, 

Brazil, the Netherlands and Australia. 68.4% of the TG1 participants (n = 26) and 

63.2% of the TG2 participants (n = 24) indicated that they are male. The average age 

of both TG1 and TG2 is in the category “30 to 34 years old”. Most of the learners 

have at least a high school degree (> 80%). The t-test and the chi-square test were 

used to check whether the two groups were equal regarding age, gender, nationality 

and educational background. No differences were found (p > 0.05). Furthermore, we 

used linear regression to check that none of the mentioned characteristics had an 

effect on our dependent variables. The payment per fulfilled task was $1.80.  

3.3 Experimental procedure 

We employed a fully randomized online experiment over a period of two months.  

Amazon MTurk was chosen as a platform to perform the experiment online. Apart 

from traditional online surveys, MTurk offers the possibility to create richer tasks that 

meet the requirements of our experiment [30]. The experiment lasted 20 minutes at 
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maximum. We chose to use a SWOT analysis task because of different reasons. First, 

we wanted to ensure that the participants do not have much pre-knowledge of the 

task, because this would disturb our experiment. Second, our aim was to not only ask 

participants about reproducing information but also to address higher learning 

outcomes. In the experiment, we created a SPA that had an interaction with the 

learner during the instruction phase. 

The experiment consisted of two phases: the instruction phase and the exercise 

phase. In the instruction phase, learners of both groups received a text about the main 

components of a SWOT analysis and its purpose of use. The SPA group (TG2) was 

able to have an additional conversation with the SPA. The SPA asked questions 

related to the elements of a SWOT analysis and additional examples. The time given 

for the instruction phase was equal in both groups and the information provided by 

the SPA was equivalent to the information in the text. The outline of the experiment 

procedure can be seen in Figure 1. 

 

   

Figure 2. Experiment procedure 

In the exercise phase, the participants of both TGs were supposed to apply their newly 

learned knowledge by applying a SWOT analysis to the company “Tesla”. The task 

was the following:  

Create a SWOT Analysis for Tesla and derive strategy recommendations from it.  

Finally, we collected their solutions, and learners of both TGs answered the 

questionnaire regarding demographics and the subjective learning outcome. We argue 

that the learner should have a tendency to show an interactive learning behavior with 

the help of a SPA resulting in increased learning outcomes. Chi and Wylie [21] 

highlight exemplary learning activities that help students to move into an interactive 

learning mode. One of the examples they mentioned was the following: “Asking and 

answering comprehension questions to a partner”. Based on that, our text-based SPA 

asked the learners five comprehension questions, which were answered by the 

learners of TG2. They were intended to encourage them to reflect on what they read 

in the text. The reading of the text and the interaction with the text lasted 10 minutes 

(same time as in the control group).  

TG1: Text TG2:Text+ SPA 

Reading + 

comprehending text 

Answering questionnaire 

Reading + 
comprehen
ding text 

10 minutes 
Instruction 

phase 

Applying new knowledge to the problem via text input 10 minutes 
Exercise 

phase 

Receiving learning text Receiving learning text 
AND SPA 

example questions. 
Interaction 
with SPA 
about the 

text 
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After the instruction phase, the learners had to complete the task. Afterwards, the 

learners answered a questionnaire to collect further constructs to be described and 

evaluated in the following sections. The questionnaire was released and answered 

immediately after the task was completed. Part of this questionnaire was also an open 

question, which should qualitatively examine whether and in which way the 

interaction with the SPA was helpful and meaningful. This question was only asked to 

the participants of the interactive TG2. 

3.4 Measurement and Analysis 

The objective learning outcome was measured by evaluating the learners’ solutions 

of the tasks. The evaluation of the solution was conducted by two raters with a 

commonly discussed evaluation framework. The two raters rated the solutions blindly 

and independently from each other. Both raters are experienced in rating SWOT 

analysis and were active in university teaching in the past. The final objective 

learning outcome score was calculated by the average of the two raters’ scores. Each 

correct example for a category within the SWOT analysis was evaluated with the 

same number of points. 

The subjective learning outcome was measured in the post-test questionnaire with 

a seven point Likert scale ranging from strongly agree (1) to strongly disagree (7). 

The variable was intended to measure the learning outcome from the learner's point of 

view and thus reflect the construct described in the theory. Before evaluating the data, 

the negatively interpreted items were inverted so that a higher value in the data 

analysis corresponds to a better result. In the case of a negative item, this inversion 

was not necessary. The items are based on Gupta and Bostrom [31] and, according to 

Cronbach's Alpha, have an internal consistency of 0.91 and thus exceed the standard 

of 0.8. The items are shown in the Appendix. 

Additionally, we measured the used time for the whole exercise to see if there are 

differences between the groups. The time was programmatically collected via MTurk. 

Starting point marked the acceptance of the task in the MTurk interface with 

simultaneous transmission of the learning text, so that the text could be read. The time 

was stopped when the task was finished by the participant or the assigned time had 

expired (maximum 20 minutes). The duration of the questionnaire was not considered 

because the focus was on the learning process itself. 

In order to examine to what extent the SPA interaction might have helped learners 

to understand the SWOT analysis, the TG2 participants were asked the following 

question.  

“Did the questions that were provided support you in learning SWOT analysis and in 

what way? (1-2 sentences/bullet points)” 

Following the method of Ryan and Bernard [32], we identified topics from the 

answers by using “repetitions” and “similarities & differences” . 

For data analysis, we used a linear regression model to see whether the scores are 

significantly different. We used R for the statistical evaluation. In the further data 

analysis, it was first examined whether the assumptions of linear regression, i.e. in 

particular normal distribution, homoscedasticity and linearity, are given for the 
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models set up. The R library "gvlma" of Peña and Slate [33] was used for this test. If 

the hypotheses could be accepted, the effect strength was calculated according to 

Cohen’s d [34]. 

4 Results 

Table 2 shows the averages and standard deviations for the data collected for all 

variables. Brackets next to the variable name indicate the ranges that the values could 

assume. A higher average corresponds to a better result.  

Table 3. Mean and standard deviation for the variables 

 TG1 TG2 

 Mean SD Mean SD 

Objective learning outcome (0-12) 6,1578 3,7885 7,7631 2,7453 

Subjective learning outcome (1-7) 4,0368 0,9697 4,4316 1,0214 

Used time in seconds (0-∞) 540 208 545 223 

 

 

The results of the regressions for hypotheses 1a and 1b are presented in Table 3. The 

coefficients marked with * declare significance levels as follows: *p<0.1; **p<0.05; 

***p<0.01.  

We identified a significant difference in objective learning outcome (t = 2.115, p = 

0.0378). Cohens d is 0.4852. Thus, we can support H1a. The corresponding 

confidence interval is between 0.0214 and 0.949. This is almost a medium effect 

according to the rule of thumb of Cohen. For the subjective learning outcome (H1b), 

no statistically significant difference could be detected (t = 1.728, p = 0.0882). If the 

weaker standard of p = 0.1 is applied, there is a statistically significant difference. 

Cohen’s d would then indicate a small effect with d = 0.396 at a confidence interval 

of -0.0652 and 0.858. Moreover, no significant difference in the time used could be 

identified (t = 0.096, p = 0.924).  

Table 4. Regression results 

Variable Coefficient p-value 

H1a: Objective learning outcome 1,6053 0,0378** 

H1b: Subjective learning outcome 0,3947 0,0882* 

 

A total of 76.3% (n = 29) of the participants responded positively to the questions. 

10.5% (n = 4) of the participants tended to express a negative opinion on the 

questions. The remaining 13.2% (n = 5) of the answers could not be assigned because 

they did not directly refer to the question. In total, three topics were identified. They 

are displayed below and describe how the learners were supported by the questions. 
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Practical relevance and examples describes that the SPA helped them to transfer the 

acquired knowledge to the task. The learners were able to more easily integrate the 

learning content with their own experiences and existing knowledge. 

Structuring aid refers to the ability of the SPA to help participants structure the 

learning content. This way, it was easier for them to remember the content when 

conducting the task. The participants have emphasized that this structuring aid in 

particular has enabled them to reduce the SWOT analysis to its essential content. 

Internalization refers less to the understanding of learning than to the fact that the 

SPA makes the learning process more memorable and challenges the learner 

interactively. This gave the learner impulses to internalize the learning content in its 

essential parts so that it can be retrieved more easily later. 

In the exercise, the SPA supports learners by guiding them through the task.  

5 Discussion 

In our paper, we investigated whether participants are able to increase their learning 

outcomes when interacting with a SPA. Drawing on the concept of the ICAP 

framework, we created a SPA and implemented it on Amazon MTurk. The findings 

revealed that participants interacting with SPAs were able to significantly increase 

their learning outcomes compared to participants having no interaction. This goes in 

line with past research in the field of multimedia learning that was able to show that 

interactivity is a key design principle when designing learning material [35]. For 

example, Evans and Gibbons were able to find out that students using an interactive 

learning system outperformed those using a non-interactive system. Moreover, the 

results of this work confirm the revealed positive effects in existing research on 

intelligent tutoring systems [36], and SPAs in particular [37]. For example, Winkler et 

al. [37] found out that SPAs are able to increase group task outcome in a collaborative 

problem-solving setting. Regarding the subjective learning outcome, no significant 

differences were found. One reason for that might be that the positive learning effect 

with the SPA was possibly offset by the effect that the SPA showed learners their 

knowledge gaps which is reflected in a less well perceived learning effect. 

Interestingly, although one would expect that the participants need more time to 

read and interact with the SPA, they did not need additional time. This let us assume 

that the learning process of both TG was fundamentally different and that the 

interaction with the SPA was not just an add-on to the reading of the text. Some 

participants might have skipped the reading of the text and started to interact with the 

SPA earlier, which shows that they preferred the conversational style of interaction.  

Our work connects to the already shown positive effects of SPAs on learning 

outcomes. In specific, this study makes several contributions to research. First, we 

contribute to intelligent tutoring systems and online learning research by showing that 

new emerging SPAs are a promising solution to address the problem of individual 

support in online learning environments such as MOOCs. When learners are able to 

interact with SPAs individually (e.g., ask questions and receive immediate, 

personalized answers), they might be more motivated, do not quit the course that fast 
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and might show better results in the end. This would help educational institutions and 

lecturers to reduce costs while improving the quality of their learning material. 

Second, we contribute to research around the ICAP Framework by indicating that IT 

might be able to bring learners into an interactive learning mode, which can be seen 

as the gold-standard in learning. Past research mainly focused on human partners to 

achieve learners’ interactive behavior. We showed that new emerging kinds of IT can 

bridge the gap between learners’ constructive and interactive learning mode. Third, 

we showed that Amazon MTurk might be a suitable platform for SPA research to test 

different aspects of SPAs in online learning environments without being dependent on 

resource-intensive laboratory and field experiments. 

Our work also has several implications for practice. First, we argue that the 

implementation of SPAs in online learning environments might enrich learners’ 
learning outcomes. SPA providers such as Amazon or Google offer large eco-systems 

that allow an educator to create their own SPAs with little or no programming 

knowledge. With this work, an educator might be motivated to create a SPA for their 

own learning environment. Second, MOOC providers such as Coursera and EdX 

might be inspired to offer SPA templates to their course providers in order to increase 

learning outcome and their own business value. 

With regard to the type of survey, the data collected and the corresponding analysis 

showed that MTurk is a suitable platform for evaluating SPAs in the e-learning 

context. The initial fear of time scarcity could not be confirmed, so that an increase in 

complexity seems possible. The samples show that a large part of the MTurk workers 

come from the USA and a smaller one from India. Overall, the structure of the 

samples is similar to that of recent studies on the demography of MTurk workers [38]. 

6 Limitations and Future Research 

There are a number of limitations to this study that should be noted. First, we used 

Amazon MTurk to examine the impact of a SPA on learning success. Despite the 

benefits of quick and reliable data, Amazon MTurk also has its downsides. There is a 

relatively small sample of MTurk workers who participate in academic studies each 

year. This means that most participants have been exposed to several experimental 

manipulations and, thus, might be biased. Moreover, MTurk workers might be less 

diverse than the general population. The population of MTurk workers is significantly 

less politically diverse, more highly educated, younger, and less religious compared to 

the normal population. However, in our study, we are interested in how interactions 

with SPAs influence online course students. Thus, the population of MTurk might be 

suitable. Nevertheless, it would be interesting to see if experiments with other 

samples can show similar effects. Second, the experiment duration was relatively 

short and under positive conditions. Such studies tend to produce better outcomes due 

to novelty effects and hyperattention to experiment details [39]. For future research, it 

would be interesting to see whether SPAs are able to increase learning outcomes over 

a longer period of time (e.g., over the period of an online course). Third, we used a 

SPA that was not able to adapt its questions to the answers of the learner. Thus, we 
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cannot be sure that the SPA was able to bring learner into an interactive learning 

behavior. Future studies should try to build SPAs that are able to analyze users’ 
answers and can act accordingly. Fourth, we only look at short-term learning 

outcomes. To identify the true impact of SPAs on learning, we also need insights 

about their long-term learning effects. Fourth, we tested the use of the SPA for a very 

narrow context (SWOT analysis task). Future research might test SPA interactions for 

different kinds of tasks and different kinds of knowledge (factual knowledge, 

applying knowledge, etc.). Fifth, the development of such a SPA is quite time-

consuming and is hardly transferable to different learning contexts. This raises the 

question about its practical value of SPAs.  Future research should try do develop 

design principles or patterns that help educators to create SPAs in an efficient way.  

7 Conclusion 

Our work answered the question whether the use of SPAs for online learning 

activities could increase learning outcomes. We designed and introduced a SPA on 

the Amazon MTurk platform where participants had to solve a SWOT analysis task 

with the help of SPAs. One group received text material only whereas the other group 

received text material and was able to interact with the SPA. The SPA interactions 

helped the learners to engage with the learning material in a meaningful way, 

resulting in increased learning outcomes. These findings let us assume that SPA 

interactions in online learning activities might be able to bring students into an 

interactive learning behavior, which is considered as gold standard according to the 

ICAP-Framework [40]. These findings contribute to intelligent tutoring system and 

online learning research. While further research is required, it appears that the use of 

new emerging SPAs are a promising enrichment for online learning environments. 
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Appendix 

Introductory text 

 “SWOT is a strategic planning technique used to help a person or organization 

identify strengths, weaknesses, opportunities, and threats related to business 

competition or project planning. 

The aim of SWOT is to specify the objectives of the business venture or project and 

identify the internal and external factors that are favorable and unfavorable to 

achieving those objectives. 

SWOT consists of internal factors and external factors. 

The internal factors are the strengths and weaknesses internal to the organization.  

External factors are the opportunities and threats presented by the environment 

external to the organization. 

Examples for internal factors are financial performance, human capital, know-how, 

image, customer loyalty, patents, corporate culture, leadership, human capital 

satisfaction or innovativeness. 

Examples for external factors are competitors as well as technological, cultural, social 

and political trends and changes. 

The difference between internal factors and external factors is that a business can 

actively influence internal factors, while a business for the most part only react to the 

external factors which affect the company's environment. 

To apply SWOT analysis, you have to name examples for each category for a given 

business.” 

Questions 

1. What is the difference between a strength and an opportunity? 

2. Please name a Strength for Amazon. 

3. Please name a Weakness for Volkswagen (german diesel car manufacturer). 

4. Please name an Opportunity for SpaceX (the space company by Elon Musk). 

5. Please name a Threat for Facebook. 

Subjective learning outcome items 

Please rate your level of agreement with the following statements. 

1. I have mastered the use of SWOT analysis. 

2. I cannot yet use SWOT analysis as well as I would like. 

3. I am able to perform SWOT analysis well. 

4. It is not yet possible for me to use SWOT analysis at the level I like. 

5. I think my ability to use SWOT analysis can be improved substantially. 
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