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Abstract
This study presents a novel approach contributing to our understanding of the de-
sign, development, and implementation AI-based systems for conducting double-
blind online randomized controlled trials (RCTs) for higher education research. The 
process of the entire interaction with the participants (n = 1193) and their allocation 
to test and control groups was executed seamlessly by our AI system, without hu-
man intervention. In this fully automated experiment, we systematically examined 
eight hypotheses. The AI-experiment strengthened five of these hypotheses, while 
not accepting three of the factors previously acknowledged in the literature as in-
fluential in students’ choices of universities. We showcased how AI can efficiently 
interview participants and collect their input, offering robust evidence through an 
RCT (Gold standard) to establish causal relationships between interventions and 
their outcomes. This approach may enable researchers and industry practitioners to 
collect data from large samples on which such experiments can be conducted with 
and by AI to produce statistically reproducible, reliable, and generalizable results 
in an efficient, rigorous and ethical way.

Keywords  AI-based chatbots · AI experiments · AI-led RCT · Social online 
experiments

1  Introduction

AI-based technologies can tailor user experiences and facilitate rapid, efficient data 
collection. This ability enables them to harness big data and drive significant advance-
ments across a wide range of domains, in research and beyond (Boyd & Crawford, 
2012). Among these AI technologies, chatbots, also known as virtual agents and con-
versational assistants, have become increasingly prevalent in business operations and 
marketing. They are versatile tools with diverse applications, ranging from customer 
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service and education to healthcare and public information dissemination. Their abil-
ity to drive efficiency and improve user experiences makes them invaluable assets 
across a plethora of fields. The healthcare sector, for example, has recognized the 
value of AI-driven chatbots as therapists and motivators for patients seeking mental 
guidance (Pandey et al., 2022). The public sector has also embraced chatbot integra-
tion, leveraging them on government websites and social media platforms to respond 
to customer queries and disseminate vital information. For instance, Androutsopou-
lou et al. (2019) found that chatbots were instrumental in conveying political and 
social messages effectively. What is more, the Australian Taxation Office’s chatbot, 
Alex, has achieved an impressive 80% resolution rate for customer inquiries with-
out human intervention (CX Central, 2019). In education, earlier studies found that 
chatbots aid learners in developing critical thinking and language skills (Goda et al., 
2014). Although not many studies have hitherto investigated the utility of chatbots in 
education (Hwang & Chang, 2023), a systematic literature review (SLR) by Wollny 
et al. (2021) found that education-oriented studies mainly focussed on the role chat-
bots play in pedagogy, mentoring (i.e., student’s personal development), and adapta-
tion (e.g., assessing student’s knowledge, ability, interest, confidence). This was in 
line with another SLR which found that educational chatbots are predominantly used 
to improve either student learning or services provided for them (Pérez et al., 2020). 
According to Sidaoui et al. (2020), chatbots have the capacity to transition from their 
conventional passive role as information sources to proactive interviewers. In this 
more active role, they can collect customized data and pose questions based on the 
input provided by respondents. As a result, interviews conducted through AI-pow-
ered chatbots have the potential to become a widely adopted and efficient method for 
gathering qualitative data, particularly when exploring subjective social phenomena 
in depth.

Widely considered the gold standard for measuring the efficacy of interventions, 
RCT (Randomized Controlled Trial) is a type of experiment that encompasses ran-
domly assigning subjects into control and experimental groups to compare the effects 
of given interventions. The random allocation of participants helps minimize bias 
and ensures that each group is representative of the overall population being studied. 
The strength of RCTs lies in their ability to provide strong evidence for establishing 
a causal relationship between the intervention and its outcomes. Building upon the 
interview-like survey and AI-based chatbot design developed by Cingillioglu et al. 
(2024), in this study, we demonstrated, compared, and validated students’ university 
choice factors. The data for both papers were collected from the same source. The 
difference of this paper from Cingillioglu et al. (2024) is twofold: (1) We showcased 
and compared the likelihood of students’ matriculation decision factors by Control 
and Experimental groups through the lenses of an AI-driven RCT, while Cingillio-
glu et al. (2024) used the same experiment to identify the decision factors impact-
ing students’ matriculation decisions through the lenses of educational research. (2) 
We used and analyzed supporting data of all participants providing eight structured 
responses aligning with and validating the RCT results for each of the eight decision 
factors under examination, while Cingillioglu et al. (2024) used no such supporting 
data for validation. The methodological and scoping extension of this study not only 
fortifies the integrity and reliability of each hypothesis but also serves to reinforce 
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the outcomes gleaned from the RCT. Hence, we can build upon existing knowledge 
by exploring the integration of AI technology in RCTs, discussing its implications for 
research efficiency, statistical power, and ethical conduct. Based on these new find-
ings, we also discuss the significance of AI-driven research methodology and how 
we can take a leap from traditional RCTs. Finally, we provide scenarios and recom-
mendations for future research.

2  Literature review

2.1  Chatbots in education

The integration of chatbots in education has garnered significant attention in recent 
years, prompting researchers to explore their impact on various facets of the learning 
environment. An SLR by Pérez et al. (2020) found that prior studies have explored 
the concept of chatbots mostly as interactive assistants, revealing their potential to 
support and engage students in the learning and service process. Another SLR by 
Okonkwo and Ade-Ibijola (2021) found that chatbot technology has been applied 
across diverse educational domains, encompassing teaching and learning (66%), 
administration (5%), assessment (6%), advisory roles (4%), as well as research and 
development (by students) (19%). They also identified the benefits and practical chal-
lenges associated with using chatbots in educational settings. Their findings high-
lighted the significance of chatbots in addressing the diverse needs of students, as 
well as in automating administrative tasks, alleviating the burden on educators, and 
allowing them to focus on more personalized interactions. By addressing challenges 
in education, such as resource constraints and teacher shortages, chatbots are consid-
ered to automate administrative tasks, enabling educators to focus on personalized 
interactions (Wollny et al., 2021).

More recently, chatbots are increasingly seen as catalysts for personalized learn-
ing, analysing individual learning patterns and preferences to tailor content delivery 
and adapt instructional methods (Chocarro et al., 2023). Accordingly, research by 
Gimhani et al. (2023) delved into the realm of student engagement, underscoring 
how chatbots contribute to sustained interest through natural language processing 
and gamification elements. In addition to allowing for real-time adjustments to indi-
vidual learning paces, by simulating conversational learning experiences, chatbots 
were found to enhance interactivity, making the educational process not only infor-
mative but also enjoyable (Kuhail et al., 2023). The gamification aspects introduced 
by these studies have set a precedent for incorporating game-like elements to sustain 
student engagement (González et al., 2023). As the field matures, researchers have 
also begun to grapple with ethical considerations surrounding the use of chatbots in 
education (Kooli, 2023).

2.2  Chatbots for interviews

With an ability to customize user experience and allow fast and efficient data col-
lection, AI-based technologies can generate big data to make significant progress in 
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a plethora of research and non-research areas (Boyd & Crawford, 2012). Chatbots 
also commonly referred to as virtual agents and conversational assistants are a form 
of AI-based technology that have increasingly been used in business operations and 
marketing to enhance customer satisfaction by delivering simple and fast information 
(Arsenijevic & Jovic, 2019). Chatbots have been used in education to help learners 
develop their critical thinking and language skills (Goda et al., 2014). There has also 
been a growing demand to utilize AI-led chatbots in healthcare to provide guidance, 
education, and prompt behaviour change for patients (Pandey et al., 2022). Likewise, 
in public sector chatbots have been integrated to government websites and social 
media to disseminate essential information, steer users through online services such 
as tax return submission inquiries (Australian Taxation Office’s chatbot Alex has 
resolved 80% of customer inquiries without human intervention (CX Central, 2019) 
and communicate political and social messages (Androutsopoulou et al., 2019).

Chatbots have the potential to take up the role of an interviewer by shifting from 
its traditional passive role of being a source of information to a more active role of 
collecting customized data and asking questions based on respondent input (Sidaoui 
et al., 2020). Therefore, interviews conducted via AI-powered chatbots may emerge 
as a widely used and efficient approach for gathering qualitative data that are perti-
nent to exploring subjective social phenomena in depth.

Due to their AI-augmented capabilities, chatbots have evolved into so much more 
than not just traditional qualitative interviews but also interactive online surveys. As 
discussed by Sidaoui et al. (2020) and shown in Table 1, chatbot interviews possess 
the benefits of a combination of the advantages of both online surveys (low cost, scal-
able, fast deployment, flexible availability, real-time analysis) and traditional inter-
views (rich data collection, customized, engaging) except for being able to detect 
body language and ladder questions like a human interviewer.

Chatbots can interact with users and inquire about their opinions and experiences 
by engaging in narrative conversations leveraging algorithms based on semantic and 
sentiment analysis (Sarkar, 2016). Chatbot interviews, unlike traditional interviews 
and online surveys, can engage respondents with conversational tools and materials 

Advantages Online 
surveys

Traditional 
interviews

Chatbot 
inter-
views

Low cost O O
Broad reach/scalability O O
Fast deployment/speed O O
Flexible availability O O
Real-time analysis O O
Rich data collection O O
Customized/personal/empathetic O O
Engaging/interactive O O
Laddering and probing questions O A
Body language detection O A
Multiformat conversation O
Automation O
Adaptable personality A

Table 1  Comparison of the 
advantages of online surveys, 
traditional interviews, and 
chatbot interviews

Note. Adapted from Sidaoui 
et al. (2020). “A” stands 
for further development 
potential via Augmentation. 
“O” stands for Observed (the 
corresponding advantage has 
already been observed)
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in multiformat (text, speech, 2D and 3D images), adapt to the personality of inter-
viewee, and leverage data mining techniques to extract meaning and intention from 
responses to potentially (Park et al., 2019).

A comparative field study found that the responses obtained by a conversational 
chatbot guided survey were clearer, more informative, specific, and relevant than the 
ones collected by a web survey on Qualtrics (Ziang et al., 2020). Kim et al. (2019) 
concluded that a chatbot survey generated higher-quality data than a web survey and 
another study that compared user experience between an AI-powered chat survey 
and a conventional computer survey revealed that users would rather interact with 
the chatbot than fill in a computer questionnaire (Te Pas et al., 2020). Chatbots were 
found to offer a higher level of user experience than online surveys do as respondents 
thought that the experience of engaging and conversing with chatbots was more fun 
than simply filling out online questionnaires. Although users knew that they were not 
interacting with a human but a machine, they preferred having such an experience to 
being alone in front of a form.

Furthermore, advanced chatbots use customized information about respondents 
during conversation to build rapport and provide personalized guidance allowing 
respondents feel at ease and develop a sense of ownership and commitment to the 
study (Reicherts et al., 2022). Customized data can be anything from the name of the 
respondent to background info, to a number, time, to a specific experience, to a per-
sonal choice. When a respondent provides such information at some point, the chatbot 
records and uses them as needed throughout the conversation. Because respondents 
see for themselves that they are being listened to and how their responses are val-
ued, they are more inclined to provide more in-depth, accurate and richer informa-
tion whilst conversing with a chatbot than they do while completing online forms. 
However, current chatbot technologies are not advanced enough to recognize verbal 
responses as accurately as humans do.

2.3  Electronic word of mouth

In early literature, Westbrook (1987) defined word-of-mouth (WOM) as a type of 
communication informing other consumers about the ownership, features or usage of 
products or their pre- and post-purchasing experience with sellers. Research indicated 
that consumers consider WOM a more reliable source of information than traditional 
media such as radio, TV, and print ads (Steffes & Burgee, 2009). Murray (1991) 
posited that consumers trust WOM to lower their perceived risk in their purchase 
decisions. Since consumers usually rely more on other consumers than sellers (Walsh 
& Mitchell, 2010). WOM can significantly impact the purchasing behaviour of buy-
ers (Villanueva et al., 2008) and is regarded as one of the most powerful sources of 
information shaping the decision-making of consumers (Jalilvand & Samiei, 2012; 
Huete-Alcocer, 2017).

Online or electronic Word-of-Mouth (eWOM), facilitated by the internet, serves 
as a digital counterpart to traditional offline WOM. Much like traditional WOM, 
eWOM involves the exchange of opinions—whether positive or negative—concern-
ing consumers’ prior experiences with products or services (Steffes & Burgee, 2009). 
Despite the online nature of eWOM, which may often hinder the audience’s ability to 
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judge the trustworthiness of information providers and their comments, research con-
sistently showed that consumers heavily depend on eWOM in their decision-making 
processes (Lopez & Sicilia, 2014; Yan & Wu, 2018).

2.4  Chatbot surveys

Surveys are a robust data collection method to draw inferences to populations 
(Couper, 2017). Through the intermediary of emerging technology, surveys allow 
researchers to collect big data from massive samples. Although traditional paper-
based surveys have a fixed questionnaire making respondents answer the same ques-
tions in a fixed order, interactive web surveys have the ability to validate responses, 
check for unacceptable answers or blank answers (Kizilcec & Schneider, 2015) and 
customize questions or the order of questions as per the preceding responses (Chris-
tian et al., 2009).

Interactive web surveys, however, are not built for narrative data collection like 
interviews are. Typically, in interviews people are asked structured, semi- or un-
structured questions and their verbal answers are recorded as part of a conversation. 
Due to respondents being an active participant in a mutual verbal conversation con-
taining probing, follow-up or laddering questions, interviews tend to have a higher 
completion rate and more potential to collect thick data (adding context as to why and 
how data eventuate) than interactive web surveys (Nishant et al., 2023).

Albeit powered by AI, chatbots are not equipped to understand human language 
unless they are specifically trained with datasets that tell them how to interpret and 
respond to specific words, phrases and sentences that might come up during a con-
versation with a human respondent (Sweeney et al., 2021). Using natural language 
processing (NLP) techniques such as topic modelling, aspect mining and sentiment 
analysis, AI-led chatbots can aim to detect and extract relevant information from 
sentences as every term and groups of terms used in a sentence get constantly com-
pared against their training database (Meng et al., 2023). However, it is not uncom-
mon where a response includes terms that have not been covered by the database. 
In that case, the AI fails to understand the respondent, and hence can neither record 
the response promptly nor provide an adequate answer to the response or generate a 
rational follow-up question (Ziang et al., 2020).

A vital feature of chatbot surveys is that they offer multiple choices to respondents. 
Due to the tree structure allowing researchers to frame the domain of their interest 
in accordance with a specific data collection goal, chatbots with a survey design can 
be more effective in terms of user experience than others that are designed to inter-
pret open-ended/free text responses (Kuhail et al., 2023). Although the information 
provided by respondents with free text can lead researchers to richer insights than 
those collected from multiple choices, there is a trade-off. Because of the inherent 
complexities and challenges of interpreting free text, in cases where the chatbot fails 
to understand user response, users might quickly get disappointed and discontinue 
the conversation (Rhim et al., 2022). This results in low response and completion 
rates. Unlike free text interpreting chatbots, chatbot surveys that provide multiple 
choices do not suffer from such issues because their AI have already been trained 
with each choice and each chatbot response or question is logically connected to the 
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preceding choice selected by the user. Therefore, survey design allows for a smooth 
transition from a chatbot question to a human response, and from a human response 
to a follow-up question.

Another major benefit of chatbots with survey design is that there is limited or 
no need for processing natural language during data collection and preparation for 
analysis. Since the AI of chatbot surveys has previously been trained with the terms 
of each choice, it does not have to apply NLP techniques to recognize and interpret 
the responses (Vannuccini & Prytkova, 2023). Whereas the relevancy and accuracy 
of collected data are subject to the performance of NLP technologies while process-
ing open-ended text, with their tree structure via multiple choices, chatbot surveys 
collect and record relevant data that are immune to false recognition and misinterpre-
tation (Park et al., 2022).

3  Methodology

3.1  Chatbot architecture

We designed an AI-led interview-like survey, powered by IBM’s virtual chatbot 
agent, Watson Assistant, to gather open-ended qualitative and structured quantitative 
data, and ran a double-blind experiment to determine the factors impacting students’ 
matriculation decisions (Fig.  1). The AI-led chatbot (AILC) that we built for this 
study (i.e., collecting data from and running an experiment on participants) has a 
nested tree structure comprised of conditional nodes and branches guiding the par-
ticipant back to a relevant part of the conversation. It is capable of processing open-
ended natural language responses, recognizing all plausible responses, reprompting 
implausible ones and compensating for misunderstandings. This is possible because it 
is equipped with a confirmation feedback mechanism (Confirmatory Feedback Loop 

Fig. 1  Flowchart of the training and deployment of AI-led chatbot (AILC), double-blind participant 
allocation, attaining causal inference through structured primary data and subsequent training of AILC 
with updated factors based on the initial experiment’s structured and unstructured primary data. Note. 
CTRL: Control Group; SSQ: Semi-structured Questions; CFL: Confirmatory Feedback Loop; NLP: 
Natural Language Processing; N: Total number of participants being recruited from Prolific. *: Super-
vised; **: Semi-supervised; ***: Unsupervised
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(CFL)) allowing the AILC to guide or redirect the human respondent (RRP: Redirec-
tion via Rephrase Prompt) when needed and confirm the allocation of an identifiable 
and relevant response to its pre-assigned code. As a result, structured quantitative 
data and unstructured qualitative data are produced as final output. Structured data 
are utilized to draw causal inferences between each tested independent variable (IV) 
(e.g., Campus location (proximity to home, convenience, and comfort), safety and 
physical appeal, and vibe of the city) and dependent variable (DV) (Student prefer-
ence (i.e., university choice)). AILC is designed to run the experiment unsupervised 
making double blind and random allocations, conversing with, and collecting infor-
mation from participants, and storing data in structured and unstructured form to be 
either analysed for causal inference or passed back to its internal model for recalibra-
tions applicable to future experiments (See Experiment Design next).

A novel feature of the AILC is its capability to randomly assign anonymous par-
ticipants to the Control and Test groups in a fully unsupervised way. Although poten-
tial participants are aware of the general context of the study (assuming they read 
the content provided in consent forms properly), they are unaware of to which group 
(i.e., CTRL or one of the Test Groups) they are allocated. Due to the unsupervised 
nature of this process, the researchers are also entirely unaware of this allocation. 
However, for post-experiment checking, we (researchers) were able to see to which 
groups all the participants were allocated. This was made possible with nine distinct 
Random Allocation (RA) codes assigned to each one of the nine groups by the AI.

AILC simulates a one-on-one interview by engaging respondents and prompting 
them with follow-up and laddering questions. However, unlike traditional interviews, 
the form of interaction capability we integrate to this chatbot is textual rather than 
verbal. We opted not to use a voicebot so as not to sacrifice the voice/speech recogni-
tion accuracy of verbal responses during their speech-to-text conversion. Chaves et 
al. (2022) demonstrated that language variation in terms of register characteristics 
may significantly impact user experience and understanding. Since interviews are 
generally expected to have a verbal nature, we do not describe our data collection 
methodology as an interview, but due to its textual form of interaction, we named it a 
chatbot-led interview-like survey.

3.2  Experiment design

We adopted a goal-oriented adaptive experiment design through which the experi-
ment platform is run automatically by the AI and the design of a new experiment 
is based on the outcomes of its predecessors. Upon running the experiment, the AI 
produces structured output which are used to draw causal inferences and update the 
structure and constructs of subsequent experiments. For instance, if a decision factor 
(i.e., IV) is found to have no causal relationship with the DV, its ‘entity’ is removed 
from the new experiments’ design along with its input prompts in the dialogue. As a 
result, new participants will not be asked or prompted with semi-structured questions 
about this factor anymore unless a new experiment captures it as unstructured input 
and puts it back in the internal model. This logic is utilized not only to remove fac-
tors but also to introduce new factors as the AI records unstructured output, typically 
in free-text format, which is later explored by the AI and human researchers through 
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content analysis. The resulting insights are then integrated into the internal model to 
capture further insights about the phenomenon. This cycle is adaptive and iterative 
in nature in a way that the constructs and parameters of new experiments are condi-
tioned upon the collected, collated, measured, and processed results of former experi-
ments. The adaptable nature of the AI-driven experiment design can also potentially 
enhance the efficient allocation of resources, such as determining the appropriate 
sample size, for future experiments based on the statistical measures (e.g., Cohen’s d, 
Power) applied to the preceding experiments.

3.2.1  Hypotheses

We developed the following hypotheses to make causal inferences regarding what 
factors in the form of positive eWOM from social media impact students’ university 
choices.
H0: Social media content in the form of positive eWOM about a university has no 
effect on students’ likelihood to enrol in that university.
H1: Positive eWOM on social media about a university’s reputation, image, and 
ranking increases the likelihood for students to enrol in that university.
H2: Positive eWOM on social media about a university’s living and study costs, avail-
ability of scholarships and access to technology, research, and facilities increases the 
likelihood for students to enrol in that university.
H3: Positive eWOM on social media about a university’s work and internship place-
ments during study and job prospects upon graduation increases the likelihood for 
students to enrol in that university.
H4: Positive eWOM on social media about a university’s ease of admission, entrance 
requirements and open communication with admissions staff increases the likelihood 
for students to enrol in that university.
H5: Positive eWOM on social media about a university’s campus location including 
proximity to home, convenience and comfort, safety, physical appeal, and vibe of the 
city increases the likelihood for students to enrol in that university.
H6: Positive eWOM on social media about a university’s availability, flexibility and 
attractiveness of the course and on-campus support services increases the likelihood 
for students to enrol in that university.
H7: Positive eWOM on social media about students’ prior knowledge of the study 
destination increases the likelihood for students to enrol in that university.
H8: Positive eWOM on social media about a university’s collaboration with other 
universities increases the likelihood for students to enrol in that university.

3.2.2  Group formation and the constant

We adopt a true experimental research design to establish causation between indepen-
dent and dependent variables. Globally recruited participants are randomly allocated 
to a Control and 8 Experimental (Test) Groups to prove the hypotheses. Conditions 
in all groups are the same except for a single condition applied to each different 
experimental group at a time. The participants are distributed to one of the 9 groups 
randomly without knowing the conditions to which they are subject, or to which 
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group they belong (blind allocation). To maximize the benefits of a true experiment 
and eliminate any potential confirmation or researcher bias, thus avoid false posi-
tive conclusions, we implement a double-blind experimental design. Since simple 
randomization allows for complete randomness of the allocation of a participant to a 
specific group (Suresh, 2011), the random allocation of the participants to the groups 
was handled by the chatbot using a simple randomization algorithm. As a result, not 
only the participants, but we (researchers) are unaware of who is allocated to which 
group and subject to which intervention.

With this true experimental double-blind design including 1 control and 8 experi-
mental groups, the AILC, which we named Sydn-e, randomly allocates 1193 partici-
pants to one of the 9 groups. Participants in all groups receive the same information 
(Constant) about studying at a university. The text of the Constant was extracted from 
the webpages of the top five ranked (by Times Higher Education 2022) universities 
in the world: University of Oxford, California Institute of Technology, Harvard Uni-
versity, Stanford University, and University of Cambridge. We deliberately selected 
general phrases that are commonly used by many other universities around the 
world and do not identify or distinguish these universities in any way. Furthermore, 
to achieve commonality and moderation, we refrain from using distinguishing words 
such as “leading”, “top’, and “best”. The participants are anticipated to construe the 
statements of the Constant as originating from a single university.

Constant:
We offer a range of precious opportunities for personal growth and professional 

development as well as combine rich history and tradition with the innovative and 
forward-thinking approach of a modern university. Our students create and apply 
knowledge by thinking and doing, preparing for leadership in a rapidly changing 
world. Courses, taught by esteemed faculty members and enhanced by our unparal-
leled libraries and resources, will take you as far as your imagination allows. Here, 
you’re going to be part of a community—one where everybody works hard, but that 
also takes a breather every now and then. In fact, the students who do best here 
already have some kind of outlet, such as theater, athletics, or the arts.

3.2.3  Interventions

We identified 9 matriculation decision factors from literature (Cingillioglu et al., 
2023). One of them is eWOM which we deemed not an actual decision factor but 
simply a key channel for prospective students to be informed about and consider 
other decision factors while selecting a HEI. Therefore, we incorporated eWOM as 
a means to relay information during the chat about the rest of the identified factors. 
For example, participants who were assigned at random to Experimental Group 3 by 
the AI were provided with positive eWOM information regarding work and intern-
ship placements during study and job prospects upon graduation. They received the 
following text: “Imagine you read the following post about this University on social 
media:

This University helped me find a good internship while studying which led to my 
first full-time job at a reputable firm after graduation… Moreover, you read this mes-
sage about the same University on social media: I know for a fact that this University 
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has a great career network, plenty of opportunities …” In addition to the Constant, 
except for the ones in the Control group (CTRL), participants in the 8 experimental 
groups (EGs) were exposed to a different set of information (Intervention) presented 
in the form of positive eWOM on social media highlighting a distinct factor that may 
influence their choice about studying at a hypothetical university.

The 8 independent variables (IVs) employed as interventions for the 8 EGs com-
prised: IV1: University reputation, image and ranking, IV2: Living and study costs, 
availability of scholarships and access to technology, research and facilities (build-
ings, libraries, science labs, etc.); IV3: Work and internship placements during study 
and job prospects upon graduation, IV4: Ease of admission, entrance requirements 
and open communication with admissions staff; IV5: Campus location (proximity to 
home, convenience and comfort), safety and physical appeal, and vibe of the city; 
IV6: Availability, flexibility and attractiveness of the course (in line with career aspi-
rations and earning potential) and on-campus support services; IV7: Prior knowledge 
of the study destination; and IV8: Collaboration with other universities. Each EG and 
its corresponding IV were allocated a number (from 1 to 8) and tested against the 
CTRL Group (Table 2).

We then tested the effect of each IV independently on a single dependent variable 
(DV): The likelihood of the participant to enrol in this university. We used a 5-point 
Likert scale (5: Absolutely; 4: Yes, why not; 3: Not sure; 2: Not really; 1: No way) to 
measure the decisions of participants in a hypothetical scenario assuming that they 
are about to make a university choice based on the information they read in the Con-
stant and/or one of the eight Interventions (i.e., IVs) conveyed in the form of positive 
eWOM.

3.2.4  Interview strategy

While devising the interview questions and strategy, we programmed the AILC 
(Sydn-E) to ask open-ended and semi-structured questions (SSQ) to surface rich 
information and while staying focused on the objectives of the study. These questions 
have been carefully crafted to be both easily comprehensible and to maintain a sense 
of sensibility, relevance, and neutrality. As a strategy, we start off with questions that 
the respondents can easily answer such as “Are you currently studying at a univer-
sity?” and “when did you start?” Then we proceed to more intricate matters such as 
factors that may have affected their matriculation decision and whether eWOM had 
any impact on their decision. We aim to put participants at ease and build up rapport 
and confidence with them. As a result, we aim to see that they open up and provide 
rich insights improving the depth and quality of the information collected.

Throughout the interviews, Sydn-E does not interfere with the respondents’ story 
telling at any stage even if they go off topic. However, Sydn-E utilizes confirmatory 
feedback loop (CFL) to bring respondents back on track if necessary. Since it is our 
main goal to extract information about the matriculation decision factors, respon-
dents are prompted to not only determine the level of importance for all pre-coded 
and defined factors but also talk about any other non-defined factors that may impact 
their university choices.
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Group RA 
Code

Module IV Factor Intervention Dialogue

CTRL Ptc45 Constant NA NA
EG1 Mnk19 Con-

stant + IV1
Reputation, 
image, and 
ranking

In addition, imagine you read the following post 
about this University on social media:
“The Times Higher Education ranked this Uni-
versity among the top universities in the world 
for a range of disciplines.”
#10-second Pause
Moreover, you read this message about the same 
University on social media:
“The University’s faculty and research are 
world-renowned, as it has excellent reputation 
and image both nationally and internationally…”

EG2 Knr24 Con-
stant + IV2

Living and 
study costs, and 
availability of 
scholarships

In addition, imagine you read the following post 
about this University on social media:
“This University is quite affordable, and also 
known for its extensive scholarship program…”
#10-second Pause
Moreover, you read this message about the same 
University on social media:
“I lived on and off campus whilst studying at 
this University and I must say it was much more 
affordable than many other places …”

EG3 Hpm38 Con-
stant + IV3

Work and intern-
ship placements 
during study and 
job prospects 
upon graduation

In addition, imagine you read the following post 
about this University on social media:
“This University helped me find a good intern-
ship while studying which led to my first full-
time job at a reputable firm after graduation…”
#10-second Pause
Moreover, you read this message about the same 
University on social media:
“I know for a fact that this University has a great 
career network, plenty of opportunities …”

EG4 Gwn42 Con-
stant + IV4

Ease of admis-
sion, entrance 
requirements 
and open com-
munication with 
admissions staff

In addition, imagine you read the following post 
about this University on social media:
“My admission process at this University was 
fast and easy, and the entrance requirements were 
not hard to meet at all …”
#10-second Pause
Moreover, you read this message about the same 
University on social media:
“I had a pleasant experience with the Univer-
sity’s admissions staff: they were responsive and 
quick to guide me through the whole process…”

Table 2  Group ids, random allocation codes, module (constant and IV code), IV factors and intervention 
dialogues
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3.2.5  Participant recruitment

We used Prolific to recruit participants from all around the world (Fig. 2) with an 
age range spanning from 18 to 30 years. The mean age of the sample was 25.6 years 
(SD = 2.1). The distribution of gender was balanced, with 48.5% female and 51.5% 
male participants. Our selection criteria included individuals who had completed 
high school, were using at least one social media platform, and were native English 

Group RA 
Code

Module IV Factor Intervention Dialogue

EG5 Bmr57 Con-
stant + IV5

Campus location 
(proximity to 
home, conve-
nience, and 
comfort), safety 
and physical ap-
peal, and vibe of 
the city

In addition, imagine you read the following post 
about this University on social media:
“This University is centrally located which is 
important to me because I can visit my parents 
anytime I want since home is not far away…”
#10-second Pause
Moreover, you read this message about the same 
University on social media:
“I love the city and the campus because it is safe, 
conveniently located, vibrant and close to many 
attractions…”

EG6 Mha68 Con-
stant + IV6

Availability, 
flexibility and 
attractiveness of 
the course and 
on-campus sup-
port services

In addition, imagine you read the following post 
about this University on social media:
“The flexibility of the program I’m currently 
studying at this University suits my work-study-
life balance, it is also quite relevant to my career 
aspirations …”
#10-second Pause
Moreover, you read this message about the same 
University on social media:
“I am really happy with the availability of the 
courses and on-campus support I’ve received at 
this University…”

EG7 Ghw71 Con-
stant + IV7

Prior knowledge 
of the study 
destination

In addition, imagine you read the following post 
about this University on social media:
“It was a relief to be familiar with the city and I 
enjoy the benefits of knowing the place before I 
even started studying at this University …”
#10-second Pause
Moreover, you read this message about the same 
University on social media:
“I could quickly adjust to the city because I’d 
lived there for a while before I enrolled …”

EG8 Yrk86 Con-
stant + IV8

Collabora-
tion with other 
universities

In addition, imagine you read the following post 
about this University on social media:
“This University has research collaborations with 
many other universities all around the world.”
#10-second Pause
Moreover, you read this message about the same 
University on social media:
“Thanks to the University’s student exchange 
arrangements, I can choose to study a whole year 
at a university in another country …”

a CTRL: Control Group; EG: Experimental Group; IV: Independent Variable; RA: Random Allocation

Table 2  (continued) 
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speakers. To avoid sampling participants from only a small number of countries, we 
posted the chat survey on Prolific at five different times. We also activated the option 
on Prolific allowing us to exclude participants who have already been recruited in 
the previous instances of the survey. As a result, we could maintain a more balanced 
representation of the true population covered by all habitable continents in the world 
and thus improve the study’s external validity.

.

4  Results

In total, 1223 participants completed the chat survey. Sydn-E rejected 2.45% of them 
(30/1223) on the grounds of (1) intra-item inconsistency or (2) lack of attention or 
inadequate input. An example of (1): intra-item inconsistency is when a participant in 
EG1 (reputation & global ranking group) answered “Very unlikely” to the enrolment 
questions, but then answered “Very important” to the reputation and global ranking 

Fig. 2  Distribution of the count of study time (i.e., year); domestic and international students; study 
locations, and study status. Note (1) Study Time question: “When did you start studying there?”Note 
(2) Domestic/International student question: “Would you consider yourself a domestic or international 
student?” Note (3) Study Location question: “Where is it?” (The higher education institution). Note (4) 
Study Status question: “Are you currently studying at a higher education institution?” Yes: “Yes, I am.” 
| no_butintendto: “No, but I intend to enrol in one.” | no_infive: “No, but I was enrolled in one in the 
last 5 years.” | no_outfive: “No, but I was enrolled in one more than 5 years ago.” Note (5) Null values 
in Study Time: Since some of the participants are not current students or have not studied before but 
intend to enrol in a HEI (responded to the Study Status question as: “No, but I intend to enrol in one”), 
they did not answer “When did you start studying there?” question. In the dataset, these non-responses 
appear as NA (Not Available) thus have been aggregated upon one Null value
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question. Sydn-E detected only 8 cases with this issue. When a participant entered 
meaningless text (e.g. just a number or nothing) or inadequate text (e.g. “ok”, “not 
sure”, “yes”, “of course”) in both open-ended questions, this was considered a case 
of (2): lack of attention or inadequate input. Sydn-E detected 22 cases with this issue.

Prolific provided Sydn-E with replacements for the participants who did not 
complete the survey or the ones whose submissions were rejected by Sydn-E (and 
confirmed by us manually). However, after we accepted the eligible participants 
on Prolific, we realized that 7 of them were duplicates (same participants). So, we 
removed their responses from analysis. As a result, our final sample size was 1193. 
Upon reviewing the allocation of participants to the CTRL and EGs, we observed 
that all of the groups met the minimum requirement of participant numbers (> 122), 
as determined earlier with the Power analysis.

4.1  Experiment results

4.1.1  Descriptive statistics

When we inspect the descriptive statistics pertaining to the Control (CTRL) and 
Experimental Groups’ (EGs) results, we notice that CTRL had the lowest mean 
(3.74), whereas EG1 had the highest mean (4.3) among all groups (Table 3). The EGs 
with the lowest means were EG4 (3.76), EG7 (3.83) and EG8 (3.91). The median 
of all groups was 4 except for EG1 which had a median of 5. We also notice that all 
groups contained between 122 and 144 participants (Table 3). This is in line with 
what we aspired to achieve in accordance with Power Analysis before Sydn-E ran 
the experiment. More importantly we found that 100% of the eligible participants 
were randomly allocated by Sydn-E to one of the nine groups seamlessly. This was 
because each participant could successfully confirm the RA code which was nei-
ther case nor whitespace sensitive and Sydn-E was capable of disambiguating, fuzzy 
matching, and handling typos.

Table 3  Descriptive statistics of the participant responses in control (CTRL) and experimental groups 
(EG1:EG8)

CTRL EG1 EG2 EG3 EG4 EG5 EG6 EG7 EG8
Mean 3.7431 4.2721 4.1042 4.1926 3.7623 4.1212 4.1308 3.8346 3.9106
Standard Error 0.0762 0.0805 0.0722 0.0652 0.0856 0.0745 0.0728 0.0804 0.0730
Median 4 5 4 4 4 4 4 4 4
Mode 4 5 4 4 4 4 4 4 4
SD 0.9141 0.9386 0.8668 0.7580 0.9452 0.8563 0.8296 0.9064 0.8099
Sample 
Variance

0.8356 0.8810 0.7513 0.5746 0.8934 0.7333 0.6882 0.8216 0.6559

Kurtosis -0.0628 2.0433 0.3506 -0.7922 0.9065 1.5491 0.0525 0.9583 -0.6665
Skewness -0.4126 -1.4438 -0.7921 -0.4426 -0.8782 -1.0513 -0.7463 -0.8344 -0.2109
Range 4 4 4 3 4 4 3 4 3
Minimum 1 1 1 2 1 1 2 1 2
Maximum 5 5 5 5 5 5 5 5 5
Sum 539 581 591 566 459 544 537 487 481
Count 144 136 144 135 122 132 130 127 123
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4.1.2  Hypothesis testing results

As discussed earlier, we used both two-sample t-test for comparing the means 
between the Control Group and each one of the eight Experimental Groups, and 
Mann-Whitney U test (Wilcoxon rank-sum test) to determine whether there is a sig-
nificant difference between the distributions of these compared groups. Importantly, 
the results of both tests were consistent (Table 4) indicating that the p-values of the 
following compared groups: CTRL & EG1, CTRL & EG2, CTRL & EG3, CTRL & 
EG5, and CTRL & EG6 were less than 0.001 (statistically significant); whereas the 
p-values of other groups, namely CTRL & EG4, CTRL & EG7, and CTRL & EG8 
were larger than 0.1. Since five factors in five EGs (EG1, EG2, EG3, EG5, and EG6) 
were statistically significant, we can reject the Null hypothesis: H0: Social media 
content in the form of positive eWOM about a university has no effect on students’ 
likelihood to enroll in that university.

Specifically, Table 4 in tandem with Table 5 can be interpreted for each alternative 
hypothesis as follows:

H1: Positive eWOM on social media about a university’s reputation, image, and 
ranking increases the likelihood for students to enroll in that university. Since the 
p-values of both t-test and Mann-Whitney test for CTRL & EG1 are extremely small 
(< 0.001) and substantially less than the commonly used significance level of 0.05 
and even 0.01, there is strong evidence against the null hypothesis (t-test: true dif-
ference in means is equal to 0; Mann-Whitney test: true location shift is equal to 0). 
Furthermore, the negative t-value (-4.774) suggests that EG1 has a higher mean com-
pared to CTRL, and the 95% confidence interval (95%CI) provides the range [-0.747, 
-0.311] within which the true difference in means likely falls (Table 4). Therefore, 
we accept H1 and confirm that positive eWOM on social media about a university’s 
reputation, image, and ranking increases the likelihood for students to enroll in that 
university (Table 5).

H2: Positive eWOM on social media about a university’s living and study costs, 
availability of scholarships and access to technology, research, and facilities increases 

Table 4  Statistics of the experiment results incorporating welch two-sample t-test and mann-whitney U 
test
Compared 
Groups

Welch Two Sample t-test Mann-Whitney U 
Test

Impact Rank t df 95%CI p-value W p-value
CTRL vs. EG1 1 -4.774 276.06 [-0.747, -0.311] < 0.001* 6420.0 < 0.001*
CTRL vs. EG2 5 -3.444 285.85 [-0.566, -0.154] < 0.001* 8093.5 < 0.001*
CTRL vs. EG3 2 -4.482 272.98 [-0.647, -0.252] < 0.001* 7094.0 < 0.001*
CTRL vs. EG4 - -0.168 253.86 [-0.245, 0.206] 0.867 8503.5 0.634
CTRL vs. EG5 4 -3.548 273.87 [-0.588, -0.168] < 0.001* 7202.5 < 0.001*
CTRL vs. EG6 3 -3.681 271.99 [-0.595, -0.180] < 0.001* 7098.0 < 0.001*
CTRL vs. EG7 - -0.827 265.32 [-0.310, 0.127] 0.409 8516.0 0.300
CTRL vs. EG8 - -1.588 264.64 [-0.375, 0.040] 0.114 8044.5 0.171
Note1. Mann-Whitney U test: Wilcoxon rank-sum test with continuity correction
Note2. Impact rank is based on the t statistic
* Statistically significant at 0.001 level
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the likelihood for students to enroll in that university. Since the p-values of both 
t-test and Mann-Whitney test for CTRL & EG2 are extremely small (< 0.001) and 
substantially less than the commonly used significance level of 0.05 and even 0.01, 
there is strong evidence against the null hypothesis (t-test: true difference in means 
is equal to 0; Mann-Whitney test: true location shift is equal to 0). Furthermore, the 
negative t-value (-3.444) suggests that EG2 has a higher mean compared to CTRL, 
and the 95% confidence interval (95%CI) provides the range [-0.566, -0.154] within 
which the true difference in means likely falls (Table 4). Therefore, we accept H2 and 
confirm that positive eWOM on social media about a university’s living and study 

Hypoth-
esis

Description Result

H0 Social media content in the form of positive 
eWOM about a university has no effect 
on students’ likelihood to enroll in that 
university.

Reject

H1 Positive eWOM on social media about a 
university’s reputation, image, and ranking 
increases the likelihood for students to 
enroll in that university.

Accept

H2 Positive eWOM on social media about a 
university’s living and study costs, availabil-
ity of scholarships and access to technology, 
research, and facilities increases the likeli-
hood for students to enroll in that university.

Accept

H3 Positive eWOM on social media about a 
university’s work and internship placements 
during study and job prospects upon gradu-
ation increases the likelihood for students to 
enroll in that university.

Accept

H4 Positive eWOM on social media about a 
university’s ease of admission, entrance 
requirements and open communication with 
admissions staff increases the likelihood for 
students to enroll in that university.

Not 
accept

H5 Positive eWOM on social media about a 
university’s campus location including 
proximity to home, convenience and com-
fort, safety, physical appeal, and vibe of the 
city increases the likelihood for students to 
enroll in that university.

Accept

H6 Positive eWOM on social media about 
a university’s availability, flexibility and 
attractiveness of the course and on-campus 
support services increases the likelihood for 
students to enroll in that university.

Accept

H7 Positive eWOM on social media about 
students’ prior knowledge of the study des-
tination increases the likelihood for students 
to enroll in that university.

Not 
accept

H8 Positive eWOM on social media about a 
university’s collaboration with other univer-
sities increases the likelihood for students to 
enroll in that university.

Not 
accept

Table 5  Descriptions and results 
of hypotheses
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costs, availability of scholarships and access to technology, research, and facilities 
increases the likelihood for students to enroll in that university (Table 5).

H3: Positive eWOM on social media about a university’s work and internship 
placements during study and job prospects upon graduation increases the likelihood 
for students to enroll in that university. Since the p-values of both t-test and Mann-
Whitney test for CTRL & EG3 are extremely small (< 0.001) and substantially less 
than the commonly used significance level of 0.05 and even 0.01, there is strong evi-
dence against the null hypothesis (t-test: true difference in means is equal to 0; Mann-
Whitney test: true location shift is equal to 0). Furthermore, the negative t-value 
(-4.482) suggests that EG3 has a higher mean compared to CTRL, and the 95% con-
fidence interval (95%CI) provides the range [-0.647, -0.252] within which the true 
difference in means likely falls (Table 4). Therefore, we accept H3 and confirm that 
positive eWOM on social media about a university’s work and internship placements 
during study and job prospects upon graduation increases the likelihood for students 
to enroll in that university (Table 5).

H4: Positive eWOM on social media about a university’s ease of admission, 
entrance requirements and open communication with admissions staff increases the 
likelihood for students to enroll in that university. Since the p-values of both t-test and 
Mann-Whitney test for CTRL & EG4 are larger than the commonly used significance 
level of 0.05 and even 0.1, there is not enough evidence against the null hypothesis 
(t-test: true difference in means is equal to 0; Mann-Whitney test: true location shift is 
equal to 0). Furthermore, we also notice that the true difference in means falls within 
the 95%CI range of [-0.245, 0.206] (Table 4). Therefore, we cannot accept H4 and 
cannot state that positive eWOM on social media about a university’s ease of admis-
sion, entrance requirements and open communication with admissions staff increases 
the likelihood for students to enroll in that university (Table 5).

H5: Positive eWOM on social media about a university’s campus location includ-
ing proximity to home, convenience and comfort, safety, physical appeal, and vibe 
of the city increases the likelihood for students to enroll in that university. Since the 
p-values of both t-test and Mann-Whitney test for CTRL & EG5 are extremely small 
(< 0.001) and substantially less than the commonly used significance level of 0.05 
and even 0.01, there is strong evidence against the null hypothesis (t-test: true dif-
ference in means is equal to 0; Mann-Whitney test: true location shift is equal to 0). 
Furthermore, the negative t-value (-3.548) suggests that EG5 has a higher mean com-
pared to CTRL, and the 95% confidence interval (95%CI) provides the range [-0.588, 
-0.168] within which the true difference in means likely falls (Table 4). Therefore, we 
accept H5 and confirm that positive eWOM on social media about a university’s cam-
pus location including proximity to home, convenience and comfort, safety, physi-
cal appeal, and vibe of the city increases the likelihood for students to enroll in that 
university (Table 5).

H6: Positive eWOM on social media about a university’s availability, flexibility 
and attractiveness of the course and on-campus support services increases the likeli-
hood for students to enroll in that university. Since the p-values of both t-test and 
Mann-Whitney test for CTRL & EG6 are extremely small (< 0.001) and substan-
tially less than the commonly used significance level of 0.05 and even 0.01, there is 
strong evidence against the null hypothesis (t-test: true difference in means is equal 
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to 0; Mann-Whitney test: true location shift is equal to 0). Furthermore, the negative 
t-value (-3.681) suggests that EG6 has a higher mean compared to CTRL, and the 
95% confidence interval (95%CI) provides the range [-0.595, -0.180] within which 
the true difference in means likely falls (Table 4). Therefore, we accept H6 and con-
firm that positive eWOM on social media about a university’s availability, flexibility 
and attractiveness of the course and on-campus support services increases the likeli-
hood for students to enroll in that university (Table 5).

H7: Positive eWOM on social media about students’ prior knowledge of the study 
destination increases the likelihood for students to enroll in that university.Since the 
p-values of both t-test and Mann-Whitney test for CTRL & EG7 are larger than the 
commonly used significance level of 0.05 and even 0.1, there is not enough evi-
dence against the null hypothesis (t-test: true difference in means is equal to 0; Mann-
Whitney test: true location shift is equal to 0). Furthermore, we also notice that the 
true difference in means falls within the 95%CI range of [-0.310, 0.127] (Table 4). 
Therefore, we cannot accept H7 and cannot state that positive eWOM on social media 
about students’ prior knowledge of the study destination increases the likelihood for 
students to enroll in that university (Table 5).

H8: Positive eWOM on social media about a university’s collaboration with other 
universities increases the likelihood for students to enroll in that university. Finally, 
since the p-values of both t-test and Mann-Whitney test for CTRL & EG8 are larger 
than the commonly used significance level of 0.05 and even 0.1, there is not enough 
evidence against the null hypothesis (t-test: true difference in means is equal to 0; 
Mann-Whitney test: true location shift is equal to 0). Furthermore, we also notice that 
the true difference in means falls within the 95%CI range of [-0.375, 0.040] (Table 4). 
Therefore, we cannot accept H8 and cannot state that positive eWOM on social media 
about a university’s collaboration with other universities increases the likelihood for 
students to enroll in that university (Table 5).

To sum up, we accepted H1, H2, H3, H5, and H6, whereas we did not accept H4, 
H7, and H8. It should be noted that “not accepting” a hypothesis is not the same as 
“rejecting” it. We rejected the H0 because there is strong evidence that contradicts it. 
However, we could only “not accept” H4, H7, and H8 because there is insufficient 
evidence to accept them. By inspecting the interquartile range (IQR) of each group, 
we can also visually distinguish the experimental groups with accepted hypotheses 
(EG1: H1, EG2: H2, EG3: H3, EG5: H5, and EG6: H6) from the ones with non-
accepted hypotheses (EG4: H4, EG7: H7, EG8: H8) (Fig. 3).

4.1.3  Supporting data

As explained before, during the chat with Sydn-E after the experiment response was 
collected, all 1193 participants were asked to provide eight structured responses to 
the questions relating to all eight decision factors examined. Supporting the robust-
ness and internal validity of each test, these responses bolster the results of the exper-
iment. Descriptive statistics of these eight variables are shown in Table 6.

As shown in Table 5, “Uni_collab” and “Know_city” are the decision factors with 
the lowest Means (2.9 and 3.2 respectively), followed by “Ease_admis” (M = 4.0). 
These factors are the only ones that were not accepted in our hypothesis testing. 
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Whereas the accepted factors, “Rep_rank”, “Work_opp”, “Cam_loc”, and “Cour_
attr” yielded significantly higher means such as 4.2, 4.5, 4.3 and 4.4 respectively. It 
should be noted that the question for the “Cost” had a different structure from the rest 
of the questions as it was asking for “Which university would a participant prefer in 
terms of overall costs?” and the mean for all participants was 2.9 (slightly less than 
“Average” cost).

5  Discussion and implications

5.1  Students’ university choices

The pivotal juncture in the academic trajectory of prospective students lies in the 
discernment and selection of a university, a decision profoundly influenced by an 
amalgamation of multifaceted inputs emanating from diverse sources. Foremost 
among these influences are the unfiltered perspectives and experiences shared by 
both current and former students, providing an unblemished lens into the univer-
sity’s value proposition. These unvarnished narratives encapsulate a spectrum of 
sentiments, spanning from overall satisfaction among students and faculty to con-
tentment with academic rigor, campus life, and the pedagogical milieu. Testimonials 
and real-life experiences contribute substantively to a nuanced comprehension of the 
university’s ethos. Additionally, students’ feedback on specific courses and faculty 
members offers granular insights, enabling prospective students to tailor their choices 

Fig. 3  Likelihood of enrolment by control (CTRL) and experimental groups (EGs). IQR= [Q1:Q3]. 
Note. $person: name of the participant recorded at the beginning of the chat
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in accordance with their educational preferences. Beyond the façade of embellished 
descriptions, there is an increasing proclivity among prospective students to seek 
unadulterated perspectives, ensuring well-rounded decisions aligned with both aca-
demic and personal aspirations.

In the minds of prospective students, the post-graduation landscape holds utmost 
significance. Information regarding the university’s provision of career services, 
post-graduation employment rates, the nature of employers recruiting from the insti-
tution, and the average post-graduation salary constitutes a critical determinant in 
the enrolment decision-making process. Furthermore, insights into placement oppor-
tunities and the intricacies of campus life bolster the appeal of a university and its 
programs as an efficacious springboard for a flourishing career. Equally pivotal are 
avenues for internships or work experiences, furnishing a practical trajectory for pro-
fessional development.

Moreover, the regional, national, and global standing of a university is a salient 
consideration for prospective students, manifested in institutional rankings and the 
acknowledgment of prestige and reputation. The calibre of faculty members and their 

Table 6  Descriptive statistics of the supporting data
Rep_rank Cost Work_opp Ease_admis Cam_loc Cour_attr Know_city Uni_

collab
Mean 4.2003 2.8718 4.4602 4.0486 4.2548 4.3998 3.1987 2.9019
Stan-
dard 
Error

0.0239 0.0255 0.0206 0.0259 0.0257 0.0204 0.0329 0.0306

Me-
dian

4 3 5 4 4 5 3 3

Mode 4 3 5 4 5 5 3 3
SD 0.8249 0.8811 0.7120 0.8942 0.8883 0.7037 1.1359 1.0561
Sam-
ple 
Vari-
ance

0.6805 0.7763 0.5070 0.7996 0.7890 0.4952 1.2902 1.1154

Kur-
tosis

1.1754 0.4603 1.4267 -0.0957 1.3521 0.9578 -0.9027 -
0.4673

Skew-
ness

-1.0600 -
0.1308

-1.2700 -0.6877 -1.2334 -1.0449 -0.0235 0.1964

Range 4 4 4 4 4 4 4 4
Mini-
mum

1 1 1 1 1 1 1 1

Maxi-
mum

5 5 5 5 5 5 5 5

Sum 5011 3426 5321 4830 5076 5249 3816 3462
Count 1193 1193 1193 1193 1193 1193 1193 1193
a The importance of university’s reputation, image and global ranking (Rep_rank), Preferred cost 
(Cost), work and internship placements during study, job opportunities and potential work-related 
benefits after graduation (Work_opp), ease of admission, considering its entrance requirements and 
open communication with admissions staff (Ease_admis), campus location as in its proximity to home, 
convenience and comfort, safety and physical appeal, and vibe of the city (Cam_loc), flexibility and 
attractiveness of the course/program of study (in line with participant’s career aspirations and earning 
potential) and on-campus support services (Cour_attr), whether participant has prior knowledge of the 
study destination/city (Know_city), and university’s collaboration with other universities (Uni_collab)

1 3



Education and Information Technologies

scholarly credentials contributes substantively to the overall academic milieu. Pro-
spective students judiciously assess the educational quality of the university vis-à-vis 
other institutions, aspiring to align their academic pursuits with the loftiest standards 
and considering the societal context in which the university is situated. Financial con-
siderations, encompassing scrutinization of scholarships, tuition costs, fees, payment 
modalities, and overall affordability, constitute pivotal determinants in the university 
selection process. Concurrently, prospects for employment while pursuing studies 
are sought after to navigate the financial intricacies of higher education. The geo-
graphical location of the university emerges as another fundamental consideration, as 
prospective students evaluate its proximity to public transportation, the safety of both 
the city and campus, the availability of local amenities, and the vibrancy of the town 
and its surroundings. Cultural and historical facets of the location further contribute 
to the overall allure of the university.

Contrary to earlier findings in extant literature, this study challenges established 
notions regarding the determinants of students’ university choices by examining 
three specific factors: the ease and flexibility of admission in HEIs (K. Massoud & 
Ayoubi, 2019), students’ pre-existing familiarity with the study destination (Shanka 
et al., 2006; Yet et al., 2011; Heathcote et al., 2020), and the collaborative engage-
ments of HEIs with other institutions (Dowling-Hetherington, 2020). While prior 
research posited that these factors significantly influence students’ decisions in uni-
versity selection, our innovative AI experiment refutes such assertions, demonstrat-
ing a lack of discernible impact. Notably, this study distinguishes itself by employing 
a RCT, acknowledged as the Gold Standard for establishing causation in this domain, 
marking a departure from conventional research methodologies. Consequently, the 
outcomes of this investigation prompt a re-evaluation of the aforementioned factors 
within the scholarly discourse, as they ought to be expunged from the canon of con-
siderations influencing matriculation decisions in higher education.

5.2  Taking a leap from traditional RCTs

A goal-oriented adaptive AI system such as Sydn-E can substantially alleviate cost 
and resource limitations in conventional human-human RCTs by automating tasks, 
scaling up tasks, and streamlining data collection and analysis. Such AI-run experi-
ments reduce the need for extensive human intervention and labor, offering efficient, 
cost-effective and quicker data collection through interviewing and experimentation, 
and improved data quality. AI’s adaptability and ability to replicate experiments con-
sistently enhance the overall efficiency and reliability of research. This can allow for 
real-time monitoring of participants’ responses, immediate feedback, and adaptive 
adjustments to the experiment’s parameters, further improving the overall efficiency 
of data collection and analysis. Additionally, AI algorithms can uncover hidden pat-
terns and insights within the data, contributing to a deeper understanding of the phe-
nomena under investigation, all while minimizing the time and resource investments 
typically required in traditional RCTs.

AI-conducted experiments can – as demonstrated in this study - address statistical 
power limitations in traditional RCTs by leveraging the ability to work with larger 
and more diverse sample sizes. AI’s scalability allows for the engagement of a sig-

1 3



Education and Information Technologies

nificantly higher number of participants, enhancing the statistical power of the study 
to detect even subtle effect sizes or differences that might be missed in smaller RCTs. 
Furthermore, continuous data collection facilitated by AI contributes to stronger sta-
tistical analyses by reducing measurement error and allowing for real-time trend and 
pattern detection. AI can also offer adaptive experimental design, dynamically adjust-
ing parameters based on ongoing data analysis to optimize the allocation of resources, 
thereby further increasing statistical power. The efficiency of AI-driven data analysis 
and the ability to automate this process may enable researchers to analyze vast data-
sets, improving the study’s power to detect meaningful effects while saving time and 
resources. Additionally, AI’s subgroup analysis capabilities can uncover variations in 
treatment effects among different populations, potentially revealing insights that may 
be overlooked in smaller RCTs.

AI-conducted experiments can also augment statistical power through improved 
data quality. AI-driven data collection and analysis reduce measurement errors and 
ensure data accuracy, leading to more precise and reliable statistical estimates. Rep-
licating experiments multiple times with high precision, a capability of AI, also 
contributes to the reliability and robustness of the findings, ultimately increasing sta-
tistical power. AI’s time efficiency accelerates the experimentation process, leading 
to faster data collection and analysis. This is particularly valuable for time-sensitive 
research questions, as quicker decisions and faster results can lead to improved statis-
tical power. While AI’s potential to overcome statistical power limitations is signifi-
cant, it’s crucial to emphasize that proper experimental design, careful consideration 
of confounding variables, and the elimination of potential biases remain essential to 
ensure that the increased statistical power translates into meaningful and valid find-
ings. Additionally, the interpretation of results should be done with care, as larger 
sample sizes can lead to the detection of statistically significant effects that may not 
always be practically significant.

Experiments run by the AI can offer valuable means to address human biases in 
RCTs. Firstly, AI algorithms can automate the randomization and allocation of par-
ticipants to treatment and control groups, eliminating the potential for selection bias 
that human researchers might introduce inadvertently. This impartial process ensures 
that not only the group assignments but also the allocation of interventions to groups 
is unbiased. AI can also play a pivotal role in preserving blinding protocols, ensur-
ing that neither participants nor researchers are aware of their group assignments, 
thus reducing observer and participant biases. Such AI systems can also maintain 
consistency in data collection, reducing the potential for data collection biases that 
may arise when human researchers interpret or record data differently. Additionally, 
by automating data analysis, AI can identify patterns and relationships in the data 
objectively, minimizing confirmation bias that human researchers might introduce by 
seeking out data that aligns with their expectations.

Although AI systems are not influenced by experimenter biases, it is essential to 
acknowledge that they are not entirely free from biases, as they can inherit biases 
from their training data or algorithms. Therefore, careful design and oversight are 
crucial to ensure that AI is trained and implemented in a way that minimizes bias. 
Moreover, while AI can reduce certain forms of human bias, human researchers still 
play a pivotal role in setting the parameters, objectives, and ethical guidelines for 
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AI-conducted experiments. The combination of AI and human oversight is critical 
to ensure the ethical and unbiased conduct of experiments. However, we should note 
that while our approach aims for efficiency and rigor, it does not inherently resolve 
all ethical concerns. The recruitment procedures employed in this study adhered 
meticulously to Prolific’s established ethical standards and regulatory guidelines and 
potential participants were accorded autonomy in determining their willingness to 
engage in the study. Nevertheless, the voluntary nature of participation introduces 
the potential for recruitment bias, given that individuals who opt to participate may 
possess distinctive characteristics or perspectives that could exert an impact on the 
outcomes of the study. Although conscientious efforts were undertaken to mitigate 
recruitment bias through transparent and impartial recruitment methodologies, it still 
remains an inherent potential limitation of this methodology.

AI can autonomously execute ethically sensitive decisions, such as withholding 
treatment from control groups, ensuring these decisions are carried out impartially. 
AI technology can prioritize data privacy and confidentiality, addressing concerns 
about the protection of sensitive participant information. However, it is necessary 
to design AI algorithms and systems with ethics in mind and to uphold ethical prin-
ciples during their development and use. While AI plays a crucial role in addressing 
ethical concerns, human researchers and ethicists remain essential in setting ethical 
guidelines and ensuring AI technology aligns with these principles and respects par-
ticipants’ rights and well-being. The collaborative effort between AI technology and 
human oversight is vital for conducting ethically sound experiments.

5.3  AI-driven research methodology

This study endeavours to advance the landscape of AI-driven research methodologies 
within the domain of education research, establishing a new trajectory that under-
scores AI’s profound potential in acquiring diverse forms and levels of data from a 
borderless and considerably large sample in an efficient, timely and rigorous manner. 
Circumventing human interference and biases, thus facilitating the establishment of 
causal relationships between interventions and their corresponding outcomes, this 
innovative paradigm seeks to transcend the dichotomy between technology and 
human perception, engendering a synergistic alliance wherein AI-driven data collec-
tion and experimentation garner widespread acceptance and confer benefits across 
various sectors endeavouring to glean insights from human opinions and experi-
ences. Therefore, this approach does not emerge without the transformative capacity 
to empower researchers across diverse disciplines, equipping them to amass data 
from substantial sample sizes and yield results that are statistically reproducible, reli-
able, and broadly generalizable.

In the current epoch of burgeoning AI technologies, we find ourselves at a crucial 
juncture poised to cultivate a harmonious coexistence between AI and human ele-
ments. Together, these entities constitute the linchpin for addressing challenges and 
exploring the myriad possibilities not only within the sphere of human-AI interac-
tions but also in instances where AI interfaces with human subjects. This synthesis 
encapsulates the quintessence of applying digital technologies to higher education 
research, reconciling technological innovation in empirical research with a profound 
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understanding of human factors, thereby offering a holistic and comprehensive 
approach to scholarly inquiry and discovery. The significance of this novel AI-led 
interview-like survey architecture hence lies not merely in its operational prowess 
but in its potential to reshape the whole landscape of research methodologies and 
promote an adaptive and constantly evolving relationship between AI and human ele-
ments. In essence, this architecture represents a pioneering methodological advance-
ment in education research and serves as a cornerstone for ushering in a new era, 
where the fusion of AI and human-centric insights promises to redefine the boundar-
ies of research methodologies, offering unparalleled efficiency, objectivity, and scal-
ability in the pursuit of knowledge.

6  Scenarios and recommendations for future research

The use of AI-based chatbots via randomized controlled trials to explore students’ 
university choices presents a promising avenue for enhancing academic decision-
making processes. However, discerning the appropriateness of such methodologies 
across educational interview scenarios is imperative as they may be subject to limita-
tions when confronted with complex emotional support needs or highly individual-
ized circumstances necessitating personalized advice. Furthermore, considerations 
pertaining to accessibility, such as technological disparities or language barriers, pose 
notable challenges to the universal applicability of AI-based interventions, particu-
larly in contexts where equitable access to resources is not assured.

Equally, the utility of AI-based chatbots may emerge prominently in scenarios 
characterized by the need for widespread dissemination of standardized informa-
tion, routine query handling, and preliminary screening processes. Leveraging their 
capacity to efficiently provide generalized guidance and streamline initial inquiries, 
these chatbots facilitate efficient data collection from large samples while affording 
human advisors the opportunity to focus on more nuanced or personalized aspects 
of student support. Additionally, in the context of online interviews and RCTs, AI-
powered chatbots, as demonstrated in this study, offer scalability and consistency in 
data collection processes, contributing to methodological robustness and facilitating 
the analysis of outcomes across geographically dispersed cohorts.

During the design and execution of AI-based chatbot architectures, researchers are 
advised to navigate multifaceted considerations to ensure methodological rigor and 
ethical integrity. Careful attention to the design of RCTs, including robust random-
ization procedures and standardized data collection protocols, is essential for gen-
erating reliable research output. Simultaneously, ethical guidelines must be upheld 
to safeguard participants’ rights and privacy, particularly in the context of online 
data collection. Furthermore, proactive measures to mitigate bias, foster inclusivity, 
and optimize user experience are all imperative for maximizing the effectiveness of 
AI-based interventions and ensure the generalizability of their outcomes. By meticu-
lously addressing these considerations, researchers can harness the potential of AI to 
inform and guide decision-making processes and advance scholarly inquiry within 
the dynamic landscape of higher education.
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7  Conclusion

With this paper, we aim to advance the field of AI-driven research methodologies 
in education, offering valuable insights into students’ matriculation decision factors. 
With an AI-augmented chatbot, we demonstrated the potential of AI in gathering data 
in an efficient manner and providing robust evidence via an RCT for establishing a 
cause-and-effect relationship between interventions and their results. By striking the 
right balance between technological innovation and ethical conduct, AI-driven data 
collection and experiments can be widely accepted and beneficial across all sectors. 
With the advent of progressive AI and its vast array of opportunities, the moment 
may have arrived to foster a harmonious relationship between AI and human factors. 
After all, together, they can successfully confront the challenges and embrace endless 
possibilities that arise from applications at not only where humans interact with AI 
but also where AI interacts with humans.
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