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This study examined the effect of antecedents of artificial intelligence (Al) on the Received 9 June 2024
productivity of academics in higher education. The study was guided by the prag- Revised 27 July 2024

matic epistemic perspective predicated on the concurrent integrated mixed-method ~ Accepted 31 July 2024
design used with the support of a Google softcopy version of the semi-structured
questionnaire (closed and open-ended questions) to collect data from 663 academics
from higher educational institutions in Ghana, Nigeria, South Africa, Mexico, Germany,
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India, and Uganda. The quantitative data were analysed with descriptive and inferen- education; productivity;
tial statistical tools while thematic pattern matching was engaged to analyse the socio-technical theory;
qualitative data. The study found that academics hardly use the main Al tools/plat- research; teaching;

forms, and those mainly used for research and teaching-related activities were extension services
ChatGPT, OpenAl, and Quillbot. These Al tools were used mostly for general searches
for information on course-related concepts, course materials, and plagiarism checks
among others. The study further revealed that challenges associated with Al usage
influenced the productivity of academics significantly. Finally, the availability of Al
tools was found to engender Al usage but does not directly translate into the prod-
uctivity of academics. The study, therefore, recommended that the management of
higher educational institutions espouse policies, and provide timely information and
training on the use of Al in higher education. The policies, information, and training
provided should specifically address how to adopt different Al tools for specific
aspects of teaching tailored and gravitated toward catalysing the productivity of
academics.

SUBJECTS

Higher Education; Education
Policy & Politics;
Educational Psychology

Introduction

The ability of scientific devices and computer systems to perform tasks that typically require human
intelligence is known as artificial intelligence (Al). Al uses complex mathematical models and algorithms
to analyse vast amounts of data, identify patterns, and enable machines to learn and grow over time
(Osman et al., 2024; Thomas et al., 2024). Al also presents an immense potential to bring massive bene-
fits to different categories of people across the globe, particularly, academics and non-academics in low,
middle-income, and developed countries (LMIDCs) (Mauro et al., 2024; Hashmi & Bal, 2024). Meanwhile,
Al in academia is often engulfed with myths and concerns about its ability to replace lecturers or pre-
cipitate staff redundancies (Bond et al., 2024; Jadagu, 2023). Jadagu (2023) posited that about 40% of
occupations globally will be impacted by Al in terms of either enhancing it or replacing it. This required
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policy balance to realize the full potential of Al. Therefore, Al can exacerbate already existing inequalities
and create new ones for the populations, especially, by concentrating technology decision-making
power only in the hands of the more dominant and powerful actors (Georgieva, 2024; Jafari & Keykha,
2023). It is crucial to remember that Al is not meant to replace teachers; rather, it is meant to enhance
and augment their abilities by automating repetitive tasks and providing real-time data analysis. This
allows educators to concentrate on their areas of expertise, which include research, guidance, emotional
support, and inspiring creativity and critical thinking in their students (Osman et al., 2024; Thomas et al.,
2024).

Because of Al's immense potential and appeal to a global audience, research interest in the field has
increased. For instance, Coffey (2023) conducted a study and used a sample of 2,851 university leaders
from 11 different countries (Australia, Brazil, Mexico, the Philippines, Saudi Arabia, Singapore, South
Africa, Spain, the United Arab Emirates, the UK, and the U.S.). Among other things, they found that Al
helped academics to generate ideas and revolutionize teaching-learning processes. The study further
found that administrators and professors used Al sporadically. Only 3% of them said they used it often,
while 23% said they only used it once a month. According to the study, in contrast to Singapore (49%)
and the United Arab Emirates (54%) half of college educators claimed they were frequent users.
Although academics believe Al can be useful for increasing student engagement, over 30% of American
educators believe Al is unethical and shouldn’t be used for teaching in higher education.

In a related study on the dividends of Al, Tambuskar (2022) found that Al facilitates personalised
learning experiences for learners by tailoring educational resources to individual tastes and subject-
specific demands, instrumental in supporting both educators and learners via various aspects of assess-
ment, grading, and supporting instruction. Therefore, leveraging Al is a smart game changer for the
radical revolutionisation of teaching and learning across the global educational landscape (Alhussein,
2022; Chiancone, 2023; Kumar et al., 2024). Academics in higher education are the core employees
around whom all academic activities revolve and academics are responsible for three main activities or
mandates such as teaching, research, and extension or community engagement. The productivity of aca-
demics therefore relates to their ability to attain targets set for them by their academic institutions in
the three areas of their mandates and within a stipulated time. Thus, the use of Al could provide infor-
mation and other timely support to enhance the delivery of these mandates of academics (Leal Filho
et al, 2024; Rahiman & Kodikal, 2024).

Al usage despite its enormous benefits, no doubt poses some specific challenges in academic institu-
tions that relate to the integration of Al models in foreign language education, such as the lack of full
integration in universities, concerns about potential distractions for students, and insufficiency of profi-
ciently trained personnel to effectively incorporate Al into language teaching. Other challenges with Al
include the security of Al algorithms, developing a research strategy for responsible Al implementation
in universities, and the need for a solid governance system. Others include the challenge of planning,
designing, and implementing digital skills and a universal digital language supported by Al formats to
meet the demands of the information society (Hazaimeh & Al-Ansi, 2024; Rawas, 2024). It is also impor-
tant to note that barriers and challenges that hinder the adoption of artificial intelligence among stu-
dents and academics related to teaching include limited language options, academic dishonesty, biases
and lack of accountability, laziness among students and lecturers, and lack of data infrastructure
(Hazaimeh & Al-Ansi, 2024; Saaida, 2023). Meanwhile, the effect of antecedents of artificial intelligence
on the productivity of academics in higher education can be considered in relation to how generative
artificial intelligence technologies shape partial job displacement and labor productivity and growth
(Dabija & Vatamanescu, 2023; Lazaroiu & Rogalska, 2023; Peters et al., 2023).

Existing studies have confirmed Al adoption and usage in higher educational institutions across the
globe (Baidoo-Anu & Ansah, 2023; Caffey et al., 2023; Hazaimeh & Al-Ansi, 2024; Miao et al., 2023; Yildiz,
2023). These studies focused on the levels of associated benefits with Al usage (Kuleto et al., 2021)
whiles others focused on challenges of Al usage (Al Husseiny, 2023; Chaka, 2022; Hazaimeh & Al-Ansi,
2024; Hutson et al., 2022; Jafari & Keykha, 2023; McGrath et al, 2023; Ocana-Fernandez et al, 2019;
Segbenya et al., 2023). Most of the existing studies have focused on postgraduate students and academ-
ics in the universities without considering other tertiary institutions in the subsector such as colleges of
education and other technical universities. Existing studies on Al adoption and usage in higher
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education also failed to examine the extent to which Al adoption and usage and its associated benefits
and challenges significantly influence productivity among academics in higher education creating a con-
ceptual gap to be filled. Thus, there is a dearth of research on the effect of Al on productivity among
academics in higher education. Meanwhile, in the era of Al usage for work schedules in several other
sectors such as health, engineering, and others, there is the need to interrogate the Al platforms avail-
able for academic activities, and how their benefits and challenges relate to the productivity of academ-
ics in higher education subsector. It is for this purpose that this study models the effect of antecedents
of Al (such as Al tools/platforms availability, Al usage, benefits, and challenges) on the productivity of
academics in higher education. This study considers academics from three main institutions in the
higher education landscape- Colleges of Education, Technical Universities, and Academic Universities
across the globe.
The three objectives that guided the study were to:

1. examine how and what kind of Al platforms or tools are most frequently employed by academics
in higher education.

2. Assess the degree to which academics in higher education see the advantages and difficulties
related to Al platforms.

3. Assess the effects of Al on higher education faculty productivity.

The results of this study will further our understanding of how technology affects academic institutions’
human resource and work performance. The literature review, methods, results and conclusions, discus-
sions of the results, policy and practical implications, conclusion, recommendations, and suggestions for
additional research are covered in the remaining sections of the study.

Literature review
Theoretical review

The Socio-Technical Systems theory, developed by Molleman and Broekhuis (2001), served as the
theoretical foundation for this investigation (Segbenya et al., 2023). To describe their possible impact
on the use of technology in teaching and learning, two interdependent subsystems known as the
social and technological systems are integrated into a socio-technical system. The theory contends
that both technological and social components have an impact on how technology is adopted
(Segbenya et al., 2023). The social subsystem of the theory could be associated with the diversity
found in the educational environment, which is a part of every nation’s social structure (Segbenya
et al., 2023). Technology is being used in teaching and research as a result of developments and
technological improvements (Aheto et al., 2024). In the realm of higher learning technology, the
development and use of Al constitute a noteworthy advancement (Aheto et al., 2024). The use of Al
by academics and faculty members in higher education has the potential to impact interactions,
values, beliefs, and productivity in terms of research output and teaching outcomes, as well as the
cultural environment and human connections that exist in higher education prior to the arrival of Al
technology/platform (Segbenya et al.,, 2023). As such, academics may face significant difficulties
when utilizing Al. Academic researchers apply the second axiom, which refers to the technical sub-
system, to the use of Al for academic activities. This includes the use of technological resources,
technical assistance systems, and expertise (Molleman & Broekhuis, 2001). Because academics in
higher education are socially and technically related, the aforementioned explanation further sup-
ports the application of the socio-technical theory in this study.

Conceptual review and hypotheses development

This section discusses the relationships between the various components of the study and the specific
gaps that the specific hypothesis addresses in the study.
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Challenges with Al and productivity among academics

Academics in higher educational institutions remain as the core employees around whom the academic activ-
ities revolve (Segbenya et al., 2021). All other employees apart from academics only provide a supporting role
for achievement of the institutional goals. Academics’ productivity relates to three main activities such as
teaching, research, and extension or community engagement (McGrath et al., 2023). Thus, productivity among
academics in higher education is measured by how far each academic can meet targets set in the three main
areas within a specific time frame in their respective institutions (Segbenya et al., 2021, McGrath et al., 2023).
The performance of the three academic activities (research, teaching, and extension services) largely depends
on information. One major tool or platform for accessing a volume of relevant information that can aid teach-
ing and learning as well as research and extension activities is technology, specifically artificial intelligence
(Aheto et al.,, 2024; Anapey & Aheto, 2022). Other studies (Al Husseiny, 2023; Chaka, 2022; Hutson et al.,, 2022;
Jafari & Keykha, 2023; McGrath et al., 2023) have again confirmed that the use of Al for research and teaching-
related activities among academics is not without challenges. These challenges could include lack of institu-
tional policy, reliability and validity of outputs, and effect on creativity, leadership, and teamwork (Segbenya
et al.,, 2023). Other challenges could also come in the form of a lack of institutional support in terms of resour-
ces and a lack of skills to navigate the Al platforms (Hutson et al.,, 2022). Existing studies (Al Husseiny, 2023;
Chaka, 2022; Hutson et al., 2022; Jafari & Keykha, 2023; McGrath et al., 2023) only appear to investigate chal-
lenges associated with Al among lecturers in university and postgraduate students without addressing the
larger tertiary subsector that includes colleges of education and technical universities. To fill this void in the
existing literature, this study conjectured that:

H1. Challenges associated with Al will significantly influence the productivity of academics in higher
education.

Availability of Al tools/platforms and productivity among academics in higher education

The accessibility of Al platforms or tools by academics for research, teaching, and extension activities
will largely depend on the kind of Al tools available (Baidoo-Anu & Ansah, 2023; Yildiz, 2023). Availability
in this sense is explained as the Al tool/platforms that academics are aware of and are conversant in
using for their academic activities (Baidoo-Anu & Ansah, 2023; Miao et al., 2023; Yildiz, 2023). That means
academics will need information not only on the availability of Al tools but also on what their uses are.
This is because academics do several activities within their three main mandates of teaching, research,
and extension services (Segbenya et al,, 2022). In the area of teaching, Al platforms could help in search-
ing for information on concepts to be taught, preparing course outlines, and power points, and writing
commands, among others. In terms of research, academics can use Al to help in searching for literature,
preparing end-of-text references, and information for writing the literature review among others
(Segbenya et al.,, 2023). The effectiveness of how academics discharge all three core mandates deter-
mines whether the academics are productive or not. Thus, if a faculty member or an academic is unable
to meet the target set for him/her for a specific period, then such an academic is deemed unproductive.
Some Al platforms available that academics can leverage to enhance their productivity in higher educa-
tion are PyTorch, RasaAl, AmazonSageMaker, TypingMind, Google Cloud Platform, ChatGPT, OpenAl, and
Quillbot (Segbenya et al., 2023). Existing studies appear to have only examined the Al tools available to
postgraduate students without considering academics or faculty members, and artificial intelligence
applications in higher education (Miao et al., 2023; Salas-Pilco & Yang, 2022; Segbenya et al., 2023).
Against the backdrop of plugging this void in research, this study conjectured that:

H2. The availability of artificial intelligence tools/platforms (AIT) will significantly influence productivity of
academics in higher education.
Availability of artificial intelligence platforms/tools and usage of Al among academics

It is not enough for academics to just be aware of which Al platforms exist but knowledge and
competence to use these Al tools could be a potent reinforcement for Al usage among academics



COGENT EDUCATION 5

(Chan & Hu, 2023). Lack of the necessary skills to navigate these Al platforms could also become a
demotivating factor for academics’ avoidance of Al platforms despite the benefits associated with their
engagement in academic activities (Yildiz, 2023). It is also possible that the usage of Al among academ-
ics could also differ in terms of levels where there could be high, moderate, or low usage of Al for aca-
demic activities among academics. Existing studies by Segbenya et al. (2023) among others seem to
only touch on Al usage among postgraduate students, and the main challenges of artificial intelligence
in the university without reference to the level of usage among academics in higher education. In light
of filling this gap in the literature, this study conjectured that:

H3. The availability of artificial intelligence tools/platforms (AIT) will significantly influence the usage of
artificial intelligence (AIU) of academics in higher education,

Al usage, productivity among academics, and challenges associated with Al usage

For the continued use of Al in academia to be successful, productivity in academia must be increased. It
will be challenging to persuade academics to stick with using Al platforms for their academic activities if
their use doesn’t increase productivity in the areas of research, teaching, and extension services.
Research has demonstrated the application of Al in higher education as well as the effects of artificial
intelligence on it (Chan & Hu, 2023; Crompton & Burke, 2023; Rasul et al., 2023; Salas-Pilco & Yang, 2022;
Schiller International University [SIU], 2023; Segbenya et al., 2023). However, existing studies did not
focus on how the usage of Al could translate into the productivity of academics in higher education. As
much as the usage of Al platforms among academics could engender high productivity of academics, it
is equally important to emphasize that the level of the usage could also determine the level of chal-
lenges that academics could be facing with the use of Al for their academic activities (Segbenya et al,,
2023). Existing studies again appear not to have investigated inherent challenges with Al usage among
academics. To fill this void in the literature, the study conjectured that:

H4. The use of Al (AIU) will have an impact on academic output in higher education.

H5. The usage of Al in higher education (AlU) will be greatly impacted by challenges with Al (AIU).

Based on the conceptual and theoretical reviews, a conceptual framework was carved to guide the
study as presented in Figure 1.

Methodology

The pragmatic epistemic perspective—which combines positivist and interpretivist methodologies—was
used for this investigation (Segbenya et al, 2019; 2023). Specifically, the concurrent integrated mixed
technique was applied. In this study, the qualitative methodology was used as an adjunct to the quanti-
tative method as part of an ongoing integrated mixed-method investigation. The sample for this study
consisted of 663 academics at different ranks (Professors, Senior/Principal/Chief Lecturers, and Lecturers)

Challenges with
Artificial
Intelligence (AIC)

Productivity

Artificial | g4 | among Academics

Intelligence Usage
(AIU)

Artificial Intelligence
Tools/platforms(AIT)

Figure 1. Conceptual framework of the study.
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from public and private technical and academic universities as well as colleges of education, worldwide.
Stratified sampling was used to ensure that all academics or faculty members’ strata, including gender,
country, and area of specialization, were represented in the study population.

Due to the mixed methods methodology employed, both closed- and open-ended items were
included in the study’s questionnaire, enabling the simultaneous collection of respondents’ qualitative
and quantitative data. The questionnaire was divided into two parts. Part One examined the demo-
graphics of the respondents, while Part Two included the study’s objectives and hypotheses. The ques-
tionnaire was scored using a Likert scale, where 1 meant strongly disagree, 2 disagree, 3 agree, and 4
strongly agree (Donkor & Segbenya, 2023; Oppong & Segbenya, 2023; Segbenya & Okorley, 2022). This
study did not allow for ambiguous or indifferent answers because each participant had to indicate
whether or not they agreed with the items/questions. Because of this, a four-point rating scale was
employed rather than the traditional five. The four-point scale was used for assessment rather than the
five-point Likert scale because neutral responses and the results they were associated with did not fall
into either of the two extremes (agree or disagree). This is because the neutral or undecided response
could also have an impact on the mean values or conclusions. All of the data regarding the applications,
advantages, and difficulties of Al platforms and tools came from Chan and Hu (2023) and Segbenya
et al. (2023).

The instrument’s validity and reliability were evaluated in a pilot test, and since the test’s Cronbach
Alpha value was higher than the minimum criterion of 0.70, the instrument was considered suitable for
use in primary data collection. Before the instrument was administered, the opinions of experts were
also employed to confirm the instrument’s face validity. From January 2024 to March 2024, the primary
data gathering was completed. Ethical concerns about informed consent, privacy, the option to with-
draw even after the procedure had started, and anonymity were all addressed. PLS-Structural Equation
Modelling was used to evaluate the data, and descriptive statistics were used to address the objectives
that drove the investigation.

Results and findings

This section presents the findings of the study in two parts; (1) respondents’ demographics and (2)
results on the hypotheses guiding the study. The results on the demographic characteristics of respond-
ents are presented in Table 1. From Table 1, the majority of the respondents for this study were male
academics (65.4%) with education background as area of specialisation (47.4%) aged between 41 and
50years (42.1%). The results also revealed that the majority of the respondents were teaching in aca-
demic higher institutions (50.4%) which were public institutions (96.2%). It is also clear from Table 1 that
the majority of the respondents were lecturers/tutors in their academic institutions (45.1%) followed by
those who were in the Senior/principal/chief lecturer/tutor category (28.6%). Most of the respondents
were also coming from Ghana (78.9%) followed by Nigeria (9.0%).

Table 2 displays the results of the first part of the first objective, which focuses on the kinds of artifi-
cial intelligence platforms and technologies that lecturers in academic institutions employ. Eleven artifi-
cial intelligence tools were presented to respondents to determine which of them were not known,
known but never used, and known and used. The results in Table 2 revealed that in terms of Al tools
that were not known to the majority of the academics considered in this study were H20 ai (72.2%),
PyTorch (71.4%), RasaAl (67.7%), AmazonSageMaker (65.4%), and TypingMind (63.9%). The majority of
the respondents also revealed that they were familiar with the Google Cloud platform (39.1%) but never
used it in higher education. The results in Table 2 further revealed that the Al platforms used by aca-
demics in higher education were ChatGPT (60.9%), OpenAl (39.1%), and Quillbot (38.3%)

The second section of the first objective, also looked at how academics in higher education employ
Al tools and platforms. The results are based on the three main perspectives of the job description of
every academic in higher education. These were research, teaching, and extension mandates of every
academic in higher education. The results as presented in Table 3 revealed that in terms of research,
academics in higher education used artificial intelligence for general learning (M = 1.9549; SD = .71415),
paraphrasing written text (M=1.9173; SD = .79574) and searching for literature (M=1.8872; SD =
.77279), writing introduction & and review of literature for articles (M =1.7669; SD = .75537), and intext
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Biodata of characteristics Frequency Percent
Gender
Male 435 65.4
Female 230 34.6
Total 665 100.0
Age
21-30 20 3.0
31-40 185 27.8
41-50 280 42.1
51 and above 180 27.1
Total 665 100.0
Specialisation
Business programmes 215 323
Education programme 315 474
ICT programmes 50 7.5
Science and Health 25 3.8
Agriculture 15 23
Others 30 4.5
Engineering 15 23
Total 665 100.0
Type of institution
Academic institution 335 50.4
Technical institution 50 7.5
College of education 280 42.1
Total 665 100.0
Classification
Public 640 96.2
Private 25 38
Total 665 100.0
Rank
Professor 40 6.0
Senior/Principal/chief lecturer/ tutor 190 28.6
Lecturer/Tutor 300 45.1
Assistant Lecturer/others 135 20.3
Total 665 100.0
Country
Ghana 525 789
Nigeria 60 9.0
South Africa 35 53
Others/Mexico/Germany/India/Uganda 45 6.8
Total 665 100.0

Source: Field data (2024).

Table 2. Artificial intelligence tools used by academics in higher education.

NA/Not aware ANU/Aware but Never Used AU/Aware and used Total
Al tools/platforms No % No % No % No %
1 Chartgpt 60 9.0 200 30.1 405 60.9 665 100.0
2 H20 ai 480 72.2 160 241 25 3.8 665 100.0
3 TypingMind 425 63.9 180 27.1 60 9.0 665 100.0
4 OpenAl 165 24.8 240 36.1 260 39.1 665 100.0
5 AmazonSageMaker 435 65.4 190 286 40 6.0 665 100.0
6 Chartbox 285 429 265 39.8 115 17.3 665 100.0
7 Google cloudplatform 235 353 260 39.1 170 256 665 100.0
8 PyTorch 475 714 170 25.6 20 3.0 665 100.0
9 MicrosoftBingAl 260 39.1 240 36.1 165 24.8 665 100.0
10 Quillbot 235 353 175 26.3 255 383 665 100.0
1 RasaAl 450 67.7 175 26.3 40 6.0 665 100.0

Source: Field data (2024).

and end of text citation purposes (M =1.5263; SD = .72164). The high rating of the use of Al for these
five research-related activities is further in line with the overall mean values of (M=1.6607, SD =
0.71624) which suggests that artificial intelligence tools were highly used for research activities among
academics in higher education.

The results in Table 3 also revealed that the specific teaching-related activities of the academics in

higher education that artificial intelligence platforms/tools were used for were searching for information
on course-related concepts (M =1.8421; SD= .78428), searching for course materials (M=1.9323; SD =
.78766), subjecting written text of students to plagiarism checks (M=1.6617; SD= .81299), preparing



8 M. SEGBENYA ET AL.

Table 3. Uses of artificial intelligence by academics in higher education.

Research-related activities Mean Std. Dev Ranked
1. Just used for learning in general 1.9549 71415 High
2. Paraphrasing written texts 1.9173 79574 High
3. Searching for literature 1.8872 77279 High
4. Writing introduction & and review of literature for articles 1.7669 75537 High
5. For intext and list of references citation purposes- 1.5263 72164 High
6. Writing grant or research proposal 1.4511 69925 Low
7. Conducting data analysis 1.4060 62620 Low
8. Writing commands for software 1.3759 64470 Low
Subtotal 1.6607 0.716235 High
Teaching-related activities Mean Std. Dev Rank
9. Searching for information on course-related concepts 1.9323 .78766 High
10. Searching for course materials 1.8421 .78428 High
11. Subjecting written text of students to plagiarism checks 1.6617 .81299 High
12. Preparing power points 1.5940 .75687 High
13. Preparing Continuous Assessment Questions 1.5038 .70095 High
14. Preparing course outline 1.5038 73247 High
15. Preparing end-semester examination questions 1.4737 .68963 Low
Subtotal 1.6445 0.75212 High
Extension-related activities Mean Std. Dev Rank
16. Use for finding locations 15714 .71858 High
17. Used for entertainment (Video games) 1.4887 69004 Low
18. Use for response to emails 1.4586 67787 Low
19. Used for checking your health-related challenges 1.4286 64104 Low
20. Use for internal or external transportation arrangements (booking and ticketing) 13910 62376 Low
21. Used for security and protection (detect threat, fraud detection, risk assessment) 1.3383 .59979 Low
Subtotal 1.4461 0.6585 Low
Overall total 1.5009 0.71171 High

Note: N =665, Minimum = 1, Maximum = 3, 1.00-1.49 = low, 1.5-1.9 =high and 2.0 and above = very high.
Source: Field data (2024).

power points (M =1.5940; SD = .75687), and continuous assessment questions (M = 1.5038; SD=.70095).
The high level of the use of artificial intelligence tools for these teaching activities further confirms the
high rating of the overall mean value for the teaching variable (M = 1.6445; SD = 0.75212)

The last component of academics’ job descriptio in higher education was extension services or com-
munity engagement and the results of how artificial intelligence is used for such engagement are also
presented in Table 3. The results revealed that apart from using artificial intelligence tools for finding
locations (M =1.5714; SD=.71858), all the items used to measure the extension or community engage-
ment variables were rated low which further translated into the low rating of the extension service vari-
able with an overall mean value of (M=1.4461; SD= 0.65851). The results mean that artificial
intelligence tools were hardly used by academics for extension services or other uses.

Figure 2 presents the summary of the results of the uses of artificial intelligence tools among aca-
demics. The results show that the use of artificial intelligence in higher education was higher for
research activities with a mean value of (M =1.6607) followed by teaching activities (M = 1.6445). The
rating for these two components of the academic work schedules was higher than the overall mean
average value of (M =1.5009). Extension service was rated lower (M =1.4461) as compared to other
aspects of the academics job (research and teaching) and the overall mean average value.

Objective two: Evaluating the level of perceived benefits, and challenges associated with
Al platforms used by academics in higher education

Table 4 presents the findings for objective two, which focused on the advantages and difficulties of
using Al among academics in educational institutions. According to the results, using artificial intelli-
gence (Al) for analyzing data in conducting research (M=2.7218; SD = 1.00715), teaching academic
courses (M=2.6391; SD = .96113), enhancing the curriculum (M =2.5940; SD = .98205), and gaining
insight into research work (M =2.5865; SD= 1.01293) are the top seven benefits of Al to academics in
higher education. The rest were improvements in the accuracy and efficiency of research findings
(M=2.5714; SD = 1.04338), and speed of data processing (M =2.5564; SD = 1.02244). That notwith-
standing, the overall mean value of M =2.4552; SD= 1.0191 suggests that the general rating for benefits
derived from using Al among academics in higher education was low.
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Figure 2. Al usage among academics in higher education.
Table 4. Benefits and challenges associated with the use of Al by academics in higher education.
Benefits Mean Std. Dev  Rank
1. Al tools are essential for data analysis in my research activities 2.7218 1.00715 High
2. Al tools are essential for enhancing teaching in my academic courses 2.6391 96113 High
3. | feel comfortable using Al tools to improve educational content 2.5940 .98205 High
4. Al has enhanced the quality of insights and findings in my research 2.5865 1.01293 High
5. Al has improved the efficiency and accuracy of my research work 2.5714 1.04338 High
6. Using Al tools has increased the speed of data processing in my research 2.5564 1.02244 High
7. Al tools are essential for enhancing teaching in my academic activities 2.5533 1.05668 High
8. | feel confident in using Al algorithms and techniques for my research 2.4887 1.01655 Low
9. Al has improved the effectiveness and interactivity of my teaching methods 2.4812 .97098 Low
10. The use of Al tools has increased student engagement and participation in my classes 2.3684 1.04473 Low
11. Al has improved the personalization of learning in my classes. 2.3340 1.02434 Low
12. | have received adequate training and support to effectively use Al tools in my research or teaching 2.0376 1.07970 Low
13. | have received adequate training to use Al tools in my teaching activities. 1.9850 1.02664 Low
Overall mean 2.4552 1.0191 Low
Challenges Mean Std. Dev
14. My institution is yet to provide support (financial, data, internet etc) for the Al tool | used for research 2.7368 1.05493 High
and teaching. (Resources)
15. My institution has yet to provide training for academics on how to use Al for teaching and research 2.6842 1.10699  High
(Training).
16. The artificial intelligence (Al) program | utilized for my research isn’t flawless and occasionally yields 2.5639 1.03663 High
inaccurate or deceptive data (accuracy and reliability)
17. There isn’t a defined policy on the use of Al in research and teaching at my university (Policy) 25489  1.16724  High
18. Reliance too much on the Al program | utilized for my schoolwork can impair my ability to think 2.5188 1.08106  High
critically and solve problems, as well as my desire to interact with people in a proactive manner
(Dependence).
19. The machine-learning model of the Al software | employed for my academic work was trained on 2.3459 1.11158 Low
potentially biased data. This may lead to biased outputs and the maintenance of negative stereotypes.
(Bias).
Overall mean 2.566 1.0931 High

Note: N=665, Minimum = 1, Maximum = 4, Scale: 1.5-1.9 = very low, 2.0-2.4 low, 2.5-2.9 =high and 3.0 and above = very high.

Source: Field survey (2024).

Results for the challenges associated with the use of Al by academics in higher education as pre-
sented in Table 4 also revealed that academics had several challenges with the use of Al in higher edu-
cation. These challenges were lack/inadequate institutional support (financial, data, internet etc) for Al
platforms used (M =2.7368; SD = 1.05493), lack of training for the use of Al in higher education
(M=2.6842; SD= 1.10699), accuracy and reliability of some content produced by Al (M=2.5639; SD =
1.03663) and lack of clear institutional policy on the use of Al in higher education (M =2.5489; SD =
1.16724). Another notable challenge faced by faculty members or academics in higher education was
the loss of creativity and problem-solving skills due to overdependence on Al for academic work

(M=2.5188; SD= 1.08106).
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Table 5. Solutions to addressing challenges associated with Al usage among academics in higher education.

Challenges ID sample quotes or from respondents

1. Resources . '"Making resource materials readily available for researchers’

. ‘Procure Al software for the use of academic activities’

. ‘By providing the financial and moral support’

. ‘Organising frequent workshops on its positive and negative effects’

. ‘Providing more training’

. 'Education and orientation on the use of Al

. ‘A clear Al policy for staff and students’

. 'Use of code of ethics/strict rules on how to use’

. ‘Place emphasis on plagiarism checks by making it compulsory’

. 'Policy on the use of Turnitin to check similarity index’

. ‘Use the advanced version of Al software to reduce the level of errors’
. 'Effective supervision’

‘Ask questions that require critical thinking and application, diversify assignments, etc’

2. Training

3. Policy

4. Accuracy and reliability
5. Overdependency/academic dishonesty/
loss of creativity and problem-solving skills

NP WN_,WNN=WN =

Source: Field survey (2024).

In addition, the respondents were asked to recommend strategies for resolving issues related to the
application of Al in higher education. Table 5 displays the findings from the qualitative data collected
through open-ended questionnaire items. According to the findings, there is lack of institutional support
for using Al in higher education through the supply of resources and training on the advantages and
disadvantages of this approach. The necessity for a clear policy on the use of Al by professors and stu-
dents in higher education was also mentioned by respondents. Lastly, academics also made suggestions
for structuring academic curricula and forms of assessment to reduce over-dependency on Al and its
subsequent effect on creativity and problem-solving skills among its users.

Testing for the hypotheses guiding the study

The second part of the results of this study presents an inferential analysis to test the hypotheses
guiding the study. The testing of the hypotheses was preceded by three preliminary analyses.
Meanwhile, before the preliminary analysis, the study checked the item loadings for each variable,
and items that loaded below the minimum criteria of 07.70 according to Segbenya and Anokye
(2023) were deleted and the acceptable items with their respective variables were presented in
Figure 3.

Table 6 displays the findings of the initial preliminary study that was carried out utilizing the con-
struct validity and reliability of the PLS-SEM model. The construct reliability and validity were
assessed using four primary indicators, rho_A, Composite Reliability, Cronbach’s Alpha, and Average
Variance Extracted (AVE). For the study, a minimum threshold of 0.70 was determined to be accept-
able for a variable for the first three indications. The threshold for the last indicator was also 0.50
for the inclusion of an item/variable in the study. The results show that all the values obtained
under the first three indicators ranged between 0.801 and 0.956 which were above the minimum
threshold of 0.70. The AVE values obtained also ranged between 0.577 and 0.714 and were also
above the 0.50 threshold (Segbenya & Minadzi, 2023). Thus, it can be concluded that the PLS-SEM
used for this study passed the construct reliability and validity test.

Note: Significance for values in Table 6 are 0.70 and above for rho_A, Composite Reliability,
Cronbach’s Alpha, and 0.50 and above for Average Variance Extracted (AVE).

The Heterotrait-Monotrait Ratio (HTMT), based on Hair et al. (2017), Donkor and Segbenya (2023), and
Yahaya and Segbenya (2023) recommendations of a maximum threshold of 0.850, and the Fornell-Larcker
Criterion were the two indices used to achieve this in the second initial analysis. The results are shown in
Table 7. The data indicates that all of the variables pass the discriminant validity test as the Fornell-Larcker
Criterion and Heterotrait-Monotrait Ratio (HTMT) scores were all below the maximum threshold of 0.850.
According to Segbenya and Minadzi (2023) recommendation, the most recent exploratory analysis aimed
to ascertain whether multicollinearity existed. The threshold of 3.30 was employed to ascertain the accept-
ance of variables. According to the study’s results, every value in Table 6 was below the 3.30 minimum
threshold, indicating that multi-collinearity was not present and that the data may be used for additional
inferential analysis.
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Figure 3. Algorithm of accepted items and their variables.

AIT3

Table 6. Construct reliability and validity regarding the variables of the study.

Cronbach’s Alpha rho_A Composite reliability Average variance extracted (AVE)

Productivity 0.949 0.951 0.956 0.643

AIC 0.855 0.862 0.891 0.577

AT 0.801 0.807 0.882 0.714

AlU 0.943 0.947 0.950 0.577

Source: Field survey (2024).
Table 7. Discriminant validity of the variables of the study.
Fornell-Larcker criterion Productivity AIC AIT AlU
Productivity 0.802
AIC 0.564 0.760
AIT 0.218 0.114 0.845
AlU 0.467 0.358 0.421 0.760
Heterotrait-Monotrait ratio (HTMT) Productivity AIC AIT AlU
Productivity
AlC 0.613
AIT 0.242 0.210
AlU 0.480 0.371 0.479
Inner VIF values Productivity AIC AIT AlU
Productivity
AIC 1.149
AIT 1.217 1.000
AlU 1.378 1.000

Source: Field survey (2024).
Note: Significance for values in Table 7 is values below 0.850.

The results of the main path analysis done to test the five hypotheses of the study are presented in
Table 8. The results revealed that out of the five hypotheses, four hypotheses were accepted because
they attained a statistical significance level and a hypothesis was rejected because it had a non-signifi-
cant relationship. Specifically, hypothesis one was supported because Al challenges in higher education
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Table 8. Path coefficients for establishing relationship between variables of the study.

Confidence Intervals

Original sample ~ Sample mean Standard Deviation T statistics P values 2.5% 97.5%
1. AIC -> Productivity 0.457 0.463 0.087 5.253 0.000 0.283 0.624
2. AIT -> Productivity 0.046 0.052 0.081 0.574 0.566 0.113 0.216
3. AIT -> AlU 0.421 0.422 0.083 5.058 0.000 0.255 0.573
4. AlU -> Productivity 0.283 0.283 0.086 3.303 0.001 0.111 0.446
5. AlU -> AIC 0.358 0.363 0.073 4.924 0.000 0.219 0.484
R square R square R square adjusted
Productivity 0.400 0.386
AIC 0.128 0.122
AlU 0.177 0.171
f Square Productivity AIC AIT AlU
Productivity
AlC 0.303
AIT 0.003 0.215
AlU 0.097 0.147

Source: Field survey (2024).
Note: Significance for values in Table 8 is 0.05 for the p-values established for path relations.
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Figure 4. Bootstrapping results.

(AIC) were significantly related to the productivity of academics in higher education at (f=0.457,
t=>5.253, p < 0.000). Hypothesis two was however not supported because Al tools/platforms (AIT) had a
non-significant relationship with the productivity of academics in higher education at (f=0.046,
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t=0.574, p <0.566). Hypothesis three was accepted since Al tools/platforms availability influenced Al
usage of academics in higher education at (f=0.421, t=5.058, p < 0.000). The study further accepted
hypotheses four and five of the study since Al usage (AlIU) influenced both productivity of academics at
(f=0.283, t=3.303, p <0.001) for hypothesis four, and challenges associated with Al usage in higher
education at (f=0.358, t =4.924, p < 0.000).

The overall contribution of all the variables of the study is also explained in the model as presented
in Table 8. The results revealed that the PLS-SEM explained approximately 40% variance in productivity
of academics in higher education. A total of 13% variance in challenges associated with Al usage among
academics and finally 18% variance in Al usage among academics.

The significance and non-significance results obtained as presented in Table 8 are further supported by
the pictorial presentation of the interconnectedness of the variables of the study as shown in Figure 4.

Discussion of the results

This section discusses the empirical findings of this study and how these findings relate to existing stud-
ies. The results for objective one of the study that academics in higher education that the Al tools used
by academics in higher education were Chartgpt, OpenAl, and Quillbot. The purpose of using these Al
platforms was for research and teaching-related activities. The results mean that academics and faculty
members used artificial intelligence tools like Chartgpt, OpenAl, and Quillbot for teaching and research-
related activities. The ChatGPT is a text-generating tools that help individuals to generate text on a con-
cept. The Quillbot Al tool is also a paraphrasing tools that aid academics in their writing. The high level
of usage of ChatGPT, OpenAl, and Quillbot agrees with earlier findings of Segbenya et al. (2023) that
these same tools were highly used among learners. The findings mean that both postgraduate students
and faculty members in academics are all using these Al tools for academic activities. As much as this
study found that faculty members were using these Al tools mostly for a general search for information
on course-related concepts, searching for course materials, and subjecting written text of students to
plagiarism checks; the earlier study by Segbenya et al. (2023) found that postgraduates were using the
same Al tools for doing literature searches, composing assignments, and learning in general.

The results for the study’s second objective also revealed that several important advantages of using Al
among academics and faculty members in higher education were assisting in data analysis, improving edu-
cational content, gaining insight into research work, and improving the accuracy and efficiency of research
findings. This means that benefits derived from using these Al among academics could be responsible for its
continued use among academics. Academics and faculty memebers as rational users of Al platforms will
only continue to use these platforms if their needs and expectations for using these platforms are met. That
is, although academics and faculty members could patronise these platforms for the first time, their contin-
ued usage is largely dependent on the benefits derived from them. The findings corroborate those of Chan
and Hu (2023), who found that learners benefited from using Al software in terms of education, research,
and information support, as well as early or on-time completion of academic duties. This means that Al
usage benefits both faculty members/academics and postgraduate students in higher education.

Despite the benefits of Al to academics and faculty memebers in higher education, academics also
encountered some challenges. Some of the key challenges encountered were financial challenges associ-
ated with data and internet support for Al platforms used, and lack of training for academics on the use
of Al. These challenges are either within the institutions where these academics work or feed into the
general national challenges that confront others apart from academics. A typical example in this case
was internet connectivity and the cost of data for using the internet. Other challenges encountered
were the accuracy and reliability of some content produced by Al, and the lack of clear institutional pol-
icy on the use of Al in higher education. To some extent, the lack of institutional policy also feeds into
the lack of national policy on the use of Al for academic-related activities. Thus the position of Chan
and Hu (2023) and Segbenya et al. (2023) that Al usage for academic activities comes with some chal-
lenges in higher education was upheld.

The findings of the first hypothesis that Al challenges are significantly related to productivity among aca-
demics in higher education means that the higher the challenges associated with the use of Al platforms
the lower the productivity of these academics in higher education. Alternatively, the lower the challenges,
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the higher the productivity of academics in higher education. Thus, for higher productivity among academ-
ics in terms of using Al for research and teaching, the level of challenges will need to be on the lower side.
The position of Atlas (2023) and Segbenya et al. (2023) that Al usage comes with some level of challenges
to the users is supported by this study. While the previous studies found challenges with Al usage among
graduate students, this study adds to the existing literature that academics/faculty members also experi-
enced some challenges with the use of Al and some of these challenges were lack of institutional support
in terms of resources, policy training on how to use Al in higher education among others.

Findings that the availability of Al tools did not relate to the productivity of lecturers in higher institu-
tions recorded for hypothesis two means that any productivity of academics does share its predictability
and potency with just the availability of Al tools. The result means that availability is important but was
not adequate/enough to influence the productivity of academics. Thus, it is not enough to just be aware
of the availability of the right Al tools, academics will need the competencies or skills to navigate these
platforms to deliver on their jobs in terms of teaching and research and that could explain the non-sig-
nificance relationship established. The findings of this study, therefore, did not support that of Baidoo-
Anu and Ansah (2023) that technological availability impacts usage. It must be noted that the earlier
findings were limited to learners, but the later findings of this study add to knowledge from faculty
members’ perspectives in terms of availability and productivity compared to the availability of Al apps.

The findings for hypothesis three that artificial intelligence tool availability significantly leads to usage
among academics further explain hypothesis two that availability must be linked to usage before it can
lead to productivity among academics. Thus, availability will need to be enhanced with information
while usage will need to be enhanced with the necessary skills to use these Al tools. It therefore means
that the more academics are aware of the various Al tools and can use them the higher they will use
them for research and teaching-related activities in higher education. Therefore, the results of this inves-
tigation support those of Baidoo-Anu and Ansah (2023), who discovered that the accessibility of techno-
logical instruments affects utilization.

The fourth hypothesis also found that the use of Al affected academic productivity in higher educa-
tion. The findings imply that the more effectively academics use Al tools appropriate for their particular
research and teaching tasks, the more effectively they will fulfill their mandates to produce high-quality
teaching and research outputs. This means that some aspects of the academics’ job schedule such as
searching for information, learning to understand some concepts, literature review, preparing
PowerPoint, and writing commands for data analysis can be significantly improved with Al tools/plat-
forms. This further confirms earlier findings that academics will need competencies in how to use these
Al tools to improve their productivity or to deliver on their mandates. These findings remained a contri-
bution to literature since this does not exist in the available literature.

The findings for hypothesis five that Al usage is also related to Al-associated challenge means that
the degree of challenges encountered by academics in connection to Al tools can influence the level of
usage. The lower the challenges associated with the Al tools available the higher the chances that usage
will increase among academics. Thus, if the management of higher educational institutions reduces chal-
lenges such as lack of policies, resource support, and lack of training on how to use Al tools/platforms
among others, then usage of Al among academics in higher education can increase.

Practical and theoretical implications

The outcome of this study has several implications for theory and practice. In terms of practice, it can
be seen from the outcome of the study that Al has come to stay and will make an impact on work
delivery including academics in the higher educational landscape. Thus, the first practical implication is
for academics or faculty members is to have adequate and timely information on Al tools and how they
can be used for both teaching and learning-related activities of the academics’ mandates. Also, author-
ities of higher education should provide training to equip academics on how to use the available Al
tools as well as provide logistical support and a clear policy to regulate the use of Al for academic activ-
ities in the higher education landscape. The last practical implication of the findings of this study is that
though the use of Al could enhance the delivery of some aspects of the academics’ job in terms of
teaching and research, it is not without challenges and the level of these challenges can reduce the
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usage and also negatively affect the productivity of academics in higher education. The support of the
management of higher educational institutions to reduce the level of challenges encountered by aca-
demics is required to enhance the usage of Al for teaching and research activities.

The results of this study clearly confirm the claim that artificial intelligence (Al) as technology pro-
gresses in higher education has both technical and societal ramifications, with regard to theoretical
implications for the socio-technical theory that drove this study. That is the adoption and usage of Al
among academics will need ICT infrastructure, technical support systems as well as clear policies and
training for academics to properly use Al without compromising academic integrity.

Conclusion and recommendations

This study examined artificial intelligence and the productivity of academics in higher education. It can
be concluded that the main Al tools/platforms known and used by academics for research and teach-
ing-related activities were ChatGPT, OpenAl, and Quillbot. Academics hardly use Al software/platforms
for extension activities. These Al tools were used mostly for general searches for information on course-
related concepts, searching for course materials, and subjecting written text of students to plagiarism
checks among others. It can also be concluded that benefits derived from the use of Al for research and
teaching by academics in higher education include assisting in data analysis, improving educational con-
tent, gaining insight into research work, and improving the accuracy and efficiency of research findings.
That notwithstanding, there were some challenges such as a lack of institutional support in terms of
logistical support, training, and a clear policy on the use of Al in higher education. It is further con-
cluded that the availability of Al tools leads to usage but does not directly lead to the productivity of
academics. Challenges associated with Al usage were also found to have influenced productivity, and Al
usage in higher education. Finally, Al usage was also found to have significantly influenced productivity
among academics in higher education.

These conclusions demand clear steps to be taken by management and academics in higher educa-
tion to enhance the use of Al for academic activities among faculty members in higher education. It is
therefore recommended that the management of higher educational institutions should provide a clear
policy on how Al should be adopted and used for academic work by both academics and students. A
clear policy is needed to guard against academic dishonesty among both faculty members and post-
graduate students. Furthermore, it is also recommended that the management of higher educational
institutions provide adequate and timely information and training on the use of Al in higher education.
These training and orientation programmes should be regular on how to adopt different Al tools for
various aspects of the teaching and research activities and their delivery by academics. Training will not
only equip these academics with the requisite skills but will also reinforce academics to easily adopt Al
for academic-related activities. Also, The management of higher education institutions should also pro-
vide logistical support such as Al smart centres on various campuses where various Al tools/platforms
are housed for individuals who cannot afford these technologies or do not have the online gadgets to
be able to use the Al tools readily available. Academics in the various higher education institutions
should also vary the nature of assignments given to students to include project or group-based practical
activities that will encourage creativity and problem-solving among students. Academics in consultations
with their employers should also adopt a similarity index cut-off point for every submission made by stu-
dents and publications made by faculty members.

Limitations and suggestions for further studies

The findings of this study were only limited to academics in higher education. Any generalisation
beyond the parameters of academics in higher education should be done with caution. Further studies,
therefore, are proposed to be done on a more comprehensive scale to compare the views of academics,
postgraduate students, and administrative staff in a single study on Al usage and productivity. This study
is also limited to direct correlations between the variables investigated, thus, further studies could be
done to determine the indirect (mediation and moderation) effect of gender and usage on Al tool avail-
ability and productivity of academics in higher education.
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