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Abstract

Using technology to facilitate learning in universities and other higher education institutions (HEIs)
has become common practice due to its ability to reduce barriers related to time and space in
traditional learning environments. However, current literature mostly focuses on the use of the
technology and not on the use of the information it conveys. Also, very few studies focus on technology
adoption in universities and HEIs in developing countries, especially those in Africa. Thus, we propose
a model that explains the changing information behaviors of students in this digital age and the effect
this has on their learning outcomes. We collected questionnaire data from 303 students and analyzed
the data using structural equation modelling partial least squares (SEM-PLS). We found that our
proposed model explains 60.2% of student satisfaction, 24.2% of academic performance, 24.1% of
information sharing, and 19.8% of their information exchange behavior. This study confirms that the
use of digital information and its antecedent factors have significant effects on the college experience
of students. This has several implications for information systems research and practice, especially in
the design and assessment of technology use in learning environments.
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1. Introduction

Using technology to facilitate learning in universities and other higher education institutions (HEIs)
has become common practice due to its ability to reduce barriers related to time and space in
traditional learning environments (Henrie, Halverson, & Graham, 2015; Sweeney & Oram, 1992).
Thus, several studies have investigated factors that influence the adoption, continuance, and use of
such technologies, as well as their effect on learning outcomes and student engagement (Panigrahi,
Srivastava, & Sharma, 2018). They reveal that several personal and environmental factors need to be
assessed to obtain expected outcomes and engagement goals. Some researchers have conducted
studies to determine how to best use technology to engage millennial students in meaningful and
effective learning experiences despite the challenges involved. Thus far, they have linked educational
outcomes and performances to behavioral, emotional, cognitive (Henrie et al., 2015), physical (Rashid
& Asghar, 2016), applied, social, and reflective engagement (Gebre, Saroyan, & Bracewell, 2014). The
results obtained vary significantly depending on the context, social practices, and the global flow of
information. Thus, changes in student engagement associated with information technology (IT) may
not be the same between continents, countries, and even universities in the same country. However,

existing literature on the topic is limited in context and focus.

Contextually, very few studies focus on technology adoption in universities and HEIs in developing
countries, especially those in Africa. In developed countries, for example, most universities are using
technology to provide a more valuable learning experience to their students through their digital
devices (Gould, 2012a). Online access to academic databases and research material is a natural part of
most universities in developed countries. This is not the same reality in many universities in
developing countries although university students also own at least one digital device (Snyder &
Prinsloo, 2007). Many of the universities there do not provide their students with the information-
seeking capabilities and reliable sources of information they need to effectively use digital information
to improve their learning experiences. Access to international academic databases and reliable sources
of scholarly information is still perceived as a luxury in several universities in developing countries. In
this study, we refer to such universities as “marginal” because this phenomenon poses a social identity
threat to students from universities in developing countries. It undermines the legitimacy of the
university and the academic competency of the students. This is reflected in the poor international
rankings of universities from developing countries, especially those in Africa, and justifies why

students from such universities find it hard to get admissions into top-ranking institutions.

For HEIs in developing countries to gain recognition and improve the social identity of its students in
the global spheres, they have to go beyond technology infrastructure and focus on the quality of
information the students use during the learning process. Information technologies often convey so
much unreliable information and are major agents of distraction thereby affecting student engagement
in their studies (McCoy, 2013). Teachers have expressed concerns about the ability of their students to
evaluate and use the information they find electronically (Urquhart et al., 2005). Thus, what good is
the technology if the information it conveys is not used or usable in a way that improves learning
outcomes or/and student engagement? We argue that digital information use is what affects the

learning outcomes and enhances collaboration between students, not the technology itself. If the



students are not provided with reliable digital information sources and the skills to find relevant
information they need and can use, their academic performance and learning experience through

technology will be affected negatively.

This is an important topic because a systematic review of publications from 1984 to 2016 shows that
there is a significant shortage of scientific publications in the context of HEI, especially in the field of
information systems (IS) and management (Pinho, Franco, & Mendes, 2018). The few studies
conducted on the topic focus on the impacts of IT on student engagement, satisfaction, and
performance and not on the information behavior of the students. Students experience changes in
information behavior and get distracted by technology, whether in developing or developed countries.
Thus, there is a need for frameworks that model the complexity of information behavior in this
technology age. Moreover, this study is even more critical for universities and HEIs in developing
countries, especially those that spend a lot of their resources on IT infrastructure and staff training

without considering the information use behaviors of their students.

In this paper, we propose a conceptual model based on a general model of information behavior
proposed by Ohtoshi and Gottschalg-Duque (2016). In the context of marginal universities, we
empirically assess our proposed model to show how digital information and its antecedents can
influence student collaboration, satisfaction, and academic performance. We found that despite the
limited resources available in marginal universities, the use of digital information has a strong direct
effect on students’ academic performance, satisfaction, and collaboration behaviors. Based on these
findings, we discuss several implications for research and practice and demonstrate that this original
model offers a fertile landscape for expansion in IS research. These findings are critical for designing
information systems that fit the information needs of students and support information management
in HEL This could help managers of HEI improve the learning experiences of their students, improve

their competitiveness in the job market, and boost the overall ranking of the universities.

In the next section, we present a literature review of digital information use and information behavior.
After that, we present the theoretical foundations of our work and present the methodology used to
validate our hypotheses. We then present and discuss our results as well as the limitations of our study

and suggestions for future research.
2. Literature Review
2.1.Digital Information Use in Universities and HEIs

Even though it is a popular topic of discussion, there is limited empirical evidence to support the
factors that influence the use of digital information by millennial students in HEI given that most
studies focus on the technology itself (Pinho et al., 2018). For example, undergraduate students in
Australia show that technology is an essential element of learning in contemporary universities.
Students tend to engage more in learning practices when they use their own devices like laptops and
smartphones to access the internet, learning platforms, and library resources. The students can hardly
imagine their university experience without these technologies (Henderson, Selwyn, Finger, & Aston,
2015). In Saudi Arabia, the use of technology was also found to have a positive influence on student

engagement and self-directed learning although it had no significant impact on their academic



performance (Rashid & Asghar, 2016). That wasn’t the case in the USA where students use their
devices extensively and view them as important to their academic success. They see technology as a
positive force in helping them engage with their instructor, with other students for collaboration and

communication, and with their course contents (Gould, 2012b).

Over 90% of the universities in the USA provide educational technology services to both faculty staff
and students(Gregory, 2011). Several other authors have addressed this issue in the context of other
universities in developed countries (Bryson, 2016; Johnson et al.,, 2016; Owen, 2014) and have
obtained similar results. The results emphasize the improvement of campus infrastructure and
educational technology services because of their potential to increase engagement and academic
performances. For example, autonomy and practical aspects of learning are also found to drive student
engagement, satisfaction, and performance (Papworth, 2016). Thus, providing students with access to
digital information resources could provide them with the autonomy and practical experience they
need to be more engaged in the learning process. This is because they could take advantage of the
remote accessibility, flexibility, and technologically appropriateness of digital information (Johnston,
Barton, Williams-Pritchard, & Todorovic, 2018). Nevertheless, the type of technology used may
influence student engagement and attitude towards learning. For example, mobile technology has been
found to increase collaborative learning but decreases engagement during lessons (Heflin, Shewmaker,
& Nguyen, 2017). However, other technologies like laptops may increase student engagement or at

least facilitate its development (Gunuc & Kuzu, 2015).

We see that the extant literature focuses on the effects of technology use on student engagement,
satisfaction, and performance, but not on the information it mediates. Also, this review brings us to the
conclusion that research on student engagement in marginal universities, especially in the context of
developing countries is very rare. Thus, a study focusing on such universities will make significant
contributions to literature by providing new arguments for discussions on student engagement and

performance in higher education.

Our research seeks to fill this gap in the extant literature, especially on student performance,
satisfaction, and collaboration (information sharing and exchange). In this study, we argue that
students use technology to access information from multiple sources worldwide, and it is the use of
digital information that drives collaboration, satisfaction, and academic performance. Therefore, the
best campus infrastructure and educational technology services will not drive these learning
experiences if they do not provide students with useful information for their studies. Thus,
understanding student information behavior could be used to determine the technological ecosystems

needed to drive student engagement in HEIs.

2.2, Information behavior and organizational management

Information is a key part of corporate strategy, especially when it comes to its use in making strategic
decisions and managing costs (Papazov & Mihaylova, 2015). That is why organizational
competitiveness depends on the ability of managers to promptly detect environmental changes and
quickly readjust their behavior (Razhivina, Yakimovich, Korshunov, Tyurin, & Zagoruiko, 2016).
Nevertheless, managers do not seem to pay attention to the changes that occur in information

behaviors, limiting the ability of information systems to meet up with the evolving needs of

3



information users. Information behavior refers to why and how humans need, seek, and use
information (Campbell, 2013). As information behaviors evolve, information systems and current
information practices need to be configured for each other to improve engagement, satisfaction, and
performance (Runaas et al., 2017). Defining clear and targeted benefits that meet the information
needs of users will considerably increase the chances of successfully implementing good information
systems and ensure their effective use in driving engagement, satisfaction, and performance
(Marnewick, 2016). People spend so much time searching for information on the internet which turns
out almost 50% of the time to be unreliable or unsatisfactory (Elliott, Bartel, Simonson, & Roukis,
2015). Understanding information needs could enable information systems to provide information
sources that reflect the quality values of an organization (Leon, Nestian, & Nica, 2015). This could go a
long way to influence information sharing behavior and increase satisfaction and performance by

saving time and cost (Weng, Lu, Wang, Megahed, & Martinez, 2018).

HEIs stand to enjoy these same benefits of understanding the information behaviors of their students.
Worldwide, HEIs recognize the need to incorporate technology into the teaching and learning
experiences of their students because of their ability to drive innovation and inventive projects (Mahdi,
Sukarman, & Yok, 2015). However, many of them do not know exactly how to go about it or the extent
to which certain factors affect these experiences. Understanding the information behavior of students
is one way that can lead to outcome-based decision-making, and serve as starting points for managers
to foster the use of quality information by students (Kroll, 2015). Managers of HEIs need student
information behavior models that emphasize collaborative learning through information sharing and
exchange (Sun, Jiang, Hwang, & Shin, 2018) using technologies and information systems designed to
influence such behavior. These models will help identify intentions and preferences towards specific
technologies or information systems that could enable students to use information that increases their

satisfaction, engagement, and academic performances.

Boosting academic performance and student engagement influences the competitiveness of students in
the job market (Pinto & Ramalheira, 2017) and the overall ranking of HEIs. They also have significant
relationships with university-industry partnerships and academic innovation performance (M. H.
Huang & Chen, 2017). However, it is the timely availability of relevant and reliable information that
makes all the difference for students and not the technology. IT essentially conveys information which
is what affects knowledge sharing and scholarly performance (Ghabban, Selamat, & Ibrahim, 2018).
An essential part of every information system is the information it carries and how it connects the
users, processes, and organizations. Thus, for HEIs to propose comprehensive information systems
that meet the needs of students in contemporary universities, they need to understand factors that
motivate students to use digital information for learning purposes. Therefore, one of our contributions
to literature is to propose a model that could help managers of HEIs understand the changing

information behavior of students.
3. Theoretical Background and Hypotheses Development

3.1.Theoretical background - the Ohtoshi-Gottschalg-Duque model



Information behavior has mostly been studied in the field of information and documentation science
(Choo, Detlor, & Turnbull, 2000; Leckie, Pettigrew, & Sylvain, 1996; Wilson, 1999, 2006). The models
proposed in this field are difficult to compare in great detail given their differences in context,
vocabulary, emphasis, and age. Also, most existing models focus on information seeking (Campbell,
2013), paying relatively less attention to information need, information use, and user satisfaction. This
raised the issue of a single model capable of describing the whole cycle of information need, seeking,
and use especially in contemporary settings. Given that people’s information habits have been
transformed by technologies like the internet, laptops, and smartphones, models, and frameworks
need to be proposed to capture these changing behaviors. They need to be adapted to reflect new
trends and explain new forms of information behavior which could not be explained using previous
models. A general model of information behavior (GMIB) based on semantic models was proposed by
Ohtoshi and Gottschalg-Duque (2016) to meet this need. The model strives to capture all facets of

current information behavior that could help predict user choices and decisions.

Ontology-driven models are developed to capture the meaning of people’s perception of an application
domain. Such models could lead to improved conceptual models and help ensure they are indeed
faithful representations of their application domain (Shanks, Tansley, & Weber, 2003). Thus, to
employ them as conceptual modeling constructs, each construct has to be rigorously defined especially
in the case of relationship constructs (Wand, Storey, & Weber, 1999). Also, ontology-driven models are
found to be advantageous to apply when having to model some challenging facets of an application
domain (Verdonck et al., 2019). The authors point out the model’s ability to help understand people in
different contexts based on a set of factors and characteristics which could be useful in modern data-
driven business settings. This makes the model very interesting for IS researchers and practitioners
because of its potential to foster the design and development of more personalized and insightful

information systems.

According to the base model, an information user is an individual who has a profile defined by specific
personality and demographic characteristics. In the context of this study, we are referring to university
students. An information need is the recognition of the lack of adequate knowledge to meet the goals of
an information user. This need is shaped by the characteristics of the information user. Information

seeking is a conscious effort to fill our knowledge gap in response to an information need.

An information source refers to the origin of the information obtained after seeking to satisfy an
information need. In this study, information sources are strictly digital and obtained only using digital
technologies. Information use refers to the acts taken by the information user based on the
information obtained from information sources. Specific to this study, we distinguish between
information exchange and information sharing. Information exchange refers to discussions that
involve exchanging ideas and knowledge. This is limited to exchange with classmates, lecturers, or

closed workgroups in the context of this study.

Information sharing refers to the reciprocal dissemination of information among information users,
without necessarily having to discuss it. This sharing could be done with anyone anywhere. Together,
information sharing and information exchange evaluate the effect of information use on the student’s

engagement through collaboration and participation.



The education sector is one of those sectors that has been completely transformed by technology. E-
learning facilities, e-libraries, media centers, and the internet have made many traditional information
behaviors obsolete. Yet, models that capture these current trends are rare, let alone in the field of
information systems. Therefore, we propose to use the Ohtoshi and Gottschalg-Duque (2016) model
(henceforth OGD model) (Figure 1) as the theoretical foundation for the development of a
contextualized conceptual model that can be used to understand the information behavior of students
in HEIs in the digital age. This implies transforming an ontology-driven model into a conceptual
model. In the next subsection, we explain the transformation guidelines used to arrive at our proposed

conceptual model.
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Figure 1. Ohtoshi and Gottschalg-Duque (2016 pg.2) Model of information Behavior

3.2. Transforming the OGD model into a conceptual model
There is a rising need for information models framed in terms of significant paths in a defined context
(Beynon-Davies, 2018). To this end, ontologies have been found to facilitate the development of meta-
theories and models that can be used to understand one or more contexts by providing an
arrangement of constructs that lead to theoretical assumptions and propositions (Bostrom, Gupta, &

Thomas, 2009). Ontologies have been used in designing systems and understanding behaviors in IS



research. For example, they have been used to assess the utility of natural disaster management
websites (Chou, Zahedi, & Zhao, 2014), to understand market contexts, assess transaction risks (Li,
Sun, Chen, Fung, & Wang, 2015), and evaluate IS use in healthcare (Maass & Varshney, 2012).
However, when using ontologies for conceptual modeling, grammatical terms may affect the perceived
ease of use and perceived usefulness of a construct which could affect the use of these constructs in

real-life contexts (Recker, Rosemann, Green, & Indulska, 2011).

Evermann (2005) discussed the importance of conceptual semantics in guiding the transition from
semantic (ontological) models to conceptual models. He describes ontologies as concepts and their
relationships that reflect empirically observed realities. While examining the use of ontologies in IS
research and applications, he showed that ontologies can provide strong empirical justification for the
conceptual representation of knowledge and could be used to theorize about a given domain. He also
shows how hypotheses based on ontologies like Bunge’s ontology (M. Bunge, 1979; M. A. Bunge, 1977)
have been empirically verified in a variety of application domains using conceptual modeling methods,
confirming the ability of ontologies to conceptually represent existing realities or perceptions of reality.
Evermann (2005, p. 155) put forth the following arguments on the correlation between conceptual

structures and semantic models that were used to guide the development of our conceptual model:

e The construction or adoption of an ontology must be guided by empirical evidence of entities
in the real or perceived world.

e Knowledge of the world is governed by our cognitive structures.

e Our cognitive structures must be based on our empirical knowledge of the world.

e Thus, the study of language can suggest relevant cognitive concepts.

¢ Knowledge representation language should reflect cognitive concepts, the terms in which we
think about the real world.

e These concepts are empirically well-founded, and this empirical foundation provides support

for these concepts.

Based on these guidelines, we adopted the OGD model and used it to develop a contextualized
conceptual model to understand the information behaviors of students in HEIs in developing
countries. The development of the OGD model was guided by empirical evidence of real-world
perceptions of peoples’ information behaviors in terms of their information need, seeking, and use
behaviors as represented by the well-established models that led to their comprehensive model.
Information need, seeking, use, sources, sharing, exchange, and user, are all cognitive concepts that
are easy to understand and relate to the real world. They are also familiar concepts in academic
research and clearly defined during the development of the semantic model. Therefore, we conclude

that the model meets the criteria to be adapted for conceptual modeling practices.

To provide empirical support for our proposed conceptual model, we also adopted the following

guidelines from Evermann (2005):

e Find direct empirical evidence that determines how well an ontology expresses concepts and
relationships in the real or perceived world.

* Relationships between concepts should be socially accepted in the context of the study.



e Deductive arguments can be used if the ontology adopted is built upon an empirically well-

founded basis.

e Predictive arguments made base on ontological considerations should be based on an

ontologically clear language that leads to a better understanding of the represented domain.

These guidelines influenced our research assumptions, hypotheses, and methodology. We made sure

that in designing our conceptual model, we hypothesized only on concepts that made sense in real-life

and on relationships that made sense in the context of our study (see Table 1). Our hypotheses were a

mix of deductive and predictive arguments depending on the ontological clarity of the language used

when translated to reflect reality through the conceptual model. In the subsection that follows, we

develop the hypotheses derived from the OGD model that led to our proposed conceptual model.

Table 1. Transition from the original semantic model to the proposed contextualized
conceptual model

Original Semantic Model (Ohtoshi &
Gottschalg-Duque, 2016)

Propose model adaptations

Information user executes tasks that generate

information needs

Hz1: Information user affects information need

Information need may start from information

seeking

H2: Information need affects information seeking

Information users use information differently
due to basic differences in the way individuals

prefer to use their perception and judgment.

H3: Information user affects information use

Information need affects information use

H4: Information need affects information use

Information seeking affects information use

Hs: Information seeking affects information use

Information is found in information sources,
which have attributes of quality, and allows

information use

Hé6s: Information source affects information use

Information use has different types of uses.

Information use has different outcomes:

H7: Information use affects Academic performance.
H8: Information use affects (digital) Information
exchange.

Ho: Information use affects Information sharing.

Hio: Information use affects user satisfaction.

Differences in user profiles result in individual
differences in perceptions and judgment on

how or if information is used.

Hypothesis 11 (Hiia-g): information user profile
moderates the relationship between information user

and information use.

3.3. Hypotheses development

The information user is the main concept of the OGD model. Every user has a profile that is defined by

individual characteristics that shape their information needs. These individual characteristics include
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personality and other specificities like age, professional background, socio-economic status, and
academic background. The information user plays roles that involve performing tasks or activities that
they need to execute. Executing these tasks involves acquiring the information thereby generating

information needs.

In the context of HEIs, students are information users who perform regular academic and learning
tasks that involve attending lessons, doing assignments and projects, taking part in examinations, and
even doing some self-learning. Performing these tasks involves acquiring the information needed to
complete their knowledge and understanding of the subject of interest thereby generating information
needs. However, students need to understand the nature of information need to be able to identify the
best way to meet their information needs (Nazari, 2016). For students to understand the nature of
information need, they need to actively take part in the learning process through due diligence. This
will help them know the kinds of resources they need to enhance their learning experiences which they
can then communicate to their administration to obtain relevant content at the right time in the right
format. This could help bridge the gap between the information provided by the institution and what
the students find relevant, attractive, and resourceful (Fong, Au, Lam, & Chiu, 2020). Today, students
mostly use e-resources to meet their information needs for academic tasks (El-Maamiry & Amour El-
Maamiry, 2017). However, for students to appreciate the relevance of the e-resources provided to them
by their institutions, they must first understand their own information needs. Therefore, we

hypothesize that:
Hypothesis 1 (H1): information user affects information need.

The OGD model explains that for the information users to meet their information needs, they may
start the information seeking process. This involves searching for the information required to meet the
information needs of the user. Information seeking implies using different strategies like that
proposed by Ellis (1989) to find the information needed to complete the required task of activity.

Information needed can be found in both formal/informal and internal/external sources.

In the context of HEIs, information seeking is an essential part of the learning process. Students are
constantly required to search for information that can help them do assignments, prepare for
examinations, and complete/expand their knowledge on a given topic. Consequently, they need to
learn information seeking strategies that would enable them to obtain the information they need from
the most relevant sources. Students often use strategies like heuristic search, phrase queries
(Marchionini, 1989), starting, browsing, differentiating, and extracting (Baro, Onyenania, & Osaheni,
2010) to search the internet despite how unreliable and incomplete the information often is
(Walraven, Brand-Gruwel, & Boshuizen, 2009). However, it also provides easy access to much
information on every topic making it a great source of information for students, especially when the
student wants to acquire a general understanding of a topic. Nevertheless, when students need access
to more academically verified facts, they may need to search within reliable academic databases.
Although some institutions have access to such databases, some studies face difficulties in choosing
the best databases for their information need (El-Maamiry & Amour El-Maamiry, 2017). Therefore, we
hypothesize that:



Hypothesis 2 (H2): information need affects information seeking behavior.

The next four hypotheses concern the antecedents of information use. The OGD model explains that,
firstly, information users use information differently due to basic differences in the way individuals

prefer to use their perception and judgment.

In the context of HEIs, students need to have the skills and competencies to be able to use digital
information for their learning activities. Also, their perceptions of a great learning experience as well
as their desire for more autonomy and control over their learning process could influence their
information use behaviors (Fernandez-Ramos, 2019). In addition to the fact that such autonomy is a
growing trend among university students, they are more likely to use the digital information if it fits

their tasks (F. O. Omotayo & Haliru, 2020). Therefore, we hypothesize that:
Hypothesis 3 (H3): information user affects information use.

Secondly, the OGD model reveals an intertwined relationship between information need, information
seeking, and information as information need and information seeking behaviors are what lead users

to the information they possess and choose to use (or not to use).

In HEIs, students adopt search strategies that are adapted to their information needs and use the
resulting information that most accurately provides the information they need for their tasks (Rieh &
Rieh, 2005). For information to meet user needs and thereby increase the chances of being used, it
should be organized in a relevant and concise manner (Lehmann & Heagy, 2014). Thus, if students
have good information seeking strategies, they are more likely to find the information they need
quickly and easily. Consequently, if they find the information they need reported in a concise and
precise manner, it could influence their decision to use it. On the other hand, if students do not need
the information provided, they may not seek this information and may eventually never use it. This

interrelation between information need and information seeking led us to the following hypotheses:
Hypothesis (H4): information need affects information use.
Hypothesis (H5): information seeking affects information use.

Thirdly, information is found in information sources, which have attributes of quality and determine

information use.

In the real-world context of HEISs, this could be translated as trust in the sources of information affects
the use of the information for academic purposes. As mentioned above, the internet is a significantly
unreliable source of information because anyone can publish unverified data as facts on the internet.
Therefore, in academic settings, information obtained from sources like academic databases or
institutional repositories are more likely to be used by students because they will be regarded as high-
quality information sources. Studies also show that university students find commercial social media
apps to be an important source of information that institutions can use to channel relevant

information and provide library services (Guo & Huang, 2020). Therefore, we hypothesize that:

Hypothesis 6 (H6): Information source affects information use.
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The next four hypotheses concern the outcomes of digital information use in our context of study. The
OGD model suggests that information is mainly used for problem-solving, learning, storage, decision-
making, and information exchange. In the context of HEIs, students use information for the same
reasons as well. However, what matters in the real world is not the type of use but rather the outcome

of information use.

We revealed through the literature review that academic performance, student satisfaction, and
collaboration (behavioral engagement through information sharing and exchange) are the expected
outcomes of student engagement. However, most studies have focused on the technology like mobile
social networks (Cao, Masood, Lugman, & Ali, 2018) and the internet, paying little attention to the use
of the information they carry. In our review, we argued that although students use technology to access
information from multiple sources worldwide, it is the use of digital information that drives
collaboration, satisfaction, and academic performance. For example, the use of the internet by
university students has proven to increase their perceptions of learning and engagement (Cheung &
Huang, 2005). We argue that it the use of information from the internet and not the internet itself that
creates this effect because if the information sought by the user is not useful, it may rather negatively
affect their learning experience and academic performance (Zhu, Chen, Chen, & Chern, 2011).

Therefore, we hypothesize that:
Hypothesis 7 (H7): information use affects academic performance.

In the same light, students perceive the use of technology as a tool that increases their engagement
with their course work through collaboration in the form of information exchange and feedback
(Gould, 2012a). However, they find that exchanging information relevant to their studies helps them
learn better and provide mutual support for each other (Lyu, Huang, & Hu, 2019). Therefore, we

hypothesize that:
Hypothesis 8 (H8): information use affects information exchange.

Also, an essential part of student collaboration is information sharing. If information is found useful, it
is often shared with colleagues or classmates to help them solve similar problems, learn something
new, or make decisions. Such information sharing is sometimes supported by pre-discussion notes
which are used to help the student remember useful information before work sessions (Zhou, Xiao,
Liu, & Chen, 2018). Also, it is common practice today for students to share information they deem
useful through their social media class groups. At the same time, they may not share information they

do not use unless they feel it might be useful for someone else. Therefore, we hypothesize that:
Hypothesis 9 (H9): information use affects information sharing.

Furthermore, studies show that providing students with useful and quality information influences
their satisfaction with a course (Park, Yoo, Kim, & Lee, 2018; Xu & Du, 2019). Also, information
quality is found to influence student satisfaction. Therefore, the more students use the information
they are provided with, the more satisfied they are likely to be with their experience at the university.

Therefore, we hypothesize that:

Hypothesis (H10): information use affects user satisfaction.
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Finally, the OGD model suggests that the profile of the information user influences their use of
information. This is because differences in profiles result in individual differences in perceptions and
judgment on how or if information is used. This suggests a moderating effect between information
user and information use. Characteristics that make up user profiles include age, gender, work
experience, field of study (domain), level of education, revenue, and personality types as defined by
Myers & Myers (2010). In the context of HEIs in developing countries, age, gender, and university
affiliation were found to influence the information behaviors and needed to be considered when
designing information systems to ensure the optimal use of information by users (Donkor & Nwagwu,
2019). Thus, students affiliated with universities that provide them with access to academic databases
and/or free or affordable internet services are more likely to use digital information that their peers

without access.

The level of education and field of study could also influence the use of digital information. Generally,
it is observed that in developing countries, students are expected to use more reliable sources of
information as they climb the academic ladder. Undergraduates, for example, may use internet sources
like Wikipedia and YouTube to complete class assignments and projects. However, once the students
get to graduate-level studies, they are expected to use more academically-reliable sources like
academic journal publications and reputable news bulletins to support their arguments. Furthermore,
the use of digital information seems to vary with the field of study. It is observed in the region that
students from science-oriented fields like medicine and engineering use more digital information than

those from art-oriented fields like history and literature.

As concerns digital access in developing countries, the cost of internet services remains a major
obstacle for students (van Deursen & van Dijk, 2015). Consequently, students who cannot afford
internet services or access to academic databases will not be able to use information from such
sources. Moreover, many institutions in those countries, especially in the African region do not
purchase access to such platforms for their students making the use of such information practically
impossible for them. Personality traits have been found to influence learning behaviors, especially
concerning the compulsive use and motivation to use technology for information and learning (Klobas,
McGill, Moghavvemi, & Paramanathan, 2018). Based on such studies, we argue that the information
user’s personality could affect their motivation to use digital information for learning purposes. All
these arguments justify the possibility based on the OGD model that the user profile has a moderating

effect on information user and information use. Therefore, we hypothesize that:

Hypothesis 11 (Hiia-g): information user profile (age, gender, work experience, field of study
(domain), level of education, revenue, and personality type) moderates the relationship between

information user and information use.

Based on the guidelines from Evermann (2005), we were able to support each hypothesis in our
contextualized conceptual model through the extant literature and facts collected on the field. Figure 2
presents the diagrammatic representation of our proposed contextualized conceptual model. In the

next section, we describe the methodology used to test the proposed model.
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Figure 2. Proposed contextualized conceptual model for digital information behavior
(based on Ohtoshi & Gottschalg-Duque, 2016)

4. Methodology

Our goal is to verify the hypotheses we derived from the OGD model. To this end, our methodology
was guided by research done by Case (2002) who proposed methods for studying information

behaviors.
4.1.Instrument development and validation

Case (2002) suggests and shows how different methods can be used to collect data that could help
explain the information behaviors of users. Among the methods proposed, we found focus groups to be
the most effective for our study because it gave us the possibility to capture the real opinions of the
students in context thereby ensuring high face validity of our data. Nevertheless, this method alone is
weak because it reflects the opinion of a specific group of people in a given setting and at a particular
time. Thus, it was recommended that focus groups should be combined with other data collection
methods to limit this weakness. Consequently, we complemented our findings from the focus groups

with a survey.

For the focus group interviews, we observed and took notes that helped us uncover the underlying
opinions and motivations influencing digital information behaviors of students in the context of our
study — marginal universities in developing countries. The interviews were conducted by the authors,
one acting as a facilitator and the other as an observer. The focus group was made up of 10 master’s
degree students (3 from social sciences, 3 from hard sciences, 3 from arts & literature fields, and 1
from theology). The participants were students from different universities in Cameroon who came to
participate in a seminar at the Catholic University of Central Africa, Yaoundé, Cameroon. The
participants volunteered to take part in our one-hour focus group session during which they were

incited to discuss their digital information behavior in terms of need, seeking, and use, as well as its
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impact on their engagement as university students. The participants enthusiastically participated in
this activity because, at the time, the government of Cameroon had just decided to offer 500,000 mini
laptops to university students in Cameroon to support their digital information needs. However, there
was a huge divide among the students because some believed the government would have rather made
internet services more affordable for students and purchased access to academic databases that
students can access free of charge. Thus, participants saw this study as an opportunity to express their
needs and expectations as university students. The focus group was centered around five general

questions:

*  What kind of information or e-resources do you need as a university student?
e How/where do you obtain the information you need?

* How do you use the information you obtain from these sources?

*  What do you think should be done to satisfy your information needs?

¢ What difference do you expect these changes to make in your university experience?

Participants were allowed to give their personal opinions directly or react to the opinions of other
participants. Based on our observations and notes, we were able to validate the relevance of every
concept in our model and predict the veracity of our proposed hypotheses. Nevertheless, as proposed
by the methodology we adopted, we had to complement these findings by sampling a wider population

which we did using a survey.

After searching in the literature on the way the concepts in our model were measured, we found no
existing scales adapted to our study. This seemed logical because this is the first study that attempts to
conceptualize these concepts as we do. Thus, we used our focus group notes and our understanding of
the context from extant literature to develop measurement scales that reflect the reality of our
constructs in the context of the study. We tested our measurement instrument using a seven-point
Likert scale questionnaire in two stages. First, we pretested the instrument with 18 management &
information systems students who were asked to comment on the clarity and understandability of each
item relative to its construct. This led us to rephrase and eliminate some items. Secondly, we
conducted a pilot test with 30 random university students to assess the validity and reliability of our
constructs which we did. After validating our instrument (see Appendix A), we proceeded to the full

data collection stage to validate our findings.

4.2. Data collection phase
We determined the minimum sample size for this study using the power analysis with the help of
G*Power 3.1.9.2 software (Perugini, Gallucci, & Costantini, 2018). We selected an effect size of 0.0625,
alpha of 0.05, and a power of 0.95, giving an acceptable sample size of 119 for this study. We collected
data from 339 students in a developing country, namely Cameroon, between May 2018 to September
2018. The questionnaires were addressed to students from three marginal universities in Cameroon
namely the Catholic University for Central Africa, the University of Yaoundé I, and the University of
Yaoundé II. The questionnaires were distributed both electronically via google forms and paper-based
from campus to campus. We hired independent consultants to collect the paper-based data on the

field, after giving them a full day of training. Each day, we verified the data collected for consistency
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and validity until the end of the process. They were also given incentives to use in motivating students
to take part in the study. In total, we obtained 303 valid responses that were used in the data analysis.

The structure of the respondents is an adequate representation of Cameroon’s student population as

presented in Table 2.

Table 2. Demographic profile of participants

No. of Frequency per Rel. Frequency per
Sample . Category
categories category category (%)
Unknown 23 7.59
15-20 81 26.73
Age (years) 5 21-25 142 46.86
26-30 50 16.50
31-35 7 2.31
Unknown 17 5.61
Sex (gender) 3 Male 131 43.23
Female 155 51.16
Unknown 32 10.56
Social sciences 46 15.18
Field of study _
. 5 Pure sciences 41 13.53
(Domain of Study) _
Arts & Literature 33 10.89
Others 151 49.83
Unknown 13 4.29
Higher National
. 26 8.58
Level of education Diploma or lower
(Educational 5 Bachelor 205 67.66
attainment) Master’s 52 17.16
Higher than a
7 2.31
Master’s degree
Unknown 35 11.55
None 154 50.83
Work experience P <1 49 16.17
(years) 1-2 54 17.82
3-5 2.31
>5 4 1.32
Unknown 115 37.95
<=15000 80 26.40
Revenue / Allowance
. 6 15001-30000 68 22.44
(in XAF)
30001-45000 22 7.26
45001-60000 13 4.29
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>60000 5 1.65

Unknown 26 8.58
Extravert 89 29.37
Introvert 79 26.07
. Sensitive 31 10.23
Personality type 0 Thinker 26 8.58
Emotional 8 2.64
Judging 28 9.24
Intuitive 6 1.98
Perceptive 10 3.30
4.3. Data analysis phase

Among the data analysis techniques proposed by Case (2002), we found statistical analysis most
suitable for our study. We specifically used partial least squares structural equation modeling (PLS-
SEM), a technique that has been widely used and approved in the field of information systems and
technology (L. Huang, Zhang, & Liu, 2017; Ifinedo, 2016; Leguina, 2015). We used XLSTAT version
2014.5.03 and SmartPLS version 3.2.8 to analyze the data. XLSTAT was used to obtain the descriptive
statistics, item loadings, and eigenvalues, while SmartPLS was used to measure the model assessment
and determine the corresponding structural equations. We chose PLS because the proposed research
model is based on a model that is not fully established. We developed our model by altering the
original model and adding concepts from existing literature. PLS is best suited because it will help us
better understand the relationship between the model and the data, by explaining the variation in

dependent variables caused by the independent variables (Petter, 2018).

The data analysis was conducted in two stages: measurement model assessment, and structural model
assessment. During the first stage, we verified the unidimensional nature of each latent construct to
make sure all items per construct measured the same underlying idea. A construct was considered
unidimensional if the first eigenvalue was greater than one while the others were smaller, and all item
loadings were greater than 0.6 (Vinzi, Trinchera, & Amato, 2010). Next, we assessed the construct
reliability and validity to determine the internal consistency or homogeneity of the measurement
model. To verify the convergent validity of the model, we accepted constructs that had Average
Variance Extracted (AVE) values at 0.5 or higher. We also approved constructs with composite
reliabilities greater or equal to 0.6. To verify homogeneity, we accepted constructs that had both
Cronbach’s alpha and Dillon-Goldstein’s rho values greater or equal to 0.7 (Vinzi et al., 2010). To
assess the discriminant validity of the model, we used the Fornell-Larcker Criterion (Venturini &

Mehmetoglu, 2019).

During the structural model assessment stage, we, first of all, evaluated the validity of relationships
between constructs suggested in the hypothesis. This was done based on the significance of path
coefficients, determined through their p-values. Conventionally, the valid p-values are p < 0.05, p <
0.01 and p < 0.001 (Dahiru, 2011). Next, we assessed the fitness of the model based on the data used in

this study. We decided to accept the model if the standardized root mean square residual (SRMR)
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value is less than or equal to 0.08. We chose this criterion because it is a well-established approximate
model fit criterion implemented for PLS path modeling (Henseler, Hubona, & Ray, 2016). Finally, we
used R Square values to determine the proportion of variance in the dependent variables that can be
explained by the independent variables. R Square values with the minimum cutoffs of 0.67, 0.33, and
0.19 were considered “substantial”, “moderate” and “weak” respectively (Chin, 1998). We also tested
the effects of the moderating variables on the relationship between the information user and
information use. We used bootstrapping to determine if they have any significant direct or indirect
effects on the model. We bootstrapped using 500 subsamples, two-tailed with a significance level of

0.05.
5. Results
5.1.Measurement model assessment

After running the measurement model in XLSTAT and SmartPLS, we obtained the item loadings and
eigenvalues presented in Table 2. We can see that all loadings are greater than 0.6 and all first
eigenvalues are greater than one, confirming the unidimensional nature of every latent construct block
of items. We were able to confirm the convergent validity of the model by the fact that all AVE values
were greater than 0.5, and all composite reliability values were above 0.6. Seven constructs were
proven to be fully reliable because their Cronbach's alpha and D.G. rho values were all above the 0.7
thresholds. However, information exchange had a low Cronbach's alpha of 0.687, while information
seeking had bad Cronbach’s alpha and D.G. rho values. Nevertheless, we maintained them throughout
the rest of the analysis given that they were internally valid, and they had good AVE and composite
reliability values. Thus, although these constructs are questionable (Montshiwa & Moroke, 2014), they

are not unacceptable at this point given the other measurement results, as presented in Table 2.

Table 3. Assessment of the measurement model

Construct Cronbach's rho_A | Composite | Average Variance
Alpha Reliability | Extracted (AVE)

Academic performance 0.760 0.800 0.860 0.674

Information exchange 0.687 0.742 0.804 0.513

Information need 0.772 0.784 0.846 0.525

Information seeking 0.669 0.683 0.799 0.501

Information sharing 0.865 0.871 0.903 0.650

Information sources 0.791 0.795 0.857 0.548

Information use 0.817 0.819 0.873 0.579

Information user 0.812 0.830 0.864 0.560

User satisfaction 0.809 0.820 0.862 0.511
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The discriminant validity of the model was confirmed by the Fornell-Larcker Criterion given the AVE

of each latent constructs are higher than the squared correlations with all other latent constructs. The

square roots of the AVEs are shown by the bolded numbers in the matrix diagonals as presented in

Table 3.

Table 4. Discriminant Validity using Fornell-Larcker Criterion

Constructs | AP DIE IN IS ISH DIS 1U0S 10 USAT

AP 0.821

DIE 0.267 | 0.716

IN 0.254 0.49 0.725

IS 0.188 0.503 0.57 0.708

ISH 0.301 0.362 0.249 0.322 0.806

DIS 0.441 0.408 0.359 0.474 0.522 0.74

10S 0.492 | 0.445 0.483 0.41 0.491 0.588 0.761

10 0.22 0.356 0.554 0.262 0.208 0.242 0.314 0.748

USAT 0.512 0.415 0.398 0.433 0.573 0.632 0.776 0.258 0.715
5.2. Structural model evaluation

Given that the outer model estimations are reliable and valid, we present the results of the inner path

model estimates. The results of the structural model are presented in Figure 3 and summarized in

Tables 4. The results show that all the hypotheses of this study are supported with very strong

significance except H3 and Hs.

Table 5. Structural modelling results

Hypothesis Path coefficient P -values Result

Hi1: Information user -> Information need 0.554%%** o) Supported
H2: Information need -> Information seeking 0.57%%*¥ 0 Supported
H3: Information user -> Information use 0.04 0.458 Unsupported
H4: Information need -> Information use 0.284%** 0.001 Supported
Hs: Information seeking -> Information use 0.015 0.866 Unsupported
H6: Information sources -> Information use 0.469**** 0] Supported
H7: Information use -> Academic performance 0.492%*** 0] Supported
H8: Information use -> Information exchange 0.445%*** 0 Supported
Ho: Information use -> Information sharing 0.491%*** 0 Supported
H1o: Information use -> User satisfaction 0.776%*** 0 Supported
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Note: p < 0.001%**; p < 0****
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Figure 3. Results of the structural model

H11 was not supported as well because the moderating variables had no significant effect on the model.
Nevertheless, at a significance level of 0.1, domain of study had a direct significant effect. Age, sex,
work experience, educational attainment, revenue, and personality type did not moderate the

relationship between information user and information user even at low significance levels.

Overall, the Goodness of fit of the model is acceptable given that it has an SRMR of 0.078. The results
of the R Square values are presented in Table 5. We observe that this model best explains student

satisfaction and information use.

Table 6. R Square values
Construct R Square R Square Adjusted Result
User satisfaction 0.602 0.601 Moderate
Information use 0.431 0.424 Moderate
Information seeking 0.325 0.323 Weak
Information need 0.307 0.304 Weak
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Academic performance | 0.242 0.24 Weak

Information sharing 0.241 0.239 Weak

Information exchange 0.198 0.196 Weak

6. Discussion

The objective of this study is to understand the information behavior of students in HEIs in developing
countries and its effect on their learning experiences and outcomes in terms of academic performance,
satisfaction, and collaboration. To do so, we conceptualized information behaviors by transforming an
ontology-driven model on information behavior into a contextualized conceptual model that shows
relationships between antecedents and outcomes of the use of digital information. Specifically, we
show how (i) information users, information need, information seeking, and information sources
affect the use of digital information by students, and how (ii) the use of digital information influences
the academic performance, collaboration, and satisfaction of students in marginal universities. Our
findings strongly support the fact that the information need and information source highly affect the
information use behavior of students. Although information seeking behavior does not influence their
information use behavior, information seeking behavior is affected by the information need of the
student. Meanwhile, the information use behavior of students was found to strongly affect the

academic performance, collaboration, and satisfaction of students in HEIs in developing countries.

In the real-world context of HEIs, these findings are logical, including our findings that information
user and information seeking behaviors do not influence information use behavior. First, the
information user is the subject of the study and not a concept and our results confirm that it cannot be
conceptualized like the other concepts in the semantic model. Rather, it is the demographic
characteristics and personality traits of the information user that could be conceptualized and tested
directly on information use behaviors rather than as moderators as we did in this study. Secondly,
information seeking is described as a conscious effort to fill our knowledge gap in response to an
information need. This could imply that no matter how good the user’s seeking strategy is, what
matters is the source of the information obtained and therefore has no direct effect itself on
information use. This could explain the strong influence of information source on information use.
However, the fact that information seeking behavior is affected by the information need of the student

confirms that students adopt different seeking strategies depending on their information needs.

Our findings are strongly tied to current discussions on digital information literacy in HEIs. When
compared to the extant literature, we find that our results are relevant in the context of HEIs in
developed countries as well. Irrespective of the region of the world or university, digital information
literacy is essential for students in HEIs. Unfortunately, these are skills that are not taught to students
in some HEIs even in developed countries (Guzman-Simoén, Garcia-Jiménez, & Lopez-Cobo, 2017;
Polizzi, 2020). Today, it is a popular belief that millennials and younger generations “naturally master”
the use of digital information. Contrary to this belief, Coklar, Yaman, & Yurdakul (2017) show that

information seeking competencies are strongly correlated with digital information literacy and weakly
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correlated with digital nativity. Our study supports suggestions that in this digital age flooded with
information that is easily accessible through search engines, it is critical to teach students how to find
and use digital information and related resources effectively (Desilets, Larson, Filkins, & DeJonghe,
2017; Sieber, Anthoney, Barker, & Roberts, 2017). This includes training them on how to clearly define
their information needs, use appropriate information seeking strategies (like designing effective search
strings), and finding the right sources of digital information. This requires developing students’
abilities to evaluate digital content through reflections on the origins, context, and digital environment

in which the information is found.

At the level of outcomes, our findings also tend to support several studies on the effect of digital
information on student satisfaction, performance, and collaboration. Recent studies show that
providing students with online lectures and assignments tends to yield significantly better student
performance as it gives them the ability to prepare for courses ahead of time. This way, the lecturer can
dedicate more time in class enriching the understanding of the students and discussing issues of
concern rather than spending time on things they could simply read by themselves (Nakos & Whiting,
2018). Also, our study supports arguments for the need to develop methodologies and taxonomic
systems that could help synthesize and analyze digital information sources during collaboration.
Students who use this approach are found to perform better than those who do not (Kiili & Leu, 2019).
Furthermore, our study provides more evidence to the fact that using digital information can help
improve students’ communication, collaboration, teamwork skills, responsibility for their learning

outcomes (Blau, Shamir-Inbal, & Avdiel, 2020), and learning autonomy (Ting, 2015).

Although our results show the central role of digital information use on the academic performance,
collaboration, and satisfaction of students in HEISs, it also reveals the limitations and challenges faced
by students in marginal universities. For students to enjoy the benefits of using digital information in
their learning processes, our results have highlighted the importance of the students to be able to (i)
identify their information needs (ii) develop the skills needed to acquire the information they need,
and (iii) obtain the information needed from the most reliable sources. In addition to barriers related
to digital information literacy which is a worldwide phenomenon as discussed above, marginal
universities, especially in the African region, suffer highly from the digital divide. Khalid & Pedersen
(2016) show that the concept of digital divide in HEIs includes social exclusion, digital exclusion, and

accessibility.

Regarding social exclusion, like in many universities in developing countries, universities in Cameroon
are full of students between the ages of 15 and 25 most of whom have no professional experience and
highly financially dependent on their parents or sponsors. Given that most participants have a monthly
allowance of about 15,000 francs CFA (about 23 EUR; 26 USD) or less, it is hard for them to keep up
with the expenses. With 1 GB per day of 4G data costing about 10,000 francs (about 15 EUR; 17 USD)
per month in Cameroon, this is practically unaffordable for most students in such universities. This
situation is not limited to Cameroon. Findings from South Africa also confirm the effect of such social

inequalities on the internet use of students (Oyedemi, 2015).

Digital exclusion is also a major concern as most of the HEIs in Cameroon do not provide free on-

campus internet services for its students although the teachers expect the students to use information
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obtained online to complete and submit class assignments. Even when they provide paid internet
services, they are slow and unreliable which was also shown to be the case in Nigeria (B. O. Omotayo,
2006). This systematically excludes many students from accessing internet-based sources of
information. Also, most HEIs in Cameroon do not have access to academic databases like Business
Source Complete, Web of Science, or ScienceDirect. Yet, students are often expected to do research
that is publishable at the international level. Thus, students are bound to rely on open source material
and Google Scholar to conduct their research which again leads to issues regarding the lack of training
on how to identify reliable sources of information on those platforms. With such limitations, students
in marginal universities cannot compete with students in universities that provide a stable access to

reliable digital information and related resources.

In Cameroon, the government has invested about 75 Billion francs CFA (about 114,336,763 Eur;
129,873,663 USD) to purchase 500,000 mini laptops for its university students (Marshall, 2016). This
is meant to boost their academic performance and the competitiveness of universities in Cameroon
through greater access to digital information. However, the students cannot make the most of this
generosity because the universities do not have the required information system in terms of
information access and technological infrastructure. Most of the students already own at least one
digital device (a computer or a smartphone). Thus, an additional device isn’t much help to the students
in terms of contribution to their university experience. Our findings show that providing the students
with digital information literacy training and a stable access to reliable digital information sources will
have a more positive effect on the academic experiences of the students and more appreciation for the

government’s efforts.

The bottom line of our study is that the issues of digital information use and literacy are common to
HEIs in both developed and developing countries. Nevertheless, the environment in which the HEI
operates makes all the difference. Specifically, accessibility, digital exclusion, and social exclusion
make it such that developed and developing countries do not experience issues related to digital
information use in the same way and thus need to address these issues differently. This study makes
several theoretical contributions to research and has several implications for practice regarding
information management and information systems in HEIs in developing countries especially in the

African region.
6.1.Theoretical contributions

Our research contributes to the limited amount of studies on information management in HEIs
(Arpaci, 2019; Masa’deh, Shannak, Maqgableh, & Tarhini, 2017; Pinho et al., 2018). Specifically, we use
concepts on information behavior to explain the impact of digital information use on the experience of
students in marginal universities. By showing the effect of digital information use on student
performance, satisfaction, and collaboration, we contribute to the body of knowledge on digital
information literacy, student engagement, and academic performance in the context of marginal
universities, especially in the African region (Snyder & Prinsloo, 2007). By relating digital information
use behaviors to learning outcomes, we also enrich discussions on the quality of HEIs in developing

countries, especially regarding universities in Africa (Darley & Luethge, 2019; Idowu, 2019).
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In IS research, information behaviors are mostly studied separately. For example, information seeking
(Allen, Ball, & Jeff Smith, 2011; Garg, Smith, & Telang, 2011), information sharing (Fadel, Meservy, &
Jensen, 2015), and information need (Appan & Browne, 2012) behaviors are each studied separately.
While this helps researchers understand each behavior separately, there was no evidence about
relationships between them. Moreover, there are no well-established constructs in IS literature to
measure these concepts. By analyzing these behaviors through the lens of the OGD model, we
contribute to IS research by conceptualizing these behaviors and developing an instrument that can be
used to measure each of them. The OGD model was developed based on well-established information
behavior models (Choo et al., 2000; Leckie et al., 1996; Wilson, 1999, 2006) thereby providing a solid
theoretical foundation of our work. Thus, our instrument can be used to complement or as an
alternative to other instruments that may be used to capture and measure these information

behaviors.

Developing the measurement instrument involved transforming an ontology-driven model into a
conceptual model. There are several debates around the ability of ontology-based models to support
contextual explanations to IS phenomena (Avgerou, 2019; Burton-Jones, Recker, Indulska, Green, &
Weber, 2017) and its utility as a foundation for conceptual modeling (Allen & March, 2012; Shanks,
Tansley, Nuredini, Tobin, & Weber, 2008). In addition to being used as a foundation for conceptual
modeling, the OGD model enabled us to contextually explain digital information use using the
traditions of behavioral conceptual modeling. The validation of our measurement instrument through
this study contributes to this debate by showing the ability of ontology-based models to support the
conceptualization of existing or perceptions of reality. Moreover, our formulation of Evermann’s
(2005) work as guidelines for transforming ontology-driven models to conceptual models contributes

an approach that can be leveraged by other researchers attempting similar studies.
6.2. Implications for practice

This study informs the top management of HEIs and policymakers of the central role of digital
information on student engagement and performance. In a bid to improve the quality and global
competitiveness of HEIs in developing countries, these stakeholders have been advised to increase
vocational and technical training, increase budgetary allocations, and ensure policy implementation
(Idowu, 2019). In enforcing these strategies, they must consider the information behaviors and trends

of the students to obtain the best results.

Digital information literacy must become an integral part of higher education curricula. Our study
supports that all students in HEIs need to take courses on digital information literacy irrespective of
their field of study. These courses should train students on how to (i) identify and formulate their
information needs, (ii) develop information seeking competencies, (iii) identify relevant sources of
information, and (iv) assess information quality. These courses should be taught both at
undergraduate and graduate levels because each level has its own information needs which may
require different information seeking strategies and different sources. Students also need to be taught
how to use information effectively. Given the high impact digital information use could have on their
learning experiences and outcomes, training the students on how to use the information obtained

digitally is very important for the overall quality of the institution. If students use digital information
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effectively their academic performance will be positively impacted thereby increasing their
employability (Pinto & Ramalheira, 2017). Also, using digital information effectively can lead to better
research and publications in reputable academic journals. Given that employability and academic
publications are part of many HEI ranking systems worldwide, an institution that trains its study on
how to use digital information effectively is likely to improve its international status and the social

identity of its students.

In addition to training, the leadership of HEIs also needs to ensure that students have access to
reliable digital information sources both internally and externally. These include internal resources
like institutional repositories and external resources like academic databases. Eventually, this implies
providing the infrastructure (campus networks and internet) needed for the students to be able to
access these resources preferably anywhere (or at least on campus) and at any time. This will give
students the possibility to have their learning autonomy and increase their sense of responsibility
towards their learning outcomes. Information systems should also be developed that lecturers can use
to provide lectures and assignments for students as well as facilitate student collaborations. By
developing an information culture in institutions, such platforms will serve as sources of reliable

information for students and lecturers and an exciting learning experience for everyone.

Of course, setting up such an infrastructure (access to databases, campus networks, internet...) and
promoting a rich information culture requires significant investments that are not always easy to
obtain. Therefore, institutions and policymakers must plan their scares resources wisely to maximize
the positive impact of their investments. To do so, platforms can be created through which leaders of
HEIs can monitor the information needs of their students before making investments. For example, in
Cameroon, if a simple survey was conducted regarding the needs of university students, it is very
unlikely that the government would have spent 75 Billion francs CFA (about 114,336,763 EUR;
129,873,663 USD) to buy 500,000 mini laptops for its university students (Marshall, 2016). Given the
negative reaction from the students, they certainly would have preferred that the government invested
this money in providing them with other facilities. Therefore, it is important to investigate the

information needs of students before making such huge investments in the future.

Understanding these implications and implementing the corresponding recommendations implies
making policies that affect HEIs at the institutional and national levels, just like the decision to
improve the quality of HEIs. At the institutional levels, top management needs to ensure that they
understand the information needs of the students well enough to design the right training curricula,
design an adequate information system, secure the right budget, and enforce strong information
cultures in their institutions. At the national level, improving the quality and global competitiveness of
HEIs should be part of the country’s national strategy. This way, budget allocations will be made every
year to support the HEIs in their effort to achieve this goal. The harmonization of higher education in
Africa (Hahn & Teferra, 2017) is an example of international initiatives that are also trying to support
institutions and countries to improve the standards of HEIs in the African region. Participating in joint
initiatives like this could help boost the ability of marginal universities to meet the digital information
needs of their students and eventually improve the quality of students graduating from such

institutions.
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6.3. Limitations and future research directions

We used the OGD model to develop and validate a conceptual model for information behavior.
However, the OGD model still gives room for further investigations in the real world. For example, the
OGD model shows that affective, cognitive, and situational factors could affect information need,
seeking, and use behaviors. A future research direction that can complement our conceptual model is
to conceptualize and validate such relationships in a real-world context. Furthermore, researchers
could investigate the direct effects of demographic characteristics and personality traits on the
information behaviors of users as suggested by the OGD model rather than as moderators as we did in

this study.

Also, our theoretical development was limited to findings from Cameroon. Although we backed our
findings with literature from other developing countries like Nigeria, South Africa, Kenya, and
Uganda, empirical studies still need to validate our theory and measurement instrument in other
developing countries. Also, more studies could be conducted to evaluate the generalizability of our
findings by testing our model in HEIs located in developed country contexts. Furthermore, future
research can also leverage our theoretical lens to complement other theories that can help explain the
outcomes of information use better. Finally, our model can be adapted to investigate other contexts

where the information behaviors of users are important like in healthcare and financial services.
Conclusions

In this study, we conceptualized the digital information behaviors of users and tested their effect on
the learning experiences of students in marginal universities. By conceptualizing relationships between
information need, information seeking, information sources, and information use, we demonstrated
the central role of digital information use on student performance, collaboration, and satisfaction. Our
study contributes to theory by increasing the body of knowledge on information management in HEIs,
digital information literacy, and information behaviors of information system users. Methodologically,
it contributes to current debates on using ontology-based models as theoretical foundations for
conceptual modeling. Practically, this study contributes to highlighting the central role of digital
information on student performance, engagement, collaboration, and the improvement of the quality

of HEIs in developing countries, especially in the African region.
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Appendix A: Measurement instrument - Questionnaire

INFORMATION USER (IU)
101 I attend all my classes at the university
102 I copy all my notes and print out all my handouts
1U3 I do all my assignments and deliver them on time
1U4 I take an active part in group assignments and class presentations
IUs I often do extra reading to improve or complete my knowledge in my field of study
INFORMATION NEED (IN)
IN1 I often look for information online when I have a problem to solve
IN2 I often seek information online I need to complete my knowledge on a course
IN3 I often look for information online when I have an assignment or class presentation to do
IN4 I often search for information online to update my notes
IN5 I seek information online mostly for general knowledge purposes
N6 I often seek information online when my instinct tells me to do it
N7 I am mainly looking for information online when I have to do it to succeed in an exam
INFORMATION SEEKING (IS)
IS1 I use the Internet through my laptop and smartphone to seek relevant information online
1S2 I search for specific or well-known sources when I search for information on the Internet
1S3 I have strategies that I use to search for information using digital technologies
1S4 I mainly use semi-structured research when I consult information online
1S5 I often look for information online using precise search techniques
1S6 I mainly looking for information online when I am employed by a classmate or a teacher
DIGITAL INFORMATION EXCHANGE (DIE)
DIE1 T use digital technologies to exchange information with friends and classmates
DIE2 I often use digital technologies to send my homework to teachers
DIE3 I often use digital technologies to collaborate on group work and homework with my classmates
DIE4 I often use digital technologies for distance learning purposes
DIE5 I belong to several online groups where we exchange on school work
DIE6 T use digital technology to exchange only with people who are looking for similar information
DIE; I use digital technology to interact with people who may be interested in similar information
DIGITAL INFORMATION SOURCES (DIS)
DIS1 I often check the accuracy of information obtained from digital information sources
DIS2 I know how to filter the amount of information obtained from digital information sources
DIS3 I can selectively identify relevant documents in a digital information source
DIS4 I know it when I have the information I need from digital information sources
DIS5 I often trust the information I get from digital information sources
DIS6 I often download information obtained from digital sources
DIS7 I find the information obtained from digital sources easy to use
INFORMATION SHARING (ISH)
ISH1 I often share information obtained after a work session with my peers using digital technologies
ISH2 I like to share information obtained after a work session with my peers using digital technologies
ISH3 I like to share information obtained using digital technologies only if I am satisfied
ISH4 My satisfaction with information determines my enthusiasm to share information
ISH5 My satisfaction with the quality of the work done using digital technologies determines my enthusiasm to share
information
INFORMATION USE (IUS)
1US1 I use the information I obtained using technology to solve the problems I face with school work
1US2 Information obtained using technology makes it easier for me to understand my lessons
1US3 I often store the information I have obtained using digital technologies for future use
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1US4 Information obtained online often helps me make better decisions during school projects
1US5 I use information obtained online to improve my ideas during group work
USER SATISFACTION (USAT)

USAT1 I am often satisfied when using information I obtain from digital resources
USAT2 I am often satisfied with the information I obtain using my information seeking strategies
USAT3 I have a better experience when using digital information during work sessions
USAT4 I am often satisfied with the quality of the information I get from digital information sources
USAT5 I often share the information I am satisfied with using digital technologies
USAT6 I often use the information I'm satisfied with, obtained using digital technologies

ACADEMIC PERFORMANCE (IAP)
IAP1 I perform better in courses where I relied more on digital information resources
IAP2 My academic performance has increased since I started using information obtained digitally
IAP3 I think my performance in school will improve if I use digitally-obtained information to learn more often
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