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Abstract

Despite the abundance of studies focused on how higher education institutions

(HEIs) are implementing sustainable development (SD) in their educational pro-

grammes, there is a paucity of interdisciplinary studies exploring the role of technol-

ogy, such as data science, in an SD context. Further research is thus needed to

identify how SD is being deployed in higher education (HE), generating positive exter-

nalities for society and the environment. This study aims to address this research gap

by exploring various ways in which data science may support university efforts

towards SD. The methodology relied on a bibliometric analysis to understand and

visualise the connections between data science and SD in HE, as well as reporting on

selected case studies showing how data science may be deployed for creating SD

impact in HE and in the community. The results from the bibliometric analysis unveil

five research strands driving this field, and the case studies exemplify them. This

study can be considered innovative since it follows previous research on artificial

intelligence and SD. Moreover, the combination of bibliometric analysis and case

studies provides an overview of trends, which may be useful to researchers and

decision-makers who wish to explore the use of data science for SD in HEIs. Finally,

the findings highlight how data science can be used in HEIs, combined with a frame-

work developed to support further research into SD in HE.

Received: 24 March 2023 Revised: 8 June 2023 Accepted: 12 June 2023

DOI: 10.1002/sd.2638

Sustainable Development. 2023;1–14. wileyonlinelibrary.com/journal/sd © 2023 ERP Environment and John Wiley & Sons Ltd. 1

https://orcid.org/0000-0002-1241-5225
https://orcid.org/0000-0002-6782-3904
https://orcid.org/0000-0001-6122-3134
https://orcid.org/0000-0002-2198-6740
https://orcid.org/0000-0002-4549-7685
https://orcid.org/0000-0001-7675-8211
https://orcid.org/0000-0002-0858-7614
https://orcid.org/0000-0003-3673-6573
https://orcid.org/0000-0003-4826-4614
mailto:jh.eustachio@gmail.com
http://wileyonlinelibrary.com/journal/sd


K E YWORD S

bibliometrics, case studies, data science, higher education institutions (HEIs), sustainable
development (SD)

1 | INTRODUCTION

Data science refers to the study of the generalisable extraction of

knowledge from data. It involves the arrangement of knowledge into

explanations and predictions that can be used for further studies and

frequently includes the statistical analysis of results that verifies their

credibility (Cao, 2017; Pedamkar, 2022). Data scientists are often

tasked with carrying out studies and require skills in machine learning

(ML), mathematics, artificial intelligence (AI), decision-making, and

solution derivation (Dhar, 2013). Data science is considered a trans-

disciplinary field that involves the coordination of various disciplines

to study data and produce useful insights. It can include videos, pic-

tures (Cao, 2017; Dhar, 2013), and other materials and often involves

different types of information, not just quantitative data.

Data handling has four main components: data exploration,

modelling, assessing the models, and deploying the models

(Pedamkar, 2022; Sarker, 2022). Data investigation takes up the bulk

of the process and involves sampling data and removing unnecessary

information. Data is transformed and prepared for use in the future

steps of the process (Idreos et al., 2015). Modelling is conducted after

data is deemed valid. Data is used with ML algorithms to fit or adapt

existing models or create entirely new ones (Pedamkar, 2022). The

assessment of the models is then carried out. Inaccuracies and dis-

crepancies are fixed to ensure that the model can be utilised. Should

this stage fail, a scientist may revert to the design stage. Viable models

are then deployed into the industry, research or the target sector for

usage (Baesens, 2014; Najafabadi et al., 2015).

Data science has practical applications across a range of fields,

including healthcare and biomedical science, where it may assist with

classifying and diagnosing diseases or conditions. During the coronavi-

rus disease (COVID-19) pandemic, for example, data science was used

to measure contamination risks in certain places and situations,

becoming an essential element in preventing the spread of the disease

(Caruso et al., 2022; Van Lissa et al., 2022). In other instances, data

science assists with research that can help improve the treatment and

the care of patients. This is achieved through data science studies in

areas such as genome sequencing and drug development, which can

significantly transform the medical industry (Upasana, 2018).

Furthermore, deep neural network learning techniques enable the

development of effective solutions for remote sensing image interpre-

tation (Esteva et al., 2017). The models are trained to perform image

classification, segmentation, object identification, and tracking.

Models based on deep neural networks have been found successful in

automated dermatology, where medical images are analysed to gener-

ate a proper diagnosis in skin cancer investigations (Esteva

et al., 2017; Haenssle et al., 2018). Automated radiology is another

field of research that has received increased interest with the devel-

opment of deep learning, being able to recognise potential cancerous

lesions (Al-masni et al., 2018), bone fractures (Lindsey et al., 2018) or

detect COVID-19 (Ozturk et al., 2020) through radiology images.

Image sensing technology is also used in the aerospace and defence

sectors to identify objects from satellite images (Izzo et al., 2019),

gather military intelligence, or identify suspicious events (Kamran

et al., 2018).

Aside from this, data science has proven extremely useful in the

business sector. Its deployment allows businesses and employees to

make more informed decisions, improving the quality of the business

activity and offering a better output (Vicario & Coleman, 2020). Big

data analytics assist in delivering business strategies and making faster

and more informed decisions that can improve sales and productivity

(Agarwal & Dhar, 2014). Data science can also improve business per-

formance in areas as varied as productivity, financial performance, and

market access (Vassakis et al., 2018). Sentiment analysis can give busi-

nesses a clear image of clients' emotional tone about a specific prod-

uct or idea. The tools used for sentiment analysis categorise pieces of

text collected from social media platforms as positive, negative, and

neutral, thereby determining the reputation of a specific brand or

product based on online reviews (Revathy et al., 2022). Moreover,

sentiment analysis has been used to assess confidence in the stock

market or voters' opinions on different issues and how they relate to

the actions and speeches of political candidates (Feldman, 2013; Shaik

et al., 2022).

Data science also has use cases in agriculture through developing

AI algorithms to optimise yield production or disease detection using

data on soil, fertilisers, temperature, and humidity collected from sat-

ellites or Internet of Things (IoT)-enabled sensors (Liakos et al., 2018).

The automotive industry has benefited from the rise of data science

and AI with the development of self-driving cars that are able not only

to detect traffic signs, lights, pedestrians, and other vehicles but also

to make speed or direction adjustments, depending on road condi-

tions (Sharma et al., 2021; Rahul et al., 2022). The technology used

ensures more efficient traffic conditions and fewer car accidents.

Moreover, self-driving cars can be designed to be more environmen-

tally friendly (Majji & Baskaran, 2021).

In addition, from the economic/financial perspective, data science

models have been used in the financial sector to provide forecasts on

stock market prices and bankruptcies (Barboza et al., 2017), to detect

fraud activities (Pumsirirat & Yan, 2018), or to assess a client's credit-

worthiness by analysing information coming from several data

sources. Credit default risk can be easily estimated based on AI

models that account for different dimensions when banks give loans

to private companies or individuals (Mancisidor et al., 2020).

Data science may also be further applied in delivering public poli-

cies. The amount of data produced by public organisations is large,

and data science can be used to create or optimise policies on public

affairs. Its deployment aims to improve resource efficacy and the
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policies' effectiveness and significance, leading to greater sustainabil-

ity (Liberatore et al., 2019). Data science projects can contribute to

more efficient management of smart cities to solve public problems

and implement appropriate solutions to the local infrastructure

(Grimaldi & Carrasco-Farré, 2021; Sarker, 2022). Since decision-

making is increasingly data-driven, its use, transparency, and account-

ability have become essential issues in public policy-making (Berman

et al., 2018). An example that relies on data science is the correlation

between mobility in mass transport and mortality due to COVID-19

(Vega-Villalobos et al., 2022) and the use of data science in the predic-

tion of socio-economic indicators (Machicao et al., 2022).

Many of the examples outlined above have direct or indirect links

to the Sustainable Development Goals (SDGs), and it is evident that

there are a number of potential ways in which data science might con-

tribute to enhancing research and practice in SD. However, there is a

scarcity of studies that have explored how data science has been used

to address SD in the context of higher education institutions. There-

fore, this study departs from two research questions (RQ):

RQ 1: How is data science contributing to efforts to pursue sus-

tainability in Higher Education Institutions (HEIs)?

RQ 2: Which examples exist and illustrate how the topic is being

handled by them?

To achieve the goals, this research uses a bibliometric assessment of

the literature to explore the various ways data science may support

efforts towards SD. In addition, this research also relies on an expert-

driven literature review showing how data science is being used to

create a positive impact at HEIs through the discussion of a set of

case studies. It investigates the extent to which data science is con-

tributing to sustainability in HE.

This is an innovative study, which follows previous research on

artificial intelligence and SD (Leal Filho, Yang, et al., 2022), and pro-

vides a timely addition to the literature since it explores the nexus of

data science-SD, an emerging area of research that seeks to use data

science techniques and technologies to support the SD of communi-

ties and societies. This field has become even more relevant over

recent months, when the use of AI tools has attracted much media

attention, and the use of data science to guide decision-making has

come to the fore.

2 | DATA SCIENCE AND SUSTAINABLE
DEVELOPMENT

Data science can play an important role in achieving SD, with SD in

this context understood to mean the process of using resources in

ways that meet the needs of the present without compromising the

ability of future generations to meet their needs (Leal Filho,

Vasconcelos, et al., 2022; UN, 1987). Data science can offer an impor-

tant contribution by identifying and quantifying the environmental

and social impacts of human activity (Giuliani et al., 2020; Taylor

et al., 2021) to inform decision-making and develop innovative

solutions for SD (Guo et al., 2022). It can also be used to measure,

monitor and evaluate the effectiveness of policies and practices aimed

at achieving SD goals (Eustachio et al., 2019). In addition, data science

can be used to identify and address gaps and opportunities for better

resource allocation and management (Liu et al., 2021; Tutsch

et al., 2020). Finally, it can be used to support the development of

evidence-based policies and regulations to ensure SD (Leal Filho,

Trevisan, et al., 2023).

Some existing research has considered how data science contrib-

utes directly or indirectly to advancing the SDGs. There is an ongoing

debate in the literature about the importance of data science in sup-

porting scientists to seek high-quality data and adopting relevant sta-

tistical techniques to analyse challenges related to SD (Malhotra

et al., 2018; Vance & Love, 2021). This aspect is particularly relevant

to SD, a context where systems are complex and dynamic, requiring

tools that offer an understanding of how it might be possible to miti-

gate negative impacts on ecological and social systems, supporting

governance (Leal Filho, Abubakar, et al., 2023). Data science can also

enhance data-based decision-making processes in order to achieve

the United Nations SDGs (Eustachio et al., 2019; Guo et al., 2020;

Leal Filho, Trevisan, et al., 2023). Table 1 outlines some of the contri-

butions of data science to SD.

Data science can also support the scaling of SD solutions, making

them available to a variety of stakeholders.

Operationally, the creation of centralised data repositories is driv-

ing growth across all sectors of society (Linkov et al., 2018). Data is

essential for society and the economy because of its potential for

innovation in the public and private sectors (Hofman &

Rajagopal, 2014), associated with creating environmental, social, and

economic value. In this regard, big data is increasingly changing how

impacts on the environment are measured and mapped, contributing

to SD by being used to measure carbon emissions (Hazen et al., 2016;

Huang et al., 2017; Seles et al., 2018), to improve social and environ-

mental sustainability in supply chains (Dubey et al., 2019), to expand

the informational landscape of smart sustainable cities (Bibri, 2018),

and to improve the allocation and utilisation of natural resources

(Song et al., 2017), among other applications. Within this context,

data-intensive methods are increasingly being employed to answer

environmental questions relevant to sustainability (Pennington

et al., 2020).

Some other studies address data science for SD by observing, for

instance, soil conditions and humidity (Dhyani et al., 2020), estimating

energy consumption (Seyedzadeh et al., 2018; Zheng et al., 2019),

greenhouse gas emissions (Hamrani et al., 2020), disaster detection

and management (Akter & Wamba, 2019; Sublime & Kalinicheva,

2019), urban water management (Goralski & Tan, 2020; Xiang

et al., 2021), poverty assessment and monitoring (Alsharkawi

et al., 2021; Jean et al., 2016; Leal Filho, Eustachio, et al., 2022), food

consumption and sustainability (Abdella et al., 2020), changes in water

resources (Senay et al., 2017; Xu et al., 2019), and biodiversity moni-

toring (Allen et al., 2019). By improving the accuracy of global climate

models and climate forecasts, the importance of data science for the

SDGs can be highlighted, considering that a persistent challenge for
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the achievement of the SDGs has been a lack of data to assess

progress towards each goal and varying capacities among nations to

conduct these assessments (Guo, Liang, et al., 2021). Hence,

AI-supported research can be used to help map, implement, and

report progress on individual SDGs and their related targets, playing

an increasingly supporting and coordinating role in SD research

(Leal Filho, Yang, et al., 2022).

Open data also has a key role to play here: stakeholders are

increasingly requesting access to organisations' sustainability informa-

tion for research and evaluation purposes. This is made possible

through open data processes (Helbig et al., 2021), by which data are

made available by organisations, companies, and individuals to access

and reuse without restrictions (OECD, 2019; Open Data

Institute, 2016), supporting society's development and the formula-

tion of public policies through innovation. Making data accessible to

diverse stakeholders, such as researchers, entrepreneurs, business

leaders, representatives of public services, non-governmental organi-

sations (NGOs), philanthropic institutions, community groups, and citi-

zens can contribute to the political decision-making process (Kapoor

et al., 2015), improve service delivery, build new businesses, and hold

aid recipients accountable for resource allocation (Open Data

Institute, 2016). This open data movement is similar to Open Source

or Open Access (Braunschweig et al., 2012; Kapoor et al., 2015).

Open Government Data Platforms (OGDPs) are web portals that

contain data and search and data analysis tools (Marjanovic & Cecez-

Kecmanovic, 2020), allowing for increased transparency, participation,

and innovation throughout society (Braunschweig et al., 2012). One

example is the European Data Portal (EDP), created by the European

Commission in 2015 and available in 25 languages. EDP brings

together data sets from 35 European countries on agriculture, fisher-

ies, forestry, and food; economics and finance; education, culture and

sport; energy; environment; government and public sector; health;

international issues; justice, legal system, and public security; popula-

tion and society; regions and city; scientific technology; and transport.

Other examples of portals that provide SD-related data published by

the central government, local authorities, and public agencies are

data.gov.uk (United Kingdom), data.gov.it (Italy), and govdata.de

(Germany). Additionally, other platforms publish research and data

regarding global issues, such as the Disclosure Project Action – CDP

(data.cdp.net), the Open Data Watch (opendatawatch.com), the Our

World in Data (ourworldindata.org), and the Sustainable Data Platform

(sustainable-data-platform.org). All of these sites can provide useful

data for analysis using data science techniques and technologies.

From this perspective, using and promoting open data in SD processes

based on cooperation between national and local governments,

donors, global institutions, civil society, academy, and industry can

make reaching the SDGs a reality by maximising the positive environ-

mental, social, and economic impacts (Open Data Institute, 2016).

Despite the evident importance of data science in overcoming

the challenges related to SD, the research field is relatively new, creat-

ing room to understand the big picture of how researchers are dis-

cussing the use of data science and connecting it to SD in the

literature. A comprehensive analysis of SD issues depends on integrat-

ing several data types and sources, including dynamic georeferenced

datasets and ecological, economic, and social processes based on

multi-scale, multi-temporal, and multi-source data (Pitts et al., 2020).

In this regard, data science has been seen as a ‘strategic highland’ in
the new data-intensive era (Guo et al., 2020). There is also a lack of lit-

erature on data science as related to SD in HE. Some researchers have

started to explore possible ways that technologies may support uni-

versity efforts towards SD—for example, by using ML or other tech-

niques in the education 4.0 context, to mention a few (Costa

et al., 2022; González-Pérez & Ramírez-Montoya, 2022). However, to

the best of the authors' knowledge, no previous studies have explored

in depth the role of data science for SD focusing on HE.

3 | METHODS

This study aims to review the various means via which data science

may contribute to efforts to pursue SD in HE and has deployed two

main methods. The first method adopted was a bibliometric analysis

TABLE 1 Some of the contributions of data science to sustainable
development.

Element Implications

Increased awareness and

understanding of

sustainability issues

Data science can support the raising

of awareness and understanding

of sustainability issues, and, by

doing so, can encourage

individuals and communities to

take action.

Cost efficiency Data science can be used to identify

the most efficient and cost-

effective ways of using resources

and energy.

Inclusiveness Data science can inclusively engage

various groups and be of benefit

to governments, non-

governmental organisations,

communities, and also individuals.

Sharing best practices Data science can significantly

facilitate the sharing of successful

experiences and good practices,

especially via online platforms.

Leveraging partnerships Data science can facilitate

collaboration between

governments, non-government

organisations, and communities

and can accelerate the adoption

and implementation of successful

sustainability actions

Predictive models Data science can be used to

develop predictive models that

can be used to forecast the

impacts of different sustainability

policies, programmes, and

initiatives, and to identify areas of

potential risk and vulnerability.

Source: The authors.
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to explore the possible connections between terms related to data sci-

ence, SD andHEIs. The secondmethod deployedwas an expert-driven lit-

erature review, resulting in 10 case studies that illustrate the relevant

discussion in the field. The choice of bibliometric analysis was based on

the fact that it provides a succinct overview of the literature on data sci-

ence and how it is being deployed in an SD context. This has been comple-

mented by an expert-driven literature review, resulting in the

identification of selected case studies, where the topic was analysed and

synthesised to exemplify some of the current trends regarding SD inHEIs.

In order to collect data for the bibliometric analysis, a search string

was created in three blocks of terms. The first block relates to terms com-

monly adopted to discuss data science issues such as big data, ML, and

data visualisation. The second group, in turn, embraces terms related to

SD, such as SDGs and the 2030 Agenda, and the last group covers the

context of HE, with terms such as HEIs and universities. The authors

aimed to find papers containing these three groups of terms, whether

they appear in the title, abstract, or keywords. Table 2 illustrates the

search string used and the number of peer-reviewed documents found.

The search for documents was performed on the Scopus data-

base, which is considered one of the most relevant and biggest aca-

demic databases, covering more than 23,452 peer-reviewed indexed

journals and 77.8 million records from several subject fields such as

life sciences, social sciences, physical sciences, and health sciences

(Scopus, 2022). After applying the search string formulated (see

Table 2), the Scopus database initially returned 405 documents on

28th August 2022. All the titles and abstracts were checked, and after

a screening process, 164 papers were dropped due to their lack of

connection to the research goal of this study, remaining 241 adherent

papers written in English and published from 2007 to 2022, in order

to proceed with the analysis.

The bibliometric assessment was based on the co-occurrence of

terms. The VOSviewer (2022) software was selected to perform the

analysis of the 241 chosen documents since it was designed to con-

struct and visualise bibliometric networks. The results are shown

through a network graph where the size of the bubbles represents the

frequency of a term, and the stronger the connections are between

two bubbles, the higher the probability of two terms co-occur and,

therefore, becoming a thematic cluster represented by the colours of

a network graph (van Eck & Waltman, 2011, 2017). The results of the

bibliometric analysis are presented in Figure 1.

In addition, and in order to illustrate the connection between data

science and SD in HEIs, the authors judiciously selected a set of 10 case

studies based on their relevance to the SD topic. This approach was

based on previous studies published in the SD field (Leal Filho, Levesque,

et al., 2022) and has proven helpful since it can enhance the discussion of

the bibliometric analysis by highlighting the multidimensional aspects

related to the connection of data science, sustainability, andHE.

4 | RESULTS AND DISCUSSION

This section is divided into two subsections. The first one discusses

the broad theoretical background by providing an overview of what

researchers cover in data science and SD in HEIs. The second sub-

section brings 10 representative case studies that contributed to delv-

ing into the impacts of data science in SD in HEIs.

4.1 | Bibliometric analysis

Figure 1 shows that data science has been regularly discussed in rela-

tion to SD, HE, and other related technologies such as AI, ML, and

data mining. This vibrant field is evidenced by the five thematic clus-

ters represented in Figure 1, which shows at least five research

strands that researchers are driving in the SD research field, evidenc-

ing how data science may support efforts towards SD from several

perspectives, as discussed below.

The red cluster reports on the techniques commonly used for

data science, embracing terms such as decision trees, predictive

models, data mining, and ML. Papers that belong to this specific clus-

ter report on how data science contributes to implementing SD in the

various activities undertaken at HEIs, especially in teaching and

research practices. For example, some authors argue about the rele-

vance of technology in sustainability teaching in HE (Bonini, 2020).

Other studies focus on how the leading technologies related to data

science, for example, the creation of new algorithms and statistical

TABLE 2 Search criteria and number of publications in the Scopus database.

Database Search string Number of documents Type of documents Time frame

Scopus TITLE-ABS-KEY ([‘Data Science*’ OR

‘Big*Data’ OR ‘Machine Learning’
OR ‘Artificial Intelligence’ OR ‘Data

Mining’ OR ‘Data Analytics’ OR

‘Data Visuali*ation’] AND

[‘sustainable development’ OR

‘sustainability’ OR ‘2030 Agenda’
OR ‘SDG*’ OR ‘Sustainable
Development Goal*’] AND [‘HEI’ OR

‘HEIs’ OR ‘Higher Education

Institutions’ OR ‘Higher Education’
OR ‘University’ OR ‘Universities’])

Initial number of entries: 405 documents

After the screening process: 241 selected

documents published in English

Articles; Conference Papers; Book

Chapters; Reviews.

2007–2022
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models, are helping in sustainability research by using different ways

of monitoring, collecting, and analysing data (Poudyal et al., 2020).

Another strand in this cluster uses data science techniques to under-

stand the impact of HE courses and programmes in several dimen-

sions of SD (Arango-Uribe et al., 2022).

The green cluster is related to how data science can support

decision-making at HEIs, especially regarding building efficiency and

implementing sustainability in campus operations (Gholami

et al., 2020; Soares et al., 2015). Therefore, this cluster considers

terms such as buildings, energy use, energy efficiency, energy conser-

vation, intelligent buildings, automation, and energy conservation. For

example, Cai et al. (2009) developed an interactive decision support

system that could lead university managers to optimise and plan

energy management, generating strategies and policies that could

contribute to SD challenges. In the same perspective, Cao et al. (2015)

studied university facilities that represent several challenges in the

perspective of environmental management and decision-making, pro-

posing energy-aware intelligent facility management using data sci-

ences principles and techniques.

Papers that belong to the purple cluster report on issues related

to teaching and learning aspects of how data science could contribute

to the SD challenges, as well as understanding how data science and

the technologies related to it are being deployed in teaching for SD

(Mian et al., 2020), including terms such as online education and

e-learning. The blue cluster, in turn, is similar to the purple cluster and

evidences the perspective of how data science techniques (data ana-

lytics, internet of things, big data) are connected to engineering edu-

cation, specifically. Researchers in this cluster are positing efforts to

understand how digital transformation is shaping society and how

engineering education should adapt to it, such as guaranteeing com-

petencies related to sustainability, data science, and others connected

to the rise of Industry 4.0 (Gürdür Broo et al., 2022; Okoroafor

et al., 2022). In addition, another aspect covered in this cluster is

related to the need to integrate SD issues into the curricula of infor-

mation technology and AI engineering programmes (Paulauskaite-

Taraseviciene et al., 2022).

Finally, the yellow cluster reports on how HEIs are innovating and

adopting data science strategies in education for sustainable

F IGURE 1 Co-occurrence of the terms—data science, SD, and HE. Co-occurrence of the terms—VOSviewer output.
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development (ESD), as well as managing the other educational sys-

tems at a time when the COVID-19 pandemic fostered swift techno-

logical changes. These changes kept requiring universities to adapt to

the new reality in their several practices, such as research on COVID-

19 and possible connections to SD, the adoption of digital learning

platforms, and the need to foster education on data science

(Bozkurt, 2022; Budaya et al., 2021).

4.2 | Case studies

Organisations collect data from different sources and with different

aims, as mentioned before. In the past, storing data from smart

devices, email information, social media, and a variety of other sources

was too costly. Today, the economic burden has been made cheaper

through cloud and data lakes, improving information accuracy, opti-

mising development, or enabling smart decision-making. Technology

holds power to change our world, overcoming existing barriers and

increasing the universality and speed of teaching and learning

(Kwok & Treiblmaier, 2022). The transformation of business through

digital technology was considered by the European Green Deal

(European Commission (EC), 2019) as a major factor in the achieve-

ment of the SDGs (UN, 2015). The examples in Table 3 reveal that

data science is highly relevant in terms of the achieved positive

impacts involving the SD under work in HEIs, with positive practical

implications for the entire society.

The connections between HEIs and SD achievement in compa-

nies are clearly affected by the digital challenges surrounding the

firms, with implications at the staff level, digital technology, capital,

and infrastructure. Yuan et al. (2022) reported having found a statisti-

cally significant association between technology and the performance

of business incubators in China, which seems to be more relevant

than government support itself, showing how important information

and communication technology is in supporting SD. From the per-

spective of SD, digital media technology was found to be fundamental

in positively improving education quality, accessibility, inclusion, and

TABLE 3 Examples of studies focused on the relevant impacts of data science in SD in HEIs.

Case title Focus/country Country References

Antecedents of big data analytics adoption:

an analysis with future managers in a

developing country

Big data analytics by future managers of

companies

Brazil de Moraes et al. (2022)

Climate change and COP26: Are digital

technologies and information

management part of the problem or the

solution? An editorial reflection and call

to action

Climate challenges viewed through a

technology lens

Worldwide Dwivedi et al. (2022)

Components of education 4.0 in 21st

century skills frameworks: systematic

review

Core Education 4.0 strategies Worldwide González-Pérez and Ramírez-

Montoya (2022)

Digital transformation in Romanian

accounting practice and education:

impact and perspectives

The potential impact of the digitalisation-

based approach to academic education

Romania Guşe and Mangiuc (2022)

Inclusive education and sustainable

development

Policy framework for inclusive education

ignored in higher education.

Sri Lanka Dorabawila et al. (2022)

No one left behind in education:

blockchain-based transformation and its

potential for social inclusion

Social inclusion of students with limited

access to education found unreachable

South

Korea

Kwok and Treiblmaier (2022)

Practice on the sustainable development of

talent cultivation mode in the context of

big data

Digital media technology professional talent

training mode

China Chen (2020)

Sustainable knowledge management in

academia and research organisations in

the innovation context

Education for sustainable development Worldwide G�omez-Marín et al. (2022)

Towards the revolution and

democratization of education: a

framework to overcome challenges and

explore opportunities through industry

4.0

Education 4.0 democratised access to quality

education through technology

Brazil Costa et al. (2022)

Which factors affect the performance of

technology business incubators in China?

An entrepreneurial ecosystem

perspective

Performance of technology business

incubators

China Yuan et al. (2022)
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equality in South Korea (Kwok & Treiblmaier, 2022). In addition, in

Sri Lanka, Dorabawila et al. (2022) have examined the status of inclu-

sive education, reporting that the number of students with disabilities

in HEIs is low, owing to a poor policy framework. In the process of

making inclusive education successful and impacting the industry

experiencing an ongoing digital transformation, significant challenges

are anticipated, including the education and training of HEI staff at

the technological level (Guşe & Mangiuc, 2022).

Table 3 highlights how important it is to advance data science

endeavours under the guise of digital transformation, demanding fur-

ther additional efforts in this respect. The information collected also

exposes the challenges involved in terms of better addressing SD in

HEIs through data science. Effective use of data science can positively

impact all actors and stakeholders around educational institutions,

allowing them to advance the necessary changes to build an SD future

in all areas of knowledge, and be able to address skill gaps, data man-

agement, and research innovation, guided by technology (Costa

et al., 2022; González-Pérez & Ramírez-Montoya, 2022). Data science

must be accounted for when considering the need for innovation

management inside academia (G�omez-Marín et al., 2022) and reor-

ienting models to innovation, instead of focusing on business models.

In this way, it will be possible to maximise human, organisational, rela-

tional, and research and development (R&D) capitals to reshape aca-

demia in order to promote SD worldwide, resulting in new forms of

knowledge production and responsible digital transformation advanc-

ing sustainable change (Dwivedi et al., 2022).

Figure 2 provides an overview of the interconnections between

data science and SD. It was designed based on the discussion resulting

from the bibliometric analysis and the case studies, summarising the

information into a new framework, evidencing how researchers are

exploring the contributions of data science for SD in HE. Figure 2 pre-

sents three main interconnected components: (1) HEIs' core practices,

(2) the methods and techniques related to data science, and (3) desired

outcome: achieving the SDGs.

Figure 2 illustrates how HEIs perceive the SD challenges and con-

sider their internal systems and practices, that is, research, teaching,

outreach, governance, and campus operations, towards contributing

to the SDGs. All these practices are traditionally conducted in several

ways in the context of SD. However, when combined with data sci-

ence methods and techniques, for example, logistic regression, learn-

ing systems, predictive models, ML, big data, and so forth, HEIs could

maximise their contributions. For example, data science methods can

help researchers engaged in SD research to collect reliable data and

adopt powerful data analysis strategies (Guo, Chen, et al., 2021;

Shaffer et al., 2019). Teaching practices for SD also may be supported

by data science (teaching and learning analytics), which could not only

improve classroom-based teaching (Sampson, 2017) but also bring

more learning options to develop sustainability literacy and contribute

F IGURE 2 An overview of the interconnections between data science and SD. Source: The authors.
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to the SDG 4 – quality education (Li, Fei, & Liu, 2021; Li, Yueli,

et al., 2021). HEIs also can take advantage of data science since it can

enhance university governance, help implement smart campus man-

agement by using data-based decision-making systems and ensure

resource efficiency (Osuwa et al., 2019; Viñán-Ludeña et al., 2020).

In sum, the findings and discussion provided relevant insight into

the previously developed research questions (RQs). For the RQ1

‘How is data science contributing to efforts to pursue sustainability

in Higher Education Institutions (HEIs)?’ the bibliometric analysis

unveiled five research strands of how data science contributed to

SD in HEIs, considering the use of data science techniques in teach-

ing and research practices, application of data science for decision-

making in building efficiency and campus operations in general, and

integration of data science into the curricula. Additionally, data sci-

ence tactics are being included in the SD curriculum in response to

the COVID-19 pandemic. Furthermore, a theoretical framework

synthesising the interconnections between data science and SD was

created to illustrate the contributions of data science to sustainabil-

ity in HEIs.

Finally, the findings related to the RQ2 ‘Which examples

exist and illustrate how the topic is being handled by them?’
were based on the case studies found in the literature and judi-

ciously selected by experts. These could offer tangible examples

of the application of data science in addressing sustainability

challenges in the context of HEIs, evidencing particular elements

such as core components of education 4.0 in the 21st Century,

inclusive education, the impact of digitalisation-based approaches

to academic education, and many other aspects that tackle the

role of data science in addressing sustainability challenges in a

direct or indirect way, fostering positive externalities and hinder-

ing the negative ones.

5 | CONCLUSIONS

This study aimed to foster knowledge of how data science can con-

tribute to SD in HE. To address this goal, the approach used relied on

two main methods: a bibliometric assessment conducted through the

co-occurrence of terms technique and an expert-driven literature

review resulting in 10 relevant case studies which exemplify issues in

the literature and illustrate the outcomes of the bibliometric analysis.

The results from the bibliometrics indicate the presence of five

thematic clusters, which can be considered key research strands in

the extant literature. They are:

1. the leading data science methods and techniques used in SD

research,

2. the relevance of data science in campus operations management

and resource efficiency

3. how data science is being used in teaching and learning practices,

4. how AI, big data, and other data science methods are being

deployed in engineering programmes, and

5. the relevance of data science for ESD.

Combined with the case studies, this analysis indicates a wide range

of ways in which data science and SD in HE intersect. The implica-

tions of this analysis are threefold: the study highlights how data sci-

ence can be used in HE, it offers a framework for enhancing SD in

practice, and it supports further research into SD in HE. Importantly,

the findings illustrate the contribution which data science could make

to achieving the sustainable university ideal (see Sterling et al., 2013),

in which sustainability is embedded within all the different aspects of

the institution's activities, including teaching, research, estates man-

agement, outreach and governance (see Figure 2), as well as links with

the wider community. Many HEIs have sustainability in their strategic

aims or values, but far fewer have managed to implement effective

means of supporting SD across each of these areas.

Through using data science, HEIs could enhance estates manage-

ment by utilising more effective energy management systems, using

data analytics to streamline or enhance their business activities and

productivity and quantify the social and environmental impacts, both

positive and negative, of their activities. In research, better use of big

open data platforms, and enhanced use of remote sensing or mapping

abilities based on data science in SD research, could enhance analysis

of global achievements towards the SDGs. In support of this develop-

ment, HEIs should also actively promote open data in their research

and other activities. Enabling opportunities for data sharing will

enhance the potential for achieving sustainability goals at a regional,

national, or international level. In the educational context, data sci-

ence can contribute to measuring and evaluating educational gains

around SD using learning analytics, assist with mapping SDGs in

teaching, and offer AI-assisted personalised learning opportunities

using the affordances offered by new AI developments such as

ChatGPT (openai.com/blog/chatgpt). Although there was less

research identified in the cluster analysis related to education (see

Figure 1), this is likely to change with the new generative AI taking

education by storm and offering huge challenges to traditional curric-

ula and pedagogies in HE (Cotton et al., 2023). In short, governance

and decision-making across HEIs could be more firmly evidence-based

using data science to bring together and collate or visualise all the

myriad of data sources that are available.

The conversation on data science in a SD context may be

advanced in the following ways:

1. By promoting data literacy and education, encouraging individuals,

and institutions to learn the basics of data science and to develop

an understanding of how data can be used to support their work.

2. By supporting the development of data-driven products and ser-

vices: developing new products and services that may make use of

data science to improve user experiences and create added value.

3. By fostering an open dialogue about challenges and opportunities

in data science: discussing the new doors that data science opens,

and how to overcome the challenges involved.

4. By supporting the development of other sustainability-oriented

data science tools and platforms: invest in tools and platforms that

may make it easier for sustainability experts to work with data,

such as open-source software and cloud-based services.

LEAL FILHO ET AL. 9

http://openai.com/blog/chatgpt


This study has limitations which could also be seen as opportunities

for future studies. The first one is that the bibliometric analysis used

the most logical strings without an emphasis on subsidiary themes

such as AI. Second, the research focused on data science and not on

other elements related to information technology. Further, the

emphasis was on SD issues, which limits the scope of the findings to

this sector. Nonetheless, the lack of research in this area means this

paper provides a positive addition to the literature in that it sheds

light on the associations between data science, HE, and SD and offers

insights into the potential implications of data science for SD in

HE. Future research might usefully offer a more detailed analysis of

the potential contribution of data science to specific areas such as

teaching, research, campus operations, or living labs.

It could also explore how data science may help HEIs to have a

greater impact in their communities. The data from this study has a

significant meaning to the HE community. First, it offers an overview

of the complexity of data science through the lenses of SD. Second, it

provides insights into the factors that contribute to the use of data

science in supporting SD initiatives. Third, it reiterates the various

roles data science can play in support of teaching and research, and

learning opportunities. The findings also can be used to inform educa-

tional policy and practice to provide students with the best possible

opportunities for success using the current technologies.

Finally, further research with in-depth explorations of the opin-

ions of students and staff, through interviews, for example, could

unveil other relevant aspects which could contribute to furthering the

use of data science in an SD context.
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