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ABSTRACT ARTICLE HISTORY
Agri-food supply chains (AFSCs) are complex systems that move products from farm to Received 29 January 2025
fork. While Al is expected to improve AFSC management, little research has explored the Accepted 11 July 2025
organisational skills needed for success. This study investigates how Al-powered infor- KEYWORDS

mation processing, combined with mindfulness and flexibility, can make AFSCs more Artificial intelligence; supply
resilient. Using a survey of 147 practitioners and structural equation modelling, the chain resilience; agri-food,
findings highlight that organisational mindfulness and flexibility play key roles in build- organisational mindfulness;
ing resilient supply chains, boosting long-term performance, and reducing food waste. information processing
These insights support both AFSC research and practical applications.

1. Introduction

Agriculture is a global industry responsible for feeding a growing global population with globalised tastes
(European Environment Agency 2019; Latino et al. 2023). Agricultural intensification and widespread pressures
on the environment and climate have amplified due to domestic material consumption increasing by 65%
globally between 2000 and 2019 (Bai and Sarkis 2022; United Nations 2022). Further, it is estimated that
organisations involved in the agri-food industry need to increase food production by 70% in 2050, while
mitigating issues such as limited farm land, scarcity of natural resources, and climate change (Liu et al. 2021;
R. Sharma et al. 2022; Spanaki, Karafili, and Despoudi 2021). In 2020, over 13% of the world’s food was lost in the
Agri-Food Supply Chain (AFSC) before ever-reaching retail markets (United Nations 2022). In response, the EU
has set an ambitious target to reduce the unintentional loss of food mass in AFSCs by half in 2030 (European
Commission 2017). As greenhouse gases are generated at every step of the AFSC, food waste in AFSCs account
for almost 10% of global greenhouse gases (United Nations 2022). Prioritising food loss reduction is therefore
critical for the transition to sustainable agri-food systems (FAO 2022; Trevisan and Formentini 2023).

Recent research has also highlighted the vulnerability of AFSCs to exogenous shocks, and the importance
of developing resilient SCs (Mdiller, Hoberg, and Fransoo 2022; X. Li et al. 2023b; Shen and Sun 2023). Indeed,
the severity of the COVID-19 crisis has put supply chain resilience (SCRes) at the centre of academic interest
and the need to develop long-term organisational design approaches that can enable rapid and flexible
responses to environmental change (Choudhary et al. 2021; Gebhardt et al. 2022; Paul et al. 2021). However,
AFSCs are becoming more complex due to the pressure to provide food security, traceability, safety
(Balezentis et al. 2023; X. Li et al. 2023), and the perishable nature of agri-food products, a unique character-
istic of AFSC (N. K. Tsolakis et al. 2014; Zissis, Aktas, and Bourlakis 2017). This study contributes to this
important area of study by evaluating how Al-enabled information processing can be implemented to
develop resilient SCs and achieve long-term supply chain performance (SCP).

AFSCs are inherently complex, data-centric systems that are increasingly adopting Al, and analytical
technologies (e.g. big data analytics) that place a strong emphasis on data creation and consumption,
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leading to data-informed decisions across the SC (Gonzalvez-Gallego et al. 2015; Maheshwari, Gautam, and
Jaggi 2021; Song, Li, and Yu 2021). While technologies such as Al may have a role for generating value for
organisations (Dubey et al. 2022), data-centric AFSCs have multiple, diverse stakeholders that create
challenges for data collection and storage, information sharing, and data visualisation (Zhong, Tan, and
Bhaskaran 2017). Data extraction and dissemination have become a core organisational capability to
effectively manage SC, due to time-critical, high-risk, high control and security requirements (Papetti et al.
2012; Toorajipour et al. 2021; Yan et al. 2016). In the context of AFSC, this capability can be a determinant for
the sustainability of agrifood as it can enable organisations to better manage the response to unanticipated
events (e.g. drought, flooding, war, and isolation of producers from markets) (Jraisat and Sawalha 2013;
Trevisan and Formentini 2023).

Previous studies have shown how data analytics capabilities have enhanced SC organisations’ information
processing, resulting in improved supply chain resilience (SCRes) (Dubey, Gunasekaran, Childe, Roubaud,
et al. 2019). The concept of recovering performance after a disruption is referred to as SCRes (El Baz and Ruel
2021). However, Al-enabled information processing has unique characteristics, primarily its predictive and
self-learning capabilities (Hendry et al. 2019) (Dubey et al. 2020). Al technologies have benefited greatly from
the increasing power of machine computation and availability of data, resulting in Al becoming more
capable of addressing prevailing business problems (Issa, Jabbouri, and Palmer 2022), and reducing opera-
tional costs (Kumar, Agrawal, and Rahman 2017). Yet, SC research to date is largely concerned about the flow
of raw materials and inventory management and has yet to explore the potential of Al-enabled information
processing to impact SCRes (Hendry et al. 2019). Furthermore, the implementation of Al technologies alone
is not likely to be sufficient to improve organisational performance without considering the necessary
organisational capabilities needed to transform the knowledge created (Olan et al. 2022).

Despite contributions of previous studies about SCRes in the context of non-food supply chain, its
theoretical development in AFSC organisations is underdeveloped (Datta 2017; Dubey et al. 2020). Given
the inherent uncertainties of AFSCs (Kamble, Gunasekaran, and Gawankar 2020) and threat of disruptions
(Leat and Revoredo-Giha 2013), decision-making is complex; therefore, an organisation’s ability to process
information effectively is strategically important for organisations to recover quicker from catastrophic
events and thereby reduce food waste (Wong et al. 2020). Similar to recent studies on Al and knowledge
sharing capabilities (Olan et al. 2022), this research argues that organisations that increase their Al-enabled
information processing capability should improve their ability to deal with the uncertainty of their environ-
ment and thereby improve their long-term performance.

Recent research has begun to explore the role of Al technologies in agri-food supply chains (AFSCs),
primarily focusing on improving traceability, transparency, and operational efficiency. For instance, Kamble,
Gunasekaran, and Gawankar (2020) highlight how Al and big data analytics can enhance sustainable perfor-
mance by enabling more informed decision-making in agriculture. Similarly, N. Tsolakis et al. (2022) focus on
Al's contribution to food traceability and compliance across the supply chain, while Kopka and Grashof (2022)
examine its potential to reduce energy consumption and environmental impact. These studies demonstrate
Al's utility as a tool for process optimisation and monitoring, but they stop short of investigating the organisa-
tional capabilities needed to fully realise Al's potential in turbulent, high-risk environments.

This study extends the existing body of work by examining how Al-enabled information processing
contributes to resilience, not through technology adoption alone, but through its integration with organisa-
tional mindfulness (OMIN) and organisational flexibility (OFLEX). Rather than viewing Al as a standalone
solution, we argue that its ability to generate resilience outcomes is mediated by an organisation’s cognitive
and structural capacities to interpret, adapt, and respond. In doing so, our research contributes a novel,
theoretically grounded perspective to the Al in AFSC discourse by explaining how human-centric and
structural enablers interact with Al systems to reduce food waste, improve adaptability, and enhance long-
term performance in agri-food contexts.

The correct deployment of information processing technology is under-developed however, with recent
research highlighting the importance of implementing mindful management of technology and digital
transformation (H. Li et al. 2021). To achieve SCRes, organisations need to maintain situational awareness at
all times (Dennehy et al. 2021; lvanov and Dolgui 2021), yet, the importance of organisations and people in
interpreting data and information is frequently not examined (Lee 2021). Organisational mindfulness (OMIN)
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refers to an organisation’s ability to gather and analyse discriminatory details about its internal and external
environments (Hendry et al. 2019; Lee 2021).

This paper develops the argument that AFSCs which adopt organisational capabilities related to mind-
fulness will be better positioned to identify opportunities and discover insights resulting from their data
(Hendry et al. 2019), providing organsiations with enhanced sensing and alterness, both of which are vital
elements to building SCRes. Insights generated from data analysis can identify opportunities for improve-
ments; however, organisations must also possess the capability to actualise these insights (Srinivasan and
Swink 2018). An organisation’s ability to adapt to changing market conditions by efficiently and effectively
deploying resources is referred to as organisational flexibility (OFLEX) (Upton 1994). Cumulatively, this
approach will yield useful insights into long term organisational design approaches to achieving supply
chain resilience (Gebhardt et al. 2022).

To this end, the aim of this study is to examine the impact of organisational mindfulness and flexibility on the
relationship between Al-enabled information processing to build resilient agri-food supply chains.

The remainder of this paper is organised as follows: Background to the theories pertinent to this study are
presented. Then, the theoretical framework and development of the hypotheses is provided. Next, the
research methodology is outlined, followed by data analysis and results. Discussion, implications, and
opportunities for future research are then presented. The paper ends with concluding remarks.

2. Theoretical background
2.1. Organisational information processing theory (OIPT)

Conceptualised by Thompson (1967), OIPT was subsequently extended by Galbraith (1974, 1977) and
Tushman and Nadler (1978). OIPT is concerned with an organisation’s information processing capabilities,
structures, and design (Dubey, Gunasekaran, Childe, Fosso Wamba, et al. 2019) and states that an organisa-
tion’s information processing performance results from the firm’s information processing needs and cap-
ability (Belhadi, Mani, et al. 2021; Hendry et al. 2019). OIPT depicts organisations as open social systems that
aim to mitigate uncertainty in the decision-making process to enable organisations to better execute their
strategy (Hendry et al. 2019). In this context, uncertainty is defined as ‘the difference between the amount of
information required to execute a task and the level of information already available with the organisation’
(Galbraith 1973, 5). SC organisations are dependent on both their own internal capabilities and on the
capabilities of their stakeholders (L. Li 2012; S. Li and Lin 2006; Zhu et al. 2018). Hence, SC are inherently
uncertain, which can negatively impact the link between the organisations information processing capabil-
ities and intended outcomes (I. J. Chen and Paulraj 2004; Zhu et al. 2018). To improve transparency and
traceability in the management of SC, it is crucial for organisations to proactively engage and communicate
with stakeholders (Belhadi, Mani, et al. 2021).

Historically, organisations largely relied on ‘mechanistic’ organisational resources which tend to deal with
issues referred to as ‘exception scenarios’ that utilise hierarchy, rules and goals (Belhadi, Mani, et al. 2021;
Galbraith 1973). However, the cost and responsiveness of mechanistic models is negatively impacted by the
high frequency of expectation scenarios (Peng, Heim, and Mallick 2014). An alternative solution for organisa-
tions that seek to improve their information processing capabilities is to enhance their vertical information
systems (e.g. systems implemented at different administrative levels of an organisation) (Srinivasan and
Swink 2018), which enable efficient and intelligent data processing, enabling organisations to swiftly adjust
their plans with little resource involvement to resolve complexities (Peng, Heim, and Mallick 2014).

OIPT is concerned with how organisations develop their capabilities to meet their information processing
requirements (Wamba et al. 2020). For example, to maintain performance levels and manage SC disruptions,
organisations must process information under increasing uncertainty (Belhadi, Mani, et al. 2021; Srinivasan
and Swink 2018). The assumptions of OIPT are supported by other theories such as, dynamic capability
theory (DCV) and contingency theory. DCV postulates that lower-order resource capabilities, such as Al and
other data-driven systems, develop a foundation for enhancing higher-order capabilities such as SCP
(Wamba et al. 2020). However, the shortcoming of DCV is that it fails to provide an explanation for the
effect high-scale disruptions have on utilisation and efficiency of lower-order capabilities. While contingency
theory holds the perspective that organisations should find a balance between their information processing
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needs capacity (Tushman and Nadler 1978). This perspective supports the argument that when the scale of
disruptions is aligned with an organisation’s information processing capacity, SCRes can be positively
associated with SCP (Wong et al. 2020). Despite this, there is a gap in contingency theory for explaining
how the development organisational capabilities such as OMIN and OFLEX is underpinned by an SC
networks’ inter-organisational information management capabilities (Belhadi, Mani, et al. 2021).

2.2. Artificial intelligence

In this study, Al is defined as ‘the frontier of computational advancements that references human intelligence in
addressing ever more complex decision-making problems’ (Hendry et al. 2019, 1438). Al systems possess the
capability to learn from the external environment and use these learnings to adapt to changes in that
environment (Belhadi, Mani, et al. 2021; Grover, Kar, and Dwivedi 2020; Spring, Faulconbridge, and Sarwar
2022). Al information processing capabilities can be divided into different types of capability (i.e. exploiting,
expanding, exploring), which suggest the likelihood of Al systems to complement or replace human decision-
making (Baryannis et al. 2019; M. K. Sharma et al. 2010). These three capabilities are described below.

Exploiting refers to Al systems that can help managers process large amounts of information which would
not be possible on their own (Haefner et al. 2021). These Al systems play a supporting role helping humans
overcome cognitive information processing limits, which regularly restrict managers from considering the
extensive amount of information involved in SC decisions. Exploiting techniques of Al include robust
optimisation which is used largely for SC problem detection (Haefner et al. 2021), machine learning and
big data which allow for processing huge amounts of data (Min et al. 2019; Priore et al. 2019), fuzzy logic
(Cavalcante et al. 2019), stochastic programming (Baryannis et al. 2019).

Expanding includes Al systems that are capable of either creating new opportunities and ideas or finding
more distant solutions by overcoming local search routines (Haefner et al. 2021). While such systems work
adjacent to managers to support the innovation process, level 2 Al technological capabilities are limited
(Haefner et al. 2021). Al methods at this level include rough set theory which has been used for supporting SC
problem analysis and network-based algorithms used primarily for ideation in the SC innovation process
(Bottani et al. 2019; Elhoone et al. 2020; Hosseini and lvanov 2020), and tree-based clustering which
strengthens the interaction between humans and machines (Thomassey 2010).

Exploring refers to Al systems that can develop new methods of identifying problems, providing novel
solutions, and evaluating the innovation process in terms of its efficiency and effectiveness (Haefner et al.
2021). Al techniques used at this level include model predictive control (Belhadi et al. 2019), agent-based
systems (Muravev et al. 2021), computer vision (Dhamija and Bag 2020; Grover, Kar, and Dwivedi 2022), and
robotic process automation (Schniederjans, Curado, and Khalajhedayati 2020). These Al systems can conduct
more advanced and complex tasks to support human and partially replace them (Haefner et al. 2021).

2.3. Organisational mindfulness

High reliability organisations (HROs) are organisations which can mitigate turbulent environment conditions
with a minimal number of failures. A key characteristic common among HROs is organisational mindfulness
(OMIN) (Haefner et al. 2021; Hales and Chakravorty 2016). OMIN is a mix of continually scrutinising existing
expectations with the ability to develop new expectations based on unprecedented events (Weick and
Sutcliffe 2006). Mindful organisations emphasise the 'big picture’ of operations and possess a high degree of
reliability by increasing the sensing capabilities of employees, minimising assumptions, rewarding the
reporting of failures, and implementation of highly standardised routines (Dennehy et al. 2021). In the
context of data-rich SCs, OMIN provides the capability to interpret data and uncover insightful clues for
detecting or creating opportunities (Hendry et al. 2019; Lee 2021). Moreover, mindfulness practices develop
a sense of urgency to respond to unpredicted events and take the necessary corrective actions (Maitlis and
Christianson 2014).

OMIN is utilised in this study to enhance management ability to operate efficiently and effectively during
turbulent and complex environments. For example, Dennehy et al. (2021) illustrate how the use of OMIN
allowed for the effective adoption of big data technologies in a humanitarian aid SC context. Integrating
mindful practices into the data analysis process can improve resiliency during a crisis (Hendry et al. 2019).
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Hence, this study explores OMIN in the context of AFSC as a robust foundation for information processing
(Reb, Allen, and Vogus 2020) and to provide organisations with the preventative and sensing to mitigate the
impact of disruptions.

2.4. Organisational flexibility

Organisational flexibility (OFLEX) refers to an organisations capability to operate in volatile environments
(Braunscheidel and Suresh 2009; M. K. Sharma et al. 2010; Dubey et al. 2019). OFLEX is defined as ‘the degree
to which an organisation has a variety of managerial capabilities and the speed at which they can be
activated, to increase the control capacity of the management and improve the controllability of the
organisation’ (Volberda 1996, 361). Hence, OFLEX can be viewed as both a ‘managerial task’ (i.e. manage-
ments’ ability to reconfigure operations during turbulent periods) and ‘organisational structure task’ (i.e.
organisation’s ability to react to abrupt environment changes (Dubey, Gunasekaran, Childe, Roubaud, et al.
2019). In the context of SCs, OFLEX refers to the ability of management swiftly adjust operations to meet
changing market conditions (Srinivasan and Swink 2018). Prior studies have utilised OFLEX to leverage
insights generated from analytical technologies, resulting in strengthened resiliency (Dubey, Gunasekaran,
and Childe 2019) and improved SC performance (Srinivasan and Swink 2018). Availing of the abundant data
in AFSCs (Kamble, Gunasekaran, and Gawankar 2020), Al-based information processing can provide the
insights into market conditions, while OFLEX provides the ability to deploy and adjust resources to actualise
these insights, which is a crucial component in developing SCRes (Wong et al. 2020). Hence, OFLEX is
employed in this study to provide organisations with the ability to efficiently adapt to highly uncertain
environments (Braunscheidel and Suresh 2009; Williams et al. 2013).

2.5. Supply chain resilience

Recent global events have highlighted how critical supply chain resilience (SCRes) is for management teams
(Belhadi, Mani, et al. 2021; Remko van 2020). SCRes is predominately focused on the SC’s ability to deal with
spontaneous disruptions, as well as its ability to take actions that should result in the SC returning to an
original or improved state (Belhadi, Mani, et al. 2021; Remko van 2020). There are four distinct phases of
SCRes: readiness phase (i.e. the organisation’s anticipation of a disruption), response phase refers to planned
efforts to mitigate the impact of disruptions, recovery phase (i.e. to repair of loss and/or damage caused by
a disruption) and adaptability (i.e. the ability to utilise learnings from previous disruptive events and leverage
emerging technologies) (Fahimnia and Jabbarzadeh 2016; Leat and Revoredo-Giha 2013; Stone and
Rahimifard 2018). Resilient supply chains possess a greater capability to absorb shock from interfering events
and are ultimately less susceptible to disruptions (Hohenstein et al. 2015). Moreover, SCRes ensures the
continuous smooth flow of products and services during an interruption (Ambulkar, Blackhurst, and Grawe
2015; Hendry et al. 2019).

2.6. Supply chain performance

Supply Chain Performance (SCP) refers to the benefits obtained from the resilience and efficiency of SC
operations in a dynamic environment (Chowdhury, Quaddus, and Agarwal 2019; Hendry et al. 2019). SCP
involves three main components, namely: output performance (effectiveness), resource performance (effi-
ciency), and flexibility performance (agility) (Khan et al. 2009). Output performance refers to a supply chains
ability to create customer value, product quality, and speed of delivery; resource performance is the
capability of the SC to deliver more customer value with minimal resource utilisation; and flexibility
performance is the capability to maintain preserve customer value in an uncertain environment (Khan
et al. 2009). Previous studies have outlined two main measures to evaluate SCP: customers’ level of
satisfaction, which primarily relates to SC effectiveness and agility, and costs incurred, which relates to the
efficiency of the SC (Estampe et al. 2013). Organisations that possess the ability to make quick, effective
adjustments can facilitate ongoing high performance (Teece, Pisano, and Shuen 1997). SCRes enable
organisations to improve performance levels by effectively responding to change (Christopher and Peck
2004; Yu et al. 2019).
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3. Theoretical framework and hypotheses development

Data-driven SCs generate huge amounts of data from their suppliers and customers (Estampe et al. 2013).
However, to create value from these data, organisations must extract learnings to help address the
uncertainty characteristics of ASFCs. As an information processing tool, Al can provide ASFCs with an
enhanced insight into their market conditions and internal operations (Belhadi, Mani, et al. 2021; Ali et al.
2024; Dubey, Gunasekaran, Childe, Fosso Wamba, et al. 2019), which can alleviate uncertainty, enhancing an
organisation’s ability to anticipate and recover from disruptions (Wong et al. 2020). As a result, AFSCs can
reduce food waste created from disruptive events and develop sustained SCP. How organisations transform
the insights generated from Al-based information processing into learnings that can strengthen SCRes is
described through the mindful practices of OMIN. However, the ability to implement these learnings is
explained through the principles of OFLEX. Drawing on the OIPT, this study proposes the research model (see
Figure 1) to empirically test the interrelated relationships between Al, OMIN, OFLEX and SCRes to attain
enhanced SCP.

3.1. The effect of Al-based information processing on SCRes

Several studies have examined the potential of Al for improving SCRes. For example, Belhadi, Mani, et al.
(2021) demonstrated the potential of Al techniques (i.e. agent-based systems, fuzzy logic programming) for
promoting SCRes strategies. Moreover, Gupta et al. (2021) and Gupta et al. (2024) argue that Al can aid the
development of resilient information systems, enabling organisations to better cope with SC disruptions.
Modagil et al. (2022) claim that an SC facilitated by Al can help develop resilience in its network and structure,
enabling organisations changing environments and during disruptive events. In this study, we adopt the
perspective of OIPT, proposing that implementing Al can enable AFSC organisations to develop or improve
their information-processing capabilities (Belhadi, Mani, et al. 2021; Le and Behl 2024; Srinivasan and Swink
2018). Previous studies suggest that Al as an information processing tool can reduce uncertainty, resulting in
improved SCRes. Given that AFSCs are data rich (Kamble, Gunasekaran, and Gawankar 2020) and highly
uncertain in nature (Wong et al. 2020), this study proposes that Al-based information processing can mitigate
the uncertainties surrounding AFSCs by allowing organisations to decrypt, analyse and provide insight from
data collected from a variety of data sources (Grover, Kar, and Dwivedi 2020). Thus, we hypothesise:

H1. Al-based information processing has a significant and positive effect on supply chain resilience (SCRes).

" Organisational
bl Mindfulness

(OMIN)
H,, o Hyp
/'.\'|V.b;5ed ’ = SuppIyChrarin H SﬁppIyChain
information ) ! » Resilience 2 Performance
“._processing_~ . ,(,S,CRG,S,),- g \ ,,(,SCP,),-
H4.a i . H4.h
Organisational
o Flexibility
~ (OFLEX) |

Figure 1. Research model and corresponding hypotheses.
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3.2. Supply chain resilience and supply chain performance

Recent studies have shown that SCRes play a critical role in sustaining a certain level of SCP (e.g. Chowdhury,
Quaddus, and Agarwal 2019; Wieland et al. 2013; Yu et al. 2019). For example, Carvalho, Azevedo, and Cruz-
Machado (2012) proposed a structure for creating SCRes and illustrated its positive effect on SCP. Resilience
is both a proactive and reactive capability, meaning that resilience can help mitigate the impact of
disruptions in addition to helping recover to previous performance levels after the interfering event has
occurred (Wieland et al. 2013). A resilient SC is agile (i.e. the ability to absorb and respond to change, and to
monitor uncertainty), which enables organisations to sustain high levels of performance (Hendry et al. 2019).
The recent Covid-19 pandemic revealed that organisations that failed to develop SCRes suffered partial or
complete stoppage to their operations (Belhadi, Mani, et al. 2021). Previous research has indicated that in
non-agricultural supply chains, improved SCRes can enable organisations to achieve long-lasting perfor-
mance (Belhadi, Mani, et al. 2021). Post Covid-19 studies confirmed the influence of SCRES on financial
performance, especially when assessed in the long term (El Baz, Ruel, and Fozouni Ardekani 2023). This study
argues that the need for SCRes in AFSCs is heightened due the many actors involved in AFSCs (Le 2023) and
the perishable nature of goods (Shukla and Jharkharia 2013). Thus, we hypothesise:

H2. Supply chain resilience significantly and positively affects supply chain performance.

3.3. The mediating role of organisational mindfulness and organisational flexibility

Organisations must proactively prepare for disruptions and have the capability to quickly and efficiently
implement decisions to sustain performance during turbulent periods (Remko van 2020). This study theo-
rises that Al-based information processing can lead to the development of SCRes. The literature highlights
that OMIN and OFLEX are key elements for identifying and actualising insights generated from information
processing technologies to build SCRes Hendry et al. (2019); Reb, Allen, and Vogus (2020); Dennehy et al.
(2021). Hence, this study proposes a mediation effect from OMIN and OFLEX to enabling SCRes driven by Al-
based information processing capabilities (Dubey, Gunasekaran, Childe, Roubaud, et al. 2019 a, b).

As supply chains are inherently complex, and unpredictable, there is a significantly high degree of
uncertainty (D. Q. Chen, Preston, and Swink 2015; Dubey et al. 2020; Wong et al. 2020), which greatly
increases the complexity of developing and scrutinising organisations expectations. Therefore, increasing
available information and minimising uncertainty are critical for the effective adoption of OMIN. Recent
studies have illustrated the ability of Al to (i) improve information processing and reduce uncertainty (e.g.
(Belhadi, Mani, et al. 2021; Haefner et al. 2021), (ii) provide reliable forecasts and near real-time visibility of
operations giving organisation a platform to continuously analyse their existing expectations (Baryannis
et al. 2019; Hendry et al. 2019), and (iii) provide learnings from past events and its external environment,
enabling organisations to manage expectations (Grover, Kar, and Dwivedi 2020). Dernbecher and Beck
(2017) posit that technological infrastructure is at the core organisational capabilities for performance and
mindfulness technology infrastructure is central to organisational capabilities for mindfulness and perfor-
mance. Thus, we hypothesise:

H3a. Al-based information processing has a significant and positive effect on OMIN.

SCRes place a large emphasis on recovery and adaptability during times of crisis (Ambulkar, Blackhurst, and
Grawe 2015; Craighead et al. 2007). Mindful organisations continuously adjust their resources during
turbulent periods to attain desired levels of adaptability and responsiveness of the SC (Burnard, Bhamra,
and Tsinopoulos 2018); moreover, contingency planning allows them to proactively prepare for disruptions
(Mandal 2019). Mindful organisations operate in complex conditions while avoiding failures due to their
highly reliable human processes and relationships (Hendry et al. 2019; Weick and Sutcliffe 2006). OMIN
principles and practices align with supply chain organisations seeking to develop resilience, as the principles
and practices of OMIN help avoid disruptions and to recover after disruptions (Sawyerr and Harrison 2020).
OMIN provides a foundation for better information processing, which can explain how organisations can
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leverage the insights from Al-based informaiton processing to develop SCRes (Hendry et al. 2019; Reb, Allen,
and Vogus 2020). Thus, we hypothesise:

H3b. OMIN mediates the relationship between Al-based information processing and SCRes.

The literature suggests that Al-based information processing can provide meaningful insights into external
market conditions (Belhadi, Mani, et al. 2021). OFLEX requires organisations to possess the ability to
effectively deploy and adjust resources in response to turbulent market conditions (Upton 1994). Hence,
this study argues that Al-based information processing can provide the necessary information for organisa-
tions to utilise the adaptive capabilities of OFLEX. Thus, we hypothesise:

H4a. Al-based information processing has a significant and positive effect on OFLEX.

Organisations with superior OFLEX are better able to handle turbulent environments (Sreedevi and Saranga
2017). Previous studies have highlighted that SC organisations that achieved increased flexibility have
resulted in improved SCRes (Dubey, Gunasekaran, Childe, Roubaud, et al. 2019; Ilvanov, Sokolov, and
Dolgui 2014). Al-based information processing can provide the necessary insights into SC operations and
market conditions to strengthen SCRes; however, the ability of an organisation to make the necessary
adjustments to actualise these insights is explained through OFLEX. Thus, we hypothesise:

H4b. OFLEX mediates the relationship between Al and SCRes.

4. Research design
4.1. Instrument development

The survey was developed according to guidelines proposed by Malhotra and Grover (1998), where
measures which have been established in literature were used with small adjustments to item wordings.
Additionally, following procedures outlined by Sudman (1983), 14 people were selected based on their
professional or academic experience to pre-test the survey to uncover any shortcomings and to provide
feedback on the overall survey design as well as the measures used to assess the constructs (Vanpoucke and
Ellis 2019). Survey items were adapted from prior SC and resilience studies (e.g. Dubey et al. 2020) and pre-
tested with 14 AFSC experts to ensure relevance to AFSC-specific issues such as spoilage, traceability, and
logistical disruptions. We have included examples of this adaptation in Appendix A and clarified it in the
instrument development section. The items were measured on a seven-point Likert scale with extreme
points ranging from 1 = strongly disagree to 7 = strongly agree. The survey constructs, their indicators, and
citation source are listed in the Appendix. All constructs were deployed as reflective constructs.

4.2. Sampling method and data collection

The empirical context of the study is the AFSC industry. A total of 147 complete responses were
collected using Qualtrics. The questionnaire was responded to by employees of agri-food supply
chain organisations with at least 2 years’ experience in AFSC industry. The profile of respondents is
summarised in Table 1. The non-response bias was tested following Armstrong and Overton (1977)
procedure, where responses of early respondents (first 25%), late respondents (last 25%), and
a sample of non-respondents were compared. This resulted in all items returning a p > 0.3, indicating
that there was no statistically significant difference between early, late, and non-respondents.
Participants were selected based on their minimum 2 years of experience in agri-food SC roles,
ensuring familiarity with operational and strategic decisions. Our sample covers diverse roles (pro-
curement, logistics, quality) across Europe, providing a cross-sectional representation of the AFSC
domain.
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Table 1. Profile of respondents.

Parameters Details Frequency Percentage (%)
Gender Male 106 72.11
Female 36 24.49
Prefer not to say 5 3.40
Years of agri-food supply chain industry experience 2-5 18 12.24
6-10 42 28.57
11-15 34 23.13
16-20 9 6.12
20+ 44 29.94
Geographic area of the respondent’s organisation Europe 116 78.91
North America 14 9.53
South America 2 1.36
Asia 9 6.12
Africa 3 2.04
Australia 3 2.04
Total 147 100

5. Data analysis and results

Data analysis was conducted using Structural Equation Modelling (SEM) as it provides statistical procedures for
testing measurements and causal hypotheses (Jin, Vegelius, and Yang-Wallentin 2020). SEM includes a set of
regression analyses making it suitable for examining interrelationships between independent and dependent
variables (Belhadi, Mani, et al. 2021; Dubey et al. 2020). Following the guidelines of Hair et al. (2014) this study
utilises PLS-SEM for model prediction. All the PLS-SEM computations were performed using SmartPLS 3.0.

5.1. Measurement validation

Table 2 contains the factor loadings and descriptive statistics of the items. The factor loadings for all items
exceeded the proposed cut-off of 0.60 at p < 0.001, indicating construct validity (Hair, Ringle, and Sarstedt
2013).

The construct correlations and discriminate validity results (see Table 3) suggest that the study’s measure-
ments are reliable and the latent construct account for a minimum of 50% of the item variance (cf. Benitez
et al. 2020). The threshold for HTMT is construct values that must be below 0.9, hence this model possesses
discriminant validity. HTMT values are presented in Table 3. The overall model fit can be assessed by
analysing the standardised root mean squared residual (SRMR) of the model, a value smaller than 0.080
indicates acceptable model fit (Benitez et al. 2020). The SRMR of this model is 0.069.

Testing and controlling endogeneity is a vital part of SEM analysis (Huit et al. 2018). Endogeneity can occur
due to several reasons; however, it typically occurs when variables excluded from the regression model
correspond to independent and dependent variable(s) in the model (Rossi 2014). The presence of endo-
geneity in the study can undermine the reliability of the results due to biased parameter estimates (Sande
and Ghosh 2018). Endogeneity can be controlled through the control function approach (De Blander 2010),
the control variable approach (Germann, Ebbes, and Grewal 2015), or the instrumental approach (Sande and
Ghosh 2018). In this study we selected the instrumental approach as it is the most common approach in PLS-
SEM (Sande and Ghosh 2018). Endogeneity was tested on the latent variable SCRes because it has both direct
and indirect predictors. An additional predictor of SCRes, iv_SCRes, was added to the model to test for
endogeneity through its path coefficient and significance using WarpPLS 7.0, which is a popular PLS
techniques used in SEM analysis (Kock 2021). The path coefficient (iv_SCRes) was B=0.01 and p =0.43,
indicating that the effect of endogeneity was non-significant.

5.2. Common method bias

It is necessary to account for common method bias (CMB) as the data was collected using the same method
(Dubey et al. 2020), meaning the measurements in the study could share some common method variation
(CMV). Additionally, there is a tendency for respondents to answer questions in a similar fashion which can
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Table 2. Descriptive analysis of measurement scales.

Mean SD Factor Loadings Min Max
A1 4.347 1.768 0.864 1 7
Al_2 3.946 1.84 0.891 1 7
Al_3 3.98 1.886 0.842 1 7
Al_4 3.932 1.923 0.82 1 7
OrgFlex_1 4,728 1.623 0.781 1 7
OrgFlex_2 4.646 1.502 0.857 1 7
OrgFlex_3 4.769 1.57 0.778 1 7
OrgMind_1 4.946 1.573 0.813 1 7
OrgMind_2 5.075 1.48 0.755 1 7
OrgMind_3 5.122 1.493 0.718 1 7
OrgMind_4 5.293 1.41 0.833 1 7
OrgMind_5 5.714 1.201 0.625 1 7
OrgMind_6 5.374 1.321 0.657 1 7
SCPer_1 5.265 1.396 0.711 1 7
SCPer_2 5.463 1.269 0.73 1 7
SCPer_3 5.286 1.438 0.669 1 7
SCPer_4 4.837 1.345 0.824 1 7
SCPer_5 4.823 1.446 0.771 1 7
SCPer_6 4.966 1.327 0.787 1 7
SCRes_1 5.095 1.491 0.732 1 7
SCRes_2 5.061 1.41 0.857 1 7
SCRes_3 5.211 1.381 0.714 1 7
SCRes_4 5.313 1.428 0.765 1 7

Table 3. Construct correlations and discriminant validity results.

HTMT Values
Constructs a CR AVE Al OrgFlex OrgMind SCP SCRes
Al 0.916 0.916 0.731
OrgFlex 0.846 0.847 0.65 0.847
OrgMind 0.878 0.876 0.544 0.704 0.816
SCP 0.884 0.884 0.563 0.771 0.853 0.876
SCRes 0.852 0.852 0.591 0.6 0.868 0.829 0.859

also result in CMV (Podsakoff et al. 2003). To mitigate the impact of CMB, statistical analyses were conducted
following the guidelines of (Podsakoff et al. 2003). Firstly, a conservative version of Harman'’s one-factor test
was performed. The results demonstrated that CMB is not a significant concern as the test showed that the
single factor explains 45.7% of the total variance, which is below the 50% threshold. To address the concern
that Harman'’s one-factor test is not a robust assessment of CMB (Hendry et al. 2019), in this study, a partial
correlation technique (Lindell and Whitney 2001) was performed. As no significant differences were
detected, it indicates that CMB has no substantial impact on the study results. Hence, we can infer that
CMB is not a serious issue in this study.

5.3. Hypotheses testing

The significant paths and the standardised coefficients in the structural model are presented in Figure 2.
The standardised path coefficients and p-values (see Table 4) explain a significant variance for the
endogenous constructs. Notably, the explained variance (R?) of the framework on OMIN is R%=0.37,
OFLEX is R?>=0.55, SCRes is R>=0.77, and SCP is R = 0.57 (Figure 2). The link Al—SCRes (p =—0.3; p < 0.01)
is negatively related, while the combined paths for mediation effect of OMIN and OFLEX on the path
connecting Al and SCRes, (AI=OMIN (3 =0.61; p <0.01), OMIN—SCRes (f =0.39; p <0.01) and Al—OFLEX
(B=0.74; p < 0.01), OFLEX—SCRes ( =0.34; p <0.01)) are found to be positively linked. Therefore, we can
deduce that OMIN and OFLEX fully mediate the path linking Al and SCRes. Moreover, the link between
SCRes—SCP (3 =0.76; p < 0.01) are positively related. Thus, we make the case that based on beta values and
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Figure 2. Research model.
Table 4. Structural estimates.
Hypothesis Path Path coefficient p value Result
H1 Al- > SCRes -0.3 >0.01 Not supported
H2 SCRes- > SCP 0.76 <0.01 Supported
H3a Al-OMIN 0.61 <0.01 Supported
H3b OMIN- > SCRes 0.63 <0.01 Supported
H4a Al- > OFLEX 0.74 <0.01 Supported
H4b OFLEX-SCRes 0.52 <0.01 Supported

their corresponding p values that hypotheses H2, H3a, H3b, H4a, and H4b are supported, while H1 is not
supported.

The structural model results offer important insights into the mechanisms linking Al-based information
processing to supply chain resilience (SCRes). Notably, the direct path from Al to SCRes was negative and
significant (B = —0.30, p < 0.01), indicating that Al alone may not directly enhance resilience. However, both
organisational mindfulness (OMIN) and organisational flexibility (OFLEX) fully mediated this relationship,
with strong and positive path coefficients from Al to OFLEX (B =0.74, p < 0.01) and from OMIN to SCRes (3 =
0.39, p < 0.01). These findings suggest that the value of Al in AFSCs depends critically on an organisation’s
ability to interpret data mindfully and act adaptively, supporting the idea that human and structural
capabilities are essential for realising the resilience benefits of digital technologies (Dubey, Gunasekaran,
Childe, Roubaud, et al. 2019; Hendry et al. 2019). The high explanatory power of SCRes (R?=0.77) further
underscores the central role these mediators play in translating Al insights into resilient outcomes.

6. Discussion

The current study uses a novel perspective to understand how AFSCs can deploy Al-enabled information
processing, utilising the organisational competencies of mindfulness and flexibility, to achieve supply chain
resilience and performance. Overall, our results indicate that Al-enabled information processing is not
sufficient alone to achieve SCRES but is importantly mediated and enhanced by organisational factors. In
the context of AFSC, there is a clear synergistic relationship between Al systems gathering, detecting and
learning from the external environment and the mindful, sensing capabilities of employees, interpreting
data, creating opportunities and honing the ability to respond to unpredicted events and take rapid,
corrective action. This critical link between successfully implementing Al technology and organisational
factors is reflected in recent studies on organisational mindfulness and digital transformation (H. Li et al.
2021).

While valuable contributions have been made about Al-based information processing in manufacturing
SCs (Issa, Jabbouri, and Palmer 2022), there is limited knowledge about Al-based information processing in
context of AFSCs. Our findings identify important organisational factors that utilise Al technologies to
achieve SCRes as a tool for reducing food waste in AFSCs, therefore improving sustainability. Previous
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research that examined Al technologies for sustainability in AFSCs viewed Al as a tool to improve traceability
and transparency (N. Tsolakis et al. 2022) or for reducing energy consumption (Kopka and Grashof 2022). This
study demonstrates that Al-enabled information processing can build resilience in agri-food supply chains,
thereby reducing food waste and improving food security, through the important mediating effects of OMIN
and OFLEX, which ultimately lead to improved SCP.

As such, an important theoretical contribution of this study is the significant influence of OMIN and OFLEX
as mediators in the relationship between Al-based information processing and SCRes. This contributes to our
understanding of the inter-relationships between Al-based information processing, OMIN, OFLEX, and SCRes
and highlights the need to explore the effect of organisational competencies on the application of Al-based
information processing in the management of resilient SCs. Specifically, the effect of Al on SCRes is negative
and insignificant when tested with mediators OMIN and OFLEX, contradicting prior research that indicates Al
directly leads to SCRes (Modgil et al. 2022). In our study, the influence of Al on SCRes was fully and
significantly mediated by the presence of OMIN and OFLEX. This is a critical finding as it demonstrates
that AFSC organisations cannot simply implement Al-based information processing and expect to achieve
SCRes, challenging the assumption that Al-based information processing will itself lead to a resilient AFSC.

Previously, Dennehy et al. (2021) utilised OMIN as a mediator between big data analytics and SCRes, while
Dubey, Gunasekaran, and Childe (2019) employed OFLEX between data analytics and SCRes. Interestingly,
both these studies returned partial mediation, indicating that Al differs from other analytical technologies. In
this study, the influence of OMIN and OFLEX is examined commensurately and reveal important organisa-
tional competencies that strongly influence information processing capabilities and the resulting impact on
resilience.

This study differs from existing literature on non-food supply chains by examining how Al-based
information processing interacts with organisational mindfulness (OMIN) and organisational flexibility
(OFLEX) to build resilience in agri-food supply chains (AFSCs). While prior studies in manufacturing or
industrial contexts (e.g. Dubey, Gunasekaran, Childe, Fosso Wamba, et al. 2019; Belhadi, Mani, et al. 2021)
highlight the direct impact of Al and data analytics on agility and performance, they often overlook the
mediating role of organisational capabilities in more volatile, perishable environments. Unlike non-food
supply chains, AFSCs operate under severe time constraints, biological variability, and regulatory pressures,
making them more susceptible to disruption and waste.

Our findings reveal that Al alone does not directly enhance resilience in AFSCs; rather, its effectiveness
depends on how organisations interpret insights through mindfulness and act on them through flexibility.
This mediation model is distinct from prior work where Al is typically framed as a direct enabler of resilience
or performance. By focusing on the human and structural capabilities required to unlock Al’s potential in
food systems, our study addresses a critical gap in the supply chain resilience literature.

Al-enabled information processing supports waste reduction and performance improvement in agri-food
supply chains by enhancing visibility, prediction, and responsiveness. For example, Al can forecast weather
disruptions or demand fluctuations, enabling timely harvesting and adaptive distribution to prevent spoi-
lage (Belhadi, Mani, et al. 2021; Grover, Kar, and Dwivedi 2022). However, our findings show that these
benefits are not achieved through Al alone. Organisational mindfulness (OMIN) helps interpret Al-generated
insights in dynamic environments, while organisational flexibility (OFLEX) enables rapid resource reconfi-
guration in response to disruptions (Dubey, Gunasekaran, Childe, Roubaud, et al. 2019; Hendry et al. 2019).
Together, these capabilities allow firms to transform Al insights into effective actions, reducing food waste
and sustaining supply chain performance under uncertainty.

The findings show that OMIN displayed a stronger effect on SCRes with an effect size of (f-squared) of
0.795. when compared to OFLEX. In doing so, this study contributes to literature on antecedents of SCRes
and intelligent systems and their impact on SCP (Belhadi, Mani, et al. 2021), by understanding how
organisations can maintain and enhance SCP during turbulent periods. The findings of this study further
suggest that developing SCRes will result in improved SCP in the context of AFSCs. This supports claims that
organisations that can effectively develop readiness prior to disruptions, implement a swift response during
the disruption, and an efficient recovery from the disruption have a higher chance of maintaining long-
lasting SCP (Belhadi, Mani, et al. 2021; Datta 2017).
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6.1. Implications for AFSC research

This research advances theory required by the SC research community (e.g. Dennehy et al. 2021; Dubey et al.
2021) into a deeper understanding about how Al-enabled information processing effects SCRes, particularly
in the context of AFSCs. This study provides evidence that Al-enabled information processing can develop
SCRes and therefore improve sustainability and SCP of AFSCs, when certain organisational competencies are
present. While previous studies have provided insight into how the adoption of Al-enabled information
processing can develop SCRes in a manufacturing setting (Belhadi, Mani, et al. 2021), this study highlights the
mindful practices of an organisation in the adoption of Al-enabled information processing in AFSCs. Through
the lens of OIPT, we explain how Al-enabled information processing can improve SCRes, sustainability and
SCP through the enablers of OMIN and OFLEX.

This study highlights the importance of organisational competencies when seeking to develop supply
chain resilience. Al tools have been shown to directly improve metrics such as, cost or efficiency (Fosso
Belhadi, Mani, et al. 2021; Wamba et al. 2020), meaning that Al can directly enhance supply chain factors such
as, performance or competitive advantage (Belhadi, Mani, et al. 2021; Hendry et al. 2019). However, supply
chain resilience differs from these supply chain attributes. Developing resilience requires continuous scrutiny
of the organisation’s environment, in addition to possessing the ability to adjust operations to address an
organisation’s changing environment (Dennehy et al. 2021; Dubey et al. 2021; Hendry et al. 2019). While Al
can provide a strong platform for supporting the monitoring of an organisation’s internal and external
environment and can support decision-making to help swiftly adjust operations, organisational factors are
still required to fully meet the requirements of developing supply chain resilience.

Developing supply chain resilience, therefore, requires strong situational awareness in addition to having
a controllable organisational structure (Dubey, Gunasekaran, and Childe 2019; Hendry et al. 2019). Al tools
can provide detailed insights into an organisation’s internal and external environments (Hendry et al. 2019);
however, if an organisation lacks the capability to identify looming threats or opportunities, the value of
these insights goes to waste. The principles and practices of OMIN develop the capability to effectively assess
data and information to find valuable clues about an organisation’s environment (Lee 2021), cultivating high
situational awareness. OMIN in AFSCs enables a heightened situational awareness necessary to navigate
perishability, seasonality, and regulatory variability challenges less pronounced in non-food SCs (Dennehy
et al. 2021; Hendry et al. 2019). Our study shows that OMIN allows for better sensemaking of Al outputs,
facilitating quicker and contextually appropriate responses to disruptions is critical in food systems where
decision speed directly impacts waste and quality. AFSCs require failure-preoccupation and sensitivity to
operations, two core aspects of OMIN, to monitor spoilage rates, adapt to weather shifts, or sudden logistical
failures.

However, there is a gap between identifying the right information for a decision and implementing that
decision. This research argues that OFLEX can bridge this gap. OFLEX promotes the ability of management to
make the necessary decisions swiftly, in addition to ensuring the controllability and changeability of the
organisational structure (Dubey et al. 2021; Volberda 1996). Collectively, both OMIN and OFLEX explain how
organisations can transform the information generated from Al tools into concrete supply chain improve-
ments, reiterating the importance of organisational factors in developing AFSC resilience.

Al-enabled information processing was found to be positively associated with SCRes through the media-
tion of OMIN and OFLEX but negatively associated when directly tested. This aligns with existing research on
Al-based information processing, which employed other key enablers of SCRes (adaptive capabilities and
supply chain collaboration) to explain how SCRes are achieved. However, this also challenges existing
research which have found other analytical technologies (Dubey et al. 2021) to directly improve SCRes.

Finally, our findings indicate that to effectively leverage the insights generated from Al-based information
processing, organisations must also transform their mindset, structure and managerial practices. This study
demonstrates the importance of organisational competencies in this regard however, further empirical
research is required to explore the connection between mindfulness and flexibility with Al information
processing more fully. Identifying such measures is currently a major research gap in developing long-term
approaches to SCRes (Gebhardt et al. 2022), although the identification of OMIN and OFLEX offers a fruitful
line of enquiry.
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6.2. Implications for AFSC practice

This study has important implications for managers seeking to operate under a high degree of uncertainty in
the context of AFSCs. First, to maintain or even improve SCP while managing uncertainties and disruptive
events, practitioners should focus on the development of SCRes. In doing so, they should recognise the role
of Al-based information processing to develop OMIN and OFLEX capabilities, which will ultimately lead to
improved sustainability and performance. Developing both organisational mindfulness and flexibility is an
integral part to dealing with and responding to uncertain environments and disruptions.

AFSC organisations that can recognise and acquire external information and capable of assimilating,
transforming, and exploiting this information will profit from increased resiliency and performance (Belhadi,
Mani, et al. 2021; Dzhengiz and Niesten 2020). Indeed, previous studies (e.g. Dubey, Gunasekaran, and Childe
2019; Wieland et al. 2013) have made important contributions to advance understanding about the role of
relationship theory for developing trust among SC partners, which can lead to better coordination. In
contrast, this study outlines an alternative method of developing vertical information systems which can
enhance information processing capability with minimal resource costs. This is an important implication for
the AFSC industry as it is dominated by SMEs, accounting for over 80% of firms (Zhao et al. 2023). Specifically,
this research emphasises the connection between information processing and organisational mindfulness
and flexibility, hence, incorporating mindful management techniques tailored for the organisation and its
information processing characteristics will be critical. Previous research has identified the need to ‘fit’ the
organisation type with an approach to information processing - similar approaches will be required in this
case (Moser, Kuklinski, and Srivastava 2017). Such mindful approaches to organisations have been demon-
strated to be extremely useful especially for high reliability organisations (HROs) (Hales and Chakravorty
2016).

While Al-enabled information processing offers promising benefits for improving resilience and reducing
food waste in AFSCs, several practical challenges must be considered. Implementing Al solutions often
involves significant costs, including investment in digital infrastructure, specialised talent, and ongoing
system maintenance, which can be especially burdensome for small and medium-sized enterprises that
dominate the agri-food sector (Zhao et al. 2023). In addition, data fragmentation and interoperability issues
are prevalent, as AFSCs typically comprise diverse stakeholders with varying levels of digital maturity and
often lack integrated data systems (Kamble, Gunasekaran, and Gawankar 2020; Papetti et al. 2012). Ethical
concerns such as data privacy, algorithmic bias, and exclusion of small producers also create barriers to
adoption (Grover, Kar, and Dwivedi 2022). To address these issues, organisations should consider beginning
with targeted Al applications (e.g. forecasting or monitoring) that generate early value, while simultaneously
investing in organisational practices that promote mindfulness and flexibility. Encouraging cross-functional
communication, scenario planning, and agile decision-making structures can help ensure Al insights are
effectively interpreted and acted upon. Equally important is the establishment of robust data governance
protocols and trust-based relationships across the supply chain to facilitate secure and ethical information
sharing.

Rather than viewing Al as a plug-and-play technology, organisations should approach implementation as
a process of capability-building. This includes fostering organisational mindfulness, such as developing
heightened situational awareness, proactive monitoring, and strengthening flexibility through adaptable
workflows and agile structures. Al tools should be integrated into existing decision-making routines,
ensuring that human judgement remains central to interpreting and acting on Al insights. Additionally,
cultivating a culture of experimentation and continuous learning can help organisations adapt to the
evolving capabilities of Al. Ensuring the ethical use of Al and fostering inter-organisational collaboration
for secure data sharing are also essential to maximise value while mitigating risk. These practices collectively
provide a foundation for responsible and effective Al adoption in the context of complex, perishable, and
often fragmented agri-food systems.

This research also has meaningful implications for policymakers, especially in the context of sustainability
goals such as the EU’s target to halve food waste by 2030. The study shows that achieving supply chain
resilience through Al adoption is not solely a technological challenge but requires parallel development of
organisational competencies. Policymakers can support this transition by investing in digital infrastructure
and promoting standardised platforms that facilitate interoperability and data sharing across agri-food
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networks. Additionally, policy interventions could encourage training programs focused on adaptive man-
agement and digital literacy, especially targeted at small and medium-sized enterprises. Establishing clear
ethical frameworks and guidelines for Al use in food systems will also be critical to build trust and ensure
inclusive participation. By aligning technological innovation with organisational development and regula-
tory support, our framework can serve as a guide for designing policy instruments that promote both
resilience and sustainability in agri-food supply chains.

7. Limitations and conclusions

We acknowledge this study has limitations, which also provide opportunities for future research. First,
survey-based research on the role of Al in AFSC resilience and performance is a multifarious and multifaceted
phenomenon which may not be entirely captured using this approach. Second, we grounded our survey
items in extant literature, surveys are not exact measurements and are vulnerable to informants not sharing
their true thoughts and feelings (Groves et al. 2011). Thirdly, 147 responses may appear modest, it exceeds
the minimum threshold for PLS-SEM (Hair et al. 2014) and includes diverse roles and geographies. We
acknowledge limitations in generalisability but assert that this sample provides robust exploratory insights
into AFSC dynamics. Future research could adopt a mixed-method approach that may provide rich insights
about the tensions and contradictions of Al and its use in the AFSC industry. Also, future research could build
on our findings by exploring additional organisational capabilities that may influence the relationship
between Al-based information processing and supply chain resilience. While this study focused on mind-
fulness and flexibility, other factors such as organisational learning, digital maturity, or absorptive capacity
may also mediate or moderate these effects. Longitudinal studies would be particularly valuable to assess
how these capabilities evolve over time and how sustained Al adoption impacts resilience during repeated
or prolonged disruptions.

Furthermore, comparative research across different types of agri-food organisations, such as smallholders
versus large processors, or across regional supply chains could uncover contextual factors that shape the
effectiveness of Al implementation. Finally, there is a need for qualitative or mixed-method research to
complement our findings and provide deeper insights into how decision-makers interpret and operationa-
lise Al-driven insights in real-world AFSC environments. These avenues offer promising directions to refine
and extend theoretical understanding of digital resilience in complex, perishable supply chains.

This study set out to advance understanding about the role of Al-enabled systems to either directly or
indirectly build resilience in AFSC and improve sustainability and performance. By drawing on organisational
information processing theory, the study advances understanding about Al-enabled information processing
in the context of agri-food supply chains. Our results highlight the important role of Al-based information
processing as a complementary capability of an organisation. This study showed that Al-based information
processing could develop the organisational concepts of OMIN and OFLEX that assist in the development of
SCRes which is needed to operate in disruptive and uncertain environments. In doing so, both the technical
characteristics of Al-enabled information processing and the state of organisational mindfulness and flex-
ibility must be considered by actors in the AFSC network.
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