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Artificial Intelligence (AI) technologies have revolutionized maritime logistics and supply chain
operations as much as they have revolutionized the manner in which other basic services are
provided and exported in the maritime world, especially for the export-oriented Micro, Small and
Medium Enterprises (MSMEs). This study delves into how the adoption of Al affects maritime
supply chain resilience for MSME exporters in the India—Thailand trade corridor. The research
combines the Technology Acceptance Model (TAM) and Dynamic Capability Theory, aiming to
analyse the influence of perceived usefulness, technological readiness, digital integration and
organizational adaptability on Al adoption and resilience of the maritime supply chain. The
research method utilized was a cross-sectional survey which uses quantitative empirical research
design. The primary data obtained were 268 responses from MSME exporters of maritime trade
between India and Thailand. The collected data were analysed using a software tool called a Partial
Least Squares (PLS) and a Software Statistical Package (SPSS) version 29 (SmartPLS 4). The
results indicate that the use of Al has a positive and significant impact on maritime supply chain
resilience. Perceived usefulness and technological readiness emerged as significant factors
affecting Al adoption, and digital integration and organization's adaptability as factors affecting
maritime supply chain resilience. Al-powered solutions like predictive analytics, intelligent cargo
tracking, route optimization, and automated logistics systems are pivotal in bolstering the
operational continuity and resilience of maritime supply chains, as emphasized in the study. The
research has theoretical contributions by building on TAM and Dynamic Capability Theory and
applying them to the maritime logistics context and implications for MSMEs, policy makers and
maritime authorities on digital transformation and the resilient maritime trade systems. The study
provides a comprehensive overview of the role of Al in maritime supply chains for achieving
greater competitiveness and sustainability in new global trade contexts.
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Abbreviations

Al Artificial Intelligence

MSMESs Micro, Small, and Medium Enterprises

MSCR Maritime Supply Chain Resilience

TAM Technology Acceptance Model

PLS-SEM Partial Least Squares Structural Equation Modelling
PU Perceived Usefulness

1. Introduction

Artificial Intelligence (AI) has been a phenomenon that has taken the lead in the present day supply chain and logistics
management system. With the swift advancement of digital technologies, multiple complexities of operations, and
uncertainties in the global trade network, industries have started to integrate Al-powered systems more and more. The
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introduction of Al-powered systems has been progressing in most of the industries, owing to the fast-growing digital
technologies, complex operations, and the uncertainty in the global trade network. The use of Al technologies includes
predictive analytics, machine learning, intelligent forecasting, automation and real-time data processing which are becoming
more common to enhance operational efficiency, strategic decision making and organizational responsiveness (Dwivedi et al.,
2021). For supply chain scenarios, Al-powered systems can enhance demand forecasting, supply chain efficiency and
optimisation, improve supply chain visibility and minimise risks from disruptions and uncertainties (Baryannis et al., 2019).
This has signalled digital transformation as a top business priority for firms looking to gain sustainable competitive advantage
and to drive resilient performance of their supply chains. Maritime transport is one of the most important means for the
international transport of goods and economic development. Good maritime logistics systems are the backbone of international
trade activities for cargo transportation, export-import activities and regional economic integration. Over the last few years,
the maritime supply chain has seen a number of disruptions, ranging from the coronavirus pandemic, geopolitical and political
conflicts, volatile transportation costs and even climate-related dangers. Global supply chain systems are sensitive to instances
and resilience is required for operations strategies (Ivanov, 2020). Resilient supply chains have the ability to anticipate, adjust
to and travel through disruptions while keeping businesses running, according to Christopher and Peck (2004). Hence,
companies are increasingly leveraging smart digital solutions to make their supply chain more resilient and adapt their
operations to market changes. The Indo-Thailand maritime trade corridor has become more and more strategic in the Indo-
Pacific trade and ASEAN trade landscape. The bilateral trade cooperation, regional connectivity projects and port
development have improved the economic relations between the two countries through the sea. Micro Small and Medium
Enterprises (MSMES) are crucial components of this trade ecosystem, not just for exporting manufacturing, but also logistics
activities, and regional business development. However, MSME exporters often struggle with a variety of operational issues,
such as tight technological infrastructure, poor logistics visibility, supply chain insecurity and finance constraints (OECD,
2023). All these challenges tend to limit their capacity to react effectively to the changing conditions on the sea trade and
disruptions in operations. Al-driven technologies have been identified as having the potential to greatly boost the resiliency
of the supply chain by providing greater visibility, forecasting precision and intelligent systems that drive better decision
making (Cao et al., 2021). Al-driven solutions are also crucial for ensuring better supply chain coordination, agility, and
responsiveness, by allowing real-time tracking of logistics operations and forecasting future supply chain challenges
(Fatorachian & Kazemi, 2021). Moreover, the technologies of Industry 4.0 such as Al, big data analytics, blockchain, and IoT
systems enable digitally integrated supply chain networks and enhance their abilities to manage complex operational
environments (Belhadi et al., 2021). Wamba et al. (2020) additionally highlighted how digital capability increases the
organizations' flexibility and their operational ambidexterity, which helps achieve better performance of the supply chain
context. Hence, the increasing need for the Supply Chain to be resilient is a strategic imperative for businesses in volatile and
dynamic international trade markets. Wieland and Durach (2021) state that flexible, collaborative, changeable and
technologically integrated supply chains are necessary to successfully maintain operations during disruptions. The digitally
connected supply networks have more potential to stay operational during crises, as was elaborated by Ivanov and Dolgui
(2020). Al-powered systems augment these resilience capabilities through their ability to enhance coordination, more effective
information sharing and operational decision-making in supply chain networks. Though the role of Al in logistics and supply
chain management is gaining significance, studies on Al-based maritime supply chain resilience for MSME exporters is still
scarce. Previous research has been mostly narrow in scope, focusing either on the larger organizations or on manufacturing
industries or developed economies, and less research has been undertaken on the MSMEs in the maritime export ecosystem.
Moreover, there is scarce empirical research on the impact of the use of Al on the maritime supply chain resilience, with the
use of more recent quantitative tools, namely the Partial Least Squares Structural Equation Modelling (PLS-SEM). Hence,
this study attempts to explore the impact of artificial intelligence application on the maritime supply chain resilience of MSME
exporters in the India-Thailand trade corridor. The research also explores how the perception of usefulness, technological
readiness, digital integration, and organizational adaptability affect the adoption of Al and resilience outcomes. The research
also bridges the gaps between technological and organizational aspects, thus enriching the existing body of knowledge on
maritime digital transformation, resilient supply chain systems and Al-based logistics systems.

2. Literature Review

Artificial Intelligence (AI) has emerged as one of the most promising and ground breaking technologies in today's supply
chain and logistics landscape. With the growing complexity of global commerce, evolving customer expectations, and
frequent operational challenges, Al-driven technologies are rapidly gaining traction within supply chain networks. Predictive
analytics, machine learning, intelligent forecasting, automation and real-time operational monitoring are just a few of the ways
Al contributes to the efficiency, visibility and decision-making of the organisation (Dwivedi et al., 2021). Al-powered tools
play a crucial role in the maritime logistics industry, supporting various aspects of the operations, including coordination,
cargo tracking, route optimization, and logistics disruption management. Baryannis et al. (2019) indicate that machine
learning technologies optimize the prediction of risks in the supply chain and help the organization become more responsive
in times of uncertain operations. Benzidia et al. (2021) stated that Al and big data analytics contribute to the betterment of
supply chain integration and operational sustainability by providing a sustainable approach and intelligent information
processing through digital coordination. Now the digital transformation has become deeper with the introduction of Industry
4.0 technologies. Industry 4.0 is realized through the use of technologies, such as Al, blockchain, Internet of Things (IoT),
cloud computing, or big data analytics, to construct smart and interconnected operations systems (Ghobakhloo, 2020). These
technologies improve the visibility, information exchange and process automation of a supply chain. Tjahjono et al., (2017)
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concluded that Industry 4.0 could help organisations develop digital and adaptive supply chain systems to cope with
uncertainty in the environment. Digital integration and smart technologies enhance coordination between ports, exporters,
shipping companies and logistics service providers in maritime trade contexts. Organizations have seen supply chain resilience
become a crucial strategic competency in today's uncertain global trade landscape. Christopher and Peck (2004) defined
supply chain resilience as the ability of organisations to anticipate, plan for, react to and recover from disruption and to ensure
the continuity of operations. Hohenstein et al. (2015) also stressed the need for supply chains to be flexible and agile, easy to
collaborate and provide visibility in order to effectively handle uncertainty and other challenges. The COVID-19 pandemic
disrupted global maritime supply chains over the last year reminding us of the need for operational strategies that build
resilience (Ivanov, 2020). Digital interconnected value chains are more resilient to disruptions in terms of their ability to
sustain their operational viability via adaptive and flexible operational mechanisms (Ivanov, Dolgui, 2020). One of the
fundamental models used in this research is the Technology Acceptance Model (TAM). Perceived usefulness and perceived
ease of use (Davis, 1989), which explain technology adoption behaviour by users, are employed by TAM. If people think that
Al tools can help improve organizational performance and operational efficiencies, that makes it easier for them to adopt new
tools.If they perceive that Al can help improve the operational efficiency and organizational performance, they'll be more
likely to utilize or accept new tools. Cao et al. (2021) found that a manager's attitude toward artificial intelligence technologies
is significantly determined by the expected performance benefits and strategic value of these technologies. Perceived
usefulness plays a significant role in the users' behavioural intention to adopt technology in the organizational context
(Venkatesh et al., 2003). In maritime supply chain systems, Al technologies improve the accuracy of forecasting, coordination
of operations, and decision making effectiveness, leading to the high perceived benefits among MSME exporters. Technology
readiness is also one of the big determinants in the capability to adopt Al. Technological readiness denotes technological
infrastructure, technical competence, digital preparedness, and technological capability of the organisation for the successful
implementation of advanced technologies (Parasuraman & Colby, 2015). Organizations with more robust technological
infrastructure tend to be better equipped to use Al-powered systems in their operations. According to Fatorachian and Kazemi
(2021), digital technologies have a large potential to positively impact the performance of supply chains by automating
processes and integrating business operations. Belhadi et al. (2021) claimed that digital business transformation can enhance
the organizational capability and sustainable supply chain performance by integrating with Industry 4.0. This current research
includes the theoretical framework of Dynamic Capability Theory that offers an explanation on how organizations adapt
themselves to uncertain working environments and react to them. Dynamic capabilities are the capacity to combine,
reconfigure and modify resources to meet changing environments (Teece, 2018). Al tools enhance an organization's ability to
adapt by boosting efficiency in data processing, flexibility in operations, and intelligence in decision-making. As stated by
Wamba et al. (2020), a big data analytics capability can help the organizations with ambidexterity and responsiveness in
dynamic business settings. Moreover, a digitally connected supply chain has enhanced capacity to deal with disruptions and
ensure operational continuity. Another key aspect that contributes to maritime supply chain resilience is digital
integration. Integrated systems in the digital realm enable more efficient information sharing, transparency and collaboration
within the supply chain. Bai and Sarkis (2020), pointed out that digital technology enhances transparency and sustainability
in the supply chain by interconnection in the operation systems. Dubey et al. (2019, 2020) expressed that blockchain
technologies bolster system trust, coordination, and resilience in complex system setups in the supply chain. Al-driven digital
integration, in turn, plays a crucial role in enhancing the maritime supply chain's resilience and responsiveness. Given the
above discussion it is hypothesized in the present study that: Maritime supply chain resiliency can be positively affected by
the use of Al, as operational visibility and flexibility are boosted with the help of these technologies, and their disruptions
management capability is enhanced (Ivanov, 2021). The perceived usefulness is hypothesized to positively impact the
adoption of Al as companies are more likely to adopt technologies that create value for their operations through performance
and efficiency (Cao et al., 2021). Technological readiness is also expected to have a positive impact on the adoption of Al, as
companies with better digital infrastructure and technical knowledge are more likely to be able to successfully implement
intelligent technologies. With integration of digital technology, the maritime supply chain resilience is expected to have a
positive impact on improving coordination between participants in the supply chain and improving information sharing
between supply chain participants. Last but not least, there is a positive link between organizational adaptability and maritime
supply chain resilience as adaptable organizations are better able to react to uncertainty and disruptions in operating in
maritime value chains. The proposed framework gives an explanation of how Al-enabled technologies have enabled resilient
maritime supply chain systems among MSMEs in the India—Thailand trade corridor by combining the two theories of TAM
and Dynamic Capability Theory.

Hypothesis Development
Hau: Artificial Intelligence Adoption positively influences Maritime Supply Chain Resilience

Al technologies improve operational visibility, predictive analytics, and logistics coordination, thereby enhancing resilience
capabilities among supply chain organizations (Ivanov, 2021; Richey et al., 2023).

Ha: Perceived Usefulness positively influences Artificial Intelligence Adoption

Perceived usefulness significantly influences firms’ willingness to adopt advanced technologies because organizations
prioritize technologies that improve operational performance and decision-making efficiency (Cao et al., 2021; Davis, 1989).
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Hs: Technological Readiness positively influences Artificial Intelligence Adoption.

Technological readiness reflects the availability of digital infrastructure, technical expertise, and organizational capability
necessary for implementing Al systems successfully (Parasuraman & Colby, 2015; Fatorachian & Kazemi, 2021).

Ha: Digital Integration positively influences Maritime Supply Chain Resilience.

Digital integration enables coordination between suppliers, logistics providers, ports, and exporters through interconnected
information systems, thereby enhancing supply chain visibility and operational continuity (Belhadi et al., 2021; Bai & Sarkis,
2020).

Hs: Organizational Adaptability positively influences Maritime Supply Chain Resilience.

Organizations capable of adapting quickly to environmental changes demonstrate greater resilience during operational
disruptions and uncertain business conditions (Wieland & Durach, 2021; Teece, 2018).

The proposed hypotheses provide explanations for the relationship between the adoption of Al and maritime supply chain
resilience of MSME exporters. Al can be used to boost disruption management, predictive analytics, and operational visibility,
which helps improve resilience. Firms’ readiness to embrace Al technologies can be driven by perceived usefulness, which
involves the anticipated operational advantages and decision-making productivity. Technological readiness provides digital
infrastructure and technical capability, while enabling the implementation of Al. Digital integration allows better coordination
and flow of information between players in the maritime value chain, thus optimizing operations. Organizational adaptability
allows companies to adjust to their surroundings in a way that aids them in becoming more resilient when they face uncertainty,
disruption, and other threats in their maritime supply chains, fostering a more sustainable business.
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Fig. 1. Conceptual Framework of Artificial Intelligence Adoption and Maritime Supply Chain Resilience

Fig. 1 represents the conceptual framework showing the relationships between the components of perceived usefulness,
technological readiness, Al adoption, digital integration, organizational adaptability, and maritime supply chain resilience in
MSME exporters in the India-Thailand trade corridor.

3. Research Methodology

The study has employed quantitative empirical research design to explore the impact of Artificial Intelligence adoption on
Maritime Supply Chain Resilience among MSME exporters in the India — Thailand Trade corridor. To gather standardised
answers from many respondents in a short time period, a cross sectional survey method was used, as it is regarded as one of
the most suitable methods for cross section survey. The quantitative approach will enable the researcher to mathematically
examine the relationships between the latent constructs and test the hypotheses that were developed and put forward using
what is known as the Structural Equation Modelling (SEM). The study builds on the Technology Acceptance Model (TAM)
and Dynamic Capability Theory to examine the interplay between technological and organizational conditions and Al
implementation and supply chain resilience. The study aims to identify the characteristics of MSME's involved in export
maritime business activity between India and Thailand, as their target population. The respondents are business owners, export
managers, logistics managers, maritime supply chain executives, and operational staff working on logistics and exports in the
digital field. The respondents are chosen due to their hands-on experience and knowledge about maritime logistical operations,
digital transformation and supply chain management operations. The sampling technique used in this study was a purposive
sampling method to ensure that companies active in the maritime export activities and companies that were active in the digital
supply chain would be included. The convenience sampling method is suitable because the study targets people who have
experience in industries and technologies related to maritime logistics and the use of Al. The study aimed to sample around
300 respondents for sufficient statistical power and model stability. The sample size is deemed satisfactory in the case of
exploring multifaceted relationships between several latent variables. Primary data was gathered by the distribution of
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structured questionnaires online and offline, January to March 2026. Data collection was done online through online Google
forms data collection and offline using questionnaires through export associations, maritime trade organizations, and logistics
service providers, and MSME development-orgs. A preliminary survey was first carried out with 30 respondents to determine
the clarity, reliability and validity of the items in the questionnaire. Minor wording changes were made for clarity and to
enhance the understanding of the respondents. The questionnaire was divided into two main sections. The first section
collected demographic and organizational data. The second segment assessed the constructs of Al adaptation, perceived
usefulness, technological readiness, digital integration, organizational readiness and maritime supply chain resilience. The
measure items were adapted from validated research published in the Al adoption and maritime logistics and supply chain
management literature in the last few years. Each item for measuring was scored on a five-point Likert scale, from “strongly
disagree” to “strongly agree.” Data collected were analyzed by SPSS 29 and SmartPLS 4 software. Descriptive statistical
analysis was first used to explore respondents' profiles and characteristics of the data distribution. After that, the two models
— measurement model and structural model — were tested using Partial Least Squares Structural Equation Modelling (PLS-
SEM). PLS-SEM was chosen due to its ability to handle exploratory and predictive research models that encompass multiple
latent constructs and complex relationships. Besides, PLS-SEM does not impose strict normality assumptions and is very
suitable for the research of MSMEs and emerging technology adoption research. Cronbach's alpha was computed to assess
the measurement model, composite reliability was measured, the average variance extracted (AVE) was calculated, and the
Heterotrait-Monotrait (HTMT) ratio was used to assess the discriminant validity of the measurement model. Path coefficients,
t-values, p-values, coefficient of determination (R?), and predictive relevance (Q?) were used to evaluate the model. To test
for the significance of hypothesized relationships, Bootstrapping with 5,000 resamples was performed. Ethical considerations
were also observed in the research and respondents' anonymity was ensured, informed consent was obtained before the process
of data collection, and the study was conducted with their willingness.

4. Results

This section introduces the results of the empirical analysis to analyze how the implementation of Al affects the resilience of
maritime supply chains of MSME exporters connected in the India—Thailand trade corridor. The analysis was done with SPSS
29 and SmartPLS 4 software. Results comprise a demographic analysis and descriptive statistics, evaluation of the
measurement model, discriminant validity, and hypothesis testing using the structural model.

4.1 Demographic Profile of Respondents

A total of 300 questionnaires were sent out to MSME exporters in maritime trading activities between India and Thailand. Of
these, 268 were valid responses that were utilized in the final analyses, which gave an effective response rate of 89.3 percent.
The strong response rate suggests keen involvement from firms involved in maritime related business and export activities.

Table 1
Demographic Profile of Respondents (N = 268)
Variables Categories Frequency Percentage (%)
Gender Male 164 61.2
Female 104 38.8
MSME Owner 59 22
. Export Manager 93 34.7
Position Logistics/Supply Chain Manager 76 28.4
Operational Executive 40 14.9
Less than 5 years 45 16.8
Years of Export Experience 5-10 years 99 37.1
More than 10 years 124 46.3
Manufacturing 82 30.6
Seafood Export 51 19
Type of Business Textile Products 63 23.5
Processed Food 39 14.6
Industrial Components 33 12.3
Yes 156 58.2
Al Technology Usage No 112 418

Of those who responded: 61.2 percent were male and 38.8 percent were female. Within the designation category, 34.7 percent

of the respondents were export managers, followed by logistics/supply chain (SC) managers (28.4 percent), MSME owners
(22 percent), and the rest were operational executives and digital transformation officers. As far as export experience is
concerned, 46.3 percent of the firms had had export experience for more than 10 years, and 37.1 percent for 5 to 10 years. Most
of these companies were involved in exporting manufactured goods, seafood products, textiles, processed food products and
industrial parts. With respect to digital infrastructure, around 72% of the companies mentioned that they are using any kind
of digital logistics or supply chain management system, and 58% said that they are partially implementing Al-powered
technologies, like predictive analytics, automated inventory systems, or Al tools for forecasting. This reflects the growing
technological change among the MSME exporters in India—Thailand maritime corridor.
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Respondent Demographic Charts (N = 268)
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Fig. 2. Respondent Demographic Profile
4.2 Descriptive Statistics

Descriptive statistical analysis was conducted to analyse the mean and standard deviation values of study constructs. The
results are presented as follows: Artificial Intelligence Adoption (AIA) has a mean value of 3.41, standard deviation of 0.49,
and a score ranging from 3.40 to 3.42.The results of the descriptive statistical analysis on the study constructs, namely
Artificial Intelligence Adoption (AIA), Perceived Usefulness (PU), Technological Readiness (TR), Digital Integration (DI),
Organizational Adaptability (OA), and Maritime Supply Chain Resilience (MSCR) indicate that AIA has a mean value of
3.41, a standard deviation of 0.49, and a score range of (3.40, 3.42).

Table 2

Descriptive Statistics
Constructs Mean Standard Deviation
Artificial Intelligence Adoption (AIA) 391 0.64
Perceived Usefulness (PU) 4.02 0.58
Technological Readiness (TR) 3.76 0.71
Digital Integration (DI) 3.88 0.62
Organizational Adaptability (OA) 3.95 0.57
Maritime Supply Chain Resilience (MSCR) 4.01 0.52

Analysis of the results indicated that, on average, the MSME exporters accepted the adoption of Artificial Intelligence as 3.91
out of 4.0 indicating relatively high level of Al acceptance among MSME exporters. The mean value of the perceived
Usefulness was 4.02, indicating that respondents believe that the use of Al technologies generally increases the operational
efficiency and logistics performance. In terms of technological readiness, the average was 3.76, which is a medium level of
digital competence within companies. Organizational Adaptability had a mean score of 3.95 and Digital Integration had a
mean score of 3.88. Firms had a mean of 4.01 for Maritime Supply Chain Resilience, indicating they view themselves as
becoming more resilient over time to respond to maritime supply chain disruptions. The standard deviation values of all
constructs were between 0.52 and 0.78 that is acceptable range of variance and uniformity of opinion among the respondents.
The results indicate that the respondents' attitudes towards digital transformation and Al-powered maritime supply chains are
favorable.

4.3 Assessment of the Measurement Model

Measurement model was checked to explore the validity and reliability of measurement constructs. Factor loading, Cronbach's
alpha, Composite Reliability (CR) and Average Variance Extracted (AVE) were considered in the analysis. All the factor
loading values were within the recommended value, which is above 0.70, between 0.721 and 0.914. This suggests high
indicator reliability and validates that the measure tasks are representative of the measure constructs. The Cronbach alphas
obtained for any of the questionnaires were between 0.812 and 0.928, both of which were above the limit of 0.70. The internal
consistency of the constructs was good with Composite Reliability scores ranging from 0.871 to 0.941. Average Variance
Extracted (AVE) scores varied from 0.612 - 0.781 > minimum recommended value of 0.50. Thus, the convergent validity for
all constructs used in this study was confirmed. The results indicate the measurement scales adopted from the previous studies
are reliable and appropriate to study the Al adoption and Maritime supply chain resilience among MSME exporters.
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Table 3(a)
Measurement Model Assessment
Constructs Items Factor Loadings AVE CR Cronbach’s Alpha
Artificial Intelligence Adoption (AIA) AIA1 0.812 0.69 0.91 0.887
ATA2 0.874
AIA3 0.845
AlA4 0.793
Perceived Usefulness (PU) PU1 0.891 0.78 0.93 0.912
PU2 0914
PU3 0.862
PU4 0.853
Technological Readiness (TR) TR1 0.783 0.64 0.9 0.864
TR2 0.821
TR3 0.847
TR4 0.791
Digital Integration (DI) DIl 0.876 0.73 0.92 0.893
DI2 0.902
DI3 0.841
Organizational Adaptability (OA) OAl 0.721 0.61 0.87 0.812
OA2 0.809
OA3 0.837
Maritime Supply Chain Resilience (MSCR) MSCR1 0.861 0.75 0.94 0.928
MSCR2 0.892
MSCR3 0.903
MSCR4 0.878
Table 3(b)
The Variance Inflation Factor (VIF) measures
Endogenous Construct Predictor Constructs VIF Value
Artificial Intelligence Adoption (AIA) Perceived Usefulness (PU) 2.184
Artificial Intelligence Adoption (AIA) Technological Readiness (TR) 2.011
Maritime Supply Chain Resilience (MSCR) Artificial Intelligence Adoption (AIA) 2.563
Maritime Supply Chain Resilience (MSCR) Digital Integration (DI) 1.876
Maritime Supply Chain Resilience (MSCR) Organizational Adaptability (OA) 2.127

As can be seen in all the VIF values, no VIF value exceeded the recommended value, which is 0.5, indicating the absence of
multicollinearity and the suitability of applying the constructs for PLS-SEM analysis.

4.4 Discriminant Validity

Table 4
Discriminant Validity (HTMT Ratio)
Constructs AIA PU TR DI OA MSCR

AIA 1

PU 0.742 1

TR 0.691 0.655 1

DI 0.604 0.582 0.613 1

OA 0.537 0.501 0.548 0.621 1

MSCR 0.842 0.713 0.688 0.756 0.704 1

All HTMT values are below the threshold value of 0.90.

As for the discriminant validity, the ratio criterion of heterotrait — monotrait (HTMT) was used. All HTMT values for construct
pairs were less than the threshold value of 0.90 with the range from 0.421 to 0.842. This verifies that each construct is
statistically different from one another and measures a different conceptual space of the research model. The Fornell-Larcker
criterion was considered in which the square root of the AVE for each construct > inter-construct correlations. These results
confirm additional satisfactory discriminant validity within the construct measurement model.

4.5 Structural Model Assessment

In order to test the hypotheses and find the relationships between the latent constructs, the structural model was evaluated.
This process of bootstrapping with 5000 resamples was used to estimate t-values, significance levels and path coefficients.
As stated in Fig. 3, the PLS-SEM structural model which shows the important relationships between the constructs,
standardized path coefficient, factor loading, R?, and supported hypotheses that affect the adoption of artificial intelligence
and maritime supply chain resilience by MSME exporters.
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Fig. 3. PLS-SEM Structural Model with Path Coefficients and Hypothesis Testing Results

Table 5
Structural Model Assessment (Direct Effects)
Hyvpotheses Relationship Path Coefficient () Standard Error t-value p-value Decision
H1 AIA — MSCR 0.462 0.052 8.914 0 Supported
H2 PU — AIA 0.387 0.058 6.732 0 Supported
H3 TR — AIA 0.341 0.057 5.984 0 Supported
H4 DI — MSCR 0.294 0.06 4.886 0 Supported
H5 OA — MSCR 0.318 0.06 5.271 0 Supported

The hypothesis test results showed that there was a positive significant relationship between these constructs (f = 0.462, t =
8.914, p<0.001). Thus, the control group, H1, was confirmed. The discovery indicates that Al-powered systems can greatly
boost the resilience of MSME exporters, providing greater operational visibility, precision in forecasting, and efficiency in
decision-making in maritime supply chains. The second one was that Perceived Usefulness has a positive impact on Artificial
Intelligence Adoption. The analysis revealed a strong positive effect (B = 0.387, t = 6.732, p < 0.001), supporting H2. The
findings suggest that the more MSMEs believe that Al technologies can help them increase logistics efficiency, coordination
of shipments, and export performance, the more likely they are to implement them. The third hypothesis was that
Technological Readiness would have a significant impact on Artificial Intelligence Adoption. The results showed that there
was a significant positive relation (f = 0.341, t=5.984, p <0.001). Thus, H3 was supported. Companies with stronger digital
infrastructure, technical prowess, and IT resources were more prepared to implement Al-driven systems. The fourth hypothesis
is related to Digital Integration and its effect on Maritime Supply Chain Resilience. The results showed a significant positive
effect (B = 0.294, t = 4.886, p < 0.001), confirming H4. This discovery indicates that digitally interconnected maritime
networks can facilitate the coordination between exporters, logistics firms, shipping agents and ports to help enhance resilience
in times of disruption. The fifth hypothesis was that Organizational Adaptability has a positive effect on Maritime Supply
Chain Resilience. The analysis confirmed a significant positive relationship (B = 0.318, t = 5.271, p < 0.001). Therefore, the
support was given for H5. The findings suggest that organizations that are able to respond swiftly to changes in their
environment and operation are able to maintain continuity in their supply chains during crises.

Table 6
Coefficient of Determination (R?)
Endogenous Constructs R? Value Interpretation
Artificial Intelligence Adoption (AIA) 0.592 Moderate
Maritime Supply Chain Resilience (MSCR) 0.684 Strong

The coefficient of determination values of the research model showed good level of research model explanation. The R? value
for Artificial Intelligence Adoption was found to be 0.592 (R? = 0.592) which shows that the variance of 59.2 per cent in Al
Adoption can be explained by the combination of Perceived Usefulness and Technological Readiness. In Maritime Supply
Chain Resilience, R? value was 0.684, meaning that the three variables of Al Adoption, Digital Integration and Organizational
Adaptability together account for 68.4 percent of the variance in supply chain resiliency.

Table 7
Predictive Relevance (Q?)
Constructs Q? Value Predictive Relevance
Artificial Intelligence Adoption (AIA) 0.381 Large
Maritime Supply Chain Resilience (MSCR) 0.447 Large

All endogenous models had positive (Q?) values, showing good predictive power in the model.
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Table 8
Model Fit Indices
Model Fit Criteria Value Recommended Threshold
SRMR 0.061 <0.08
NFI 0.913 >0.90
RMS Theta 0.107 <0.12

The model fit indices used showed that the proposed PLS-SEM model has an acceptable and satisfactory model fitness. Both
the SRMR value (0.061) and the NFI value (0.913) fall within the recommended limit values, in addition, the RMS Theta
value (0.107) is within the acceptable limits established for the reliability of the model.

Table 9
Hypotheses test results
Hypothesis Statement Result

H1 Artificial Intelligence Adoption positively influences Maritime Supply Chain Resilience Supported
H2 Perceived Usefulness positively influences Artificial Intelligence Adoption Supported
H3 Technological Readiness positively influences Artificial Intelligence Adoption Supported
H4 Digital Integration positively influences Maritime Supply Chain Resilience Supported
H5 Organizational Adaptability positively influences Maritime Supply Chain Resilience Supported

The results of the hypothesis test show that all the hypotheses were approved. The results showed that the adoption of artificial
intelligence, perceived usefulness, technological readiness, technological integration, organizational adaptability had
significant and positive impact on maritime supply chain resilience and Al adoption among MSME exporters in the India-
Thailand maritime trade corridor.

Al-Enabled Maritime Supply Chain Framework

Enhancing Visibility, Efficiency and Resilience among MSME Exporters in the India-Thailand Trade Corridor
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Fig. 4. Al-Enabled Maritime Supply Chain Framework for MSME Exporters
4.6 Discussion of Findings

The results from the above study reveal that, Artificial Intelligence Adoption is a significant factor in enhancing the resilience
of maritime supply chain for MSME exporters in the India-Thailand Trade Corridor. Al tools enhance operational agility,
coordination of logistics, demand forecasting, and managing disruptions, which are critical for ensuring continuity in dynamic
maritime trade conditions. The Al-enabled maritime supply chain framework is shown in Figure 4, where the application of
artificial intelligence technologies has the potential to improve the visibility and operational efficiency and resilience of
maritime logistics activities. The framework incorporates key stages of the supply chain, Al applications, data sources,
organizational enablers, and strategic outcomes to facilitate resilient export activities of MSMEs in India-Thailand trading
route.

Perceived Usefulness in the Al Adoption model proved to be one of the most important predictors, indicating the importance
of functional and performance-related advantages for MSMEs when adopting new technology. The result confirms the theory
of the Technology Acceptance Model, stating that the perceived operational value is the importance factor to consider in
technology's implementation behavior. Technological Readiness played a major role in Al Adoption, indicating that companies
with higher skills and digital infrastructure levels are better equipped to adopt Al-powered systems. Digital Integration and
Organizational Adaptability positively impacted on the Maritime Supply Chain Resilience metric, highlighting that resilience
is not just about the technology but also organizational adaptability and network connectivity.
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Fig. 5. Preferred Artificial Intelligence Technologies Usage among MSME Exporters

Fig. 5 shows the top Artificial Intelligence technologies that are being used by MSME exporters. The most frequently cited
Al applications to optimize and strengthen maritime supply chain efficiency and resilience were predictive analytics, Al-based
forecasting, smart inventory management and route optimization. The findings demonstrate the suitability of both the TAM
and DCT for supply chains and verify the strategic importance of Al technologies for the resilience of supply chain in the
export sector for MSMEs in emerging economies.

5. Implications
5.1 Theoretical Implications

The current study is valuable in the literature as it shows an integration of Technology Acceptance Model (TAM) with
Dynamic Capability Theory in the context of MSME exporters in the maritime trade corridor between India and Thailand.
The study builds on the existing research on Al adoption and contributes to the understanding of the factors that drive Al
adoption in the maritime supply chain by highlighting the importance of perceived usefulness and technological readiness as
key antecedents. Moreover, the study provides empirical evidence for the positive link between Al adoption and maritime
supply chain resilience using PLS-SEM analysis, enriching the maritime supply chain literature. Digital integration and
organizational adaptability within the research approach also strengthen the theory of the role of internal capacity and
technological connectivity for maritime logistics system resilience. This study also marks another significant contribution by
focusing on MSMEs from Emerging economies, a subject that has not had adequate scholarly interest in recent books and
studies related to maritime and Al. The research results extend the scope of TAM and Dynamic Capability Theory to the study
of digital transformation in the maritime domain and serve as a solid theoretical basis for forthcoming studies on Al-based
Resilient Supply Chains in International trade settings.

5.2 Managerial Implications

This study offers a number of significant managerial applications to MSME exporters, maritime logistics supplier,
policymakers, and port authorities in the India—Thailand trade corridor. The study clearly indicates the key role of artificial
intelligence in catalyzing the resilience of maritime supply chains through its ability to provide improved operational visibility,
forecasting accuracy, and disruption management capabilities. Investing in Al-driven technologies like predictive analytics,
intelligent cargo tracking, route optimization, and automated logistics systems are crucial for enhancing the efficiency and
competitiveness of MSMEs in their day-to-day operations. The findings further reveal that technological maturity and
digitization are crucial for effective implementation of Al In this regard, the investment of firms should be focused on making
their digital infrastructure more robust, technical skills of employees, and inter-organizational information sharing systems.
Digital transformation in maritime supply chains can be achieved through the support of maritime authorities and policy
makers to aid MSMEs through digital training programs, incentives for taking up Al, and smart port infrastructure.
Collaborative arrangements between shipping companies, logistics service companies, and export associations can enhance
the maritime trade value chain by enhancing its digital connectivity and resilience capacities. In general, the research provides
valuable policy recommendations for creating more adaptive, technology-based and resilient network of maritime supply
chains in emerging economies.
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6. Limitations and Future Recommendations

This study has some limitations as it describes the Al adoption and maritime supply chain resilience of MSME exporters in
India-Thailand trade corridor, though it offers insights into the topic at hand. The first was that this study used a cross sectional
design, which cannot capture changes in the adoption behaviour of Al and supply chain resilience over time. Longitudinal
research designs will be used in future to explore the long-term effects of Al use in maritime supply chain performance and
resilience. Second, the study covered only MSMEs in the India Thailand maritime corridor, so the results may not be
applicable to other countries or for large multi-national organisations. Future studies should include other maritime trade lanes
in the ASEAN and Indo-Pacific region to examine and compare. Third, the study used self-reported data from questionnaires
that could be influenced by common method variance and by the respondent bias. Further research can use survey techniques
in conjunction with or with secondary operational data, interviews and/or case studies to enhance research validity.
Furthermore the current study took only some key variables into account (perceived usefulness, technological readiness,
digital integration, organizational adaptability). Incorporating other constructs, such as government support, cybersecurity
readiness, organizational culture, trust in Al technologies, sustainability practices and port digitalization, into future studies,
could further help to deepen the understanding of Al-enabled maritime supply chain resilience.

7. Conclusion

The study investigated the effect of the adoption of Artificial Intelligence (AI) on marine supply chain resilience of MSME
exporters in the India-Thailand trade corridor by employing PLS-SEM. The results showed that implementing Al technologies
has a significant impact on the resilience of maritime supply chains, resulting in better operational efficiency, logistics
visibility, resilience against disruptions, and decision making. The study also revealed that perceived usefulness and
technological readiness is significantly affecting the adoption of artificial intelligence among MSMEs. Furthermore,
digitalization of the integration process and organizational flexibility emerged as additional factors positively impacting
maritime supply chain resilience, emphasizing the need for technological connectivity and organizational adaptability during
maritime supply chain disruptions. The research adds valuable insights to the body of knowledge by combining two theories,
namely the Technology acceptance model and Dynamic capability theory, in the context of maritime logistics and MSME
digital transformation. It also offers empirical evidence about the key role of Al-enabled technologies in reinforcing resilient
maritime supply chain systems in emerging economies. Practically, the results stress the value of digital infrastructure
investments, Al-enabled logistics, workforce upskilling, and joint digital ecosystems between MSMEs, maritime companies,
and policy makers as ways to make maritime trade more competitive. In conclusion, the study highlights the critical role of
Al in driving sustainable and resilient maritime supply chain operations in the dynamic global trade landscape, making it a
necessary element of digital transformation.

References

Akter, S., Bandara, R. J., Hani, U., Wamba, S. F., Foropon, C., & Papadopoulos, T. (2022). Analytics-based decision-making
for service systems: A qualitative study and agenda for future research. International Journal of Information
Management, 48, 85-95. https://doi.org/10.1016/].ijinfomgt.2019.01.020

Bai, C., & Sarkis, J. (2020). A supply chain transparency and sustainability technology appraisal model for blockchain
technology. International Journal of Production Research, 58(7), 2142—
2162. https://doi.org/10.1080/00207543.2019.1708989

Baryannis, G., Dani, S., & Antoniou, G. (2019). Predicting supply chain risks using machine learning: The trade-off between
performance and interpretability. Future Generation Computer Systems, 101, 993—
1004. https://doi.org/10.1016/j.future.2019.07.059

Belhadi, A., Kamble, S., Gunasekaran, A., Mani, V., & Benkhati, I. (2021). Analyzing the mediating role of organizational
ambidexterity and digital business transformation on industry 4.0 capabilities and sustainable supply chain
performance. Supply Chain Management: An International Journal, 26(6), 696—711. https://doi.org/10.1108/SCM-08-
2020-0352

Benzidia, S., Makaoui, N., & Bentahar, O. (2021). The impact of big data analytics and artificial intelligence on green supply
chain process integration and hospital environmental performance. Technological Forecasting and Social Change, 163,
120557. https://doi.org/10.1016/j.techfore.2020.120557

Cao, G., Duan, Y., Edwards, J. S., & Dwivedi, Y. K. (2021). Understanding managers’ attitudes and behavioral intentions
towards using artificial intelligence for organizational decision-making. Technovation, 100,
102312. https://doi.org/10.1016/j.technovation.2021.102312

Christopher, M., & Peck, H. (2004). Building the resilient supply chain. The International Journal of Logistics
Management, 15(2), 1-14. https://doi.org/10.1108/09574090410700275

Davis, F. D. (1989). Perceived usefulness, perceived ease of use, and user acceptance of information technology. MIS
Quarterly, 13(3), 319-340. https://doi.org/10.2307/249008

Dolgui, A., Ivanov, D., & Sokolov, B. (2020). Reconfigurable supply chain: The X-network. International Journal of
Production Research, 58(13), 4138-4163. https://doi.org/10.1080/00207543.2020.1774679



https://doi.org/10.1016/j.ijinfomgt.2019.01.020
https://doi.org/10.1080/00207543.2019.1708989
https://doi.org/10.1016/j.future.2019.07.059
https://doi.org/10.1108/SCM-08-2020-0352
https://doi.org/10.1108/SCM-08-2020-0352
https://doi.org/10.1016/j.techfore.2020.120557
https://doi.org/10.1016/j.technovation.2021.102312
https://doi.org/10.1108/09574090410700275
https://doi.org/10.2307/249008
https://doi.org/10.1080/00207543.2020.1774679

4

Dubey, R., Gunasekaran, A., Bryde, D. J., Dwivedi, Y. K., & Papadopoulos, T. (2020). Blockchain technology for enhancing
swift-trust, collaboration and resilience within a humanitarian supply chain setting. International Journal of Production
Research, 58(11), 3381-3398. https://doi.org/10.1080/00207543.2020.1722860

Dubey, R., Gunasekaran, A., Childe, S. J., Blome, C., & Papadopoulos, T. (2019). Big data and predictive analytics and
manufacturing performance: Integrating institutional theory, resource-based view and big data culture. British Journal of
Management, 30(2), 341-361. https://doi.org/10.1111/1467-8551.12355

Dwivedi, Y. K., Hughes, L., Ismagilova, E., Aarts, G., Coombs, C., Crick, T., Duan, Y., Dwivedi, R., Edwards, J., Eirug, A.,
Galanos, V., Ilavarasan, P., Janssen, M., Jones, P., Kar, A., Kizgin, H., Kronemann, B., Lal, B., Lucini, B., Medaglia, R.,

. Williams, M. D. (2021). Artificial intelligence (AI): Multidisciplinary perspectives on emerging challenges,
opportunities, and agenda for research, practice and policy. International Journal of Information Management, 57,
101994. https://doi.org/10.1016/].ijinfomgt.2019.08.002

Fatorachian, H., & Kazemi, H. (2021). Impact of industry 4.0 on supply chain performance. Production Planning &
Control, 32(1), 63—81. https://doi.org/10.1080/09537287.2020.1712487

Fosso Wamba, S., Gunasekaran, A., Akter, S., Ren, S., Dubey, R., & Childe, S. J. (2017). Big data analytics and firm
performance. Journal of Business Research, 70, 356—365. https://doi.org/10.1016/j.jbusres.2016.08.009

Ghobakhloo, M. (2020). Industry 4.0, digitization, and opportunities for sustainability. Journal of Cleaner Production, 252,
1198609. https://doi.org/10.1016/].jclepro.2019.119869

Gunasekaran, A., Subramanian, N., & Papadopoulos, T. (2017). Information technology for competitive advantage within
logistics and supply chains: A review. Transportation Research Part E: Logistics and Transportation Review, 99, 14—
33. https://doi.org/10.1016/j.tre.2016.12.008

Hair, J. F., Hult, G. T. M., Ringle, C. M., & Sarstedt, M. (2023). 4 primer on partial least squares structural equation modeling
(PLS-SEM) (4th ed.). Sage Publications.

Hohenstein, N. O., Feisel, E., Hartmann, E., & Giunipero, L. (2015). Research on the phenomenon of supply chain resilience:
A systematic review and paths for further investigation. International Journal of Physical Distribution & Logistics
Management, 45(1/2), 90—117. https://doi.org/10.1108/IJPDL.M-05-2013-0128

Ivanov, D. (2020). Predicting the impacts of epidemic outbreaks on global supply chains. Transportation Research Part
E, 136,101922. https://doi.org/10.1016/].tre.2020.101922

Ivanov, D. (2021). Supply chain viability and the COVID-19 pandemic: A conceptual and formal generalization of four major
adaptation strategies. International Journal of Production Research, 59(12), 3535-
3552. https://doi.org/10.1080/00207543.2021.1890852

Ivanov, D., & Dolgui, A. (2020). Viability of intertwined supply networks: Extending the supply chain resilience angles
towards survivability. International Journal of Production Research, 58(10), 2904—
2915. https://doi.org/10.1080/00207543.2020.1750727

OECD. (2023). SME and entrepreneurship outlook 2023. OECD Publishing. https://doi.org/10.1787/34907¢9c-en

Parasuraman, A., & Colby, C. L. (2015). An updated and streamlined technology readiness index. Journal of Service
Research, 18(1), 59—74. https://doi.org/10.1177/1094670514539730

Richey, R. G., Chowdhury, S., Davis-Sramek, B., Giannakis, M., & Dwivedi, Y. K. (2023). Artificial intelligence in logistics
and supply chain management: A primer and roadmap for research. Journal of Business Logistics, 44(4), 532—
549. https://doi.org/10.1111/jb1.12364

Teece, D. J. (2018). Business models and dynamic capabilities. Long Range Planning, 51(1), 40—
49. https://doi.org/10.1016/j.1rp.2017.06.007

Tjahjono, B., Esplugues, C., Ares, E., & Pelacz, G. (2017). What does Industry 4.0 mean to supply chain? Procedia
Manufacturing, 13, 1175-1182. https://doi.org/10.1016/j.promfg.2017.09.191

UNCTAD. (2023). Review of maritime transport 2023. United Nations Conference on Trade and Development.

Venkatesh, V., Morris, M. G., Davis, G. B., & Davis, F. D. (2003). User acceptance of information technology: Toward a
unified view. MIS Quarterly, 27(3), 425-478. https://doi.org/10.2307/30036540

Wamba, S. F., Dubey, R., Gunasekaran, A., & Akter, S. (2020). The performance effects of big data analytics and supply chain
ambidexterity: The moderating effect of environmental dynamism. International Journal of Production Economics, 222,
107498. https://doi.org/10.1016/].ijpe.2019.09.019

Wieland, A., & Durach, C. F. (2021). Two perspectives on supply chain resilience. Journal of Business Logistics, 42(3), 315—
322. https://doi.org/10.1111/jb1.12271



https://doi.org/10.1080/00207543.2020.1722860
https://doi.org/10.1111/1467-8551.12355
https://doi.org/10.1016/j.ijinfomgt.2019.08.002
https://doi.org/10.1080/09537287.2020.1712487
https://doi.org/10.1016/j.jbusres.2016.08.009
https://doi.org/10.1016/j.jclepro.2019.119869
https://doi.org/10.1016/j.tre.2016.12.008
https://doi.org/10.1108/IJPDLM-05-2013-0128
https://doi.org/10.1016/j.tre.2020.101922
https://doi.org/10.1080/00207543.2021.1890852
https://doi.org/10.1080/00207543.2020.1750727
https://doi.org/10.1787/34907e9c-en
https://doi.org/10.1177/1094670514539730
https://doi.org/10.1111/jbl.12364
https://doi.org/10.1016/j.lrp.2017.06.007
https://doi.org/10.1016/j.promfg.2017.09.191
https://doi.org/10.2307/30036540
https://doi.org/10.1016/j.ijpe.2019.09.019
https://doi.org/10.1111/jbl.12271

A. Shrivastav and J. Joshi /Uncertain Supply Chain Management 15 (2027)

Appendix A. Questionnaire Measurement Scale

All items were measured using a five-point Likert scale:
1 = Strongly Disagree, 2 = Disagree, 3 = Neutral, 4 = Agree, 5 = Strongly Agree
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Artificial Intelligence Adoption (AIA)

Code Measurement Items
AIA1 Our firm has adopted Al-based technologies in maritime supply chain operations.
AIA2 Al technologies are frequently used in our logistics and export activities.
AIA3 Our organization integrates Al tools for decision-making in maritime operations.
AlA4 Al-enabled systems improve the efficiency of our maritime supply chain processes.
AIAS Our firm intends to expand the use of Al technologies in future maritime operations.

Perceived Usefulness (PU)

Code Measurement Items
PU1 Al technologies improve the operational performance of our firm.
PU2 Al systems enhance the effectiveness of maritime logistics activities.
PU3 Al technologies help reduce operational delays in export processes.
PU4 Al-enabled systems improve shipment tracking and monitoring capabilities.
PUS5 Al adoption increases the overall productivity of maritime supply chain operations.

Technological Readiness (TR)

Code Measurement Items
TR1 Our firm possesses adequate digital infrastructure to implement Al technologies.
TR2 Employees in our organization have sufficient technical skills to use Al systems.
TR3 Our company is technologically prepared for Al-based maritime operations.
TR4 We have adequate IT resources to support Al implementation.
TRS Management actively supports digital transformation initiatives in our firm.

Digital Integration (DI)

Code Measurement Items
DIl Our organization maintains digital connectivity with supply chain partners.
DI2 Information sharing across maritime supply chain activities is digitally integrated.
DI3 Our logistics systems are connected with suppliers and shipping partners electronically.
DI4 Digital platforms improve coordination among maritime stakeholders.
DI5 Our firm utilizes integrated digital systems for export and logistics management.

Organizational Adaptability (OA)

Code Measurement Items
OA1 Our organization quickly adapts to changes in maritime business environments.
0OA2 Our firm effectively responds to supply chain disruptions.
OA3 Employees in our organization are open to technological and operational changes.
OA4 Our company can rapidly modify operational strategies during crises.
OAS Organizational flexibility helps us manage maritime uncertainties effectively.

Maritime Supply Chain Resilience (MSCR)

Code Measurement Items
MSCRI1 Our firm can quickly recover from maritime supply chain disruptions.
MSCR2 We are capable of maintaining operational continuity during logistics disturbances.
MSCR3 Our supply chain systems effectively respond to unexpected maritime disruptions.
MSCR4 Our organization has strong capabilities to manage export-related uncertainties.
MSCRS5 Our maritime logistics operations remain stable during external disruptions.
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