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The development and implementation of digital solutions are new in contemporary businesses in logistics. As a next step, the potential of advanced solutions that make use of an AI or ML algorithm and which leverage on data is highly promoted. Yet, the implementation on a large scale of these types of solutions is happening at a slow pace. Recent studies show that a considerable amount of data in the maritime supply chain (MarSC) is still transferred through traditional communication channels (e.g., via e-mails or attached xls, pdf, csv, xml, etc. documents). Human intervention is thus needed to fetch this information and type it over in internal ERP systems. This type of practice opens the scene for extra labor, misinterpretation, or faults. This research puts forward the port users’ perspective on the implementation of AI and ML-based applications for the automatic handling of data. To achieve this goal, a structured survey is launched. The survey results show that, while AI and ML technologies have a high potential to take over repetitive and fault-sensitive tasks, human operators are still needed to maintain customer relations or carry out other planning-related tasks. This initial inquiry shows that, although there are operational costs that are avoided by AI-based technologies, the logistics sector shows low willingness to pay or join development tracks for this type of solutions.
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INTRODUCTION
New technologies and innovation are developed that can address the current challenges of the shipping industry and port operations. One container handled in international trade generates more than 60 documents (Ham and Kuipers, 2004), the majority of them are today still handled manually, being on paper, via mail or via platform xml exchanges. The manual handling leads to time loss and is risky, as it easily leads to errors, especially in an environment under constant pressure like port terminals, and it facilitates fraud. All of those features are to be avoided.
In this context, artificial intelligence (AI) is seen as a new technology that can overcome some of the existing challenges. More concretely, AI closes the list of six technologies that complement each other in the Industry 4.0 next to additive manufacturing, advanced robotics, drones, internet of things and blockchain. More specifically, AI makes use of IT systems and algorithms to imitate human intelligence to extract insights from data in order to perform descriptive, predictive or prescriptive analysis. This is further explained in this paper.
The potential that AI has in data collection and making this data available for other optimization algorithms is thus high. The present paper fills in the gap in the literature and provides new insight on the following topics. It shows which supply chain stakeholders types struggle with the issues caused by data entry, which potential solutions might exist to address the data entry issue and what is the availability to contribute to a solution that leverages today’s central communication tool about orders: the e-mails.
AI technology can be used in the first place for connecting to different sources of unstructured data, interpret it and feed this data further to prediction and optimization algorithms. This paper provides an overview of contemporary developments regarding AI and its potential to be further developed in port operations. Up to present date, there is no overview that also covers the use of AI applications from the information or financial flows. Adjacent to these outcomes, this paper takes pioneering steps to show the fundamentals to building new business models acceptable by logistics stakeholders to make use of AI services for data collection. Given the number of manual document transactions identified still in current-day logistics operations, it is clear that doing so should contribute to bringing significant financial savings for logistics, both through higher efficiency, fewer errors and reduced fraud potential.
The following section details the step-wise method used to achieve the goals of this research. As a follow-up, this paper shows in the next section the results of the survey regarding the type of logistics stakeholders that struggle with a data entry issue. The results of a desk research are then shown regarding the current status of techniques, including AI, used to address the data entry problem in port operations and the contemporary opportunities opened by artificial intelligence. Next, the paper shows results on the willingness of stakeholders to be involved in AI projects, namely orientated on data entry. Lastly, general conclusions, implications of research and future opportunities are discussed.
STATE OF THE ART RESEARCH IN ARTIFICIAL INTELLIGENCE
This section subsequently gives an overview of the scientific literature on AI in general and applied to logistics, which is the basis for defining the own research approach.
Contemporary Practices in Artificial Intelligence Learning
State of the art literature discusses AI concepts and makes a differentiation between AI dimensions is made either according to learning similarities with the human brain or according to the technology used to train. Table 1 provides a synopsis regarding the work that addresses each type of AI learning fundament.
TABLE 1 | State of the art AI classification dimensions. Source: own compilation of literature review findings.
[image: Table 1]According to learning similarities to the human brain, literature makes a distinction between passive/reactive machines, limited-memory machines, theory of mind and self-aware AI. From the point of view of the technology used to train, academia makes a classification between rule-based expert systems, fuzzy expert systems artificial neural networks and evolutionary computation. The rule-based expert systems lay the focus on a solution within one specific domain, just as experts possess a lot of knowledge in their defined domain. The thought processes can then be represented using rules. These ideally follow extensive trained if-then forms. So, in a rule-based expert system, knowledge is represented using a set of rules. The fuzzy expert systems come from the idea that everything can occur in degrees, for example, velocity or mass. Thus, it is challenging to define separate classes. Yet, fuzzy logic is more likely to reflect the degree of membership in a particular class or the degree of truth rather than a unified classification. Artificial neural networks (ANN) are models built from the neurological structure of the brain. These models attribute weights to the connections between the neurons of the different layers. If there is an error in the output, the weights on the connections between the neurons are adjusted to counteract this error. ANN can be divided into supervised and unsupervised learning methods. The supervised methods include support vector machines, probabilistic neural networks, radial basis networks, k-nearest neighbors, while unsupervised neural networks include greedy layer-wise and cluster analysis (Abduljabbar et al., 2019). The last category is the evolutionary computation that are algorithms that are based on evolution according to Darwin, namely on survival of the fittest. The process of natural selection is mimicked by an evolutionary algorithm to be established. These technological advances represent the foundation of an application that helps and supports humans in daily solving operational and strategic challenges that involve the acquisition and interpretation of vast amounts of data. The following paragraph gives an overview of several studies that investigate the practical use of AI.
Review work taken up by academia shows the use of AI in different sectors as follows. Li et al. (2017) provide a review of applications that make use of AI in the manufacturing industry and show that intelligent products, intelligent connected products, and intelligent software are being massively produced. Their research concludes that AI application effects should be further studied with evaluation on the changes to competitiveness and the changes to social and economic benefits. Equally, the research of Dilek et al. (2015) shows that numerous bio-inspired computing methods of AI have been increasingly playing an important role in cybercrime detection and prevention, present the advances made so far in the field of applying AI techniques for combating cybercrimes. In parallel, a significant amount of studies has been carried out to check the potential of AI in the medical sector. With this regard, the review work of Stafford et al. (2020) regarding applications of artificial intelligence and machine learning in autoimmune diseases shows that the field may benefit from adopting a best practice of validation, cross-validation and independent testing of machine learning (ML) models. Many models achieved good predictive results in simple scenarios (e.g. classification of cases and controls). Progression to more complex predictive models may be achievable in the future through the integration of multiple data types. Relevant applications in logistics are reviewed by Abduljabbar et al. (2019) who conclude that the literature abounds with AI and ML high-level case studies. One of the few sources that has done research on the applicability of AI in logistics, is by Foster and Rhoden (2020). They find that stakeholders in the logistics and supply chain sector are creating awareness and slowly implementing AI and automation within their operations. These case studies are focused on determining the optimal network for the community, finding optimal schedule plans for public transport authorities, enhancing timing plans for traffic signals, and optimizing routes for individual drivers, by learning from previous decisions or events, and accounting for their impact.
AI technologies that used applications in logistics mostly consist of three main components, namely data collection, processing and learning (Woschank et al., 2020). Data collection is usually done by leveraging on sensors or connecting to structured data and make use of these components to gather data from real-world operations (Roh et al., 2021). The processing part is done with algorithms using software, it includes data cleaning components integrated into iterative loops and validation with (internal or external) databases (Birkel et al., 2020). Next, there are components that are responsible for learning. These components make the core of the AI solutions and rely on either validation from a human operator or carrying out the proposed solution to an optimization process. The learning component involves recognizing patterns and making correlations in structured or unstructured data. The studies carried out so far give general insights with regard to the potential brought by AI applications in port and logistics sectors, and there is little evidence regarding how specific applications can exactly function to bring potential new economic value to operations. In essence, contemporary models look at planning and transport flow optimization. Yet, the use of AI is broader than that and the transport industry. MarSC’s and ports can benefit from AI on other operational matters as well. There are various applications of this in logistics, for example, there are the optimal determination of routes for vehicles, predictive maintenance of assets in logistics or simply using algorithms to take over data interpretation and entry tasks. The following section presents the design of the research to investigate further insights regarding AI applications in the logistics and port sector that offer support for data entry tasks.
Research Design: Identifying State of the Art Artificial Intelligence Applications and Industry Practices for Data Entry
This research is triggered by the abundance of applications that claim the use of AI to solve problems in different sectors in general and the logistics and port sectors in particular. Equally, on the demand side, a second trigger to this research is the logistics stakeholders who request solutions for solving practical operational inefficiencies (and their derived effects), such as data entry. The method applied in this paper is an extensive desk research that includes both a literature review and the launch of a survey. While the literature review captures insights regarding the types of techniques applied to solve data interpretation and processing issues, the survey collects the state of preference for logistics stakeholders and port users regarding characteristics of AI solutions that can address the data interpretation and entry issues. Being carried out as the first step, the literature review provides the basis for building up the survey. During the review, literature of the period between 2004 and 2020 was consulted by selecting in Scopus, ScienceDirect and Web of Science databases for relevant publications featuring the following keywords: “logistics”, “supply chain” and “ports” in combination with “data interpretation challenges”, “data entry challenges” and “data processing challenges”. As follow-up, the survey was launched in the period of June–July 2020 and targeted logistics managers involved in various aspects of logistics operational activities of companies located in the vicinity of the port of Antwerp. The survey was made available online only, which was the only workable solution given the COVID-19 pandemic, but which was the preferred way of collecting data anyway in an effort to reduce the number of errors or misunderstandings. Given the large industry network of contacts that the research group has available, it was easy to find enough contact data. The survey was sent out to representatives of 450 companies.
The survey is structured in four main parts as follows: firstly, general questions inquire about the knowledge regarding AI solutions; secondly, a set of question retrieve statements regarding the current way of working regarding the data transfer, the third group of questions inquires about the economics of a potential AI-based solution and a final part concludes the survey by asking final details about the company represented. The survey model is added in the Annex.
A total of 46 attempts to fill in the survey were registered. From these attempts, 32 are complete and are kept for drawing the conclusions of this research. This selection was necessary, and it was done to keep only fill-in attempts that show consistency in answering all addressed questions. Hence, the survey benefits from answers from CEOs (6), CIOs (6), CFO (2), Division (BU) managers (7), Business analysts (4) and Project (innovation) managers (7). This sample is representative of the wider Antwerp port community, as it contains the main players that have sufficient size to be pioneering in innovation in general and AI in particular. The type of logistics stakeholders represented by these representatives is shown in Figure 1.
[image: Figure 1]FIGURE 1 | Share of logistics and port stakeholders participating in the survey.
As shown in the figure below, the survey benefits from answers from stakeholders that cover the supply chain, including answers from one IT/software provider. The information gathered through the survey enables an analysis regarding the fundamental aspects that need to be considered when one implements AI to facilitate data entry in logistics and for port users.
TYPES OF TECHNIQUES USED IN DATA ENTRY
Existing solutions used for data processing and entry are either very generic (recognizing general information from documents, separate from the logistics problem domain), need manual configuration by document type (templating), or require long training (RPA). Moreover, the complexity of the data cannot be underestimated. Human operators do not only carry out actions to interpret personal data and e-mail addresses, or labeling and classifying documents, but conduct thorough extraction of the data. In addition, the function of the data (semantics) within the document is also decisive (an address can be sender, recipient, transporter, manufacturer, customs office, or even in extremis the software supplier who generated the document). Detailed information about time slots, dangerous goods (ADR), weights and dimensions are also very relevant to the logistics sector. New technologies and AI solutions are thought to take over these tasks.
Existing solutions are designed to solve similar issues in other sectors (outside logistics), or are more limited in their applicability, which makes their added value for the logistics market rather limited. The specificity of the data relevant to the logistics sector, as well as the importance of the right details and the lack of affinity with the problem domain, makes it difficult to use these existing solutions by the logistics stakeholders. The survey results show that within the logistics sector, contemporary solutions for data transfer without manual intervention are mainly based on the following technologies: Electronic Document Interchange (EDI), templating, robotic process automation (RPA) and trained AI. Each of these technologies is detailed in the below paragraphs:
EDI: Data integration service providers offer for their relatively big customers a software link that is made between the logistics service providers’ system and their customer’s systems. This link allows data to flow automatically between different systems. However, this requires a customized implementation for each different pair of systems. Up to present date there are no standard file formats for exchanging data within logistics processes, and such integration happens ad-hoc. Standardization is also difficult to realize because there are many different software systems in use.
Templating: Templating solutions involve the development of a model for each type of document layout that remembers at which position every type of information is to be found. The data extraction for new documents can then be done by first deriving the document type, then, according to the template, cutting out the right information at the right position and applying OCR techniques for text extraction. If the number of different types of electronic documents or e-mails is relatively high and does not change rapidly over time, this solution is feasible. Given the large number of contacts needed to help clients within the logistics and port industry, and the fact that these contacts also change frequently, it is unlikely that there is a stable document layout set on which templating makes sense. Therefore, there is the need for a solution that recognizes relevant information without prior knowledge regardless of the formatting of the input data.
RPA: This technique learns (by observing the actions of a human users) how to extract data from certain documents or systems. This type of solution deploys passive learning methods that train sets of rule-based algorithms of different complexity. However, this type of work requires extensive training, which often makes such a solution not cost-effective.
AI: solutions based on natural language programming (NLP) techniques interpret information in documents or communications as human operators do (i.e., not only recognizing an address, but also labeling the function of the address within the document) deploying self-aware AI, and this requires only limited training. This technique uses already developed back-end parts in different sectors and develops almost ready plug-and-play solutions. To start using AI in data entry, virtually no configuration or learning is required.
Table 2 provides the results of a comparative analysis regarding the performance of each type of technique discussed. The dimensions used in this comparison are the flexibility of the solution and the implementation speed.
TABLE 2 | Comparative analysis of the performance of each technology. Source: own compilation of literature review findings.
[image: Table 2]As shown in Table 2, current technologies such as templating and RPA have slow implementation speed. These solutions take fields of information from the source documents and insert them into the target application. Yet, a relatively high amount of human labor is required when defining templates or training. The AI techniques, in addition to extracting relevant fields, also automatically carry out a syntactic and functional classification of the found elements (e.g., address with sender function), making these solutions highly flexible. Lastly, solutions based on AI carry out only an operational cost. As a result, the upfront investment is minimal (of course, for major customers, these applications can also use a CAPEX model when sufficient volume is predicted). The next section builds further on these results and presents the stated preferences of port users regarding the characteristics of AI solutions that can take over data entry tasks.
THE COST OF DATA ENTRY AND WILLINGNESS TO PAY
Logistics stakeholders and port users represent an atypical category of organizations that are mostly seen as laggards in implementing new technologies. The next sub-sections present valuable insights regarding the type of issues that arise in data entry, the type of costs generated to these organizations and the willingness to join in these developments.
Contemporary Practices in Data Entry
Initial inquiries with logistic service providers point out that much communication regarding operational aspects of transport and transport orders happens through one-to-one communication. This communication is done via e-mail, messages or by phone for example: placing out orders, asking the status of orders, quotations, sending updates (or extra information) on existing orders (transport files), updating orders with extra documents etc. This section provides an answer to the question regarding how severe this practice is in logistics and which type of stakeholders are confronted with it.
The transport and logistics market is very much segregated, with an abundant presence of small and medium players). In Europe, 780,000 logistics service providers are active (Transport Intelligence, 2021), of which around 10% are large enough and have a specific business operation where human communication is of high importance. At the current date, this type of communication practice cannot be replaced by automatic data processing. In Flanders (BE) alone there are over 10,035 road transport operators and only 7% have a fleet that counts more than 20 vehicles (FEBETRA, 2021). Moreover, companies offering customs-related services constitute a special market segment where segregated data needs to be bundled. Since the Brexit, the formalities to be fulfilled have increased significantly, and automatic processing of already available documents could significantly reduce the workload. The figure below presents results regarding the practice used to communicate data, namely the share of automatic transfer of data, use of standards formats or putting forward unstructured data.
As seen in Figure 2 there is a quasi-equal distribution between the type of approach used to communicate data. There is no overall practice of using one method independently. The following conclusions can be drawn. Sending unstructured data or having integrated data transfer connections is mostly applicable for less than 30% of the communication volumes. The use of standard formats or templates to transfer data is present for around 50% of information transfer needs. These results show that, for some of the stakeholders, sending unstructured data accounts for more than 60% of their data transfer flows. These results open up the question regarding the amount of labor set in manual processing of data. This question is answered by the results presented in Figure 3.
[image: Figure 2]FIGURE 2 | Answers regarding the percentage of orders that logistics companies receive: automatically, into a standard format (doc, pdf, XML etc.) or in unstructured e-mails.
[image: Figure 3]FIGURE 3 | Answers regarding the number of employees that have data-entry tasks in the organization.
The results regarding the number of employees that are involved in data communication and entry tasks are presented in Figure 3. As seen in this figure, most of the respondents indicate that 5 to 10 employees have tasks linked to manual data processing or entry activities. It is obvious that there are also organizations that have more than ten employees that take care of the same tasks.
Figure 4 puts forward results from the stated preference survey regarding the time spent on average for manual data entry tasks per employee. It is clear that most employees have data entry as a side task. This practice frequently happens amongst planners, dispatchers or financial administrations where data is received from multiple entities, for example: for dispatchers/planners from different clients, or for financial administrative employees that receive data from employees within the organization regarding their activity. It is worth mentioning that data entry activities currently do not refer only to reading data from different IT systems or communications, but it also consists of data entry from verbal communication, such as from calling. Hence, having a system that leverages on AI to (partially) carry out data entry tasks, the human operators will have more time to main customer relations or to carry out planning tasks for the remaining time increasing the quality of their services.
[image: Figure 4]FIGURE 4 | Answers regarding the daily duration that an operator spends on data entry reported to 8 h shift-length.
The main conclusions that can be taken from these observations are as follows. Data entry in logistics is present for these types of stakeholders who work with multiple parties from whom transport orders are received and for which there is no leverage to impose certain communication standards. These types of communication practices are mostly present at road transport operators, freight forwarders or customs agents who are in direct contact with their clients, sub-contractors or warehouses. The latter are less susceptible to change their current working practices. Moreover, the data entry tasks are mostly present at stakeholders that provide services on yearly-based contracts from tenders they apply to. In this type of service contracting, a high level of flexibility is needed, also considering that there is not certitude for a longer period of collaboration. Hence, the motivation to investments is low. Logistics stakeholders also use manual data processing and entry when they are dependent on data from systems that lack a technical solution to upgrade and make possible automatic data extraction, hence they face a lock-in effect. Moreover, human labor is still seen as the most flexible solution on the market and tested in a production environment. However, manual data entry processing generates high operational costs. The next section details the types of costs generated by manual data entry in logistics chains and port operations.
Costs Generated by Data Entry in Logistics Chains
AI technology enables human activities to be carried out by software with increased efficiency and at a low cost. More specifically, human operators have the opportunity of performing better by cutting errors, making operations faster, and finally, in the long term, enabling emissions cutting. As of now, uncertainty in complex problems leads to limitations at the decision-making stage. This section provides an overview of types of costs that are generated by manual entry of data in logistics. The cost of entering data is not only time-consuming, but also opens the scene for faultier operations. The cost of the latter occurs with lower frequency, yet they are greater in absolute value when it occurs. Any type of fault generates a chain reaction; therefore, port users give preference to anticipate certain errors and pay the cost for error prevention knowing that this cost is lower than the cost of remedying the error. Table 3 presents a list of costs that are typically generated by data entry at port users.
TABLE 3 | Overview of cost types generated by manual data entry. Source: own compilation of literature review findings.
[image: Table 3]There are two main categories of costs. The first category refers to the direct cost generated by data entry, while the second refers to the indirect cost. The former refers to costs that are directly proportional to the cost of labor involved in reading, interpreting and/or processing data. The latter refers to costs generated by the extra movement of assets (containers, trucks, vessels, etc.) when data (regarding addresses, reference numbers, container codes, etc.) is typed in wrongly in information systems. The following section elaborates on the involvement of port users in AI solutions implementation.
Involvement in Artificial Intelligence Projects for Data Entry and Willingness to Pay
Port users struggle with identifying solutions to suppress costs generated by manual data entry. The inquiries done through the survey of this research show a common understanding and agreement on the following types of approaches. Port stakeholders can implement B2B integrated solutions and so anticipate potential lock-in effects. A more immediate solution is the recognition of incoming data and makes the first categorization for bulk processing. This type of solution works where a relative structure in data can be recognized and applied. This type of solution can be combined with advanced OCR applications for facile semi-automatic categorization. The use of data bots can follow this type of solution to recognize more complex bundles of data. Stakeholders believe in a community-supported solution in which everybody’s data can be used for training purposes or where the financial contribution can be split among a critical mass for an optimal cost-effective solution.
The willingness to participate in the development of new technologies or solutions that can be used by broad communities is mixed. The following figure shows this willingness by demonstrating the stated preference regarding the willingness to allocate resources and making a distinction between the number of participants who would allocate human resources, data or budget for AI solutions.
The following conclusions can be taken from the survey results. Most companies would not be open to being involved in the development of AI-based solutions. Among those who can be involved in AI development tracks, Figure 5 shows that most companies can free up data that would enable the training of an algorithm for data entry (26%). Few companies would allocate human resources to help with defining the specifications of a system (23%). Lastly, only a small fraction of 17% would be open to allocating budget to the early development of such a solution.
[image: Figure 5]FIGURE 5 | Stated preference regarding the type of resource allocation for AI solutions.
Despite the openness to collaborate for an AI-based solution that can support the data entry in logistics, the logistics stakeholders face several hard barriers to join common development projects. The first barrier that is mentioned is with regard to the opportunity to keep eventual competitive advantages and not join with competitors in developing common solutions. Moreover, a data entry solution should not be addressing the initial data-entry process only, but it should be kept flexible and have it integrated with other systems in use that rely on the same data, for example invoicing. The participation in this type of development makes a decision topic that needs to be deliberated by the higher management or shareholders of port users, anticipating that an AI solution would be possible to be adopted at the group level. Last, hard conditions are set with regard to the cost of this type of solution that should be lower than an FTE and that data is released with a non-disclosure agreement (NDA) or a guarantee for data protection. Data required for data entry training contains sensitive commercial information such as prices, clients’ addresses, or volumes. The following results show insight regarding the stated preference regarding the willingness to pay for a recurrent monthly fee for data entry.
As seen in Figure 6, the majority of respondents show a very low stated willingness to pay for an AI-based solution to take over the data interpretation and entry tasks (60%). One-fifth of the respondents show a monthly willingness to pay between 250–500 EUR. Lastly, an equal distribution of 7% of respondents shows a low stated willingness to pay situated between 500–1,000, 1,000–2,500 or more than 5000 EUR respectively. The next section closes this research and leverages the results presented above to present general conclusions.
[image: Figure 6]FIGURE 6 | Stated preference regarding the monthly willingness to pay for AI service to support data entry tasks.
CONCLUSION
Artificial intelligence (AI) is a much-discussed topic in recent years and it is making its appearance in many sectors, including the logistics and port sectors. Yet, limited research has investigated the needs of logistics stakeholders, the characteristics that these types of solutions should carry and the economics of introducing them in operations. In this regard, logistics operators face difficulties in integrating and processing data regarding orders that come in different electronic formats and structures from customers. The ICT infrastructure of contemporary logistics stakeholders has a high heterogeneity and the same data needs to be manually processed and input in multiple systems. This issue complicates the process of digitalization and stops the development and use of more advanced IT functionalities. The lack of coordination or standardization needs to stop and this issue can be solved now by AI.
Hence, this research sets pioneering steps regarding the types of AI technologies suitable to replace human labor for data entry tasks and shows results regarding the fundamentals of business models that can be further applied. The data collected and analyzed in this research shows the following key results in that respect. There is a relatively high willingness to free up data and so let AI algorithms be trained. Yet, logistics stakeholders are reserved and do not open up financial resources to invest in these solutions despite the fact that there is a high potential for cost-saving (from labor set in repetitive tasks and fault correction actions). Early estimations show even that the cost of human resources used for data entry is higher than the operational cost of AI-based solutions. The benefits are not immediately seen: there is a relatively high difference between the current cost for data entry and willingness to pay. Lastly, concrete implementation project developments should check, analyzing case-by-case, the cost-effectiveness of AI-based data-entry solutions. Furthermore, it appears that new solutions should be sufficiently flexible so that they can be integrated with existing IT systems and data platforms in use within the companies.
This research is relevant for the logistics stakeholders as well as for technology providers. The presented results and interpretation represent a basic foundation on which decisions with regard to the implementation of AI and ML-based solutions can be further made and supported. Moreover, academia and researchers are provided with an overview of the type of technologies that can be applied and a foundation of economics aspects that should be considered when further investigating the financial implications of state-of-the-art AI technologies.
This initial research into aspects of implementing AI technologies also opens the path to several opportunities for further investigation. Firstly, it would be valuable to examine more fully business models that can be applied for AI-based solutions in logistics and ports, including types of costs saved through the development of scenarios and comparing pricing strategies (e.g., considering the implementation of a subscription fee or a pay-per-use strategy). The business model may be crucial, as supply chain partners need to agree on the automated data transfer. This is needed both horizontally and vertically in the chain. Trust is crucial for data not to be shared further with non-desired and/or non-authorized parties, such as competitors or parties with whom it is to be negotiated. Such unwanted transfer of data may happen on purpose or by accident, through hacking for instance. From a user perspective, it might be of high interest to benefit from research results that investigate the return on investment for this type of solution and/or estimate the value of opportunities enabled by data standardization.
As a limitation, it is worth mentioning that this research did not explore the quantification of data-entry costs. In theory, this type of cost can be calculated as a function of time spent by employees in different repetitive manual data processing tasks or accounting for costs generated by human errors. Equally, the benefits enabled by AI-based application might be quantified as well, yet, identifying specific case studies did not make the object of this research and, since the opportunities enabled by AI remain uncertain in many cases (and may drag on for several years in some cases) their inclusion in cost-effectiveness analyses remains uncertain. Finally, this research focused very much on manual data entry. Hence, in parallel with this type of case study, other research can be developed to investigate the characteristics of AI-based solutions introduced to solve issues on routing, resource allocation or (financial) reporting.
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