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Abstract
This research assesses the adoption of artificial intelligence (AI)-based batch or-
der picking in a warehouse, focusing on benefits, challenges, and critical success 
factors. Using customer order data and simulation, the study employs a quantita-
tive approach, combining mathematical and statistical estimations with qualitative 
examinations centered on interviews with the warehouse staff, its Enterprise Re-
source Planning (ERP) developer, and the AI developer. The findings of this mixed-
method study reveal that the AI-based order-picking system (AI-based system) has 
improved order-picking efficiency by reducing travel distance and time. Neverthe-
less, challenges hinder maximum utilization of the system. In addition, the research 
highlights critical success factors and other benefits of adopting the system tailored 
to warehouse management. Understanding the lessons learned in this research is 
essential for businesses seeking to adopt AI to enhance their efficiency.
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1  Introduction

Warehousing plays a crucial role in logistics systems, accounting for approximately 
20% of a company's total logistics costs (Perotti and Colicchia 2023). Warehouse 
activities include: receiving, which involves unloading items from carriers, checking 
for quality and quantity inconsistencies, and updating inventory records; transferring 
and putaway, which cover the movement (and potential repackaging) of received 
items to storage within the warehouse; order picking, which entails fulfilling cus-
tomer orders by collecting the correct quantities of the specified items; sorting, which 
involves grouping items based on individual customer orders; and value-added ser-
vices, such as kitting and labeling (de Koster et al. 2007; Richards 2018).

Order picking is the primary activity within a warehouse (Ahmed et al. 2024; Chou 
et al. 2024; Grosse 2024; Saylam et al. 2024). It accounts for a significant portion of 
a warehouse's total operating costs, ranging from 35 to 75%. Inefficiencies in this 
activity can have a substantial impact on the entire supply chain (Coyle et al. 1996; 
de Koster et al. 2007; Richards 2018; Stević et al. 2022). Various methods and math-
ematical models, such as heuristic approaches and benchmarking techniques, have 
been employed to improve order-picking activity and reduce costs (Gu et al. 2010; 
Bukchin et al. 2012; Masae et al. 2020). Moreover, the literature has explored the 
contribution of Industry 4.0 technologies, such as the Internet of things, robotics, and 
automation (Poon et al. 2009; Marchet et al. 2015; Lee et al. 2018; Richards 2018; 
Calderon-Monge and Ribeiro-Soriano 2024; Custodio and Machado 2020; Chou 
et al. 2024). Among these, AI stands out as a key technology with the potential to 
improve warehouse management (Min 2010; Zhang et al. 2021; Sodiya et al. 2024). 
AI is primarily designed to understand human intelligence, enabling the creation of 
computer systems that replicate human behavior patterns and generate knowledge for 
problem-solving (Min 2010; Secundo et al. 2024). Additionally, AI has the capability 
to augment its observational power, identifying patterns in data that were previously 
undetected (Daugherty and Wilson 2018; Naeem et al. 2024).

Despite this, the targeted improvements driven by AI have often not been real-
ized due to an inadequate understanding of how AI applications should be managed 
and aligned with other applications (Zhang et al. 2021; Schwaeke et al.. 2025). A 
report indicates that 85% of AI projects did not achieve the initially planned ben-
efits for businesses (Rayome 2019). This outcome could be attributed to inaccurate 
estimations of the benefits of AI for businesses. In addition to the potential benefits, 
numerous practical challenges may hinder the realization of these benefits (Zhang et 
al. 2021). For instance, ethical concerns, privacy issues, safety and security threats, 
and challenges in human–robot collaboration were highlighted in a study by Javaid 
et al. (2022). A case study by Balzereit et al. (2023) suggests that the key challenges 
in order picking are developing an appropriate problem model and implementing a 
suitable solution algorithm. Furthermore, the readiness of warehouses to adopt AI 
remains a significant area that is largely unexplored (Mahroof 2019).

1 3

3496



Adoption of AI-based order picking in warehouse: benefits, challenges,…

These statements underscore the importance of research focused on the benefits, 
challenges, and critical success factors that influence the readiness of businesses to 
adopt AI. Moreover, the exploration of use cases for AI and advanced technologies in 
warehouses has not been adequately studied (Mahroof 2019; Custodio and Machado 
2020).

Therefore, based on the following facts and arguments: (1) the importance and 
high cost of the picking activity in the warehousing process (Coyle et al. 1996; de 
Koster et al. 2007; Richards 2018; Stević et al. 2022); (2) AI’s problem-solving capa-
bilities (Min 2010; Daugherty and Wilson 2018; Naeem et al. 2024; Secundo et al. 
2024) the failure of businesses to achieve the planned benefits of AI (Rayome 2019); 
(4) the potential impact of research-driven identification of benefits, challenges, and 
critical success factors in determining the success or failure of AI initiatives (Zhang 
et al. 2021); and (5) the inadequate studies on AI cases in warehouses (Mahroof 
2019), this paper aims to address the following research questions:

1.	 What are the benefits associated with the AI-based system in the order picking 
activity of the warehousing process?

2.	 What are the challenges associated with achieving the benefits of the AI-based 
system in the order picking activity of the warehousing process?

3.	 What are the critical success factors in achieving the benefits of the AI-based 
system in the order picking activity of the warehousing process?

The term benefits refer to the positive outcomes and improvements that can be 
achieved from using the AI-based system. Challenges encompass the obstacles and 
barriers that can hinder the successful implementation and utilization of the technol-
ogy (Birkel and Hartmann 2019). Critical success factors are the factors that, when 
effectively addressed, significantly enhance the likelihood of achieving the desired 
improvements driven by the system (Pinto and Rouhiainen 2001, as cited in Nasir and 
Sahibuddin 2011). This study uses the technology-organization-environment (TOE) 
theory (Tornatzky et al. 1990) to contextualize the benefits, challenges, and critical 
success factors associated with the AI-based system in the warehouse. Furthermore, 
by linking these factors to the dynamic capabilities of Teece et al. (1997)–namely, 
sensing, seizing, and transforming, with a particular focus on sensing and transfor-
mation components– we aim to provide insights into how firms can effectively adopt 
and utilize AI-driven innovations.

In order to address the research questions, a single case study was conducted, 
focusing on the implementation of an AI-based system in a warehouse located in 
Türkiye. In this case study, an AI-based system refers to a technological system that 
relies on the properties of AI as its main component, together with other supple-
mentary technologies (simulation and cloud), with the goal of enhancing the order-
picking activity in the warehouse.

1 3

3497



F. F. Rad et al.

2  Literature review

2.1  AI in warehouse management

AI is a broad term that encompasses various technologies and applications (Helo and 
Hao 2022). AI can be the underlying element for other technologies, such as robots 
and automation (Dash et al. 2019). In essence, AI refers to machines or systems that 
possess intelligence comparable to or, in some cases, surpassing human cognitive 
abilities (Wang et al. 2023).

Past literature has shown that AI can play a significant role in improving supply 
chain processes, such as sales, smart connected products, operations, and service 
maintenance (Helo and Hao 2022). Based on a survey of 250 company executives, 
Davenport and Ronanki (2018) highlight the targeted benefits and challenges that 
are often associated with AI for businesses. These benefits are product improvement, 
enhanced decision making, new product development, operational optimization, 
increased worker freedom, expansion into new markets, acquisition and application 
of scarce knowledge, and reduced workforce through automation. Conversely, the 
challenges identified include complex integration of AI with existing systems and 
processes, the high cost of AI technology and required skills, limited managerial 
understanding of AI technologies and their functioning, limited specialized human 
resources, technological immaturity of AI, and overselling of AI technology in the 
marketplace.

The previous literature on AI in warehouses explores its applications, benefits, 
challenges, and critical success factors. Khan et al. (2021) focus on using robots and 
AI to ensure food safety. Zhang et al. (2021) emphasize the importance of integrating 
AI elements, such as data, algorithms, and robots with warehouse-specific systems to 
enhance forecasting, planning, and learning. They also highlight the evolving role of 
human capabilities alongside AI. Mahroof (2019) identifies benefits, such as reduced 
travel time and precise picking processes, while also emphasizing challenges, such 
as technology maintenance, system interoperability, and limitations of managerial 
knowledge.

In their categorization of AI, Metaxiotis et al. (2003) state that there are three 
types of AI (as cited in Meyer et al. 2020). The first type is expert systems, which 
utilize an extensive database on the topic to find an answer to the problem. The sec-
ond type is artificial neural networks, which search for patterns within the available 
data. The third type is autonomous agents, which can autonomously act in a given 
environment.

In warehouses, AI enables automation, which is manifested in different ways, 
such as automated tridimensional storehouse (Zhang et al. 2021) and machine-based 
order picking (de Koster et al. 2007). With its pattern-finding capability, AI can help 
with various warehouse-related tasks, such as demand forecasting (see, for example, 
Zhang et al. 2021). Moreover, AI-based expert systems can contribute to the manage-
ment of flexible order-picking systems (Manzini et al. 2005).

Expert systems are AI-driven computer programs that can emulate human think-
ing to produce an outcome that a human expert could (Olson et al. 1992, as cited in 
Mirčetić et al. 2016), often much faster and with fewer errors. It is a useful tool to 
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help decision making within a domain where expertise is demanded (Turban 1995). 
Expert systems enable transforming knowledge into wisdom, thereby assisting the 
knowledge-gaining process (Shokouhyar et al. 2019). Past literature has demon-
strated various applications of expert systems (Yao et al. 2010; Mirčetić et al. 2016; 
Patriarca et al. 2016; Leung et al. 2018). For example, expert systems can assist with 
decisions on defining inventory levels (Patriarca et al. 2016) or optimizing the use of 
forklifts in cargo loading (Mirčetić et al. 2016). The AI-based systems utilized in this 
paper refer to the expert system type, specifically designed for route optimization in 
warehouse order picking.

2.2  Order picking

Order picking activity is a critical component of the warehousing process, involv-
ing the selection and collection of the correct items in the right quantities based on 
customer orders (de Koster et al. 2007). There are three primary order-picking strat-
egies: picker to goods where the picker retrieves the customer's order and travels 
through the warehouse to pick the items, either by foot using trolleys or cages, or by 
pallet jacks and forklift trucks using pallets; goods to picker, which involves storing 
the items in narrow aisle racking or in the automated storage and retrieval system 
(AS/RS) and automatically moving them to the picker’s workstation, thereby reduc-
ing picker travel time; automated picking, which means the order picking activity 
is fully automated, using various advanced technologies and equipment (Richards 
2018). Each of the above-mentioned strategies has its own advantages and disad-
vantages. Among them, picker to goods is the most commonly applied order-picking 
strategy (de Koster 2004; de Koster et al. 2007; Richards 2018). This strategy is also 
employed in the warehouse case discussed in this paper.

There are four approaches in the picker to goods strategy: cluster picking, batch 
picking, zone picking, and wave picking (Richards 2018). The cluster picking 
approach involves pickers taking on a number of customer orders together, traveling 
through the warehouse and picking items jointly. The picked items are immediately 
sorted and grouped into their respective cages or trolleys based on the composition 
of the orders. Batch picking also includes joint picking for different orders, but the 
orders are clustered and sorted after the picking is completed. With zone picking, 
pickers are assigned to different areas/zones in the warehouse to perform picking in 
their corresponding zones. In this approach, order picking can flow from one zone to 
the next, either simultaneously or sequentially, depending on the degree of activity 
and frequency of customers’ orders until the picking process is completed. Finally, 
wave picking involves the grouping and releasing of orders at specific times through-
out the day or in step with cycles of replenishment, departure of vehicles, alterations 
in shifts, locations and commonality of products, priorities, and requirements for 
value-adding services. In addition to these four approaches, there is the single order-
picking approach in which the picker travels across the warehouse to fulfill one cus-
tomer order at a time (Lin and Lu 1999).

Recent literature on AI-based order picking reveals significant advancements 
in optimizing warehouse operations through various AI-driven methods and tech-
nologies. Zarinchang et al. (2024) introduced an AI algorithm that reduced picker 
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travel distances and improved efficiency. However, despite efficiency gains, the 
improvements in rack stability and safety were only moderate. Sodiya et al. (2024) 
emphasized the significant role of AI-driven autonomous mobile robots in enhancing 
inventory management and order fulfillment by optimizing routes and adapting to 
warehouse changes. Kalkha et al. (2024) introduced an AI algorithm that clusters and 
positions items with similar demand patterns, reducing order preparation time and 
unnecessary movements. De Assis et al. (2024) recommended further exploration of 
technologies, such as digital twins, to advance intelligent warehouse management. 
Zhao et al. (2024) proposed a goods-to-picker system combining AI and robotics to 
improve picking efficiency. Balzereit et al. (2023) used AI to optimize order picking 
by merging small orders and re-sequencing them to save time. Zhou et al. (2023) 
demonstrated how a batching AI algorithm could optimize order-picking schedules 
in smart warehouses. Cano et al. (2023) showed that a genetic algorithm outperforms 
ant colony optimization in picker routing, which enhances performance and speed.

3  Theoretical background

The technology-organization-environment (TOE) theory, proposed by Tornatzky 
et al. (1990), offers a comprehensive perspective on how firms adopt technologies. 
In this paper, the TOE theory is used to present the authors' views on the benefits, 
challenges, and critical success factors associated with the AI-based system in the 
order-picking activity of the warehousing process. TOE highlights three elements: 
technological context, organizational context, and environmental context, which 
impact a firm’s adoption decisions (Baker 2012). Technological context encompasses 
all perceived sub-elements related to both new and existing technologies within the 
firm; organizational context refers to intra/internal aspects, such as top management 
support and resource availability; and environmental context includes external ele-
ments, such as partners and regulatory bodies (Zhu et al. 2006; Baker 2012).

TOE is considered a generic theory (Zhu and Kraemer 2005; Baker 2012), mean-
ing that different sub-elements can be inserted into each of the three contexts (see, for 
example, Baker 2012, Table 12.1). This flexibility enables researchers to adapt the 
theory to different research settings and specificities. In line with this understanding, 
this paper utilizes the TOE theory reciprocally to explore the benefits, challenges, 
and critical success factors associated with AI-based systems in the order-picking 
activity of the warehousing process across technological, internal, and external (envi-
ronmental) levels. By adopting the TOE framework, this paper takes a holistic view 
that extends beyond the boundaries of a single firm. It considers the broader techno-
logical setting and external actors, which can prevent certain potential benefits, chal-
lenges, and critical success factors from being missed. By utilizing TOE, the authors 
approach this topic by identifying the benefits, challenges, and critical success factors 
in the three above-mentioned contexts, thereby offering a rather more comprehensive 
insight into the case under focus.

Previous studies have utilized TOE to examine the benefits, challenges, and criti-
cal success factors associated with technology usage in different processes, such as 
procurement (e.g., Mishra et al. 2007), production (e.g., Fattouh et al. 2023), and 
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warehousing (e.g., Mahroof 2019; Ali et al. 2023). Breaking down warehouses into 
processes, resources, and structures, Hassan et al. (2015) applied the TOE framework 
to study the adoption of information systems in warehouse management. Building on 
this firm-level theory, Mahroof et al. (2019) examined how a warehouse management 
company perceives AI adoption, focusing on technological, organizational, environ-
mental, and perceived benefit aspects. Their study found that an AI-driven ordering 
system can effectively identify sales trends and automatically trigger order-picking 
volumes for daily distribution. Ali et al. (2024) applied the TOE framework and iden-
tified that the most influential factors driving a warehouse's readiness to transition 
to a smart warehouse are the operational efficiency of the technology, support from 
top management, employees' education, and technical expertise. This paper follows 
a similar path and takes the view that the rather wide-ranging foci of TOE can offer a 
more comprehensive analysis of the benefits, challenges, and critical success factors 
associated with the AI-based system for the warehouse. The benefits, challenges, and 
critical success factors in these three contexts are based on the pertinent literature and 
specifics of the case, consistent with the generic nature of this theory.

Moreover, TOE illuminates three contexts that affect a firm’s mobilization of tech-
nological resources. This aligns with the resource-based view (RBV), which empha-
sizes the importance of resources in driving strategies and gaining a competitive 
advantage (Maier and Remus 2002; Soosay et al. 2016). Traditionally, RBV asserts 
that a firm’s bundle of capabilities and resources that are valuable, rare, imperfectly 
imitable, and non-substitutable enable the development of a sustainable competitive 
advantage (Barney 1991; Amit and Schoemaker 1993). RBV suggests that a firm's 
strategic position and sustainable competitive advantage depend on how it manages 
and exploits its internal resources (Tell 2020).

Extending RBV, Teece (2007) suggested dynamic capabilities as a means to address 
the static nature of RBV, which focuses mainly on internal resources. Teece et al. 
(1997) define dynamic capability as “the firm’s ability to integrate, build, and recon-
figure internal and external competences to address rapidly changing environments” 
(p. 516). Teece (2019) argues that RBV falls short in emphasizing the dynamic nature 
of technological cycles, limiting its ability to recognize how certain firms persistently 
sustain their competitive advantages over time. He spotlights dynamic capabilities 
as a tool through which firms can mobilize the necessary resources that are previ-
ously external to them. He offers sensing, seizing, and transforming components of 
dynamic capabilities through which firms can import, align, and subsequently exploit 
these resources (Teece 2019).

Accordingly, in the context of this paper, sensing refers to forming a judgment, 
including comprehending benefits and challenges, on the AI-based system. Seizing 
centers on mobilizing the system, while transforming involves aligning the orga-
nization to the AI-based system. With regard to transforming, Teece (2019) notes 
that there is no one-size-fits-all alignment process because it varies according to the 
situation. Therefore, critical success factors highlight those elements necessary for 
alignment that are applicable to diverse situations.

In short, by identifying the trio of benefits, challenges, and critical success factors, 
this paper seeks to contribute directly to the dynamic capabilities’ sensing (through 
benefits and challenges) and transforming (through critical factors of success) com-
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ponents that, in turn, affect the seizing component. Furthermore, by placing the 
trio into the TOE’s internal, external, and technological contexts, the adoption of 
dynamic capabilities is further facilitated because adopters understand the contexts 
from which the benefits and challenges in sensing arise, and the contexts to which the 
critical success factors in transforming belong.

4  Methodology

This study adopts the single case study, utilizing a mixed-methods approach combin-
ing both quantitative and qualitative techniques. Specifically, the single case study 
focused on a warehouse in Türkiye to examine the adoption of an AI-based system. A 
single-case study approach was selected to investigate an AI-based solution in a spe-
cific warehouse setting, accommodating the distinctive situational nature of AI adop-
tion (Gummesson 2017; Yin 2018). This method allows for the detailed exploration 
of case-specific complexities, providing insights that broader studies might overlook. 
Moreover, focusing on one case enhances analytical precision and relevance to the 
particular scenario.

Moreover, the mixed-methods approach utilized in the design of the study facili-
tates a comprehensive analysis of the different dimensions of new technology adop-
tion in an organization (see Creswell and Clark 2017; Tashakkori et al. 2020). This 
approach allows us to capture both measurable performance outcomes of using 
AI-based order picking and the unmeasurable context-dependent details. Adopting 
advanced technologies, such as AI, in an organization is inherently complex, and this 
process comprises various factors that interact in diverse ways. The most challenging 
aspect of conducting social sciences research in such settings is that these factors are 
not always directly measurable, making it challenging to capture the full scope of 
simultaneous relationships through purely quantitative methods (İzmir 2023). Conse-
quently, this study adopts an explanatory sequential mixed-methods design (Creswell 
et al. 2003) to comprehensively investigate the adoption of AI-based order picking in 
a warehouse in Türkiye. This design combines quantitative insights with qualitative 
data (see Clark 2017). Previous research has emphasized the potential of the interplay 
between qualitative and quantitative methods for a broader understanding of the phe-
nomenon under focus (Ryan et al. 2011; Soltani et al. 2014).

In the first phase, quantitative data is collected and analyzed to assess the improve-
ments in operational efficiency brought about by the AI-based order-picking system. 
Specifically, the focus is placed on measuring changes in travel distance and the time 
required for order picking before and after adopting the AI technology. Distances are 
recorded in meters and centimeters, while time is tracked in minutes and seconds. 
These two continuous variables also emerged in the qualitative phase, where they 
were identified under the theme of travel distance and time reduction. The quan-
titative analysis provided numerical data, which brought objectivity to the study’s 
findings, demonstrating the tangible benefits of AI-based system adoption in terms 
of increased operational efficiency (D'Haen et al. 2023). However, quantifying these 
benefits alone fails to capture the full spectrum of benefits, challenges, and critical 
success factors identified qualitatively.
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Subsequently, qualitative data is collected and analyzed following the quantitative 
phase to gain relevant and complementary insights. The qualitative phase involved 
conducting in-depth interviews and gathering open-ended survey responses from 
warehouse managers and employees, its ERP developer, and the AI-based system 
developer (Mahroof 2019). Such an approach can be an effective tool to identify 
important elements for the better design of order picking (Grosse et al. 2015). The 
qualitative data facilitated an understanding of the perceptions, attitudes, and experi-
ences of those directly involved in the process (Mahroof 2019). Moreover, the quali-
tative analysis highlighted perspectives on additional benefits beyond travel distance 
and time reduction. In addition, the qualitative approach helped identify challenges 
and critical success factors that were not captured through the quantitative phase. 
This qualitative approach delved into aspects that are not easily quantifiable but are 
critical for understanding the overall impact of the AI-based system.

The mixed-method approach, which integrates qualitative and quantitative find-
ings, can be more demanding and resource intensive task than a single-method 
approach but offers enhanced validity, reliability, and a more comprehensive per-
spective on specific aspects of the AI-based system (Abowitz and Toole 2010; Nan-
thagopan 2021). While quantitative data analysis provides statistical rigor, it may 
overlook important contextual details and fail to capture the complexity of human 
experiences and perspectives (Creswell 2012). Hence, the deployed mixed -methods 
approach aims to fulfill this lacuna (see Clark and Ivankova 2016). Such an approach 
ensures a thorough evaluation of the adoption process, addressing measurable out-
comes (Tajima et al. 2020) and the human factors influencing these outcomes (Mah-
roof 2019).

4.1  Case description

The case revolved around the adoption of an AI-based system in the warehouse. The 
goal was to identify the benefits, challenges, and critical success factors associated 
with the adoption of the AI-based system in the warehouse.

With the advent of Industry 4.0, the warehousing process gains significant impor-
tance in the supply chain. According to Voss (2021), the increase in the customization 
of products and the potential for rapid fluctuations in demand in the Industry 4.0 era 
have heightened the complexity and the efforts required for activities such as pick-
ing, packing shipment, and resource management. Consequently, the warehouse’s 
tasks expand, and resource management intensifies to improve supply chain effi-
ciency (Voss 2021). In the context of Industry 4.0, supply chain warehousing needs 
to be more efficient and responsive due to the growing complexity of the activities 
involved. Indeed, order picking is the major activity in warehousing and represents 
a large portion of the warehouse's operating cost. Thus, inefficiency in this activity 
has a vital impact on the entire supply chain (Coyle et al. 1996; de Koster et al. 2007; 
Richards 2018). Therefore, investigating a system with such improvement poten-
tial, along with its corresponding challenges and critical success factors, is vital to 
respond to the emerging demands surrounding the warehousing process in Industry 
4.0.
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The case study’s warehouse is located in Türkiye. Türkiye was selected for sev-
eral reasons. First, Türkiye’s strategic geographic location, a bridge between Europe, 
Asia, and the Middle East, makes it a vital hub for international trade and logistics 
(Özdemir 2010; Acar et al. 2015, 2020). The country's advantageous geographi-
cal location and role as a gateway to various markets necessitate the adoption of 
advanced technologies to optimize warehouse operations and enhance competitive-
ness (Saatçioğlu et al. 2009; Erol et al. 2021). Secondly, due to the growing demand 
for efficient and accurate order fulfillment processes, the implementation of AI 
technologies in warehouse operations has become crucial (Cergibozan and Tasan 
2022). Moreover, the Turkish government has actively supported the digitalization 
of industries, including logistics, through various initiatives and incentives (Duman 
and Akdemir 2021).

Nevertheless, Türkiye has delivered mediocre results in transitioning to advanced 
technologies and Industry 4.0. (Izmen et al. 2020). Hence, investigating the benefits, 
challenges, and critical success factors associated with an AI-based system in a Turk-
ish warehouse aligns well with the current status and characteristics of Türkiye’s 
transition to advanced technologies and Industry 4.0.

The AI-based system was developed by Kairos Logic AB (hereafter Kairos), a 
Swedish microservices company providing dynamic order-picking intelligence 
to help businesses meet logistic and warehouse process needs. Kairos’s AI-driven 
algorithms optimize warehouse and logistics resources to drive customer opera-
tions efficiently. Sienzi Lojistik Antrepo ve Dış Tic. Ltd. Şti. (hereafter Sienzi), a 
well-established company in the field of warehousing in Türkiye, has adopted this 
AI-based system, offering a wide range of services to meet customer needs (Sienzi 
2023). Sienzi’s warehouse covers an area of 7000 square meters, including 6,000 
square meters of closed storage and 1000 square meters of open space. Its 14-m 
height allows a 500-pallet racking system, and there are various areas for inspection, 
handling, and reservation, all compliant with customs regulations. The 14 hydraulic 
ramps enable simultaneous operations for up to 8 trucks while smaller vehicles can be 
serviced in the open yard area. The company is located near the Muratbey Customs 
Directorate and ensures timely delivery through regular courier services. Sienzi has 
served 2,819,165 product entries over the past ten years. Alongside its warehousing 
capabilities, the company offers value-added services, such as handling, packaging, 
and palletizing. Sienzi has expanded its operations to include e-commerce logistics, 
catering to online businesses’ storage and distribution needs. Furthermore, the com-
pany provides loading services for international exports. The company operates on 
a project basis, and during the study of AI adoption in the warehouse, the company 
project focused on automobile parts.

4.2  Case specificities

The warehouse uses a conventional layout structure. This layout arranges racks with 
parallel aisles (Oxenstierna et al. 2022). Figure 1 depicts the layout of the warehouse. 
Products are organized from the bottom of the shelves, grouping similar products 
within each column. Then, another product is placed similarly, following the same 
bottom-to-top arrangement. Furthermore, the figure illustrates how a warehouse lay-
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out is designed specifically for order picking. The collection point is located at the top 
right corner, and there is a designated tunnel that serves as the primary pathway for 
pickers to navigate through the aisles to pick up customer orders.

Using historical pick runs spanning a month and the warehouse’s floor map, Kai-
ros developed a digital twin simulation of the warehouse. By utilizing the cloud 
technology, the digital twin can then apply AI algorithms to improve order picking 
in Sienzi. The integration of the AI-based system with the warehouse’s ERP was 
achieved through the establishment of an application programming interface (API). 
The ERP system, developed by Select Bilişim Hizmetleri AŞ (hereafter Select), one 
of Türkiye's well-established logistics software companies, also includes a ware-
house management system (WMS) module. Based on customer order data from the 
ERP, the AI-based system has produced optimal routes for picking.

The list of orders is received at the warehouse. Then, Sienzi’s operations officer 
requests an optimized picking solution from the AI-based system. The system pro-
vides the solution in real time or in a few minutes, and it is then given to the picker.

The study setup is designed in three modes: traditional single-order-based pick 
rounds, order batching, and batch-tunnel optimization. The baseline mode was sin-
gle-order-based pick rounds starting from the collection point, picking items from the 
shelves for a single order, and bringing the electrically powered reach truck forklift 
back to the starting point. Using the forklift, the picker lifts a basket with a capacity 
of 40 items, picks the items, and places them in the basket. The picker repeats the 
process if the entire single order is not picked in one round due to picking capacity 
limitations. In the order batching mode, the Joint Order Batching and Picker Routing 
Problem (JOBPRP) was used (Valle et al. 2017; Gils et al. 2019), which integrates 
the Order Batching Problem (OBP) (Gademann et al. 2001) with the Picker Router 
Problem to optimize picking several orders at a time in the shortest distance. For the 
batch-tunnel optimization mode, an additional tunnel was added to the simulations to 
evaluate its resulting impact. The tunnel was added to batch optimization to address 
the limitations imposed by the layout structure on optimization capacity. By incor-

Fig. 1  The warehouse sketch
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porating an imaginary pick tunnel positioned across the aisles in the upper section of 
the warehouse layout, the aim was to evaluate the potential of reducing total travel 
distance in theory (see Vaughan 1999). The tunnel’s position was carefully selected 
to minimize its impact on the aisles and to be near the warehouse wall. Orders used 
for the study’s analysis were randomly selected orders. Conducting real picking in 
the first two modes (i.e., single order-based pick rounds and order batching) and 
simulated picking in the third mode (i.e., batch-tunnel optimization), underpinned the 
empirical ground for the qualitative and quantitative analyses.

4.3  Quantitative approach

Order picking performance was assessed by aggregating total travel distances and 
the travel time required to pick all orders. Travel time is considered a waste in the 
context of order picking (Bartholdi and Hackman 2005), and reducing travel time can 
lead to cost savings and improved service levels (de Koster et al. 2007). Compara-
tive analyses were made based on the total distance and time spent between baseline 
order-picking rounds, order-batching optimization, and order-batching optimization 
with an extra pick tunnel. Three hypotheses are proposed to test the effectiveness of 
the AI-based system in the warehouse’s order-picking process. The first two hypoth-
eses test whether travel distances have been improved, while the third hypothesis 
examines changes in travel time, as follows:

H1a: AI-based order-batching optimization reduces travel distance compared to 
traditional single-order picking in the warehouse.

H1b: AI-based order-batching optimization with a tunnel simulation reduces 
travel distance compared to traditional single-order picking in the warehouse.

H2: AI-based order-batching optimization reduces travel time compared to tra-
ditional single-order picking in the warehouse.

Numerical data were collected by conducting systematic direct observations in the 
warehouse during single-order picking and picking with AI-based order-batching 
optimization. One of the researchers accompanied the warehouse picker during order-
picking activities to ensure real-time data collection with high accuracy and reliabil-
ity in measuring travel distances employing the warehouse layout and a stopwatch to 
calculate travel time. For the third stage, the data collection involving the AI-based 
order batching with an additional pick tunnel was conducted using simulation. The 
results obtained from the warehouse picking operations were subjected to statistical 
analysis to examine the potential significant differences between AI-based picking 
and traditional order picking in terms of time and distance. Descriptive statistics for 
time and distance were calculated for both the order-picking and batch-optimization 
groups. The selection of statistical tests was guided by the need to ensure rigorous 
and valid comparisons between groups. Initially, a t-test for two independent samples 
was considered to assess the significance of differences between the groups in line 
with the suggestions advanced by Hair et al. (2019). However, nonparametric alter-
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natives were also considered, given the potential violation of the normal distribution 
assumption, which could result in type I errors (Field 2013).

Prior to conducting the statistical analyses, the normal distribution was assessed 
for traditional single pick rounds and order-batching optimization using the two-
sample Kolmogorov–Smirnov test (Tabachnick and Fidell 2013). The results indi-
cated that there was a significant deviation from the normal distribution for both time 
(p = 0.036) and distance (p = 0.000). Additionally, single pick rounds included 29 pick 
rounds, while AI-based order-batching optimization had 25 rounds, with each group 
having fewer than the threshold value of 30 observations. According to Hair et al. 
(2019), in samples of 50 or fewer observations, especially when the sample size in 
each group is below 30, significant departures from normality can greatly affect the 
results. Therefore, a nonparametric test was more applicable because the data devi-
ated from the normal distribution, and the number of observations was insufficient 
(Dodge 2008; Hair et al. 2019). The Mann–Whitney U test, the nonparametric ana-
logue of the t-test for two independent samples, was employed to investigate whether 
there is a difference between the groups regarding distance and time (Sheskin 2020). 
Statistical significance using a p-value less than 0.05 was considered.

Further analysis focused only on the travel distance metric and was conducted 
after the tunnel simulation because the simulation could not objectively and realisti-
cally cover time. This stage of the analysis used one-way ANOVA for three groups: 
single-order picking, (AI-based) order-batching optimization, and (AI-based) order-
batching optimization with an additional pick tunnel. Prior to conducting the statisti-
cal analyses, the normal distribution was assessed using the Kolmogorov–Smirnov 
test. The results indicated that there was no significant deviation from normal distri-
bution for travel distance (p = 0.200). Additionally, skewness and kurtosis values of 
the travel distance variable were checked to meet normal distribution assumptions. 
According to Kline (2011), the absolute value of skewness should not exceed ± 3, and 
the absolute value of kurtosis should not exceed ± 10, to avoid significant deviations 
from normality in the data. Values exceeding these thresholds may indicate substan-
tial departures from normality in the data. The skewness and kurtosis values of travel 
distance were determined as 0.808 and 2.883, respectively, falling within the accept-
able threshold values of less than 3 and 10, respectively. Based on these results, a 
parametric test (a one-way ANOVA test) rather than a non-parametric alternative was 
utilized to check if the travel distance scores of these three groups showed a signifi-
cant difference (Kline 2011; Hair et al. 2019).

In conclusion, the study’s methodological approach incorporates robust statistical 
techniques to account for potential violations of normality and small sample sizes. 
Using the Mann–Whitney U and one-way ANOVA tests, the study ensures that the 
comparisons between traditional and AI-based order-picking methods are consistent 
and valid.

4.4  Qualitative approach

This study also examines the AI-based order-picking adoption in the case of Sienzi 
from a qualitative perspective. The data collection included a combination of inter-
views, direct observations conducted by two research team members at the ware-
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house site, seven meetings, and communications through WhatsApp and email, 
supplemented further by documents from Kairos. These data collection methods are 
particularly valuable for case studies and qualitative research (Barrett and Twycross 
2018; Yin 2018).

The interview protocol was developed based on key themes from the pertinent 
literature, which guided the development of the interview questions. Key aspects of 
the warehouse’s order-picking activity were discussed in the interviews, including 
operational efficiency, system integration, employee training, and the overall impact 
on warehouse performance. The qualitative approach involved 11 semi-structured 
online and face-to-face interviews. Nine of these interviews were conducted individ-
ually, while two were group interviews. Participants included eight representatives 
from Sienzi, one from Select, and two from Kairos. This triadic approach facili-
tated a comprehensive understanding of diverse stakeholder perspectives. Face-to-
face meetings took place in the headquarters of Sienzi and Select, and only meetings 
with Kairos’ representatives were conducted online for convenience. Prior to each 
interview, participants were informed about the study’s objectives, and participants' 
consent to record the interviews was obtained beforehand. The group interviews 
exclusively involved a mix of managerial and operational-level participants from 
Sienzi. Group Interview 1 comprised four managerial-level participants, and Group 
Interview 2 consisted of two operational-level employees. Details of the interview 
specifics and participants are presented in Table 1.

The interview questions were developed based on concepts from the literature (see 
Table 2). In total, 22 concepts formed the basis for all the interview questions. Of 
these, nine concepts targeted general inquiries from Sienzi, while the remaining 13 
concepts explored specific topics drawn from past literature. These 13 concepts were 
examined in relation to the impact of the AI-based system on them.

One of the key 13 concepts is traveling time, which constitutes the largest propor-
tion of the entire picking time (de Koster et al. 2007; Tajima et al. 2020). Our case 
presents the AI-based system specifically designed to affect the traveling time while 
optimizing traveled distances. Hence, this study selected traveling time for evalua-
tion among the various time-consuming sub-activities. The next concept is pickers’ 
wellbeing, which involves various components such as workers’ health, motivation, 
and comfort (Larco et al. 2017; Richards 2018; Glock et al. 2019; Gajšek et al. 2021).

The third concept focuses on picking quality in terms of the number of damaged 
or incorrect orders (Kiefer and Novack 1999; Richards 2018). The fourth and fifth 
concepts center on operational and data flow control (Richards 2018) and documen-
tation, which relates to the format and quality of checklists and printouts (Kiefer and 
Novack 1999; Richards 2018). The sixth concept refers to supply chain actors’ col-
laboration, which is manifested in the degree of partnership and cooperation (Rich-
ards 2018). The seventh concept addresses cost changes due to the arrival of the 
AI-based system, whether increasing or decreasing (Kiefer and Novack 1999; de 
Koster et al. 2007; Richards 2018). The eighth refers to the changes in the physical 
space occupation of the warehouse due to the adoption of the AI-based system (de 
Koster et al. 2007; Richards 2018). The ninth concept examines privacy, legal, and 
security concerns that may arise when using an AI-based system, such as data pro-
tection (Richards 2018). The tenth concept focuses on ease of use/training, which 
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revolves around the readiness of workers to use the AI-based system (De Vries et al. 
2016; Richards 2018; Pasparakis et al. 2023). The eleventh concept concerns system 
interoperability, which focuses on the degree of match between AI-based systems 
and the current technological infrastructure of the warehouse (Mahroof 2019). The 
twelfth concept considers items accessibility for the workers in the warehouse (Rich-
ards 2018). Finally, the thirteenth concept refers to the environmental impact that an 
AI-based system can generate in the warehousing process, such as changes in energy 
consumption (Đukić et al. 2010; Richards 2018; Bartolini et al. 2019).

We used the Gioia approach to conduct qualitative analyses (see Gioia et al. 2013). 
Through this approach, we developed a data structure (see Tables 5, 6, and 7) that 
made it easier to track the process of converting interview data into final themes. 
Drawing on Gioia et al. (2013) and consistent with Tables 5, 6, and 7, the data struc-
ture starts by developing 1st-order concepts from the raw interview data. Then, con-
cepts filter into 2nd-order themes based on relevance and characteristics. Third, they 
emerge as aggregate dimensions of benefits, challenges, and critical success factors. 
A team of two authors undertook all three steps in developing the qualitative analysis 
and data structure to ensure a more reliable investigation. The development of the 
1st-order concepts began with scanning the raw interview data, followed by marking 
and coding relevant parts of the texts based on the reviewed literature and research 
focus. Initially, each author independently scanned and marked the raw interview 

Title of interviewee Code Interview number Interview 
duration

George Lijo, the CEO 
and founder of Kairos

Mr. 
Lijo

Interview number 
one

61 min, 
50 s

Interview number 
two

52 min, 
49 s

Deputy General Man-
ager in Sienzi

P1 Interview number 
three

25 min,19 s

Interview number 
eight

32 min, 
32 s

Interview number 
ten

13 min, 
23 s

Warehouse Operations 
Supervisor in Sienzi

P2 Interview number 
four

22 min, 
42 s

Picker in Sienzi P3 Interview number 
five

19 min, 
57 s

Group Interview 1- 
General Manager and 
Founder, Deputy Gener-
al Manager, Warehouse 
Manager, Manager 
Assistant in Sienzi

P4 Interview number 
six

40 min, 
54 s

General Manager and 
Founder of Sienzi

P5 Interview number 
seven

33 min, 
46 s

Group Interview 2- 
Operations Officer and 
Picker

P6 Interview number 
nine

50 min, 
27 s

Mr. Gökhan, the CEO 
of Select

P7 Interview number 
eleven

34 min, 
40 s

Table 1  Characteristics of 
interviews
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data. The outcomes were then compared and discussed by the research team mem-
bers, resulting in the emergence of the final 1st-order concepts. The authors subse-
quently grouped these concepts into 2nd-order themes. A similar grouping process 
was used to develop the aggregate dimensions.

The transparency provided by Gioia’s data structure makes it a valuable meth-
odological tool for conducting and presenting qualitative analyses, addressing the 
critique of data cherry picking often associated with qualitative methods (Gioia et al. 
2013). Gioia et al. (2013) explain their intention behind the Gioia approach, noting 
that it aims to avoid cherry-picking quotations from reports, relying on clever expla-
nations, and wrapping insights in appealing labels. The Gioia method provides a rea-
sonable degree of visibility, enabling input tracing from raw data to the final output.

Extracted concepts Driving references
Picking time: traveling time de Koster et al. (2007), Rich-

ards (2018), Tajima et al. (2020)
Pickers’ wellbeing Larco et al. (2017), Richards 

(2018), Glock et al. (2019), 
Gajšek et al. (2021)

Picking quality (Number of 
damaged/incorrect orders)

Kiefer and Novack (1999), 
Richards (2018)

Operational and data flow 
control

Richards (2018)

Documentation Kiefer and Novack (1999), 
Richards (2018)

Actors’ collaboration Richards (2018)
Costs Kiefer and Novack (1999), de 

Koster et al. (2007), Richards 
(2018)

Physical space occupation de Koster et al. (2007), Rich-
ards (2018)

Privacy, legal, and security 
concerns

Richards (2018)

Ease of use/training De Vries et al. (2016), Richards, 
(2018), Pasparakis et al. (2023)

System interoperability Mahroof (2019)
Items accessibility Richards (2018)
Environmental impact (green 
picking)

Đukić et al. (2010), Richards 
(2018), Bartolini et al. (2019)

Number of shifts per day General question
Hours per shift General question
Number of pickers in total General question
Picker’s salary General question
Picking vehicle’s specificities General question
Customer orders’ average size General question
Customer orders’ volume size General question
Picking cart’s capacity General question
Picking approach General question

Table 2  Concepts discussed in 
interviews
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5  Results

This section presents the study results, integrating quantitative and qualitative find-
ings to ensure coherence and depth. Numerical data were collected through system-
atic observations in the warehouse. In conjunction with these quantitative findings, 
qualitative insights were obtained from interviews and other relevant sources. After 
presenting the quantitative results, the qualitative results are provided. Together, 
these results provide a comprehensive view, with further synthesis offered in the 
discussion section.

5.1  Quantitative results

The traditional order-based single pick rounds consisted of 29 pick rounds, which 
were reduced to 25 batches in 25 rounds using order-batching optimization. Table 
3 provides descriptive statistics over the baseline and the other two optimized order 
pickings at an aggregate level.

Table 4 compares travel distances and time in the traditional single-pick rounds, 
order-batching optimization, and order-batching optimization with an extra pick tun-
nel. Batch-picking optimization reduced the travel distance by 27.25% compared to 
the baseline single-pick rounds. The results of the order-batching examination show 
the importance of order batching in improving picking efficiency. An additional 
13.91% reduced the travel distance with an extra pick tunnel. Moreover, the result 
of the simulation study shows the importance of and the relationship between order-
batching optimization and cross aisles in improving routing flexibility and travel 
distance reduction. Regarding time, the batch-picking optimization gave a 22.82% 
reduction in travel time.

Implementing the system in the warehouse’s picking operations resulted in nota-
ble improvements in efficiency, specifically in terms of travel time and distance. To 
test the effectiveness of the AI-based system, Mann–Whitney U tests were conducted 

Order-based 
pick rounds

Order batching 
optimization

Order batch-
ing optimiza-
tion with extra 
pick tunnel

Number of rounds 29 25 25
Shortest distance 172.05* 134.99 119.69
Longest distance 417.29 272.76 225.57
Total travel 
distance

7279.30 5295.30 4558.71

Average distance 251 ± 47.75 211.81 ± 33.88
Median distance 249.72 211.86
Shortest travel 
time

02:16** 01:45 –

Longest travel time 04:03 04:32 –
Total travel time 97:07 74:57 –
Average time 3:13 ± 0:48 2:83 ± 0:07
Median time 3:23 3:04

Table 3  Descriptive statistics

*: Meter. Centimeter, **: 
Minutes: Seconds
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to compare the travel distances and times between the different picking methods. The 
choice of the Mann–Whitney U test was guided by the non-normal distribution of 
the data and the small sample sizes, as confirmed by the two-sample Kolmogorov–
Smirnov test.

The median travel time difference between order-based pick rounds and order-
batching optimization using AI was calculated as 00:19. Although a reduction in time 
was observed after the implementation, the change was not statistically significant 
(U = 252.50, p = 0.056). Hence, H2 is not supported. However, a certain optimiza-
tion level is achieved in time, despite not reaching acceptable statistical significance. 
The median travel distance difference between order-based pick rounds and order-
batching optimization using AI is calculated as 37.91. AI implementation showed a 

Table 4  Travel distances and lead time in the traditional single pick rounds, order batching optimization, 
and order batching optimization with an extra pick tunnel
Order-based pick 
rounds

Order batching optimization Order batching optimization with extra 
pick tunnel

Original 
distances

Pick-
ing time 
(min:sec)

Optimum 
distances

Pick-
ing time 
(min:sec)

No. of 
orders

Batch picking of Op-
timal 
distance

245.4 03:55 227.68 03:05 3 SP30, SP26, SP22 179.14
290.86 03:57 203.35 03:51 2 SP15, SP4 223.34
193.03 02:51 187.44 03:56 3 SP24, SP12, SP7 196.42
185.75 03:12 221.97 02:42 3 SP11, SP14, SP2 214.3
269.78 03:20 211.7 03:06 2 SP2, SP28 222.74
231.56 03:10 210.43 03:11 3 SP28, SP5, SP19 217.26
220.46 03:54 218.2 03:09 3 SP19, SP28, SP5 138.76
191.65 02:50 220.34 02:56 4 SP9, SP10, SP6, SP8 150.1
228.5 02:40 216.68 03:13 3 SP8, SP10, SP6 225.57
245.68 03:24 222.59 02:48 5 SP6, SP10, SP8, SP29, SP16 172.62
287.2 03:51 197.99 02:44 2 SP16, SP29 169.06
212.32 02:19 156.77 01:57 1 SP16 160.73
201.96 03:35 228.51 03:12 3 SP22, SP26, SP30 192.8
249.72 03:44 149.69 01:45 1 SP15 121.78
316.62 03:23 257.63 02:23 3 SP24, SP12, SP7 166.88
259.65 03:45 134.99 02:18 6 SP22, SP26, SP30, SP23, 

SP9, SP13
137.95

295.13 04:03 211.86 04:32 5 SP24, SP7, SP20, SP1, SP27 204.81
253.82 03:20 257.12 02:43 3 SP13, SP23, SP9 202.16
244.74 03:02 211.71 03:58 3 SP27, SP1, SP20 189.76
258.52 02:53 210.49 03:02 4 SP13, SP23, SP9, S3 164.67
255.41 03:02 164.78 03:46 2 SP27, SP20 119.69
234.59 03:56 210.66 02:39 2 SP18, SP3 220.25
241.64 03:37 225.91 03:16 3 SP18, SP3, SP17 177.65
172.05 02:16 272.76 02:41 2 SP17, SP21 183.96
253.39 03:41 264.05 03:04 4 SP21, SP17, SP11, SP14 206.31
260.62 03:02
304.33 03:59
257.33 02:41
417.29 03:45
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significant reduction in terms of traveled distance (U = 177.00, p = 0.001). Hence, H1a 
is supported.

Having found a significant difference in travel distance between order-based pick 
rounds and AI-based order-batching optimization, further analysis was conducted 
using the tunnel simulation to detect possible differences among single pick rounds, 
AI-based order-batching optimization, and AI-based order-batching optimization 
with an additional pick tunnel. A one-way ANOVA test was conducted to determine 
whether these three groups have statistically significant differences in travel distance. 
The ANOVA analysis showed statistically significant differences between the groups 
with the value of F (2.76) = 21.05, p < 0.001.

In the ANOVA test, homogeneity in the variances of groups is expected, and it is 
checked using Levene’s test. If Levene’s test is non-significant (the p-value is greater 
than 0.05), the homogeneity of variance assumption is met (Kline 2011). In this case, 
the significance level of the F statistic produced by ANOVA checks the differences 
between groups (Field 2013). After finding the differences between groups, post-
hoc multiple comparison tests can be used to determine which specific group differs 
significantly from the others. Bonferroni's and Tukey's tests both control the Type I 
error rate effectively but are considered conservative tests, meaning they may lack 
statistical power. Bonferroni's test is more powerful when the number of compari-
sons is small, while Tukey's test is more powerful when comparing a larger number 
of means. Bonferroni's test can be used effectively if the sample sizes of the groups 
are small and reasonably equal, and the homogeneity of variances is not violated 
(Field 2013). Therefore, Bonferroni's test is utilized for post-hoc tests to compare the 
groups. Bonferroni's test showed statistically significant differences in travel distance 
between group comparisons:

	● AI-based order-batching optimization significantly reduced travel distance com-
pared to traditional single-pick rounds (Mean difference = 39.19, p = 0.001).

	● AI-based order-batching optimization with an additional pick tunnel significantly 
reduced travel distance compared to traditional single-pick rounds (Mean differ-
ence = 68.65, p = 0.000).

	● AI-based order-batching optimization with an additional pick tunnel significantly 
reduced travel distance compared to AI-based order-batching optimization (Mean 
difference = 29.46, p = 0.028).

The analysis concluded that AI-based order-batching optimization with an additional 
pick tunnel (M = 182.35, SD = 31.96) and AI-based order-batching optimization 
(M = 211.81, SD = 33.88) resulted in statistically significant and lower travel dis-
tances compared to traditional single-pick rounds (M = 251.00, SD = 47.75). There-
fore, hypothesis H1b is supported.

5.2  Qualitative results

The results of the qualitative study, conducted using the Gioia approach, are illus-
trated in Tables 5, 6, and 7, highlighting the benefits, critical success factors, and 
challenges associated with adopting the AI-based system in the warehouse.
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1st order concepts 2nd order themes Aggregate 
dimensions

• The system shortens the picking process a lot Optimal routing 
solution

Travel distance 
and time 
reduction

• It saved time to enter the orders as a single order by combining 
the orders
• There was a reduction in order picking time
• Saving time, picking orders faster, and making the shipment 
faster affect both the customer and the warehouse in a positive 
way
•… going to the same location… shortens the picking process Higher 

order-picking 
simplicity

• It shortens the pick route of the vehicles
• When it was batched, it had an advantage in receiving the order 
from the same location
• The system made order picking faster. Things have gotten faster
• Each line they had to print… and do the paper pin and clip and 
so on and obviously that lot of clearance could happen there

Less complex 
documentation

• The documentation of artificial intelligence tells us which loca-
tion we can go to and which orders we can take at the same time, 
how we can draw the fastest path
• Such an advantage in documentation… directly reduces time, 
reduces documentation, and gains speed

Improved 
documentation

• The system has made the documentation process smoother
• Instead of checking the order list one by one… we can find the 
material directly
• We could see the materials more easily because there was only 
one page
• The system reduced documentation and consolidated locations Lower use of 

order list printouts 
stationery

• The number of check lists reduced to close to 30 to 50% because 
before the picker was taking number of separate orders in separate 
checklists
• Traditionally, sometimes, checklist was made only for one item 
as it was the only customer order
• This method reduces the list of four checklists to one
• The number of documents was reduced
• There are fewer wrong orders. It became harder for us to get the 
wrong material

Lower number of 
errors and wrong 
orders

Higher 
order-picking 
accuracy• It had a positive impact on the number of wrong orders

• They said wrong orders actually decreased
• The use of this system… prevents incorrect order picking
• There were no erroneous orders
• There were no disruptions or problems in these order pickings
• Since they had the order list in a more organised way, the pos-
sibility of picking the wrong product was also reduced

Table 5  Benefits
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1st order concepts 2nd order themes Aggregate 
dimensions

• They have to use a lot less electricity for the truck Lower en-
ergy cost for truck 
traveling

Cost reduction
• I can say that it has positive effects on fuel, electricity… costs
• There has been less energy consumption because things have 
gotten faster
• I think there will be a reduction in energy costs
• As the time we do not use the machine increases, our consump-
tion decreases
• It provides fuel advantage as it shortens the road route of the 
vehicles
• For example, while the machine was working for 10 min before, 
now it works for 5 min

Lower truck 
maintenance cost

• Less use of the machine… when we turn off the machine… after 
this fast-picking process
• If you had to repair or replace the machine… they extend the 
lifetime… so we say the cost affordance
• Reductions in time, less use of the machine…
• For example, we collected the order and there was a time gap… 
so we will complete other tasks with the free time

Lower labor cost

• We can transport more material in less time
• We aim to increase our earnings with new projects in our col-
leagues’ free time
• This picking optimization… is of course effective in terms of 
saving… the time of the personnel
• I can say that it has positive effects on… documentation/ statio-
nery costs

Lower stationary 
cost

• It has an impact on stationery costs
• The system reduced documentation…
• Each line they had to print… and do the paper pin and clip and 
so on and obviously that lot of clearance could happen there
• The pickers feel more comfortable More comfort Employees' 

well-being•…less fatigue of the staff, more accurate guidance by artificial 
intelligence
• “… shortened picking time… satisfied the personnel”
• It has a very positive effect on the colleagues on this task
• It’s just the perception of their (employees’) welfare gets im-
proved… So, they are qualitative improvements
• Item picking and searching became easier
• We were going to the same location 10 times…now we…. 
picked them in one go…. The pickers felt better about picking

Less boredom

• Instead of going to the same location 10 times and picking again 
and again, being able to pick 10 orders from that location…
• They had to go spend so much time to do repetitive tasks for dif-
ferent orders. Now, they go for once… pick for all the customers

Table 5  (continued) 
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The study results reveal that the AI-based system provides several benefits for 
warehouse picking activities. One major benefit is the reduction of travel distance 
and time. Due to the optimal routing solutions offered by the AI-based system, pick-
ers travel shorter distances and spend less time completing the same picking tasks, 
compared to the traditional approach without the AI-based system. Participants in the 
study acknowledged the benefits of optimized pick routes generated by the system. 
P1 states: “the system shortens the picking process a lot… as it shortens the road 
route of the vehicles”. P3 argues that: “The system made order picking faster. Things 
have gotten faster.” This paper’s quantitative results also corroborate the time and 
distance reduction.

Furthermore, the AI-based system has enabled improved documentation in the 
warehouse. Documentation is now more organized, with a reduction in the use of 
order list printouts and stationery. P1 emphasized that: “the system reduced docu-
mentation and consolidated locations.” Traditionally, each customer order had its 
own checklist and printouts, which Sienzi would compile to plan daily pickings. The 
AI-based system, however, combined orders and generated a checklist of batched 
items to pick. Compared to the traditional approach, the system produced signifi-
cantly fewer checklists by batching single orders and reducing line space between 
suggested pick rounds.

Additionally, the AI-based system has simplified documentation. This reduction in 
complexity is partly due to a smaller number of checklists, as well as changes in the 

1st order concepts 2nd order themes Aggregate 
dimensions

• There has been less energy consumption because things have 
gotten faster

Lower energy 
consumption

Positive 
environmental 
impacts• It provides fuel advantage

• It has a positive (environmental) impact as it saves fuel and 
electricity
• We can say that energy has been saved
• Our (energy) consumption decreases and this affects us 
positively
• This picking optimization… is of course effective in terms of 
saving time, fuel consumption…
• For example, while the machine was working for 10 min before, 
now it works for 5 min

Longer machine’s 
lifetime

• We were going to the same location 10 times and pick differ-
ently, and now we combined 10 locations and picked them in one 
go
• Since the order is collected faster, we turn off the machine for 
10–20 min
•… it shortens the road route of the vehicles
• Machines last longer lifetime
• The system reduced documentation… Lower paper 

consumption• The biggest impact is on documentation
• The main goal of the system is to… reduce documentation
• It reduced lots of paperwork… collecting the data and structur-
ing the way we want… improved their discipline anyway

Table 5  (continued) 
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1st order concepts 2nd order themes Aggregate 
dimensions

• Usually, these sorting or rearranging is there, if they do the 
batching from the beginning but since they do not, this comes as an 
additional

Functional 
integration

Strategic 
alignment

• You do pick optimization, batching optimization you do per cus-
tomer, arranging, and then you also do the sorting
• In projects with shipments to different points, after joint collection 
(batching), they (parcels) need to be separated during shipment
• There will be a manual sorting done by manpower. If each parcel 
has a separate barcode…
• When there are mixed orders (from different customers), the col-
lected parcels need to be sorted
• Saving time, picking orders faster and making the shipment faster 
affects both the customer and the warehouse in a positive way

Strategic fit

• We can transport more material in less time
• Since the orders were picked randomly (in the past), it was then 
needed to go to the same location for the same item for several 
times
• There will be a reduction in costs
• We picked the orders in a shorter time and distance
• It has a positive (environmental) impact as it saves fuel and 
electricity
• The pickers feel more comfortable
• I think with a change in the entry stage of the products, the pick-
ing processes can be made more suitable for this method

Business process 
re-engineering

• Revisions can be made on order sorting… new software or codes 
can be developed, or better ideas about sorting in the picking area 
can emerge
• There can be updates for sorting that can be added to the software
•…. change here is that now we are labeling the product when we 
collect it
• The structural change, or item location or even process change, 
there are many ways to do the thing
• After switching to this type of system… there are these labels on 
the products, and our work became easier

Table 6  Critical Success Factors
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1st order concepts 2nd order themes Aggregate 
dimensions

• The system did not cause us any problems and worked well with 
other systems

Technological 
integration and 
interoperability

Structural 
alignment

• It was integrated with (our warehouse program) and worked in 
harmony
• The software updates on our system… worked harmoniously
• The system Sienzi Logistics using is warehouse management 
system or ERP… they needed to integrate API into their system
• It is an adaptable project to the logistics programs that we use and 
that are used in warehouses
• It is usually needed to have direct communication Communication
• I couldn't get the efficiency I wanted. I wish we could communi-
cate more…
• External factors… the situation of our company caused communi-
cation to remain a little weaker in something that could have been 
much more productive

Operational 
Alignment

• Sienzi Logistics’s ERP developer (Select) needed to connect to me 
(Kairos) to understand the correct usage of the data

Triadic (sup-
ply chain) 
collaboration• It still took time to connect to the vendor (Select)

• It benefits if Select connects to our technical guys to work to-
gether… but there is always something in the process or configura-
tion… then they had to get help from Sienzi Logistics and they 
need to configure it correctly
• We were provided with the necessary information through 
trainings

Education and 
training

• I think the system can be improved by providing training to the 
pickers and the operator
• Using the system becomes easier with the training received
• The learning process was easy, there is nothing very challenging
• Select provided trainings in a certain period of time
• The maintenance is included in Kairos’s monthly fee Technological 

maintenance• Mr. Gökhan even came here from Select for the continuation of 
the application
• We had to share some documentation to make the system usable Data Sharing 

Permission
Data Privacy

• We did this (data sharing) with the permission of our companies
• We had to share some information
• We just follow the regular common approach of data sharing 
mechanism
• We have a confidentiality agreement with them Confidentiality 

Agreement• This is already a confidential situation… as there was no data loss 
at the entrances and exits
• There was a facilitated agreement between all 3 of us in the very 
beginning of the project
• We sign an NDA just to be sure we are on the safe side
• It has not raised any privacy or security concerns Privacy and Regu-

latory Compliance• We work within the scope of the law on the use of personal data
• There were no legal problems… we did not have any data loss or 
data leakage
• We shared (data) in accordance with legal procedures

Table 6  (continued) 

1 3

3518



Adoption of AI-based order picking in warehouse: benefits, challenges,…

checklist format. Previously, checklists included only locations and products, leaving 
pickers to rely on their own judgment to determine the picking sequence. With the 
AI-based system, checklists now include suggested optimal routes for picking each 
item.

Another benefit is the positive environmental impact. The use of the AI-based 
system reduces energy consumption for the picking activity because the electric 
reach truck travels shorter distances due to batched picking and optimal routing. This 
approach replaces the previous order-by-order picking and manual routing methods. 
In this regard, P1 states that: “It has a positive impact (on environment) as it saves 
fuel and electricity……In short, I can say that it has a positive effect on fuel and 
electricity….” In addition, batched picking and optimal routing allow the truck to 
accomplish the same tasks with less use, which contributes to a longer lifespan for 
the truck and reduces the need for repair and replacement materials.

Concerning the environmental impact, Mr. Lijo mentions that: “there is saving 
of energy also… longer lifetime… to repair or replace the machine.” Moreover, P2 
states that: “Saving time, picking orders faster and making the shipment faster affect 
both the customer and the warehouse in a positive way. Since the orders are picked 
faster, when we turn off the machine for 10 to 20 min, for example, there is no elec-
tricity consumption. As the time we do not use the machine increases, our consump-
tion decreases.” This is consistent with the findings of De Giovanni (2021) and Gallo 
et al. (2023) regarding the positive environmental impact of AI on supply chains. 
Additionally, longer truck lifespans help reduce warehouse costs. Finally, reduced 
printout requirements in AI-based systems lower paper consumption, further benefit-
ing the environment.

In some areas, empirical evidence has shown an increase in costs, which we have 
included in the challenges section of our study. However, in other areas, costs have 
decreased, which we have categorized as benefits. Specifically, the AI-based system 
in the warehouse has reduced time and distance in the picking process, resulting in 
lower energy costs for truck travel, reduced truck maintenance costs, and lower labor 
costs for this labor-intensive activity (Richards 2018). Additionally, improved docu-
mentation has led to lower stationery costs. The cost reduction benefit facilitated by 
the AI-based system and its systematic approach align with findings from previous 
studies (Choy et al. 2017; Pournader et al. 2021).

Furthermore, with optimal picking routes suggested in the checklist, pickers no 
longer need to consider the travel routes. Additionally, batch picking eliminates the 

1st order concepts 2nd order themes Aggregate 
dimensions

• It is just a matter of thinking holistically and being able to accept 
the changes

Willingness to 
make changes

Managerial 
commitment

• Just as human beings basically resist everything new, a new orga-
nization, a new technological data entry is first met with resistance 
in our company as it is everywhere… resistance is gradually broken
• Technology must enter… warehouse management
• Using technology like this is the right thing for the top executives 
of a company

Table 6  (continued) 
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1st order concepts 2nd order themes Aggregate 
dimensions

• We must write a new API for Kairos Initial mismatch 
and a struggle to 
adapt to the new 
program

Structural 
alignment• At first the system was not fully integrated, but this can be seen in 

every new installation process
• The integration process was difficult
• It took some time, but there is no problem in the working phase. 
Every program takes time during the integration phase…
• It benefits if the Select connects to our technical guys to work 
together

Lack of direct 
communication 
at technical level• Their engineer never talked to my engineer. I only talked to their 

manager
• When it comes to technical subscription
ation it is good to have technical people understand our discussion
• There was limit at exchange of information what exactly and how 
they do versus what we do

Lack of robust 
Communication

Strategic 
alignment

• There always will be issue…because of the lack of communication
• We did not have that discussion in the design issue
•…. the pandemic started…. we were in a chaotic environment
• They implemented according to their understanding… because of the 
lack of the communication
• We did not have that discussion in the design issue… Lack of Joint 

Planning• We didn’t design these things beforehand. We just implemented the 
very basics…
• If we did discuss how they would like to do, including the possibili-
ties that is in the system…
• We only focused on the picking part and started the process from 
there

Poor pre-
implementation 
business review•…you understand and design the system that is optimal for it

• You think through the process or what you are trying to achieve and 
then you design it for it
• They also needed to understand the process and these 
configurations…
•…I just picked a method and then we implemented it Limited un-

derstandings 
of operational 
dynamics

• There would be a second task in the sorting area because of the pick-
ing procedure
• If we did discuss how they would like to do, including the possibili-
ties that is in the system…
• There was a process of reading and perceiving the documentation 
provided by the program

Documentation 
Approach

Op-
erational 
alignment• Information flow was required both to know how to use the program 

and to read the documentation correctly
•…We switched to a different documentation from the documentation 
we were used to…

Table 7  Challenges
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need to revisit the same location multiple times for different orders. Together with 
reduced travel distances and time, these factors have contributed to a simpler order 
picking experience at the warehouse. In this regard, P3 states that: "it is better this 
way, and the complexity has been eliminated…we no longer search for the materials 
in the order one by one… The system made our work easier. We can easily find the 
materials on the shelf thanks to the system."

The higher order-picking simplicity has helped reduce errors and incorrect orders, 
leading to higher order-picking accuracy. P2 states that: “I can say that it affects 
positively, because when you do business in a non-systematic way, in old terms, in 
a chaotic way, there is a lot of room for error.” According to Setayesh et al. (2022), 
while pick errors can significantly impact operational success in manual picking, suf-
ficient attention has not been given to enhancing pick quality. In this context, the AI-
based system utilized in our case demonstrates fruitful results for improving picking 
accuracy. Our findings align with De Giovanni (2021), showing that AI implementa-
tion can reduce error rates and positively impact overall supply chain performance.

The final benefit is improved employee well-being. Completing tasks more quickly, 
accurately, and with simpler, more straightforward documentation has helped staff 
feel more comfortable. This improvement is particularly evident among pickers, who 
now experience less boredom from repeatedly visiting the same locations to pick 
items listed on different order lists. P1 emphasizes that: “the pickers feel more com-
fortable” and “… shortened picking time… satisfied the personnel.” Similarly, Grosse 
(2024) supports the idea that AI-based picking route optimization enhances employee 
well-being.

1st order concepts 2nd order themes Aggregate 
dimensions

• More forward-looking investments can also be made Business adjust-
ment cost

Costs
• A revision can be made regarding order sorting… these can be extra 
costs
• So, there are many many more things you could do but it also comes 
with the cost of rearranging everything and stopping their operation 
and all
• Building a tunnel would be sacrificing our source of income
• If they want to use it, they need to pay the monthly fee Implementation 

and subscription 
cost

• Normally you have an implementation fee plus monthly fee

• The pandemic was a situation that we were never prepared for in our 
lives

Fatigue from 
heavy daily 
workloads

Resistance 
to change

• Warehouses are now much more needed… So, we continued to 
work, but there was chaos
• The company was actually so busy with its own operational 
processes
• We were in a very serious chaos
• We could not make this move because the loss of storage space in 
that area would bring us a more chaotic environment
• There are no changes that can be made on the existing system we use Fear of losing 

freedom• The introduction of artificial intelligence may have limited their 
(pickers) space at this point… because it directly tells them what to do

Table 7  (continued) 
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When the AI-based system was planned for integration into warehouse operations, 
a technological matching between the existing ERP system and the new AI-based 
system was necessary to establish the API. This necessity can be viewed as structural 
alignment, as suggested by Peng et al. (2021), involving architectural integration 
and interoperability between new and existing technologies. Select is responsible 
for integrating the ERP with the AI-based system. In this regard, Mr. Lijo states that: 
“the system warehouse is using its Warehouse Management System or ERP provided 
by Select, and to use the logic, they needed to use the API, or they needed to integrate 
API into their system. Otherwise, how do they use it? This is not a standalone solu-
tion, so they need to call the API and display it in their system for pickers to use the 
algorithm.”

Despite the eventual success of structural alignment, which refers to the integra-
tion and interoperability of technologies, there was an initial mismatch and a struggle 
to adapt to the new program. This challenge may have stemmed from the novelty 
of the API protocol that needed to be developed between the AI-based system and 
ERP. Select had previously established APIs with Sienzi’s customers to integrate 
their orders into the ERP. However, the AI-based system, with functionalities dif-
ferent from previous ERP integrations, required a new API that had not been devel-
oped before. As a result, this requirement prolonged the API establishment process 
between Kairos and Select. According to P1 and P3, such an initial struggle is com-
mon: “It took some time, but there is no problem in the working phase. Every pro-
gram takes time during the integration phase, and this is a normal situation.” (P1).

Nevertheless, better communication between Kairos and Select could have 
reduced the time required for technological integration. During the project, Select 
experienced employee turnover, leading to a shortage of relevant personnel. Replac-
ing these employees proved challenging, especially in finding suitable software engi-
neers in Türkiye. As a result, Select struggled to maintain sufficient personnel for 
timely and effective communication during the technological integration. Although 
direct communication occurred at the business/managerial level, technical-level 
communication was largely lacking, which slowed the pace of integration– “… their 
engineer never talked to my engineer. I only talked to their manager.” (Mr. Lijo). 
Ultimately, the issue was resolved when proper communication took place. In this 
regard, Mr. Lijo explains: “…. they had to redo it, but then I guided them how to do 
it or how to use API properly, but, in any case, the second time, everything was OK.”

Operational alignment is another facet that complements structural alignment. It 
focuses on the flow of activities and processes involved (Maes et al. 2000; Peng et 
al. 2021). This alignment involves all three primary actors in the project—the AI-
based system developer, the warehouse, and the ERP developer—emphasizing the 
importance of triadic collaboration. Furthermore, communication is a central ele-
ment in achieving operational alignment (Luftman et al. 1999; Maes et al. 2000). 
In the long term, another essential aspect of operational alignment is ensuring the 
continuous, optimal functioning of the AI-based system in the warehouse, achievable 
through technological maintenance. Kairos has included maintenance service costs 
in its monthly subscription fee.

Despite its importance, operational alignment has encountered challenges related 
to changes in the documentation approach. “There was a process of reading and 
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perceiving the documentation provided by the program. Because we switched to a 
different documentation from the documentation we were used to, that part was a bit 
difficult, if you recall…. Our flow of using the program has also changed. How we 
normally transcribe in the program differs from how we transcribe now. The answer 
given by the program is different.” (P1). Such challenges are, to an extent, natural, 
given that adaptation often accompanies change (Turienzo et al. 2024). Nevertheless, 
training is important for enhancing workforce usability of new technology (Büyüköz-
kan and Göçer 2018). In this case, training supports understanding the new format 
of documents (checklists) generated by the AI-based system. The more effective the 
training, the easier it is to utilize the technology’s features (Davis et al. 1989; Zirar 
2023). Conversely, as technology becomes easier to navigate, less intensive training 
is required. For this project, moderate training has been sufficient to enable effective 
use of the AI-based system. “In general, you need training for this. But the learning 
process was easy, there is nothing very challenging” (P3). Select was responsible 
for training Sienzi’s employees on using the system– specifically, on interpreting the 
new checklists generated by the AI-based system. This responsibility stemmed from 
Select and Sienzi's long-term relationship, their proximity within the same city, and 
Select’s role as the first to receive and communicate the new document format from 
Kairos after the setup process. Select conducted training sessions for Sienzi employ-
ees, who then further developed their skills through practice. Subsequently, new hires 
at Sienzi gained proficiency by learning from experienced colleagues. This reflects 
effective communication and triadic collaboration among the three parties to meet 
training needs and address the complexities introduced by changes in documentation.

Another critical factor in the success of the AI-based system in the warehouse per-
tains to strategic alignment, which focuses on ensuring that the adopted technology 
aligns with the broader goals and strategies of the business across different sectors 
(Peng et al. 2021). As cited in Gerow et al. (2014), Chandler (1962) defines strategy 
as determining an enterprise’s mission/goals and adopting actions to achieve them. 
In this context, strategic alignment addresses the match between adopted/adopting 
technology and the enterprise’s goals that it seeks to serve.

Henderson and Venkatraman (1999) contend that strategic alignment involves 
two domains: strategic fit and functional integration. Strategic fit includes business 
strategy and IT strategy—that is, how IT strategy can enhance or shape the business 
strategy. Functional integration refers to the importance of maintaining coherence 
between technology’s capability and the organizational settings. In our case, although 
the strategic fit was not a major issue, there was a lack of coherence between the 
business-wide setting and technology’s capability, manifested specifically in sorting 
complications.

Traditionally, Sienzi was picking items order by order, unloading them at the col-
lecting area (i.e., where the distribution company picks up the items), then labeling 
the unloaded products for the distributor to identify them and put them in the trans-
portation vehicle. The AI-based system provides Sienzi with the picking sequence 
based on the proximity of the stored items' locations, and the system combines/
batches orders from different customers. With these changes in the picking logic, the 
traditional labeling approach involving product labeling in the collecting area was no 
longer effective. This was because products were picked in a mixed manner, and the 
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picker in the collecting area could not recognize each product in the pool of mixed 
products. Consequently, with this traditional approach, time was wasted on sorting 
each product and labeling it correctly, causing the sorting complication. According 
to P1: “However, in projects with shipments to different points, after joint collection 
(batching), they (parcels) need to be separated during shipment… We lose the time 
we save on the shelf while sorting during the loading process to the car in picks 
with different shipment destinations.” The AI-based system’s capability for batching 
aimed to achieve time saving. However, it resulted in the need for additional time and 
more space in the sorting phase, leading to incoherence and complications with func-
tional integration. This can be attributed to Sienzi’s poor pre-implementation busi-
ness review of possible technology-driven alterations in the warehousing process. 
Another causal factor is related to the lack of joint planning, which is beneficial in 
achieving a clearer picture of the wide impact of the AI-based system on the activities 
and on the possible technological complementarity in tackling the unwanted sorting 
complication. Joint planning allows the perspectives of each side to be brought closer 
together, fostering collaboration and creating opportunities to enhance the configura-
tion of the technology for a better fit with the business. In this regard, Mr. Lijo states 
that: “Software-wise, we can rearrange the sorting and that is certainly what I meant. 
We could do it before doing the batching, which would be slightly less improved…. 
So, this is the part I was saying upon the integration of process; if we did discuss 
how they would like to do it, including the possibilities that are in the system, we 
could have implemented it and to get a result. Right? And this was the missing part, 
but if you understand and design the system that is optimal for it….” The third ele-
ment pertains to the lack of robust communication from Sienzi's side. Sienzi could 
have informed Kairos of the operational steps throughout the picking process, which 
potentially could have foreshadowed the sorting complication. Sienzi perceived the 
poor communication and other deficiencies as partly connected to the latest global 
pandemic. As the project coincided with the COVID-19 pandemic, Sienzi was hit 
with hectic work routines. First, the pandemic led storing companies to want to keep 
their stocks in the warehouse because their usual demand was affected, intensify-
ing warehouse operations. Then, employees were contracting COVID-19, putting 
pressure on other staff to fulfill outstanding tasks. Moreover, they could not dismiss 
staff due to regulations that imposed financial restrictions on hiring new personnel. 
They were busy struggling to create an effective schedule and, hence, experienced 
a shortage of time. All these factors contributed to poor communication and pre-
implementation weaknesses. The fourth attributing element is related to the limited 
understanding by Kairos of Sienzi’s operational dynamics. Kairos has customized a 
system to improve the picking process in Sienzi’s warehouse. This customization is 
associated with comprehending various contextual elements in Sienzi’s warehouse, 
such as the frequency and setup of customer orders, facility layout planning, and the 
existing technological environment. The operational procedure specific to Sienzi was 
among the topics that Kairos could have sufficiently understood, which would have 
led to foreseeing the sorting complication.

To address the issue, Sienzi later changed the labeling approach to reduce time 
wastage in the collecting area. In this new approach, Sienzi labeled the products while 
picking (the labels include the product order number). This adjustment ensured that 
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products picked in batches arrived at the collecting area with labels already attached, 
thereby speeding up the sorting process. This can be included in business process re-
engineering (Patrucco et al. 2020), which involves modifying the picking and sorting 
activities that have contributed to resolving the sorting complication.

Regarding re-engineering and adjusting the business for technological adoption, 
Sienzi had the possibility of adding an extra tunnel to the warehouse’s layout, which 
would have allowed system-driven route optimizations to provide higher yields. 
Nevertheless, it refused to do so. Two challenging elements are associated with this 
refusal: (i) costs; (ii) resistance to change.

Concerning the first element, there are costs associated with business adjustment 
that Sienzi could have incurred, reducing the attractiveness of making changes. The 
construction of a tunnel for route optimization costs both time and money. A tun-
nel, though well located, occupies space, and Sienzi argues that space is of critical 
importance. In some projects, it needs to maximize space utilization given the large 
number of products stored in the warehouse. It contends that, in those projects, losing 
storage space would cause economic loss. In addition, there are implementation and 
subscription fees associated with the AI-based system. These costs add to the overall 
list of expenses that need to be considered by the company.

Moreover, this refusal may be affected by the degree of resistance to change. The 
chaotic period of the pandemic and its impact on post-pandemic daily workloads 
caused staff members to experience fatigue and excessive stress. Consequently, they 
is an inclination to resist any alteration to their work routines, including initiatives 
such as building an additional tunnel on the warehouse site.

In the initial phase following the introduction of AI-based order picking, another 
instance of resistance emerged. Despite ultimately recognizing the benefits of the 
AI-based system for their well-being, initially pickers were reluctant to use it. This 
was attributed to the system's detailed instructions on the routing process and pick-
ing sequence, leading employees to feel that their freedom in picking was now 
constrained, whereas before they could decide on the traveling routes and picking 
sequences themselves. This reluctance among pickers hinders the adoption of AI sys-
tems for organizations due to certain fears such as loss of job, autonomy and control, 
which may threaten potential long-term benefits of such technologies (Zirar 2023).

Given a strong commitment and will at managerial level, many barriers can be 
overcome more effectively by allocating more resources. Mr. Lijo explains: “They 
did not look even in the basics. I mean, it’s very easy to see the way they are operating 
in the printout and so on…. it’s like the 90 s or 80 s. It’s very basic. So, there are many, 
many more things you could do, but it also comes with the cost of rearranging every-
thing and stopping their operation and all. You heard the guy was saying he was even 
reluctant to put the tunnel because, you know, he loses the space there…. So it’s just 
a matter of thinking holistically and being able to accept the changes. So, I mean the 
optimization can do it in many ways. The structural change, or item location or even 
process change, there are many ways to do the thing.” The importance of considering 
costs associated with AI-based systems, as well as the role of managerial willingness, 
has been highlighted in the pertinent literature (see Merhi 2023).

Furthermore, there is the critical success factor of data privacy. As customer 
orders are now accessible to Kairos, there is a need for permission to share data and 
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to consider privacy issues. There is also a confidentiality agreement with customers. 
In this regard, P1 explains: “We had to share some documentation to make the system 
usable. We had to let you see the products of various companies, we had to share 
some information. We did this with the permission of our companies.” In addition, 
data privacy-related matters are dealt with according to government and corporation 
regulations: “We work within the scope of the law on the use of personal data.” (P2). 
Despite the importance and challenging nature of privacy and security in the realm of 
Industry 4.0 and advanced technologies at supply chain level (Szozda 2017; Luthra 
and Mangla 2018), in our case, there seems to be no significant complications.

In summary, this study identifies several benefits of the AI-based system for 
improving the warehousing process. Additionally, a set of critical success factors, 
along with associated challenges, is identified. While this section has outlined the 
benefits, challenges, and critical success factors along with supporting arguments, 
the following section synthesizes these results into integrated insights by discussing 
their multifaceted components.

6  Discussion

This section provides an integrated discussion of both qualitative and quantitative 
findings, organized by key themes—benefits, challenges, and critical success fac-
tors—in adopting an AI-based system. Rather than separating the findings by data 
type, this approach synthesizes both under each theme, offering a more cohesive 
interpretation. With this approach, our discussion aims to provide deeper insights, 
drawing on the complementary nature of the quantitative and qualitative analyses.

6.1  Benefits

Utilizing the possibilities inherent in AI-driven solutions can be valuable to achieve 
operational excellence in the warehouses (see, Secundo et al. 2024). Several benefits 
identified in this study—travel distance and time reduction, improved documenta-
tion, positive environmental impact, cost reduction, higher order-picking simplicity, 
higher order-picking accuracy, and improved employees’ well-being– demonstrate 
the potential for AI-based new technologies to improve warehouse operations (Mah-
roof 2019; Ali et al. 2023; Cano et al. 2023; Pasparakis et al. 2023). The benefits 
identified in this study can transform the warehousing process through operational 
refinement and help overcome a set of common logistical challenges faced in the sup-
ply chain networks utilizing data-driven optimization (Turienzo et al. 2024). Among 
these benefits, travel distance and time reduction were further examined using a 
quantitative approach.

Although time reduction was non-significant, it can be inferred that time could be 
estimated in relation to the distance and speed. This non-significant time reduction 
result does not undermine the outcome because reductions in distance can eventu-
ally contribute to time savings with the help of other improvements. The findings on 
reductions in travel distance and travel time suggest that the order-picking efficiency 
can be improved by AI-based batching optimization. These findings align with prior 
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research emphasizing the importance of order batching and using AI to enhance pick-
ing efficiency (Kuhn et al. 2021; Cergibozan and Tasan 2022; Zhou et al. 2023).

The qualitative results highlighted additional benefits not captured through quan-
titative measurements. This study suggests that certain advantages contributed to the 
development of other benefits. In addition to routing optimization, improved docu-
mentation emerged as a significant benefit, leading to reduced paperwork complexity 
and volume. The combined effects of improved documentation and reduced travel 
distance/time, achieved through batching, helped to increase the simplicity of order 
picking and enhanced employee well-being. As a result of more efficient routing, 
simplified picking processes, improved documentation, and enhanced employee 
well-being, picking accuracy increased, and errors decreased. Furthermore, the 
reduction in time, distance, and paperwork, alongside improved picking accuracy, 
had positive environmental implications. Paper usage decreased, and machines or 
trucks were utilized less frequently, leading to lower fuel consumption and longer 
machines lifetime. Finally, costs were reduced due to decreased energy consumption 
from reduced truck travel, lower truck maintenance from extended machine lifetime, 
decreased labor costs due to faster completion, and reduced stationary costs with less 
paperwork. Hence, it can be argued that these benefits are interrelated, aligning with 
previous literature (see, for example, Frederico et al. 2020; Dolatabad et al. 2022; 
Cano et al. 2023).

From a TOE theory perspective, it is evident that all AI-based system-derived 
benefits generally target both internal and external environments due to their inter-
connected nature, where one benefit can play a key role in the creation of another 
(Schwaeke et al.. 2025). However, in terms of the direct impact, cost reduction, 
improved documentation, higher order-picking simplicity, and enhanced employee 
well-being are primarily internal benefits because they largely affect the inside of 
the warehouse. These benefits focus on improving internal processes, reducing costs, 
and enhancing working conditions within the warehouse. Conversely, the positive 
environmental impact primarily pertains to the external context. This benefit aligns 
with overall sustainability goals and potential compliance with environmental laws 
and regulations established by governing bodies, and it highlights the broader exter-
nal implications and consequences of AI-based systems. For benefits such as reduced 
travel distance and time, along with higher order-picking accuracy, it can be affirmed 
that these have effects in both the internal and external contexts. Internally, these 
benefits positively impact picking activity, performance, and efficiency within the 
warehouse. Simultaneously, they enhance the external context by enabling more reli-
able and higher-quality customer service.

In the TOE theory, the technological context refers to the characteristics and attri-
butes of the technology itself (Wang et al. 2010; Abed 2020). For AI-based systems in 
Sienzi operations, the technological context includes elements such as the perceived 
benefits that the system brings to the warehouse. Leveraging AI advancements pro-
vides the warehouse with a range of benefits that positively impact various aspects of 
its operations (Turienzo et al. 2024). These benefits include cost reduction, improved 
documentation, enhanced employee well-being, reduced travel distance and time, 
simpler and more accurate order picking, and positive environmental impacts. In this 
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case, all these benefits are made possible by advancements in AI technology. These 
findings align with Sodiya et al. (2024) regarding AI’s role in warehouse automation.

6.2  Critical success factors and challenges

It is important to note that identified challenges in this study can be considered as crit-
ical success factors in the broader context of AI technology adoption (Marchet et al. 
2015; Lee et al. 2018; Custodio and Machado 2020; Peng et al. 2021). If these chal-
lenges are effectively addressed, they can substantially enhance the opportunity to 
achieve the targeted outcome driven by the AI-based system. Challenges are a set of 
critical success factors that have faced complications throughout the process. Thus, 
we propose that strategic alignment, structural alignment, operational alignment, data 
privacy, technology usability, costs considerations, and degree of resistance or will-
ingness to change are all critical success factors. However, strategic, structural, and 
operational alignments have faced specific barriers within their subsets. These barri-
ers, along with cost considerations and resistance to change, account for challenges 
that have hindered the path toward optimal utilization of the AI-based system.

This study provided strong evidence for the critical role of strategic alignment 
in AI-based system adoption, particularly through strategic fit, functional integra-
tion, and business process re-engineering. Strategic fit centers on the implications 
of IT strategy for business strategy (Henderson and Venkatraman 1999) demonstrat-
ing, in our case, a reliable match between what the warehouse demanded from such 
an adoption and what the technology has delivered. The AI-based system success-
fully aligned with the warehouse's broader strategic goals. This alignment illustrates 
how technology's capabilities reinforce strategic objectives, which is particularly 
evident in the improvements related to order = picking efficiency and accuracy, as 
discussed previously. However, functional integration encountered notable complica-
tions. Functional integration refers to maintaining coherence between technology’s 
capability and the organizational setting (Henderson and Venkatraman 1999). In our 
case, the batching capability enabled by the AI-based system combined with Sienzi’s 
traditional labeling approach underpinned the incoherence between two closely con-
nected activities of the warehousing process: picking and sorting. This incoherence 
was resolved when Sienzi adjusted its labeling approach.

In this paper, we associate such incoherence with four elements that hindered the 
functional integration:

1.	 Poor pre-implementation review of the business/warehouse landscape, which 
led to an incomplete picture of the internal operations and processes within the 
warehouse. Conducting such a review could have identified the upcoming sorting 
problem and, hence, helped to prevent it.

2.	 Lack of joint planning involving both Kairos and Sienzi: joint planning would 
enable the warehouse team to better understand the impact of the AI-based sys-
tem, clarify expectations in advance, and elaborate on the specificities of its 
activities. This process could have potentially highlighted upcoming sorting 
issues. On the other hand, Kairos could propose possible technological solutions 
to prevent such an outcome.
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3.	 Lack of robust communication: Achieving functional integration (i.e., strategic 
alignment) requires extensive communication, which was largely overlooked.

4.	 Limited understanding of Kairos regarding the operational dynamics of Sienzi: 
as a technological solution provider, it is incumbent on Kairos to have an astute 
comprehension of the operations in the hosting environment. A deeper under-
standing of Sienzi’s operations could have been beneficial in avoiding such 
complications.

Moving on to the next point, structural alignment involves achieving architectural 
integration (Peng et al. 2021), which in our case refers to the alignment between the 
architectures of the warehouse’s existing technologies and the AI-based system, par-
ticularly in terms of technological interoperability. In this study, such interoperability 
was a key goal, specifically between the AI-based system and the warehouse’s ERP 
system. Without interoperability and the establishment of the API linking them, the 
AI-based system would have been unable to deliver the promised performance. To 
address this need, communication between Kairos and Select became vital for devel-
oping a suitable API to establish the required connection between the technologies. 
However, due to internal challenges within Select, direct technical communication 
between these two actors was lacking, resulting in delays in achieving integration.

Communication also plays a crucial role in operational alignment. This type of 
alignment centers on the coordinated flow of operations to achieve success (Maes 
et al. 2000; Peng et al. 2021), which refers to maximum utilization of the AI-based 
system for Sienzi’s picking activity. To achieve operational alignment, effective com-
munication and collaboration are essential between Sienzi, Kairos, and Select. In 
addition, technological maintenance is critical for sustaining operational alignment 
over time. The results indicate difficulties in understanding the new checklist gener-
ated by the AI-based system, highlighting a challenge stemming from changes in the 
documentation approach. This was revealed because the new checklists differed in 
format from Sienzi’s traditional checklists. To address this challenge, the triadic col-
laboration of Kairos, Sienzi, and Select was instrumental in providing the necessary 
training and education to help the pickers to successfully read and understand the 
new checklists.

In general, technology-business alignment focuses on sustaining a symbiotic rela-
tionship between business and technology to generate competitive benefits (Duffy 
2002, as cited in De Haes and Van Grembergen 2009). It is marked in the literature as 
important in achieving business goals (Luftman 2004; Alaeddini et al. 2017), and this 
paper is in line with previous literature on the importance of alignment. In addition, 
Peng et al.’s (2021) categorization of alignment into strategic, operational, and struc-
tural elements aligns well with the empirical evidence of this research. An important 
component of alignment is communication (Maes et al. 2000; Luftman 2004). In our 
case, communication was a crucial factor in all three strategic, structural, and opera-
tional alignments. This supports Luftman et al. (1999), who state that all alignment 
elements are important, but none of them matter if effective communication is absent. 
In the case of structural and strategic alignment, communication has been impaired, 
leading to the emergence of challenges. However, to achieve operational alignment, 
proper communication helped in overcoming the relevant challenge.
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Data privacy is the next critical success factor (Szozda 2017; Luthra and Mangla 
2018; Sodiya et al. 2024). In this case, no issues related to data privacy were identi-
fied. This may be due to three data privacy concerns addressed by the actors involved. 
First, permission was obtained from the parties involved to share the generated data, 
and it appears that an established mechanism was in place for this purpose. Second, 
a confidentiality agreement was approved by partners, and a non-disclosure agree-
ment (NDA) was signed. Third, privacy matters were managed in accordance with 
established regulations and laws.

A specific challenge concerned the issue of costs. Analysis and discussion of ben-
efits revealed how the AI-based system contributed to cost reduction. Nevertheless, 
results indicate that certain costs arise, related to warehouse expenses, which can 
offset the cost savings achieved. First, using the AI-based system incurs subscription 
fees, which Sienzi must bear in addition to the implementation fee. For continuous 
use of the AI-based system, Sienzi has to pay a monthly subscription fee. Second, the 
warehouse incurs costs associated with adapting its operations to maximize the sys-
tem’s benefits. These results highlight the importance of balancing initial and setup 
costs with achieved cost savings to create a cost-effective warehouse management 
strategy (Kalkha et al. 2024). As previously discussed, simulation results indicate that 
adding an extra tunnel in the warehouse can lead to a further reduction of 13.91% in 
travel distance. However, this tunnel was not implemented due to the additional costs 
and potential economic loss involved in configuring such a layout.

Another challenge noted in this study is resistance to change. Throughout the proj-
ect, instances of resistance emerged regarding both the tunnel construction and the 
new approach of fully instructed routing. The resistance to the former arose from 
employee fatigue due to heavy workloads, making them reluctant to embrace change 
in their daily work routine. The resistance to the latter stemmed from an initial per-
ception that the instructed routing approach limited their freedom in the picking pro-
cess. Similarly, the previous literature has emphasized the impact of socio-technical 
factors on resistance to change (Hagström et al. 2023).

Finally, managerial commitment was identified as another critical success factor 
in this study. Management commitment is an important element that can significantly 
contribute to change management (Kumar et al. 2021). In this case, a firm commit-
ment from Sienzi's management to undergo technological and process transforma-
tions in their warehouse was observed. Therefore, this element is not regarded as a 
challenge. However, in the case of tunnel construction, a more robust commitment 
might have motivated the management to conduct an inquiry. Such inquiry could 
have focused on identifying a suitable approach to construction, optimizing space 
utilization, and analyzing associated costs and benefits from both short- and long-
term perspectives before deciding against building the tunnel.

From the perspective of TOE theory, strategic, operational, and structural align-
ments address both internal and external contexts due to the involvement of at least 
two parties. These alignments also target the technological context. Specifically, 
strategic alignment includes technological attributes that support business strate-
gies, operational alignment involves elements such as technological maintenance, 
and structural alignment focuses on the interoperability of technologies, highlighting 
their technological characteristics.
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Data privacy spans the internal, external, and technological contexts. Since data 
flow is inherent to the AI-based system, its relevant privacy considerations extend 
beyond the boundaries of a single party. Adjustment costs are specific to the internal 
context, depending on the unique characteristics of the warehouse. Implementation 
and subscription costs extend from the internal context into the external context. This 
is because the implementation and subscription costs require engagement with an 
external party—the AI-based system provider—and depend on its pricing model to 
provide the technology. While some costs relate to fees for utilizing the technology, 
they do not directly stem from the technology itself, placing them outside the tech-
nological context. Resistance to change also relates to the internal context because 
it mainly centers on the internal situation of the warehouse. Moreover, resistance to 
change relates to the technological context due to socio-technical motivators of resis-
tance. Lastly, managerial commitment is relevant to the internal context. The main 
findings of the study discussed in this section are summarized in Fig. 2.

By categorizing the challenges and critical success factors into technological, 
internal, and external contexts, these findings align with the TOE theory framework, 
illustrating how various factors impact the adoption and effective use of the AI-based 
system in Sienzi.

7  Implications for literature and theory

The findings of this study provide empirically driven insights into the positive impact 
of the AI-based system on the warehousing process, as well as associated challenges 
and critical success factors. These insights can offer valuable contributions to research 
efforts, addressing the common case of AI projects’ failure or underperformance (see 

Fig. 2  Summary of the qualitative and quantitative analyse

 

1 3

3531



F. F. Rad et al.

Rayome 2019; Zhang et al. 2021). This contribution is further amplified by the dearth 
of research on AI use cases in the warehousing context (Mahroof 2019; Custodio and 
Machado 2020).

Furthermore, the study clusters the benefits, challenges, and critical success fac-
tors into internal, external, and technological contexts, consistent with the TOE 
framework. This clustering helps identify the contextual elements influencing deci-
sions related to technological adoption and usage (see, for example, Ali et al. 2024). 
By drawing on the TOE framework, the study builds on the existing theoretical foun-
dation of this domain (see, for example, Baker 2012) and provides avenues for future 
research.

Additionally, by identifying the benefits, challenges, and the TOE contexts to 
which they correspond, this study supports the sensing component of dynamic capa-
bilities theory. These identified themes contribute to forming the judgment necessary 
for the subsequent seizing component. Similarly, identifying the critical success fac-
tors and their corresponding contexts bolsters the transformation component because 
it effectively clarifies key elements for the alignment process.

Moreover, by employing both quantitative and qualitative methods, the study 
offers a comprehensive examination of the central elements involved in order-picking 
activity. The mixed-methods approach—integrating quantitative analysis with quali-
tative insights—strengthens the validity of the findings. This triangulated approach 
provides researchers with a broader and more precise understanding of the topic. 
Furthermore, the use of the Gioia method for qualitative analysis ensures more robust 
and reliable qualitative results, addressing potential criticisms related to data cherry 
picking in qualitative research.

Ultimately, this study emphasizes the importance of comprehensive technological 
investigations by tapping into the benefits, challenges, and critical success factors. 
This approach aims to avoid a fragmented body of literature in this area and promotes 
a more holistic understanding of the implications of the advanced technologies in 
the context of Industry 4.0 (see, Ali et al. 2024). As technologies grow increasingly 
complex and often overlap, the technological ramifications and implications need to 
be addressed robustly.

8  Practical implications

By examining the upsides, downsides, and critical success factors associated with 
AI technology in the warehousing context, this study has explored multiple facets of 
such projects, thereby facilitating more informed decision making for managers and 
practitioners. This, in turn, can improve their ability to manage the specific demands 
of similar technological adoptions and usages. The study’s focus on the picking activ-
ity within the warehousing process is particularly significant because it represents 
one of the costliest operations in the relevant domain (Coyle et al. 1996; de Koster et 
al. 2007; Richards 2018). The insights gained from this research offer valuable guid-
ance for warehouse managers seeking to optimize their picking operations and fully 
leverage the benefits of AI-based systems.
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This study identified several benefits of using an AI-based system in the order-
picking activities of a warehouse. Reducing the travel distance and travel time 
required for order picking is a vitally important outcome, given the costly nature of 
this activity. Additionally, implementing the AI-based system offers further benefits, 
such as a positive environmental impact and improved employee well-being. These 
additional benefits, although significant, are not always on the radar of adopters, as 
evidenced by the fact that they were neither anticipated nor explicitly targeted by the 
stakeholders involved.

Furthermore, adopting a new technology often requires alignment with organiza-
tional and structural changes. The alignment process can be accompanied by chal-
lenges that may hinder the technology’s full potential, as indicated by the challenges 
identified in this study. In this regard, critical success factors, such as managerial 
support, can facilitate the alignment process, smoothing transitions and fostering a 
mindset of openness that helps overcome obstacles. These challenges and critical 
success factors may be somewhat generalizable to warehouses with characteristics 
similar to those described in the case study. If appropriately addressed by manage-
ment, implementing AI in the warehouse can significantly enhance operational effi-
ciency and improve overall performance.

9  Conclusion, limitations, and recommendations for future research 
avenues

Based on the analyses and discussions in this paper, seven benefits have been identi-
fied as a result of using the AI-based system in Sienzi. Among these benefits, one 
central dimension related to travel time and distance was quantitatively measured 
using two indicators. Both qualitative and quantitative findings indicate a positive 
impact of the system on this dimension, enhancing research validity by confirming 
results using multiple methods. Furthermore, it was observed that the benefits are 
interrelated, meaning that the emergence of certain benefits contributes to the devel-
opment of other benefits.

Additionally, our findings identified challenges and critical success factors, which 
respectively hinder and facilitate the full exploitation of the AI-based system in the 
warehouse. It was noted that all identified challenges also serve as critical success 
factors, having encountered impediments throughout the process. Strategic, struc-
tural, and operational alignments fall into both critical success factors and challenges 
because certain subsets within these alignment types have been associated with com-
plications. This places them not only among the facilitating themes but also, from 
specific sub-angles, among the hindering elements.

Moreover, while this study focuses on a single case in Türkiye, the findings may be 
generally applicable to the global warehousing industry for several reasons. First, the 
statistical evaluations of quantitative measures, particularly the significant reduction 
in distance (p = 0.001) and the near-significant reduction in travel time (p = 0.056), 
demonstrate robust and reliable results. These findings suggest that the observed 
effects are not due to random variation, which enhances the study's replicability. Rep-
licability is foundational for generalizability because consistent and reliable results 
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are prerequisites for applying findings to broader contexts. Additionally, the detailed 
information on key actors in this technological transition, as well as details of the 
interviews, such as durations and interviewees’ positions, provides a foundation for 
comparisons in future studies. The use of the Gioia approach offers transparency in 
transforming raw interview data into final themes, which can be used for comparative 
purposes in future research. These factors enhance the relevance and applicability of 
this study’s findings to other research settings with similar characteristics.

Although this study provides valuable insights into the adoption of AI-based sys-
tems in warehouses, several limitations should be acknowledged, and potential ave-
nues for future investigation proposed. First, the empirical setup of this paper focuses 
on a single case study, which may limit the generalizability of the findings to other 
contexts despite the statistical significance of the quantitative results, Gioia approach, 
and triangulation design used in the methodology. To increase the robustness and 
applicability of the results, future research should aim to incorporate case studies 
from different industries and regions, thereby establishing a stronger foundation for 
validating the findings and broadening the applicability of the study’s findings.

Second, this paper focuses on a technological system driven by AI and supple-
mented by cloud and simulation technologies to optimize routes in order-picking 
activity. Future research could benefit from exploring other warehousing technolo-
gies that can enhance picking activities, laying the foundation for a more robust body 
of literature in this area.

Third, the specific context of Sienzi and its predominantly Turkish workforce 
could influence the emergence of certain themes. For instance, the critical success 
factor of data privacy may be associated with different outcomes when involving 
other actors from different locations. Similarly, the challenge of resistance to change 
may vary in cases with different socio-economic characteristics. Consequently, future 
research could explore similar setups in different geographical locations and with 
diverse employee demographics to determine the cross-cultural implications of the 
identified benefits, challenges, and critical success factors.

Finally, this study was limited to a quantitative examination of travel distance and 
time, excluding other benefits, challenges, and critical success factors from quan-
titative assessment. Moreover, the findings from the qualitative study suggest that 
benefits, challenges, and critical success factors are related to each other. Therefore, 
future research could expand the quantitative analysis to include a broader range of 
dimensions in order to gain a more comprehensive understanding of their impact on 
warehouse operations.
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