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Abstract 
 

Low-cost digitalisation encompasses the use of low-cost (or free) hardware and software 

components that can be effortlessly integrated to create solutions. These (digital) solutions are 

usually simple, standalone, and support-oriented, thus keeping the total cost of deployment low.  

Because of its low cost, this type of digitalisation is an appealing alternative for small and 

medium enterprises (SMEs) willing to digitalise.  This is because SMEs usually face financial 

limitations that affect their ability to digitalise; an issue that is further exacerbated by the 

uncertainty of the economic impact on their performance. Thus, making available low-cost digital 

solutions and economic figures of their impact are two key actions that may boost digitalisation 

in SMEs. 

In the literature, some studies have indeed addressed the economic impact of digitalisation on 

SMEs; however, logistics SMEs have received little attention. In fact, most of the studies in this 

field have focused on manufacturing only. Moreover, most of the studies that explore the 

economic impact of digitalisation on the logistics sector have made no distinction between SMEs 

and large companies, or between low-cost and non-low-cost technologies; hence, overshadowing 

the unique digitalisation needs of logistics SMEs. As a result of this and factors such as the high 

upfront costs, logistics SMEs digitalise at a slower pace than their larger counterparts, potentially 

missing out on important economic benefits.  

In response to these limitations, this thesis aims to put a dollar value on the impact of low-cost 

digitalisation on the performance of logistics SMEs. By doing so this thesis will not just bridge a 

gap in the literature but also contribute to tackling the slow digital adoption in this sector. For this 

purpose, this thesis determines the highest-priority digital solution area for UK logistics SMEs 

and uses it as a proxy for digitalisation. Furthermore, this thesis develops a novel approach to 

quantify the impact of this priority solution using rigorous analytical methods. Finally, this thesis 

demonstrates the economic impact of low-cost digitalisation through a series of case studies.  

This thesis shows that low-cost digitalisation unlocks important cost savings for logistics 

SMEs.  This is so because low-cost digitalisation reduces uncertainty in operational decision-

making and enables a timely reaction to unforeseen events that may affect operations. Moreover, 

this thesis shows that the resulting cost savings are not significantly affected by moderated drops 

in the accuracy and timeliness of the information of low-cost digital solutions; however, they may 

be affected by issues of reliability and system parametrisation.   

 The findings of this research are useful for logistics SMEs, policymakers, and researchers 

alike. For logistics SMEs, the research findings are useful to quantify the economic impact of 

digitalisation in their unique industrial settings.  For policymakers interested in facilitating 

digitalisation in logistics SMEs, the economic results of this thesis are a strong support to this 
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initiative. Finally, for researchers, the findings open interesting avenues for further research in the 

interface between digitalisation, supply chain management, and information theory.  
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Chapter 1 

Introduction 
 

 

Logistics Services Providers (LSPs) play an important role in supply chains by offering 

transportation, warehousing, and value-added logistics services. While rapid 

technological innovations in the realm of digitalisation pose major opportunities for LSPs, 

the level of digital adoption across the sector varies broadly. Small-and-Medium-sized 

Enterprises (SMEs) within the logistics sector tend to digitalise more slowly relative to 

larger providers. As a result, LSP SMEs are less competitive and more vulnerable in the 

market, which is an issue of concern given that most LSPs are SMEs (IBISWorld, 2023). 

Furthermore, the literature fails to provide solutions to this problem tailored to the 

needs of LSP SMEs. Therefore, this thesis aims to tackle this problem. Specifically, this 

chapter delves into the significance of this problem and provides a roadmap to addressing 

it. The chapter is organised into four sections:  Section 1.1 discusses the research context; 

Section 1.2 covers the significance of the problem; Section 1.3 outlines the research 

objectives in line with the problem; and Section 1.4 details the pathway to achieve these 

objectives throughout the thesis. 

 

1.1 Research context 
 

Having motivated this research, we now provide the necessary context to understand 

the problem of the slow digital adoption in LSP SMEs. Specifically, we aim to clarify the 

scope of logistics management and its interface with digitalisation. Thus, this is the role 

of this section. 

Logistics management is a business function that plans, executes, and monitors the 

storage of materials, their flow to and from an organisation, and their related information 
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during the process of meeting customer needs (CSCMP, 2024). It encompasses 

transportation, distribution, warehousing, and other activities such as network design and 

inventory control. Moreover, it involves the planning and supervising of reverse logistics 

activities such as return management and product recovery (Carter & Ellram, 1998; Rubio 

et al., 2008). 

The companies whose core business is centred around logistics management are known 

as Logistics Service Providers (LSPs). Examples of these providers include Third-Party 

Logistics companies (3PLs), Freight Forwarders, Carriers, and Warehouse providers, as 

well as Courier, Express, and Parcel companies (CEPs) (Tipping & Kauschke, 2016). 

For LSPs a key resource in the quest for more effective logistics management is 

digitalisation. Digitalisation refers to the use of tools and information to generate or 

extract value in innovative ways (Gobble, 2018). The applications of digitalisation in 

logistics are vast. For instance, digital technologies like barcode scanning and Radio 

Frequency Identification (RFID) have been widely used to locate assets in internal 

operations (Kelepouris & McFarlane, 2010) or to track orders across the supply chain 

(Gaukler et al., 2008). Likewise, sensors, single-board computers, and wireless networks 

have made it possible to obtain real (or near-real) time information in logistics processes 

(Kaiser et al., 2024). More recently, the advent of Machine Learning & Artificial 

Intelligence has made it possible to turn the data stored in transactional software like 

Enterprise Resource Planning (ERP) systems into valuable information for decision-

making (Jawad & Balázs, 2024). These applications show that the logistics industry can 

benefit significantly from digitalisation.  

 

1.2 Research problem and significance 
 

Having introduced the necessary background definitions, we now move to discuss the 

problem in greater detail. As mentioned, LSP SMEs are lagging behind their larger 

counterparts when it comes to digitalisation, thus potentially losing benefits for their 

operations (Overvelde, 2021). These companies also lag behind SMEs in other sectors. 

For instance, Ri & Minh Luong (2021, p. 26) found that SMEs in the transport & 

distribution sector rank fourth in the UK for digitalisation, when this is measured in the 

number of digital technologies in use, trailing behind sectors like construction and 

manufacturing. 
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This slow technology adoption in LSP SMEs relative to larger firms is consistent with 

a more general trend in the behaviour of SMEs. Recent studies in OECD countries suggest 

that although the COVID-19 pandemic accelerated digitalisation in SMEs, the gap in 

digitalisation between SMEs and large enterprises is increasing (OECD, 2021, 2023). 

This also widens the gap in competitiveness between SMEs and larger enterprises. 

Limited digital adoption is particularly concerning given that most companies in those 

countries are SMEs and the important role they play in the supply chains of larger 

companies (OECD, 2021). 

This observation on the importance of SMEs holds true for the UK LSP sector. This 

sector contributed to the UK economy with £163 billion in 2022 and employed 8.2% of 

the UK workforce in 2023 (Logistics UK, 2023). If we consider that of the 14.000 UK 

LSPs in 2023, most are SMEs (IBISWorld, 2023), the importance of this sector in the 

national economic framework becomes evident, as well as the need to address the slow-

digitalisation-adoption problem. Nevertheless, to objectively justify this claim, we need 

to quantify the economic impact of digitalisation on LSP SMEs.  

If this impact is substantial, policymakers will be incentivised to facilitate digitalisation 

in LSP SMEs in order to grow the economy, while LSP SMEs will have an economic 

incentive to digitalise. Thus, quantifying impact is the meta-aim of this thesis, while 

solving the problem is the immediate aim.   

 

1.3 Research objectives 
 

After presenting the problem and discussing its importance, we now need to address it. 

Nevertheless, to address the problem we first need to understand its causes. Thus, this is 

the subject of this section, which additionally sets specific objectives as milestones in the 

process of addressing the problem. 

To address the problem, we initiated by noting that several factors contribute to slow 

digital adoption in SMEs relative to large companies. Examples of these factors include 

the perception of high upfront cost (Masood & Sonntag, 2020; Tipping & Kauschke, 

2016), lack of technological awareness (Masood & Sonntag, 2020; Türkeș et al., 2019) 

and uncertainty about the benefits of digitalising (Evangelista & Sweeney, 2006). Thus, 

a sensible approach to solving the problem must address these digitalisation barriers. 
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 On the one hand, the lack-of-technology-awareness barrier implies difficulty for SMEs 

to identify digital solutions with the potential to support their business goals, while the 

high-upfront-cost barrier implies a need for affordable digitalisation. Thus, a reasonable 

first objective to accomplish in the process of solving the research problem is: 

 

 

 

On the other hand, the uncertainty about the benefits of digitalising implies a need for 

quantifying the economic impact of digitalisation in logistics activities. This is especially 

important in the UK considering its logistic sector, although optimistic, is very cautious 

regarding capital investment (BDO LLP & Barclays Corporate Banking, 2023). 

Nevertheless, quantifying the economic impact of digitalisation is difficult because it 

encompasses a myriad of digital solutions. Hence, we will use a proxy by identifying the 

highest-priority solution area as selected by UK LSP SMEs, thereby maximising the 

impact of this study. Once identified, we will look to quantify its impact on the economic 

performance of these companies. Therefore, the second objective to accomplish is:    

 

 

 

Clearly, this second objective supports the meta-aim of this thesis—quantifying the 

economic impact of digitalisation on logistics activities. Thus, achieving RO1 and RO2 

can be seen as steps towards not just tackling the problem but also accomplishing the 

meta-aim of the thesis. 

 

1.4 Thesis organisation 
 

Having defined objectives in line with the solution to the research problem, we now 

move to outline the approach to accomplish them. This approach is illustrated in Figure 

1. to enhance explainability. Moreover, the steps in this approach guide the design of this 

thesis, which is organised into 7 additional chapters.  The role of these chapters in the 

solution approach is the subject of this section.  

As this chapter discussed, LSP SMEs digitalise more slowly than large LSPs and this 

is a problem that needs to be addressed. The next logical step is to delve into the causes 

Research objective (RO)1: To determine affordable digital solutions that are a priority for 

UK LSP SMEs based on their business goals. 

 

Research objective (RO)2: To propose an approach to quantify the impact of the highest 

priority solution on the economic performance of logistics activities. 
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of this problem and investigate what researchers have done to address them. That is the 

role of Chapter 2. Moreover, Chapter 2 identifies research gaps in the literature that need 

to be addressed during the process to accomplish the thesis aim. 

Keeping in mind the thesis aim—quantifying the economic impact of digitalisation—

the next step is determining how to do it. The specific objectives provide a roadmap for 

that. First, we will determine digital solutions that are a priority for UK LSP SMEs based 

on their business needs (RO1); and then, we will propose an approach to quantify the 

impact of the most prioritised solution on the economic performance of these companies 

(RO2). Nevertheless, there is a need for data, procedures, tools, and models to accomplish 

these steps. That is the role of Chapter 3, which defines the research design and methods 

to accomplish the objectives. 

Having defined the methodology to accomplish each of the specific objectives, the next 

step is moving into their execution. Chapter 4 deals with the identification of the priority 

digital solution for UK LSP SMEs, thus accomplishing the first specific objective. 

Chapters 5, 6, and 7, on the other hand, deal with the second specific objective which 

concerns impact. Specifically, Chapter 5 defines impact in the context of the highest 

priority digital solution; Chapter 6 develops an approach to quantify the impact of this 

digital solution; and Chapter 7 demonstrates impact using a case study. Finally, Chapter 

8 presents the conclusions of the study.  

 

 

Figure 1 Thesis structure as a roadmap for solving the research problem 
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Chapter 2 

Literature Review 
 

 

The previous chapter determined that, overall, LSP SMEs digitalise more slowly than 

large LSPs, which harms their ability to compete effectively. The previous chapter also 

identified some of the barriers faced by SMEs and argued for the need to quantify the 

impact of digitalisation on LSP SMEs’ performance. As a first step toward this objective, 

we consider if the problem has been addressed in the literature, and what aspects have 

been deemed relevant. This chapter addresses these questions by examining the existing 

literature on digitalisation for business logistics. Concretely, this chapter encompasses 

three primary objectives: 

• To define digitalisation-related concepts that are essential to understanding the 

relevant literature. 

• To determine factors affecting the adoption and impact of digitalisation in the 

context of LSPs. 

• To assess the extent to which the existing literature attempts to quantify the impact 

of digitalisation on logistics operations.   

We will accomplish these objectives through three sections. Section 2.1 will define 

digital technologies and low-cost solutions. Section 2.2 will review the drivers and 

barriers to digitalisation in LSPs. Section 2.3 will review the existing literature that 

addresses the identified digitalisation barriers. Finally, Section 2.4 will discuss limitations 

in the current digitalisation barrier mitigation approaches.  
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2.1 Digital technologies and low-cost solutions 
 

We begin by defining digital technologies and identifying some common technologies 

in the relevant literature (Subsection 2.1.1). Then, we explore the concept of digital 

solutions (Subsection 2.1.2). Finally, we conclude by defining the notion of low-cost 

(digital) solutions (Subsection 2.1.3), which will be critical for the later sections.    

 

2.1.1 Digital technologies  
 

Digital technology refers to a tool which enables the creation and management of 

digital data (Loebbecke, 2006). According to Rice et al. (2020), the term digital 

technology was first introduced in major academic references through the works of Ulrich 

(1968) and Fenik and Stopper (1968), with a focus on computers, automated control 

systems, data flow, and telephone networks controlled by computers. With time, this 

definition expanded to include data collection technologies, such as sensors, barcodes, 

Radio Frequency Identification (RFID) tags and digital cameras; data storage 

technologies, such as Hard Disk Drives (HDDs) and Cloud storage; data analysis 

technologies, such as simulations, Big Data, and Artificial Intelligence; data 

communication and infrastructure technologies, such as Single-Board computers, 

wireless networks, Geographical Positioning Systems (GPS), and servers. Despite their 

different purposes, the use of data encoded into bits (i.e., binary digits) is common to all 

of them, hence their categorisation as digital technologies. 

 

2.1.2 Digital solutions  
 

The literature suggests at least two perspectives when defining digital solutions. In the 

first, a digital solution is the outcome obtained from converting digital data into 

information or actionable insights through the use of digital systems, expertise, and 

methodologies to address a specific requirement (Australian Curriculum: Technologies 

Glossary, 2024). In the second, a digital solution is a system that enables an activity 

through the use of digital technologies (Schönfuß et al., 2021). One limitation of the first 

definition is that it ignores other potential uses for digital data. For example, digital data 
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can be converted into a robot’s action, with no information or actionable insight for a 

person. Indeed, this is the case for most automation solutions. Thus, we adopt the second 

definition for the sake of comprehensiveness. 

Furthermore, the purpose of a digital solution is often called a solution area and is 

independent of the specific technologies involved in (Schönfuß et al., 2021). For example, 

a system that measures water temperature in the production process using sensors, 

wireless transmission, and online dashboards is a digital solution, while its purpose — 

process temperature monitoring —is the solution area. The notion of a digital solution 

area is useful because it is not affected by the changes in digital technologies, thus 

facilitating communication in academic research.   

 

2.1.3 Low-cost Digital Solutions  
 

We can go one step further and discuss low-cost digital solutions. While there is no 

agreement on a definition, traits that help to identify them have been mentioned in the 

literature (Macias-Aguayo, 2021). One of these traits is the low cost of the technology 

components involved in the solution. Salmerón-Manzano & Manzano-Agugliaro (2020) 

refer to low-cost technologies as those that are cheaper than their standard commercial 

counterparts, providing fewer functionalities but enough to be useful.  

A limitation of characterising low-cost digital solutions solely based on technology 

cost is that it does not account for the supplementary expenses associated with its design, 

implementation, and maintenance. McFarlane et al. (2020) have highlighted five essential 

considerations for the development of cost-effective digital solutions in the field of 

manufacturing operations:  

1. Focus on minimising expenses associated with integrating, operating, and 

maintaining the solution. 

2. Concentrate on cultivating solutions required by a substantial number of 

manufacturing enterprises. 

3. Utilise readily accessible software and hardware components that are 

commercially available (i.e., off-the-shelf). 

4. Employ a "building block" methodology to facilitate the integration of various 

technological components. 

5. Utilise an "incremental architecture" to streamline the exchange of services and 

data between digital solutions. 
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Based on the above points, we can deduce some characteristics that favour a low-cost 

solution deployment. These characteristics are:  

1. independence, which implies the solution can operate in a standalone fashion, 

minimizing integration cost (Point 1);  

2. standardisation, which implies the solution has a defined set of capabilities -

suitable for a substantial segment of the industry- minimising the customisation 

cost (Point 2);  

3. integrability, that is different solutions components can be easily combined 

(Mittal et al., 2019) (Point 1,4); and  

4. interoperability, that is the solutions can exchange data with each other (Kühnle 

& Bitsch, 2015) (Point 5). 

 

Other researchers have made similar claims. For instance, Erbe (2002) has emphasised 

the importance of a methodology that enables the combination of unrelated low-cost 

technology components, while Filip (2011) has highlighted a need for the ease of 

integration of new solutions with other systems. Other characteristics leading to a low 

cost of solution deployment include implementing modularity in the design (Roşca et al., 

2010), which implies the solution can be decomposed into elements (e.g., individual 

technology components) that can be reused a posteriori to create other versions of the 

solution (Mittal et al., 2019). Providing reasonable levels of reliability (Hoxha et al., 

2016), that is the capacity to perform as planned (Mittal et al., 2019). Usually, high levels 

of reliability are required in core or safety-critical operations. Thus, we can deduce that 

deploying digital solutions on those operations would imply higher costs (Macias-Aguayo 

et al., 2022). 

A summary of the characteristics influencing the total cost of solution deployment, 

reviewed in this section, is shown in Figure 2. 
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Figure 2 Key factors influencing the cost of digital solutions 

 

Overall, this section introduced foundational knowledge on digitalisation. The 

definitions of digital technologies and digital solutions were introduced, and the notion 

of low-cost digitalisation was discussed. We review the drivers and barriers to 

digitalisation in LSPs in the next section.    

 

2.2 Digital solution adoption in Logistics Service Providers 

(LSPs) 
 

This section aims to understand the key factors affecting digital solutions adoption in 

LSPs, with particular interest in SMEs. We begin by examining the drivers for 

digitalisation in the logistics sector (Subsection 2.2.1) and  move on to the analysis of the 

factors preventing companies from digitalising (i.e., barriers) (Subsection 2.2.2).  

 

2.2.1 Motivations and factors favouring the adoption of digital 

solutions   
 

In a previous study, Macias-Aguayo (2021) identified various motives behind digital 

solution adoption in LSPs. The most common were cost reduction and service level 

improvement (Pokharel, 2005), enhanced monitoring and management of operations 
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(Button et al., 2001), and increased safety in operations (Juan et al., 2006). Nevertheless, 

the literature indicates that the level of importance of these drivers among logistics 

companies is influenced by their size (Segerstedt et al., 2005). Logistics small and 

medium-sized enterprises (LSP SMEs) appear to be primarily driven by the need to lower 

expenses and enhance service quality, rather than prioritising enhanced monitoring or 

safety enhancements (Macias-Aguayo, 2021). For example, in a study in Thailand by 

Kritchanchai et al. (2010), the top three reasons for LSP SMEs to use digital technology 

were: enhancing data entry accuracy, minimising labour expenses, and improving order 

lead time, all drivers associated with cost reduction and service level improvement. 

The study by Macias-Aguayo (2021) also identified factors favouring digital solution 

adoption in LSP SMEs.  These factors include having a long-term vision of the company’s 

business activities, which is more often seen in developed LSPs (Evangelista et al., 2013; 

Pokharel, 2005); the need for expanding the portfolio of services, which usually pushes 

logistics companies to adopt digital technologies to provide value-added services 

(Evangelista et al., 2013); reductions in cost technology over the years (Kritchanchai et 

al., 2010); and shippers (i.e., customers) explicitly requesting an enhancement in the 

information technology capabilities of third-party logistics providers (Kärkkäinen et al., 

2004). 

 

2.2.2 Barriers to digital solution adoption  
 

Several factors prevent LSPs from digitalising their operations. Table 1 shows a 

summary of digitalisation barriers identified in major empirical studies. We observe that 

the lack of skills in the staff and uncertainty about the benefits of digitalisation are the 

most recurring barriers, closely followed by high investment requirements and lack of 

technology awareness. 

Benefits uncertainty is associated with financial risk (i.e., return on investment) which 

is exacerbated by high technology costs.  For example, Cichosz et al. (2020) found that 

some LSPs are hesitant to invest in costly technologies due to uncertainty regarding the 

length of their contractual connections with customers, as these technologies may be 

difficult to transfer to other shippers or sites. This uncertainty about the gains to be made 

from digitalising leads LSPs to postpone their digitalisation initiatives (Evangelista & 

Sweeney, 2006). 
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Furthermore, lack of technology awareness implies a lack of understanding of 

digitalisation and manifests as a difficulty in identifying suitable technologies for the 

business. According to Cichosz et al. (2020), the abundance of technology intensifies this 

issue, making it harder to select digital solutions, thus delaying the overall digitalisation 

process. 

Finally, the lack of staff skills manifests as a challenge for digital solutions deployment. 

This barrier is intensified by the rapid change in digital technologies, which widens the 

disparity between the staff’s technological proficiency and the level of proficiency 

necessary to fully utilise the new technology (Evangelista et al., 2013). 

 

Table 1 Barriers to digitalisation in Logistics companies 

Publication 
year and 
Author(s) 

Country  
Type of 
provider 

Barriers 

   Lack 
of 
Skills 
in 
the 
Staff 

Integration 
with legacy 

systems 

Lack of 
Technology 
Awareness 

High 
Investment 

Benefits 
uncertainty 
/ Financial 

Risk  

Others 

(Pokharel, 
2005) 

Singapur 

Small and 
large 
Warehouse / 
Transport 
providers  

 X   X 
Technology 

Implementation 
time uncertainty 

(Evangelista 
& Sweeney, 
2006) 

Italy 3PL SMEs X  X X X - 

(Kritchanchai 
et al., 2010) 

Thailand 3PL SMEs X X X X X 
Organizational 

issues  

(Evangelista 
et al., 2013) 

Italy 3PL SMEs X  X X  

Available digital 
solutions not 

aligned to SMEs’ 
needs 

(Evangelista 
& Sweeney, 
2014) 

Italy 

Small and 
large Road 
freight 
Hauliers 

X   X X 
Resistance to 

change 

(Mathauer & 
Hofmann, 
2019) 

Switzerland 

Small and 
Large Road 
freight 
Hauliers / 
3PLs 

X X  X X 
Resistance to 

change/Complexity 
of technology 

(Cichosz et 
al., 2020) 

Poland 

Small and 
Large Road 
freight 
Hauliers, 
3PLs, 
Warehouse 
providers, 
CEP 

X  X  X 

Resistance to 
change/Data 

protection and 
security issues 

 

2.3 Digital solution impact 
 

The previous section identified several barriers to digitalisation in LSPs. In this section, 

we review strategies that have been put forth in the academic literature to mitigate them. 

We refer to such strategies as approaches to facilitate digitalisation. Most academic 
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studies in this area fall into the categories of Maturity Models (MM), Specifications, and 

Impact Studies. This section reviews these approaches and the specific digitalisation 

barriers they tackle.  

Maturity Models (MM). Maturity models are theoretical frameworks that describe 

how organisational capabilities develop step-by-step following a desired, expected, or 

rational path of maturation, assuming that such a path exists and is predictable 

(Gottschalk, 2009; Kazanjian & Drazin, 1989; Röglinger & Pöppelbuß, 2011). As a 

result, they are useful for diagnosing the current state of organisational capabilities; 

prescribing courses of action towards maturity; and enabling benchmarking studies 

(Röglinger & Pöppelbuß, 2011). The digital logistics literature primarily examines the 

'maturity' of adopting strategies like 'Industry 4.0' and 'Logistics 4.0 (Macias-Aguayo, 

2021)'. Recent relevant examples include Batz et al. (2020) who provide a five-level, 

diagnostic-oriented MM for Logistics 4.0 with a focus on physical capabilities and 

technology knowledge; Zoubek and Šimon (2021)  who also provide a diagnostic MM 

for Logistics 4.0 but with a focus on intralogistics activities; also in the intralogistics 

context Zoubek et al. (2021) propose an MM to assess the process readiness for Industry 

4.0. These examples show that Maturity Models (MM) are useful to assess the preparation 

level of companies to embrace digitalisation strategies, thus equipping them with insights 

to tackle the barriers of lack of technology awareness and lack of technology skills. 

Nevertheless, a recent review by Elhusseiny and Crispim (2023) determined that only a 

handful of these models have focused on SMEs, of which the primary focus has been on 

manufacturing companies. 

Specifications. Specifications are technical details of the design and integration of 

digital solutions. Reference architectures and catalogues of solution areas are part of this 

category. Reference architectures provide standardised terminology and templates to 

conceptualise digital solutions (Kaiser et al., 2021). For instance, in the logistics context, 

van Geest et al. (2021) propose a reference architecture for developing smart warehouses. 

They provide feature diagrams for digital technologies such as Barcodes, RFID, and 

Automated Guided Vehicles (AGV) among others, to identify features influencing the 

system’s architecture. Solution catalogues, on the other hand, are lists of digital systems 

relevant for companies per industry sector. Examples in the literature on SMEs include 

Schönfuß et al. (2021) and Yilmaz et al. (Yilmaz et al., 2023) which focus on 

Manufacturing and Construction sectors, respectively. Nevertheless, similar categories 

have yet to be developed for logistics SMEs. Overall, specifications tell companies what 
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digital solutions they might consider integrating and provide some guidance on how to 

do so, thus helping them to tackle the barrier relating to lack of technology awareness. 

Impact studies. Impact studies focus on quantifying the change in performance 

resulting from adopting digital solutions. We can classify these studies based on their 

timing, as either being ex-ante or ex-post. Ex-ante studies measure the impact of 

digitalisation before the actual solution adoption, thus providing insights into the expected 

gains; while ex-post studies measure the impact after solution deployment, hence 

involving observation and actual gains. In general, impact studies are important because 

they contribute to tackling the benefits uncertainty barrier identified in 2.2.2. The 

following section provides a comprehensive review of impact studies in the logistics 

context.     

 

2.3.1 Ex-post impact studies 
 

Ex-post studies on the impact of digital technologies on LSPs have mainly been 

conducted using multivariate statistical models. These models enable researchers to 

simultaneously analyse multiple response variables, including those that are intangible 

(e.g., competitive advantage) (Hair et al., 2017). Concretely, the research efforts have 

been focused on understanding the relationships between the availability of (or 

investment in) different digital technologies, and the operations performance of LSPs, so 

that a theory can emerge.  

Overall, there appears to be an agreement in the literature that digitalisation in isolation 

does not bring about a competitive advantage to LSPs; nevertheless, it could lead them to 

a higher operations performance  (Choy et al., 2014; Evangelista et al., 2012). For 

example, Evangelista et al. (2012) found that the individual deployment of technologies 

such as RFID, EDI, and Barcodes positively influences KPIs such as customer service, 

flexibility, and asset utilisation. Other indicators, such as process visibility and customer 

satisfaction can also be improved if Business Intelligence Systems (BIS), Warehouse 

Management Systems (WMS), or Transportation Management Systems (TMS) are 

deployed on an operational basis in logistics companies (Choy et al., 2014). However, 

indicators such as process flexibility appear to be less influenced by these technologies. 

Indeed, in a study by Oláh et al. (2018), it was found that solutions such as WMS and 

Fleet Management Systems (FMS) had little influence on the capacity of the companies 
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to quickly react to non-traditional customer requirements (i.e., flexibility). According to 

Golden and Powell (2000), information systems can have a positive impact on the 

flexibility of LSPs, but they can also diminish it if their design is too rigid to the extent 

of restricting the company's operations. 

The impact of the availability of digital technologies on the financial performance of 

LSPs has also been studied through the use of multivariate statistical techniques. For 

example, through the use of ordinary least squares (OLS) and Factor Analysis (FA), 

Evangelista et al. (2012) found that LSP market share, number of customers, and turnover 

were positively influenced by the availability of Local Area Networks (LAN), Wireless 

Local Area Networks (WLAN) and Enterprise Resources Planning (ERP) systems. 

Similarly, in a study with 51 LSPs in Hungary, it was found that investing in technologies 

such as WMS, IT governance systems, FMS, and security equipment, to name a few, 

positively influences the income and profit of LSPs (Oláh et al., 2018). 

 

2.3.2 Ex-ante impact studies 
 

As previously discussed, ex-ante studies quantify the impact of digital solutions before 

their adoption. Most of the ex-ante studies on the impact of digitalisation belong to the 

field of value of information (VoI). In statistical decision theory, the normative VoI is 

measured as the change in the expected value taken by a utility function (e.g., profit or 

loss) when the information is available (Lawrence, 2012). This change is the result of an 

improvement in decision-making effectiveness due to the availability of information. 

Moreover, the change in the utility function due to perfect information is expected to be 

null in the worst-case scenario, but never a negative number (Russell & Novig, 2010, p. 

540). 

Multiple academic studies have been conducted on the value of digital information in 

business logistics settings. Most of them have focused on inventory management. For 

instance, Xue et al. (2011) have studied how demand and supply quantity information can 

be used to improve periodic review inventory policies; while others such as Rached et al. 

(2015) have studied how sharing information on customer demand and lead times helps 

to make better order quantity decisions. The reader is referred to Viet et al. (2018a) for a 

more comprehensive review of these and other related VoI-inventory studies. 
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In comparison to inventory management other business logistics functions have 

received just moderate attention in the VoI literature. One of these areas is transportation 

management. VoI studies on this function have addressed the extent to which information 

can help managers to better decide on transportation modes (Gaukler et al., 2023), load 

assignments (Zolfagharinia & Haughton, 2014), vehicles rerouting (Flamini et al., 2011), 

or asset placement in the shipping yard (Kim et al., 2008).  

Other functions that have received just limited attention are distribution and 

warehousing management. Regarding distribution management, most studies have 

quantified the value of inbound arrival information (e.g., time, contents, destination) for 

improving outbound vehicle scheduling decisions  (Larbi et al., 2011; Viet et al., 2018b). 

As for warehouse management, the emphasis has been put on the use of asset location 

information for improving product search decisions and saving time (Kelepouris & 

McFarlane, 2010).  

A summary of VoI studies on business logistics functions other than inventory 

management is shown in Table 1. It can be seen that several VoI studies have taken a 

technology-agnostic approach, that is, they have assumed the availability of information 

without linking it to any specific digital technology (i.e., information source). 

Alternatively, the studies that did specify a source of information have focused on a 

limited set of technologies such as RFID, Real-Time Location Systems (RTLS), GPS, 

and sensors.  

Several information properties (or characteristics) have been considered in the studies 

shown in Table 2. Among these, we have accuracy which is defined as the likelihood that 

a message received from an information source matches the reality being reported 

(Kelepouris & McFarlane, 2010; Viet et al., 2018a); completeness, which refers to the 

varying levels of specificity of the message received (Viet et al., 2018a); and timeliness 

which may indicate how recent the message received is (Viet et al., 2018a), or, 

alternatively, the overall delay since the message is generated until its content (i.e., 

information) is finally used by the decision-maker (Lawrence, 2012, p. 159).  
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Table 2 VoI studies on logistics functions other than inventory management 

Publication 

year and 

Author(s) 

Logistics 

function 

Operational 

decision of 

interest 

Information 

and source 

Information 

properties 

issues  

Operations 

management 

objective(s) 

Key 

Performance 

Indicator(s) 

(KPI) 

Modelling 

approach 

Tjokroamidjoj

o et al. (2006) 

Transportatio

n 

Allocate loads to 

trucks 

Advanced Load 

Information 

(ALI). 

Source: - 

 

Timeliness Cost 

(utilisation) 

Cost of empty 

miles for a 

truck 

Load 

assignment 

optimisation 

model 

Kim et al. 

(2008) 

Transportatio

n 

Asset placement 

in the shipping 

yard/load 

building before 

shipment 

 

Asset location 

information 

Source: RFID 

- Speed/ Cost 

(utilisation) 

Labour 

utilisation/dwe

ll time  

Simulation / 

ANOVA 

Goel (2010) Transportatio

n 

Vehicle rerouting 

in real-time  

Delays in 

arrivals and 

departures at 

different points 

of the logistics 

network 

Source: - 

Completenes

s, Timeliness 

Dependabilit

y/ Cost 

On-time 

completion / 

expediting 

costs 

Simulation / 

Heuristics 

optimisation 

algorithm 

Kelepouris 

and 

McFarlane 

(2010) 

Warehousing Select tool search 

path 

Asset location 

information 

Source: 

RFID/RTLS 

Accuracy Speed  Tools search 

time 

Expected 

value 

analysis 

Parlikad and 

McFarlane 

(2010) 

Reverse 

logistics 

Select product 

recovery option 

Product 

condition. 

Source: 

RFID/Sensors 

Accuracy Cost Cost of 

incorrect 

product 

recovery 

option 

Expected 

value 

analysis 

Larbi (2011) Distribution Outbound truck 

scheduling 

Inbound arrivals 

information 

(sequence, 

contents, 

destination) 

Source: - 

Completenes

s 

Cost handling 

costs/truck 

moving cost 

Heuristics 

optimisation 

algorithms 

Flamini et al. 

(2011) 

Transportatio

n 

Vehicle rerouting 

in real-time 

Network traffic 

conditions/vehicl

e location 

Source: RFID / 

GPS 

 

Reliability, 

Accuracy 

Cost (usage, 

fuel), 

Dependabilit

y 

Truck usage 

cost / Travel 

time 

cost/lateness 

cost 

Heuristics 

optimisation 

algorithms  

Zolfagharinia 

and Haughton 

(2014) 

Transportatio

n 

Load 

assignment/vehicl

e routing and 

planning 

Advanced Load 

Information 

(ALI). 

Source: - 

Timeliness Cost 

(utilisation) / 

Dependabilit

y  

Revenue / 

Costs of 

dwelling, 

lateness, 

moving, and 

empty miles. 

  

Mixed 

Integer 

Programmin

g 

Viet et al. 

(2018b) 

Distribution Outbound 

shipping 

scheduling / 

Volume of items 

to be consolidated 

before shipping 

 

Truck arrival 

time / Order 

information. 

Source: online 

forms 

Accuracy, 

Timeliness, 

Completenes

s 

 

 

Speed / 

Dependabilit

y 

Trolleys 

distributed on 

time / Delivery 

completion 

time 

Discrete-

event 

simulation / 

(simulation-

based) 

scheduling 

algorithm  

Gaukler at al. 

(2023) 

Transportatio

n 

Transportation 

mode selection 

(e.g. fast or slow) 

Time and 

temperature 

history 

information 

Source: 

RFID/sensors 

Completenes

s, accuracy 

Quality Profit Optimisatio

n models / 

statistical 

analysis 

 

In addition to the above-discussed differences in information treatment, researchers 

have considered different variants of the VoI in their ex-ante impact quantification 

studies. Two basic variants of this metric are the Gross VoI and Net VoI (Lawrence, 

2012). The Gross VoI reports on the economic value of the information before deducting 

any costs for its procurement, while the Net VoI incorporates these information costs. 

Another way to classify the VoI is into the categories of perceived, revealed, and 
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normative. According to Ahituv (1980), the perceived VoI represents the subjective 

quantification of the information’s worth; the revealed VoI represents the difference 

between the actual gains due to the information and the gains that could have been 

obtained without it; and the normative VoI represents the difference between the expected 

theoretical gains of incorporating information and the expected gains in the prior 

information situation. 

 

 

2.4 Summary and Identified gaps in the relevant literature 
 

This chapter presented a review of the literature on the adoption of digital solutions in 

LSPs aimed at understanding why logistics SMEs digitalise less than larger companies. 

This review included an assessment of the drivers, barriers, and enablers of digitalisation 

in LSPs.  Regarding barriers, the review found five to be critical, namely incompatibility 

with legacy systems, lack of technology awareness, insufficient digital skills, high 

technology costs, and benefits uncertainty. Of these barriers, the latter three were the most 

recurrent in the literature.  

The review found several approaches to mitigate these digitalisation barriers. For 

example, regarding technology awareness and digital skills, we found work aimed at 

increasing the knowledge of LSPs on digital system architectures, attributes of common 

digital technologies, and levels of maturity concerning digital adoption. Nevertheless, we 

did not find catalogues of digital solution areas for Logistics SMEs. These catalogues (or 

lists) are valuable tools because they help SMEs identify digital solutions that might be 

worth considering that are simple and affordable to implement, thus increasing their 

technology awareness and addressing the financial attainability barrier simultaneously. 

 

 

 

Regarding digitalisation benefit uncertainty, the review identified a wide range of 

studies focused on the impact of digital solutions in LSPs. Some studies concentrated on 

ex-ante impact quantification (i.e., before solution deployment) and others on ex-post 

impact quantification (i.e., after solution deployment). The former is useful for SMEs 

because it provides analytic tools to quantify the expected gains of digital solutions’ 

Research gap 1: There is no existing catalogue identifying affordable digital solution 

areas relevant for the operation of LSP SMEs. 
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information before acquiring them.  Nevertheless, none of these studies have begun with 

the determination of digital solutions areas critical for LSP SMEs, specifically in relation 

to the UK. This is important because addressing priority solutions for SMEs can increase 

digital adoption in these companies. 

 

 

 

 

 

 

Furthermore, we noticed that ex-ante impact studies which simultaneously consider 

information characteristics such as accuracy, timeliness, and completeness are rare, which 

might lead to overestimating gains. Moreover, several of these studies have taken a 

technology-agnostic approach, which makes it difficult to estimate the cost of the 

information source and, hence compute the net benefits. 

 

 

 

 

Based on the identified research gaps, the next chapter will determine the research 

questions to be answered in this work, along with the research design and methods. 

 

 

 

 

 

 

 

 

 

 

Research gap 3: There is no comprehensive treatment of the characteristics of digital 

information for logistics operations in the literature. This is critical for quantifying the 

ex-ante impact of digital solutions.   

 

Research gap 2: Despite several studies examining the ex-ante economic impact of 

digital solutions on logistics operations, none comprehensively justify the importance 

of these solutions through quantitative studies focusing on industry priorities, 

particularly in the context of the UK LSP SMEs 
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Chapter 3 

Research methodology 
 

 

As we indicated in Chapter 1, LSP SMEs are falling behind larger companies when it 

comes to digitalisation, thus losing out on efficiency gains and competitiveness. As a 

result, we highlighted the need for quantifying the impact of digitalisation within LSP 

SMEs, to prove to these companies that the benefits exceed the costs and incentivise them 

to digitalise. 

In Chapter 2, we saw that critical digitalisation barriers faced by LSP SMEs, such as 

uncertainty about benefits and high investment in technology were only partially 

addressed by the literature, which underscores the need to quantify digitalisation impact. 

Moreover, there was a need for affordability in digitalisation, which motivates us to 

examine low-cost digital solutions. 

Having limited the scope of our research to low-cost, high-priority digital solutions for 

LSP SMEs, this chapter aims to propose a suitable approach for quantifying impact. 

Concretely, the objectives of this chapter are: 

 

• To identify questions that need to be addressed as part of the process of 

developing the impact quantification approach 

• To identify suitable research methods to collect and analyse data necessary for 

the impact quantification approach. 

• To provide a detailed description of the phases of the approach and the role of 

the subsequent chapters. 

 

We will accomplish these objectives through four sections. Section 3.1 will identify 

the research questions this study will answer. Section 3.2 will give an overview of the 



21 
 

research design, which encompasses the main stages of the research and research 

methods. After that, Sections 3.3 and 3.4 will describe in detail the research stages. 

Finally, Section 3.4 will summarise the key points of the chapter. 

 

3.1 Research questions 
 

In order to quantify the economic impact of digitalisation on the performance of LSP 

SMEs this study considers the following questions: 

 

 

 

 

 

 

 

 

These questions also address the research gaps identified in Chapter 2. The first gap, 

which concerns the need for a list of digital solution areas relevant and affordable to 

deploy for LSP SMEs is addressed by RQ1. Similarly, the second gap, which highlights 

the need for determining the highest priority digital solution area for UK LSP SMEs is 

addressed by RQ2. Finally, the third gap, which uncovers the need for more 

comprehensive ex-ante impact quantification approaches is addressed by RQ3. 

 

 

3.2 Research design 
 

The aim of this research— quantifying the economic impact of digitalisation on LSP 

SMEs’ performance—guides the research design. The research design encompasses the 

general approach and methods selected to unify coherently and logically the different 

elements of a study so that the research problem is comprehensively analysed (Labaree, 

2016). As a result, our proposed research design has two main stages each aligned with a 

research objective.  

RQ2: Among the identified digital solution areas that are both relevant and affordable to 

produce and deploy, which are the priorities for UK LSP SMEs based on their business 

needs? 

  RQ3: How can we measure the ex-ante impact of the highest priority solution area on the 

economic performance of logistics operations? 

RQ1: Which digital solution areas are both relevant for LSPs and feasible to produce and 

deploy at a low cost? 
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We describe the two main research stages in the following sections. These stages 

constitute the research design’s strategic component. Nevertheless, when implementing 

such a strategy, questions like “How to collect the data”, and “How to analyse it”, among 

others naturally emerge, thus implying a need for research methods.  By research 

methods, we mean the design of tools, procedures, or artefacts, as well as sampling, data 

collection, and data analysis (Johnson, 2014), which are integral to the research design. 

We describe the research stages along with their respective research methods in sections 

3.3 and 3.4. 

 

3.3 Stage 1: Priority digital solution areas  
 

In this research, we aim to quantify the economic impact of digitalisation on LSP 

SMEs’ performance. Naturally, digitalisation is a broad field encompassing multiple 

(digital) solution areas, thus there is a need to specify first the research scope. By scope, 

we mean defining the solution area whose impact we are going to quantify. As a reminder, 

a solution area refers to those digital solutions sharing the same purpose irrespective of 

the technology used. In defining such a solution area, the following questions emerge:   

 

I. From where to choose the solution area? 

II. How to choose it? 

 

The first question establishes a need to define a set of digital solution areas from which 

to choose. Certainly, not all existing solution areas will be suitable for LSPs, therefore 

requiring an assessment of their pertinence. One way to assess the pertinence of a solution 

is to determine if it addresses LSPs’ challenges. By challenges, we mean problems in the 

micro or macro environments of LSPs. Another way to assess the pertinence of a solution 

area is by determining its feasibility of adoption. Such feasibility in LSPs is mainly 

determined by cost considerations based on our review in Chapter 2. By assessing 

pertinence in these two ways, we guarantee that the resulting set of solution areas is 

relevant and actionable for LSPs. 

Nevertheless, not all pertinent digital solution areas will be priorities for UK LSP 

SMEs. Furthermore, some companies may choose to prioritise digital solutions based on 

business wants, while others may do it based on business needs.  Although both are 
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feasible, we advocate for prioritising based on needs. By doing so we ensure that the 

chosen solution areas respond to what is essential for LSP SMEs to compete and not to 

their preferences. This segues on to answer the question of how to choose the highest-

priority digital solution area because the priorities list provides the means for solution 

area selection.  By focusing on the highest priority solution area, we tackle the benefits 

uncertainty barrier in a priority area for LSP SMEs, thereby contributing to the 

digitalisation of this sector.  

The outcome of this discussion is a logical process to accomplish the first research 

objective of this thesis. The process’s key stages are illustrated in Figure 3.  

  

 

 

Figure 3 General approach to priority solution area determination 

 

As we can see in Figure 3, Chapter 4 is concerned with determining the priority digital 

solution areas for UK LSP SMEs. Figure 3 also shows that the process involves 

determining a set of pertinent digital solution areas for LSPs and subsequently 

determining the most prioritized by SMEs among these companies, thus implicitly 

answering questions RQ1 and RQ2, respectively (Section 3.1). 

RQ1 will be addressed through a desk research study. Desk research is the analysis and 

synthesis of pre-existing data and sources for obtaining insights on a topic (Gell, 2023), 

thus making it convenient for questions where a wealth of relevant literature exists, like 

RQ1. The desk research’s data gathering will be done through databases, journals, 

industry reports, and specialised websites; its sampling criteria will be limited to 

publications on challenges and solutions for LSPs within the last 14 years; and its analysis 

will be qualitative, thus focused on identifying common themes across the reviewed 
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documents. The desk research’s output will be a set of pertinent digital solution areas that 

will be used as an instrument for answering RQ2. 

RQ2 will be addressed using a Quantitative study descriptive in nature. Descriptive 

quantitative studies are recommended when little is known about a particular 

phenomenon or event and there is a need for determining the occurrence frequency of 

such event, or when there is a need for identifying characteristics (e.g., preferences or 

opinions) of a population (McGregor, 2017, p. 258). Given that UK LSP SMEs are a 

population whose ranking of digital solution areas has not been numerically established, 

a quantitative study is deemed suitable for RQ2. The quantitative study’s instruments will 

include the list of pertinent digital solution areas and a survey form, to be used in tandem 

to identify priorities. Moreover, the number of surveys to be carried out will be 

determined by theoretical sampling.  Theoretical sampling is an iterative, non-

probabilistic technique where the sampling continues until a point of theoretical 

saturation is reached (Conlon et al., 2020; Glaser & Strauss, 2017; McGregor, 2017). By 

theoretical saturation, we mean that no new insights or information emerge from the 

sampling (Qamar, 2024). In this study, the saturation criteria will be the stability of the 

top fifteen digital solution areas, where stability means that the mix of solution areas does 

not change, although they may switch positions slightly.   

To facilitate the data-gathering process, a mix of in-person and online sessions with 

logistics practitioners will run with the support of Logistics trading organisations. 

Ultimately, descriptive statistics will be used to perform the data analysis, which will 

process the scores given by participants to the solution areas. Finally, the quantitative 

study’s output will be the list of priority (pertinent) digital solution areas for UK logistics 

SMEs.  

 

3.4 Stage 2: Economic impact 

  
Upon determining the digitalisation priorities of UK LSP SMEs, we will focus on 

quantifying the economic impact of the highest priority solution area. By economic 

impact, we mean a change in a company’s operation costs, which can be positive, 

negative, or null. Such impact can be quantified before digital solution implementation 

(i.e., ex-ante impact) or after (i.e., ex-post impact). We will focus on ex-ante impact 

quantification, acknowledging the need by LSP SMEs to understand digitalisation 

benefits before solution acquisition.  
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In the process of quantifying the ex-ante impact of a low-cost digital solution, the 

following questions present themselves: 

 

I. How does solution availability enhance operational performance? 

II. How does the improvement in operational performance translate into economic 

impact? 

III. What is the difference between low-cost versus non-low-cost digital solutions 

when considering economic impact? 

 

To answer the first of these questions, we need to define operational performance in 

terms of a key performance indicator (KPI) that the digital solution impacts. Moreover, 

we need to understand how such an impact may occur in the implementation of the digital 

solution.  

Once the relationship between solution availability and operational performance is 

established, the next logical step is to use it to estimate economic impact. Quantifying the 

(ex-ante) economic impact requires us to define a method of estimating the operational 

performance. This operational performance can then be translated into expected costs; the 

difference in expected costs with and without the solution gives us the expected economic 

impact (i.e., expected cost savings) in line with the needs of SMEs. 

The resulting quantification method should ideally be useful for any version of the 

digital solution irrespective of its cost. Nevertheless, as our focus is on low-cost solutions 

there is a need to determine the relevant attributes distinguishing it from non-low-cost 

solutions, and this is the reason for the last question. 

We can summarise the output of the above discussion using the diagram in Figure 4. 

Figure 4 illustrates the logical progression defined by questions I, II, and III, from the 

solution’s impact comprehension on the bottom layer of the diagram, towards the LC 

solution’s impact demonstration at the top layer of the diagram. We will use Figure 5 to 

guide the role of Chapters 5, 6, and 7 in the impact quantification approach. Below, we 

describe the phases of this approach along with its research methods.   
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Figure 4 General approach for quantifying the impact of LC digital solutions 

 

 

  

3.4.1 Defining impact 
 

From Figure 4, Chapter 5 defines impact in the context of the highest priority solution 

area. This will be accomplished using case-based qualitative research, which is 

commonly used for the in-depth study of a phenomenon over a period within its natural 

context in one or several places (Bhattacherjee, 2012). Case-based research is useful for 

defining critical variables (e.g. impact object variable) and understanding the operational 

context (e.g., where the priority solution will be deployed) (Voss et al., 2002), thus making 

it a great fit for the task in Chapter 5.  

Chapter 5 will use scoping case studies as research instruments. These cases are 

narratives of organisational situations (e.g., a problem) where the goal is to identify 

relevant variables, parameters, and assumptions to consider in a future study. In this 

context, the relevant variables and assumptions will define the metrics, such as service 

level or cost, against which impact will be measured. A good demonstration of the use of 

scoping case studies to identify variables can be found in Kelepouris (2008), where the 

author uses scoping case studies to identify operational issues in supply chain tracking 

and determine modelling requirements. 

In this study, we will limit our sample size to three companies (i.e., quota sampling); 

and for the data analysis, we will use pattern analysis, which will imply extracting 

similarities across scoping case studies in terms of relevant aspects for the research.  
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3.4.2 Quantifying impact 
 

Having defined and contextualised impact in Chapter 5, Chapter 6 will focus on 

quantifying that impact. For quantifying impact, we will use the Value of Information 

(VoI) Theory.  The VoI—as discussed in Chapter 2—is a concept widely used in the 

literature to describe the influence of digitalisation on operational decision-making (see 

e.g., Kelepouris (2008), Kelepouris and McFarlane (2010), Parlikad and McFarlane 

(2010)). The Theory of VoI enables us to quantify the economic value of the information 

of a digital solution, thus providing an estimate of the impact of the solution. 

As we discussed in Chapter 2 there are multiple variants of the VoI. We will focus on 

the Net VoI given our emphasis on solutions cost during this research. Moreover, we will 

select the normative VoI considering that its focus on expected theoretical gains aligns 

well with the ex-ante impact orientation of this research.   

 

 3.4.3 Demonstrating impact 
 

Chapter 7 explores the impact of the highest priority solution area in a real logistics 

setting. Case study research will yield the data necessary to quantify the impact of low-

cost digital solutions, using the methodology developed in Chapter 6.  We will also use 

this data to compare low-cost and non-low-cost solutions. 

 

3.5 Summary 

  
In this section, we discussed a roadmap to quantify the economic impact of 

digitalisation on LSP SMEs’ performance. Our research design was guided by the specific 

objectives defined in Chapter 1: i) Identify priority digital solution areas for LSP SMEs 

and ii) quantify the economic impact of their highest priority solution area. As a result, 

the design was set to have two stages, each covering the process to accomplish each 

objective. 

Furthermore, we introduced three research questions in response to the ‘gaps’ in the 

literature that were identified in Chapter 2. These questions also contributed to the 

research design by shaping the scope of this work, which was limited to i) digital solution 

areas relevant to LSPs whose costs of acquisition and deployment can be kept low and ii) 
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ex-ante impact quantification (i.e., before solution acquisition or production). These 

research questions guided our choice of research methods, which in our case involve a 

combination of qualitative and quantitative studies along with analytical models.  

Finally, the proposed research design also outlined the role of the next chapters. In 

what follows, Chapter 4 will focus on identifying priority digital solution areas for LSP 

SMEs; Chapter 5 will define impact in the context of the highest priority solution area for 

these companies; Chapter 6 will focus on developing an approach to impact 

quantification; and Chapter 7 will demonstrate impact using a case study.  
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Chapter 4 

Digitalisation Priorities of UK Logistics 

SMEs 
 

 

As discussed in previous chapters, the uncertainty about the benefits of digitalisation 

is a critical barrier to its adoption in LSP SMEs. Consequently, quantifying the economic 

impact of existing and prospective digital solutions is necessary to encourage this sector 

to digitalise more. Clearly, impact can be maximised by focusing on digital solution areas 

that are a priority for SMEs in the LSP sector. Hence, this chapter determines the 

digitalisation priorities of LSP SMEs in the United Kingdom.  

Ideally, we could obtain these priorities by consulting LSP SMEs directly, but they 

face several challenges that hinder their ability to accurately prioritise. First, their limited 

awareness of technology undermines their capacity to identify digital solutions. Second, 

their limited technology awareness can obfuscate solution benefits, which makes it hard 

to prioritise digital solution areas in line with their business goals. Finally, external forces 

such as the media and technology providers may mislead the companies into prioritising 

solutions which are not aligned with the needs of the company. These difficulties faced 

by SMEs in locating their own priority digital solution areas, motivate us to determine 

them in this chapter. Later chapters will quantify the impact of low-cost digital solutions 

in such priority areas. 

Clearly, to determine priority solution areas, we require input from LSP SMEs. 

However, we first need to overcome the mentioned challenges they face in prioritising. 

In order to tackle the challenge of limited technology awareness, we provided them with 

a set of digital solution areas tailored to their needs. Next, we addressed the related 

challenges of uncertainty about digitalisation benefits in line with business goals, and 
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misleading information from external actors which obfuscates the prioritisation process. 

We achieved this by a three-stage process: 

 

1) Help SMEs identify pertinent digital solutions 

2) Help SMEs identify their business goals 

3) Help SMEs prioritise digital solution areas in line with their business goals 

 

These three steps shape the organisation of this chapter, which is illustrated in Figure 

5. Section 4.1 determines the set of solution areas which will be referred to as the 

catalogue of digital solution areas; section 4.2 determines relevant business goals for 

LSPs; and section 4.3 describes the solution prioritisation mechanism. 

 

 

Figure 5 Chapter approach to identifying priority solution areas 

 

4.1 Catalogue of solution areas for LSPs 

  
For LSP SMEs to determine their priority digital solutions, they need to have a set of 

solutions from which to select. Ideally, they should be able to produce such a list, but 

their lack of technology awareness confounds this. Moreover, the academic literature fails 

to provide such a list. For this reason, this section develops and validates a catalogue of 

digital solution areas for LSPs. Catalogue development is covered in Subsection 4.1.1, 

while catalogue validation is covered in Subsection 4.1.2. The findings of this section will 

be instrumental for solution prioritisation in the following sections.  
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4.1.1 Initial catalogue development 
 

To restrict the scope of our catalogue to only useful solution areas, we examined only 

pertinent solutions. As discussed, the pertinence of a digital solution implies that it is both 

relevant (i.e., addresses its challenges) and accessible (e.g., within financial reach) to a 

sector, which ensures the solution is useful. We translated this logic into a process to 

develop the catalogue, as shown in Figure 6.  

As we can see in Figure 6, to introduce pertinence, the catalogue development involved 

determining solution areas that address challenges that matter to LSPs, thus ensuring their 

relevance, and then checking if the proposed solutions are accessible to this sector. By 

proceeding this way, this study ensured the catalogue was a useful tool for LSPs and not 

simply a collection of solutions. 

 

 

Figure 6 Process to identify pertinent digital solution areas 

 

The challenges considered as part of the process in Figure 6 were obtained through an 

industry review. We opted for industry sources in order to obtain the most relevant, up-

to-date problems from consulting firms, governments, and trade associations. A 

distribution of the identified challenges per functional area of LSPs is shown in Figure 7, 

and a detailed challenge list is presented in Appendix A. 
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Figure 7 Functional areas encompassing the problems faced by logistics service providers 

 

Having identified relevant challenges, the question of how to solve them using digital 

technologies presented itself. In order to answer this question, we looked for solutions to 

each challenge in the academic literature. The main source was the work of Schönfuß et 

al. (2021), whose solution areas for the Manufacturing SME sector were relevant to 

addressing LSPs’ challenges in specific cases. For the remaining cases, solutions were 

derived through abductive reasoning (i.e., hypothesized solutions) with the support of 

expert consultants and researchers at the Institute for Manufacturing at Cambridge 

University. This approach to solution determination was motivated by the multifaceted 

nature of the identified challenges, for which no single information source had all the 

solutions.  

During the solution determination process we noticed that despite the differences in 

the challenges addressed by each proposed solution, many of them shared a common 

purpose. For example, “truck loading monitoring” and “container unloading monitoring” 

are solutions addressing two specific challenges, yet they share a common purpose, which 

is process time monitoring. In this example, “process time monitoring” is a digital 

solution area, while the other two can be seen as subareas of this. The usefulness of digital 

solution subareas is that they make it easier to connect specific challenges to broader 

digital solution areas in the catalogue, helping us to identify the highest priority area 

without getting lost in the details. This does not affect the importance of digital solution 

areas, which provide a more holistic view of the needs of the sector. Consequently, both 

areas and subareas were included in the catalogue.  
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Having determined a set of digital solution areas relevant to LSPs, we focused on their 

accessibility. Checking accessibility is crucial because we want to ensure the catalogue 

includes solution areas that LSP SMEs can actually implement. Evidently, one way to 

check the accessibility of a digital solution area (although certainly not the only one) is 

to determine if it can skip the most pressing technology implementation barriers. These 

barriers include high upfront investment, lack of digital skills in the staff, and integration 

with legacy systems as we determined in Chapter 2. Therefore, to assess the accessibility 

of the solution areas we checked the following attributes: 

• availability of low-cost, ‘off-the-shelf’ technology components and open-

source software to deploy the solution area;  

• feasibility of a standalone operation;  

• feasibility of a standard design; and  

• that the solution area is peripheral to the core or safety-critical operations.  

Furthermore, we excluded solution areas which require frequent updates or advanced 

digital literacy to maintain, to simplify deployment. The result of this assessment process 

was 16 digital solution areas (and 40 subareas), which were included in the initial 

catalogue.  

4.1.2 Industry feedback and final catalogue  
 

Having produced a catalogue, the question arose as to whether it was sufficiently 

complete.  This motivated this study to validate catalogue completeness and enhance it if 

necessary. Recognising that the catalogue must respond to the needs of UK LSP SMEs, 

we invited them to list digital solutions they planned to implement, which enabled us to 

test the comprehensiveness of our catalogue. This also allowed us to add new solution 

areas that met the accessibility criteria. Furthermore, anticipating that the number of 

solutions proposed by SMEs might be small, owing to their lack of technology awareness, 

we also invited them to list relevant challenges they needed to tackle using digitalisation, 

thereby enabling us to search for additional solution areas to include if necessary. By 

proceeding this way, we ensured the catalogue included all the solution areas that were 

both relevant and accessible to UK LSP SMEs. 

We implemented this validation-enhancement process through a series of interactive 

workshops and prompted SMEs until no new solution areas emerged from the workshops, 

thus reaching theoretical saturation (Conlon et al., 2020; Glaser & Strauss, 2017). As a 
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result of this iterative process, two digital solution areas (and six subareas) were added to 

the initial catalogue, yielding the final catalogue of digital solution areas, as presented in 

Table 3. The process followed to develop this catalogue is summarised in Figure 8. 

 

Table 3 A catalogue of digital solution areas for LSP SMEs 

Digital solution 
areas 

# Digital solution subareas 

1. Condition 
monitoring 

1 
2 
3 
4 
5 

Cargo temperature monitoring 
Condition monitoring of forklift / lift truck 
Predictive maintenance 
Real-time environmental condition monitoring service 
Working conditions monitoring 

2. Cost 
estimation 

6 
7 
8 

Automated freight invoicing 
Digital support for cost estimation in the transportation service 
Digital support for cost estimation in the warehouse service 

3. Data analysis 9 Gathering and analysis of product, service, or customer demand 

4. Energy 
monitoring 

10 Monitoring and analysis of energy consumption (equipment / areas) 

5. Inventory 
quantity 
monitoring 

11 
12 

Digital support for inventory verification (stocktaking) 
Inventory tracking and status 

6. Job tracking 13 
14 

Order tracking in the warehouse (location & status) 
Tracking of orders in transit 

7. Equipment 
tracking 

15 
16 

Forklifts movement visibility in logistics facilities (aimed at slotting optimization) 
Vehicle location view 

8. Process time 
monitoring 

17 
18 
19 
20 
21 
22 

Monitoring and reporting on cargo collection time from ports 
Monitoring and reporting on containers’ unloading time in own facilities 
Monitoring and reporting on pick-to-ship cycle time 
Monitoring and reporting on the turnaround time at a port terminal 
Monitoring and reporting on truck unloading time at customers’ facilities 
Monitoring of order lead times 

9. Product 
location 
decision 
support 

23 
24 

Digital support for the identification of products to be stored closer to the point of dispatch 
Digital support for the identification of products to be stored nearby in a 
fulfilment/Distribution centre 

10. Product 
movement 

25 
26 
27 

Automated transport of small packages through the warehouse (short distances) 
Semi-automated parcel delivery in last-mile logistics 
Voice-assisted kitting and assembly 

11. Customer/ 
supplier 
notification 

28 
29 
30 
31 

Automated notifications to customers regarding delivery status 
Automated replenishment of items in fulfilment/distribution centre 
Automated replenishment of spare parts and supplies for vehicles 
Digital proof-of-delivery 

12. Productivity 
monitoring 

32 
33 
34 

Digital records of haulier performance 
Monitoring and reporting on drivers’ performance (Vans/Lorries) 
Monitoring and reporting on vehicle productivity (Vans/Lorries) 

13. Quality 
monitoring 

35 Digital record of products received with defects 

14. Replenishment 
decision 
support 

36 Optimized replenishment of spare parts and supplies for vehicles 

15. Staff training 37 
38 
39 

Digital methods for training drivers (Vans/Lorries) 
Digital methods for training warehouse staff 
Digitised work instructions for kitting and assembly 

16. Utilisation 
monitoring 

40 
41 
42 

Monitoring of order pickers in logistics facilities 
Monitoring and reporting on vehicle load size (Vans/Lorries) 
Utilization Monitoring of forklift / lift truck 

17. Vehicle routing 43 Digital support for vehicle routing 
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18. Work 
instruction 
communication 

44 
45 
46 

Display of picking schedule around the warehouse floor 
Real-time notification of new tasks to drivers 
Real-time notification of new tasks to warehouse operatives 

 

 

Figure 8 Approach to establish a catalogue of digital solution areas for LSP SMEs (Source: Macias-Aguayo 

et al. (2022)  

 

4.2 Business goals of LSPs  

  
So far, we have created a list of digital solution areas that are useful for LSP SMEs. 

Now, we need to help LSP SMEs to select solutions from the catalogue that align with 

their business goals, because this is key for effective digitalisation (Li et al., 2016; 

Schönfuß et al., 2021). However, these business goals are not always clear to SMEs 

(Naradda Gamage et al., 2020) and for this reason, this section will identify them. This 

will be a prior step to align them to the solutions in the catalogue during the prioritisation 

stage in the next section. 

One way to set business goals is to determine areas where a company must excel and 

then use them to define those goals. This approach is reasonable when the chosen areas 

of excellence lead to the satisfaction of market needs, which enables companies to 

compete effectively (Slack et al., 2010). For example, according to Slack et al. (2010), 

for companies that compete based on price, an area to excel would be cost reduction, 

while for companies competing in terms of delivery, areas to excel may be speed, 

dependability, or both. Typical areas to excel are found in operations because they directly 

influence market needs through factors such as cost, dependability, speed, quality, 

flexibility, and, more recently, the environment (de Burgos Jiménez & Céspedes Lorente, 

2001; Slack et al., 2010). Using these areas, Schönfuß et al. (2021) proposed a set of 

business goals for manufacturing SMEs to consider when selecting digital solutions. 

These business goals expressed as competitive factors are summarised in Table 4. 
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Table 4 Business goals expressed as competitive factors 

No.  Competitive 
factor 

Description 

1 
 
 
2 
 
 
3 
 
 
4 
 
 
5 

Price 
 
 
Quality 
 
 
Unique value 
 
 
Delivery 
 
 
Ethical position 

Compete and win business on price. The priority is to reduce costs and better control 
operations 
 
Improve confidence in the company’s ability to provide damage-free goods and to 
achieve high accuracy in customer orders 
 
Provide more flexibility to customer order changes and offer a superior customer 
experience 
 
Deliver the product when the customer asks for it. It must be available as soon as possible 
or on the date promised, even if customers change their minds  
 
Excel in humanitarian, social, and environmental performance areas and regulatory 
obligations that might be critical for customers and other stakeholders  

 

Defining business goals purely in terms of market needs is not sufficient for the 

purposes of our broader goal of impact quantification. This is so because a company may 

be able to identify market needs, but internal resource-driven bottlenecks (Slack et al., 

2010) can prevent it from satisfying those needs. This motivates us to consider a modified 

definition of business goals, which encompasses market needs and resource constraints. 

These resource constraints can include human resources and information, facilities and 

equipment, demand, supply network, and cash flow (Schönfuß et al., 2021; Slack et al., 

2010). See Table 5 for details. 

 

Table 5 Business goals expressed as resource constraints 

No.  Resource 
constraints 

Description 

1 
 
 
2 
 
 
 
3 
 
 
 
 
4 
 
 
 
5 

Human Resources 
and Information 
 
Facilities and 
Equipment 
 
 
Supply Network 
 
 
 
 
Demand 
 
 
 
Cash flow 

A key constraint is to maximise the effectiveness and flexibility of the staff and support 
systems e.g., software processes, decision-making, etc 
 
The structural assets are a key constraint. There is a need to reduce bottlenecks and 
maximise the effectiveness of the equipment, warehouse space, etc. to provide more 
value to the customers 
 
A key constraint is the performance of the parties involved in the company’s supply 
chain. Therefore, a priority will be to help improve the planning, quality, and delivery 
performance of the supply chain partners whom we interact with (e.g., hauliers, 
shippers, port terminals) 
 
It is possible to accommodate increased volumes without difficulty, but the demand is 
lacking. A key priority is to find more customers for the current services and offer new 
services 
 
A key barrier to achieving growth is the lack of cash to invest in value-generating 
activity. Cash must be released from different sources 
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The discussion in this section shows that both the competitive-based and resource-

based perspectives play an important role in setting business goals. Moreover, they 

complement each other. Therefore, we will consider both groups of business goals during 

the following section, which focuses on prioritising solution areas. The role of the 

business goals will be to direct digitalisation efforts towards the needs of LSP SMEs, as 

we discussed in this section. 

 

4.3 Priority solution areas of UK LSP SMEs  

  
The previous section determined a set of business goals for companies to consider 

when selecting digital solutions. Now we need to help LSP SMEs select digital solution 

areas that align with those business goals because this facilitates an effective digitalisation 

(Li et al., 2016). By doing so we will obtain a reliable set of priority solution areas for the 

UK LSP SME sector, thus paving the way for impact quantification in the following 

chapters. 

Ideally, we could present the solution catalogue to LSP SMEs and prompt them to 

choose solutions that contribute to their business goals and are a priority. However, their 

lack of technology awareness could obfuscate the causal connection between digital 

solutions and business goals. Thus, this study will independently determine solutions 

contributing to each business goal, in Subsection 4.3.1.  Furthermore, even if the 

connection between solutions and goals is known, LSP SMEs might prioritise solution 

areas based on their preferences because of the influence of the external forces previously 

mentioned. Consequently, there is a need to translate the causal connection into an activity 

that aligns business goals and digital solutions during the prioritisation. We will design 

this activity in Subsection 4.3.2. This process will yield the priorities of individual LSP 

SMEs; however, our real interest is in determining the priorities of the sector. Thus, we 

need a systematic way to aggregate their priorities, which is accomplished in Subsection 

4.3.3.  

 

4.3.1 Connecting the catalogue to the business goals  
 

As we discussed, digitalisation is more likely to be successful in SMEs if the adoption 

of digital solutions is aligned with their business goals (Li et al., 2016). Nevertheless, 

SMEs might find it difficult to determine the digital solutions that contribute to their 



38 
 

business goals because of their limited technology awareness. Therefore, this section 

addresses this issue by classifying the solutions in the catalogue into the areas that match 

the business goals they support. The results will be instrumental during solution 

prioritisation in the following sections.  

Clearly, a causal connection is necessary to determine which digital solution 

contributes to which business goal. We can determine this connection, by noticing that 

every digital solution has an output which may (or may not) influence the ability of a 

company to accomplish its business goals. By outputs, we mean the “final products” of 

the solution, which can be a physical action (e.g., returning an object), information (e.g., 

data, signals, pictures, etc.), or both (Macias-Aguayo et al., 2023). These “outputs” are 

key for the cause-effect connection because they can influence performance, thus 

contributing to accomplishing the business goals. 

Furthermore, the type of output conditions the nature of the cause-effect connection. If 

the solution output is information, the cause-effect relationship will be indirect because 

someone must use the information to influence performance. For example, information 

on the status of a replenishment order can be used for production planning decisions 

which—if optimal—will lead to lower costs, thus indirectly affecting performance. 

Alternatively, if the solution output is physical, the cause-effect relationship will be 

direct. For example, a physical action like a robot transporting material in a warehouse 

can reduce order-picking time completion, thus directly improving operations 

performance. The cause-effect connection discussed here is illustrated in Figure 9 for 

clarity. 

 

 

Figure 9 Cause-effect link between digital solutions and business goals 

 

We used the framework in Figure 9 to align the elements of the catalogue with the 

business goals to which they contribute. In doing so, we considered solution subareas 

because their concreteness maps more closely onto the framework shown in Figure 9, 
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allowing us to match outputs, enabled actions, and potential impacts. The resulting 

classification of solution subareas is schematically represented in Figure 10 and detailed 

in Appendix B. 

 

 

 

Figure 10 Sample forms used for aligning digital solution areas to business goals 

 

Note that by aligning a digital solution subarea with a business goal, we are at the 

same time aligning a digital solution area to such a goal. Thus, we are not shifting from 

our original aim of aligning solution areas to business goals but rather using subareas as 

facilitators of the process.   

 

4.3.2 Defining a solution prioritisation process for SMEs  
 

The previous subsection determined digital solution subareas (hence, solution areas) 

contributing to business goals. This finding equips LSP SMEs to prioritise solution areas 

that align with their needs.  Despite this, SMEs might still fail to consider their business 

goals during their solution prioritisation. This motivates us to consider a standardised 

process that ensures alignment, which this subsection will outline. This process will 

guarantee that the priority solutions of individual SMEs reflect their real needs so that the 

priority aggregation in the following subsection accurately reflects the true priorities of 

the UK LSP SME industry.   
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As discussed, one way to determine priority solution areas in a company is to simply 

present the company with the solution catalogue and let it chooses its priority solutions. 

However, this opens the door to a preference-based prioritisation rather than a needs-

based one centred around business goals. Moreover, the broad purpose of digital solution 

areas in the catalogue might make it hard to select the priority ones.  To avoid these issues, 

we first introduced plausible business goals, then let companies choose the goals most 

critical to them, and finally revealed the list of digital solution subareas for them to 

prioritise. The digital solution subareas revealed only included those that contribute to the 

chosen business goals, thus ensuring they align, which was possible due to the work in 

the previous section. As a result of this procedure, it was possible to determine priority 

solution subareas and, indirectly, priority solution areas, which was our original aim. In 

this regard, the digital solution subareas were used only as a proxy to accomplish that 

aim.  

Naturally, a company may be interested in all the digital solution subareas displayed 

after picking a business goal. However, we are only interested in the highest-priority 

area/subarea. Thus, we capped the number of priority solution subareas at a maximum of 

3. Moreover,  we encouraged SMEs to differentiate between priority solution subareas 

and those which were ‘nice-to-have’, to reflect areas where digital solutions were likely 

to have the highest impact more accurately. 

Similarly, a company may be interested in all available business goals, but to achieve 

true prioritisation, there is a need to limit the selection. In order to ensure that both 

competitive factors and resource constraints were equally represented, as per our 

definition of business goals, the proposed process explicitly requests companies to pick 

one priority business goal from each group. The described solution prioritisation process 

is summarised in Figure 11. 
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Figure 11 Solution area prioritisation process 

 

4.3.3 Establishing digitalisation priorities at the industry level  
 

The previous subsection defined a process to prioritise digital solution areas, which 

ensures their alignment with the business goals. This subsection implements that process 

to determine the priority solutions areas of individual UK LSP SMEs and the sector as a 

whole. By determining these digitalisation priorities, we will be able to identify the most 

important solution area of this sector, thus paving the way for economic impact 

quantification in the next chapters. 

The study made use of workshops to implement the solution prioritisation process 

discussed in the previous section. Industry workshops were considered more suitable for 

the task than online surveys because they allowed for more direct interaction with SMEs. 

During each workshop, participant LSP SMEs voted for their priority solution subareas 

and their votes were then aggregated to determine the priorities of the sample of 

participants as shown in Figure 12. 
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As for the aggregation of votes of multiple SMEs, this study proposed a simple model 

for this task. In this model, all the solution subareas define a set 𝑈 = {𝑥1, 𝑥2, 𝑥3, … , 𝑥𝑘}.  

For these subareas, the votes obtained during the workshops were denoted by 𝑉𝑖,𝑗,𝑙. 

Moreover, 𝑉𝑖,𝑗,𝑙 = 1  if the participant 𝑖 selected solution subarea 𝑗 as a priority during 

workshop 𝑙, such that 𝑖 ∈ {1, 2, … , 𝑛}, 𝑗 ∈ {1, 2, … , 𝑘} and 𝑙 ∈ {1, 2, … ,𝑚},   otherwise 

𝑉𝑖,𝑗,𝑙 = 0. Thus, after completion of workshop 𝑙, the aggregated score per solution area, 

denoted by 𝑆𝑗,𝑙, was given by 

 

                                                                                                  𝑆𝑗,𝑙 = ∑ 𝑉𝑖,𝑗,𝑙
𝑛
𝑖=1                                                           1                                                                                                                                                              

 

Moreover, considering that each solution subarea 𝑥𝑗𝜖 𝑈 corresponds to one or more 

solution areas in the catalogue, the after-workshop aggregated score per solution area, 

denoted by 𝐒𝐫,𝐥,  is given by 

                                                     

  𝑺𝒓,𝒍 = ∑ 𝑆𝑗,𝑙𝑗𝜖𝑊𝑟                                                  2 

 

Where 𝑊𝑟 = {𝑥𝑗  𝜖 𝑈: 𝑃(𝑥)} and 𝑃(𝑥) is the condition that 𝑥𝑗 is a subarea of 𝑊𝑟. The 

aggregated scores per workshop, 𝑆𝑗,𝑙 and 𝐒𝐫,𝐥, were then used to establish a working 

ranking of priority solution areas and subareas. The cycle of running workshops, 

aggregating votes, and updating of rankings continued for m-iterations as shown in Figure 

12. The aggregated scores per solution area and subarea, considering all workshops, were 

denoted by 𝑆𝑗 and 𝐒𝐫, respectively, and obtained as 

 

                                                                        𝑆𝑗 = ∑ 𝑆𝑗,𝑙
𝑚
𝑙=1                                                                               3 

 

                                                           𝑺𝒓 = ∑ 𝑺𝒓,𝒍𝑗𝜖𝑊𝑟                                                   4 

 

The cycle of workshops stopped when the stability of the top 5 digital solution areas 

was reached. This stopping criterion is reasonable from a theoretical sampling 

perspective, in which sampling can stop if no new insights emerge from the data in 

relation to the phenomenon of interest (Conlon et al., 2020; Glaser & Strauss, 2017). 
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Figure 12 Activities involved in solution ranking determination 

 

                                            

4.3.4 Results and discussion  
 

This section analyses the results of the solution area prioritisation in the UK LSP SME 

sector. The section initiates discussing the results corresponding to priority business goals 

(i.e., competitive factors and resource constraints) and then discusses the most prioritised 

solution areas (and subareas). Moreover, through this discussion, this section identifies 

the highest-priority solution area for UK LSP SMEs which is the primary goal of this 

chapter. 

This prioritisation of solution areas was executed through industry workshops 

conducted over the period 2021 – 2023. In these workshops, 30 SMEs participated, the 

majority of from which were third-party logistics companies. For each company, 

representatives holding positions such as CEO, Warehousing Manager, Business 

Solutions Development Managers, Sales Manager, and Logistics Managers participated 

in the solution prioritisation exercise of the workshops. Such prioritisation followed the 

process described in Subsection 4.3.2 and was facilitated using the survey form shown in 

Appendix I. Finally, the results from the workshops were aggregated following the 

process outlined in Subsection 4.3.3. 

Overall, the results of the workshops showed UK LSP SMEs rank delivery and price 

as their top competitive factors. As Figure 13 illustrates, delivery and price scored the 

highest in relative importance, with 31% of the votes each. This result shows that the 

logistics sector aims to increase dependability and speed without compromising cost. This 

conclusion agrees with the findings in Chapter 2, which found that improving the level of 

service while keeping costs low is a priority for the logistics sector. Therefore, delivery 

and price are the order-winning factors of the UK LSP SME sector. 
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Figure 13 Relative importance of competitive factors for UK LSP SMEs 

 

As for the priority resource constraint, the majority of UK LSP SMEs identified the 

people-and-information category as the most critical to address.  Figure 14 illustrates that 

a resounding 73% of the participants identified this as the most critical obstacle hindering 

their companies’ growth. On the one hand, this result implies a strong need for the staff 

to be polyfunctional and capable of performing at its best independent of the activity, 

which might be motivated by the staff shortage issues in the sector. On the other hand, 

the result reflects the need for greater flexibility in the information systems that support 

business activities. The latter is consistent with recent industry reports that highlight 

upgrades on WMS, TMS, and ERPs as priorities for the UK LSP sector (BDO LLP & 

Barclays Corporate Banking, 2023). Thus, digital solutions that are flexible and which 

support staff will be crucial to tackling the people-and-information constraint.  
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Figure 14 Relative importance of resource constraints for UK Logistics SMEs 

 

Furthermore, the above-discussed competitive factors and resource constraints clearly 

influenced the choice of priority digital solution areas. For example, the top solution 

area—process time monitoring—addresses the need for faster and timely delivery; the 

second priority solution area—cost estimation—focuses on low prices; and the third 

one—work instruction communication—tackles the people-and-information constraint. 

We can verify this in Figure 15, where other priority solution areas such as productivity 

monitoring and staff training respond to priority business goals as well. Thus, an 

alignment between priority solution areas and business goals has been achieved. 
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Figure 15 Top ten solution areas of UK LSP SMEs 

 

Lastly, within the top solution areas, subarea selection appears to be driven by the 

sector’s challenges. For example, monitoring and reporting on container unloading time 

in own facilities was the most popular subarea within the broader digital solution area of 

process time monitoring. This subarea directly targets the challenge of long truck 

unloading time and indirectly targets other challenges, like long lead times and late 

deliveries as shown in Appendix A.  Similarly, digital support for cost estimation in the 

warehouse service—the most popular subarea within cost estimation—tackles issues like 

material handling costs and customer expectations for lower costs as discussed in 

Appendix A. A list of the top priority subareas is presented in Figure 16, where other 

links to the challenges of LSPs can be inferred. Based on these findings we conclude that 

priority solution areas respond not only to the business goals of the sector but also to its 

operational challenges.  
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Figure 16 Top fifteen solution subareas of UK LSP SMEs 

 

4.4 Summary  

  
This chapter determined the priority digital solution areas of UK LSP SMEs through a 

bottom-up approach illustrated in Figure 17. As this figure shows, the approach involved 

the development of a catalogue of digital solution areas based on industry insights, the 

identification of standard business goals, and the prioritisation of solution areas. This last 

step required developing a procedure to ensure that the priority business goals of 

companies are considered in order to reflect a needs-based prioritisation and that the 

priorities of individual companies are correctly aggregated. 

The proposed approach was deployed through a series of workshops with UK LSP 

SMEs over the period from 2021 to 2023. The results of the workshops showed that 

process time monitoring is the highest priority solution area for the logistics SME sector. 

The focus on process timing is understood as a response to the goal of improving delivery 

performance without increasing cost, which the study identified as a priority. An example 

of this is the priority solution subarea, monitoring and reporting on container unloading 

time, which targets issues of late job completeness while preventing penalty and overtime 

costs. 

By determining the priority solution area of UK LSP SMEs this chapter accomplished 

the first research objective of this thesis and, on the way, answered its first two research 

questions, namely RQ1: Which digital solution areas are both relevant for LSPs and 

feasible to produce and deploy at a low cost? and RQ2: Among the identified digital 
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solution areas that are both relevant and affordable to produce and deploy, which are 

the priorities for UK LSP SMEs based on their business needs? 

Motivated by these findings, the next chapter defines impact in the context of the 

highest priority solution—process time monitoring—thus paving the way for an approach 

to economic impact quantification which is the ultimate goal of this study. 

 

 

Figure 17 A bottom-up approach to determine priority digital solution areas 

 

 

 

 

 

 

 

 

 

 

 



49 
 

 

 

 

Chapter 5 

Defining the impact of digital solutions 

for process time monitoring 
 

 

As we discussed, this thesis aims to quantify the impact of digitalisation on the 

economic performance of UK LSP SMEs. The previous chapter determined priority 

solution areas for this sector and found that process time monitoring is the most critical. 

This finding is important for this thesis because, as previously stated, we will use the 

highest-priority solution area as a proxy for impact quantification.  

In order to quantify the impact of this digital solution area on the economic 

performance of SMEs, we first need to clarify the notion of impact. Overall, there is not 

a universal definition of economic impact in the digitalisation literature; however, most 

research at the firm level refers to this impact as the benefit or value of digitalisation for 

businesses (Bellakhal & Mouelhi, 2023; Etienne Fabian et al., 2024) and measures it as 

the difference in the result for an economic indicator before and after digitalisation (Loske 

& Klumpp, 2022).  Therefore, it is reasonable to define economic impact using the 

following equation: 

 

𝐼 ≡ ∆𝑃 = 𝑃𝑓 − 𝑃0                                                      5 

 

where  𝑃𝑓 and 𝑃0 represent the values for an indicator—representative of the economic 

performance of operations—with and without the chosen digital solution area, 

respectively. Determining 𝑃𝑓 motivates a closer look at how the influence of the solution 

area propagates all the way to economic performance while determining 𝑃0 motivates an 

understanding of this performance without the solution. Hence, this chapter aims to 
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identify factors influencing 𝑃𝑓 and 𝑃0 in the context of process time monitoring solutions 

so that we can operationalise the definition of impact in equation 5.   

To identify general factors that influence 𝑃𝑓 and 𝑃0, we can use Information Value 

Theory. This theory establishes that the information influences the choice of actions of 

an individual, and these actions lead to outcomes in the physical world that, ultimately, 

translate into economic results (Lawrence, 2012). This process is illustrated in Figure 18. 

From this figure we can infer that without information the actions of individuals will rely 

only on their prior knowledge. A reliance on prior knowledge is expected in the absence 

of the digital solution. Hence the key factor leading to a difference between 𝑃𝑓 and 𝑃0 

will be the availability of information. 

 

 

Figure 18 A model of information processing and decision-making based on Lawrence (2012) 

 

If we think of a process time monitoring digital solution as the data source in Figure 

18, then this figure illustrates how this digital solution influences the economic 

performance 𝑃𝑓. From Figure 18, the main factors influencing 𝑃𝑓 are information, actions, 

and operational performance. Clearly, these factors will be the same for 𝑃0 except for the 

information. 

These factors along with their conversion into economic performance shape the 

organisation of this chapter. Specifically, we need to detail which type of information is 

involved, which actions are enabled, and which operational and economic performance 

indicators are influenced by the digital solution so that we can determine 𝑃𝑓 and 𝑃0 for 

impact quantification purposes. Thus, we do this in sections 5.2 – 5.5, as shown in Figure 

19. Clearly, these sections require data on how logistics practitioners may implement and 

use process time monitoring solutions, as well as their business-as-usual conditions. 

Hence, we introduce section 5.1, which provides insights into these topics based on 

scoping case studies in the logistics sector. 
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Figure 19 Roadmap to impact quantification highlighting the sections of this chapter 

 

5.1 Process time monitoring digital solutions in logistics  

  
Motivated by determining 𝑃𝑓 and 𝑃0, the task on hand is moving from the general 

factors influencing them—information, actions, operational performance—to specific 

instances of these, relevant to the presence (and absence) of process time monitoring 

solutions. This implies a need to obtain information from companies on the intended uses 

of these digital solutions, their implementation, and the business-as-usual operational 

context. Thus, this section focuses on obtaining this information from companies. 

Specifically, Subsection 5.1.1 explains the information-gathering process, Subsection 

5.1.2 presents the gathered information in the form of scoping case studies, and 

Subsection 5.1.3 extracts key insights. This information will help us better understand the 

influence of the digital solution on operational and economic performance (Figure 20). 

 

 

Figure 20 Factors influencing economic performance and focus area of this section 
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5.1.1 Information gathering planning 
 

As mentioned earlier, in the process of defining the impact of process time monitoring 

solutions we need information on their intended uses and operational context. To gather 

this information, we consulted logistics practitioners to understand the present state of 

logistics operations (i.e., focus on 𝑃0) and potential solution applications (i.e., focus on 

𝑃𝑓). Against this backdrop, the impact of digital solutions will later be examined. Thus, 

this subsection focuses on the data-gathering process.  

The data gathering was performed through scoping case studies, which are brief 

narratives of organisational situations. Case-based research was chosen because of its 

suitability to explore needs and operational context in companies, as discussed in Chapter 

3. The cases were obtained from industry visits and interviews with SMEs over the period 

2022-2023. 

The organisation of these cases is guided by data needs. Each case explores the target 

process and challenges, thus covering the operational context; then discusses the intended 

solution applications. These cases are presented in the following subsection.  

 

5.1.2 Scoping case studies 

 

Case A  

 

The core business of Company A  is in the transportation and warehousing of goods. 

The study focused on goods transportation, specifically on their container unloading 

process, encompassing four stages. First, the containers arrive at the gate area at a 

scheduled time, where container details (and those of the drivers) are recorded. Next, the 

unit is directed to one of the seven unloading bays, waiting until the receiving staff is 

available. Subsequently, staff manually unload the container and verify the agreement of 

the received and expected quantities. Finally, the container is cleaned and returned to the 

local warehouse. 

One of the challenges faced by this company is the excessive unloading time for some 

of the containers. This time is affected by factors such as the number of boxes, their 

weight, the fragility of their contents, and the number and experience of workers allocated 

to the task. As a result, the unloading time is highly variable, leading to late completion 

and overtime costs. This is critical during the festive seasons when the volume of received 

containers is significantly higher. 
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Company A considered adopting barcodes and online dashboards to track the 

operation's progress in response to this challenge. Specifically, the warehouse manager 

wanted to receive alerts if the container unloading time exceeded a predetermined 

threshold. This increased job status visibility would enable company A to react to delays 

promptly by allocating extra resources to expedite jobs, thus avoiding tardiness-

associated costs. This expediting is expected to have a cost proportional to its duration. 

Nevertheless, issues in data capture, such as operators forgetting to scan a barcode and 

information transmission delay, were anticipated by Company A. Thus, measuring the 

expected benefits of adopting an unload monitoring solution before its actual deployment 

will help this company. 

 

Case B  

 

The logistics operation of company B involves the transportation and warehousing of 

steel products. The study examined its truck-loading process. Similar to the process 

described for Company A, trucks arrive at the gate area, where the drivers’ IDs are 

checked, and their arrival time is recorded. Then, they are directed to one of the 

predetermined loading platforms and wait until the loading starts.  

Some differences with the process in Company A were identified. First, in Company 

B, the loading operation is not entirely manual but assisted by bridge cranes, which help 

the staff pick steel bundles and load them onto the trucks. Second, most trucks must load 

material in multiple platforms to fulfil customer orders, implying a sequence in the 

operations. Finally, although there is a daily arrival schedule for truck-loading, trucks may 

not necessarily arrive as scheduled, introducing uncertainty in truck arrival time, and 

generating queues. 

One of the challenges faced by this company is improving its on-time completion of 

work, which is currently measured as the number of orders delivered on time, divided by 

the total number of shipments. Although several factors influence this performance, such 

as traffic conditions, the company identifies the delays in its loading process as the leading 

cause of late deliveries. Examples of these delays include but are not limited to bridge 

crane obstructions, excessive product search times, and unclear truck loading priorities. 

As a result, Company B has experienced tardiness and brand damage costs.  

Company B sees increased visibility of the truck-loading status (i.e., on-time or running 

late) as a way to tackle these issues. Visibility of truck-loading status would give them 
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the information to use more than one platform to expedite the truck-loading process. 

Therefore, they are considering using Barcode or RFID technology to track arrivals and 

departures from the loading platforms so that trucks spending more time than planned are 

identified and expedited (at a cost) in the subsequent stage (i.e., loading platform).  

Furthermore, Company B does not consider it feasible to monitor jobs manually unless 

the manager has at least some (prior) knowledge of the truck arrival time or the elapsed 

time. This manual monitoring is likely to be sporadic rather than regular, hence, it is 

unlikely to be a good option.  

 

Case C  

 

Company C offers value-added logistics services. This company specialises in 

inventory management solutions for other businesses; thus, the scoping case focused on 

the inventory replenishment process of one of its customers. This replenishment process 

involves several company departments and almost 3000 Stock-Keep-in-Units (SKUs). 

The replenishment process for an SKU starts when its inventory position drops to its 

reorder point, and a replenishment requirement is generated. Then, the requirement is 

processed and approved within the company. Finally, the purchasing order is sent to the 

chosen supplier, who will replenish the item within a specified time.  

Several issues affect this inventory replenishment process. One issue is the duration of 

the internal activities involved in this process, which frequently exceeds the planned lead 

time. Internal activities lie within the control of a company. Examples include supplier 

selection, budget approval, and order placing, among others. Another issue is the 

variability in processing time and the arrival of replenishment requirements, which leads 

to “virtual queues” of replenishment orders. These two issues are critical for the company 

because failing to meet the planned internal lead time leads to increased inventory 

shortage costs that the company cannot afford. For this reason, they have contacted 

Company C for a solution.  

In terms of solutions, Company C does not find it feasible to increase the planned lead 

times as these will inevitably lead to higher inventory holding costs. It has also ruled out 

the possibility of increasing staff as the associated costs are prohibitive. However, 

Company C sees value in improving the visibility of replenishment orders (i.e., jobs) as 

these navigate the internal processes. Specifically, Company C is considering using QR 

codes to help the process owner track orders upon arrival and departure at each stage. By 
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doing this, the process owner can expedite (in the subsequent stages) orders running 

behind schedule. This job expediting would come with a cost proportional to its duration. 

Separately, the process owner foresees some challenges with the solution. For instance, 

he anticipates that the staff might not track some orders. Additionally, orders running late 

might not be expedited due to staff capacity issues. Consequently, Company C is 

interested in measuring the expected benefits of the proposed solution—considering these 

issues—so that it can enhance its value proposition.     

 

5.1.3 Key insights from scoping cases 

 

The previous subsection presented three scoping cases involving logistics operations 

and process time monitoring solutions. Now, we need to extract insights from these 

scoping cases that enable us to characterise the solution, the information, the enabled 

actions, and the performance, all in the context of the mentioned solution. This is crucial 

because we need to operationalise the definition of impact and for this, we have to know 

the specific factors that influence on  𝑃𝑓 and 𝑃0.  The following table summarises these 

key insights.    

 

Table 6 Relevant insights from scoping cases 

 Relevant to 𝑷𝒇 Relevant to 𝑷𝟎 

Solution Enabling digital 

technologies:  

Barcodes / RFID / 

Dashboards / WIFI. 

— 

Information Job elapsed time / Job 

progress 

s.t. Quality issues 

— 

Actions Job expediting enabled 

by progress information 
 

If there is no prior knowledge → 

• No monitoring or expediting action 

If there is prior knowledge on usual job 

arrival time/elapsed time → 

• Manual job monitoring (enabled by 

prior knowledge) to gather job progress 

information. 
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• Job expediting enabled by progress 

information  

Operational 

performance 

On-time completion of 

jobs 

On-time completion of jobs 

Economic 

performance 

Tardiness cost / 

Expediting cost 

Tardiness cost  

   

We limit ourselves to summarising these insights in this subsection and discuss them 

in detail in the following sections.  

 

5.2 Influence of solution on information provision  

  
In order to define economic impact in the context of process time monitoring solutions, 

we need to understand how these solutions influence the economic performance of 

companies, which occurs as shown in Figure 21. Having gathered data on applications of 

the solution area and its operational context, we need to use that data to understand the 

type and properties of the information the solution provides. Understanding these topics 

is important because the information influences the actions of management, which 

ultimately dictates the economic impact of the solution. This section addresses these 

topics in subsections 5.2.1 and 5.2.2, respectively. 

 

 

Figure 21 Factors influencing economic performance and focus area of this section 

 

5.2.1 Information provision  
 

The review of the scoping cases revealed that process time monitoring solutions are 

useful for knowing the elapsed time of jobs. The cases of companies A and B showed that 

these solutions provide logistics practitioners with information on the duration of 

activities such as truck loading and unloading, which are common in logistics settings. 

Thus, time is a critical element of the information provided by these solutions. 

Furthermore, the cases showed that process time monitoring solutions provide 

information on job progress.  For example, from the case of company B, we can infer the 
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solution makes it possible to know if a truck completed (or not) the loading at the process 

stage. Thus, progress is a critical element in the information provided by these solutions. 

Lastly, we noticed that time and progress information are used in combination. Indeed, 

for all the companies in the examples it was not enough to know the progress (i.e., 

complete, or incomplete), but rather the status (i.e., on-track or running late), which 

combines time and state. We refer to this compound structure as job-status information 

(JSI) and discuss factors affecting its quality in the following subsection. 

 

5.2.2 Information issues  
 

We have discussed the type of information provided by process time monitoring 

solutions. This information, when available, enables logistics practitioners to know if job 

processing is on track or behind schedule. However, process time monitoring solutions 

may still fail to provide this information to the users. 

This can happen for a few reasons, as discussed in the scoping case studies. The cases 

of companies A and C highlight that data capture issues may occur, such as failing to read 

a barcode. Potential causes may be technology limitations, forgetfulness, or staff absence. 

As a result, data on a specific job might not be visible to management. Similarly, 

information may be lost or delayed on the way to management. Thus, the availability and 

timeliness of job-status information is not guaranteed because of these issues. 

The issues of data capture might also affect information accuracy. Information is 

deemed inaccurate when it does not reflect the actual state of a system (Kelepouris, 2008). 

To see how this might occur in practice, consider a solution that displays the status of the 

jobs, like those mentioned in Case A. If a job is not tracked upon completion the 

dashboard will eventually display it as “running late” when it is not. Similarly, if the job 

is tracked before its actual completion, the dashboard will be marked as “finished”, thus 

misleading management, with the aggravating consequence that if it runs late, expediting 

actions will not be taken, so costs will be incurred.    

 

5.3 Managerial actions 

  
The previous section specified the type of information provided by process time 

monitoring solutions and the issues affecting its quality. This is important for determining 
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𝑃𝑓, as we discussed. Nevertheless, the information per se does not influence performance; 

rather it is the use of the information that has a bearing on the operational and economic 

performance of a company. Thus, we need to understand the effect of information on 

management actions, and that is the role of this chapter. Understanding these actions is 

important because they may lead to an impact on economic performance as illustrated in 

Figure 22. 

 

 

Figure 22 Factors influencing economic performance and focus area of this section 

 

To understand the connection between information and managerial actions, we return 

to the scoping cases in section 5.1. These cases show that two actions are relevant to 

management in the context of process time monitoring, namely job monitoring and job 

expediting. Therefore, this section analyses how these actions are affected by the 

availability of job status information.  This section also provides insights on management 

actions when job status information is not available, as this is critical to determining 𝑃0. 

 

5.3.1 Job monitoring 
 

Monitoring a job in an industrial setting is the act of determining its state at some point 

in time; hence, it is action aimed at gathering information. In our context, monitoring jobs 

is necessary to alert management to potential process delays. These delays reflect the 

variability in processing time due to the factors mentioned in the scoping cases and 

illustrated in Figure 23. 
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Figure 23 Factors contributing to process time variability based on scoping cases 

 

Process time monitoring digital solutions can monitor jobs at intended times. As 

discussed, these solutions can check job progress at predefined times and report on their 

states (i.e., “complete” or “incomplete”). As a result, manual job monitoring is not needed 

when the digital solution is implemented; hence, it is not an action enabled by job status 

information. 

Nevertheless, manual job monitoring plays an important role in the absence of process 

time monitoring digital solutions. This is so because, in the absence of these digital 

solutions, manual monitoring is the only way to gather job-status information. This 

manual monitoring could be enabled by prior knowledge on usual job arrival times and 

elapsed time perception, as shown in Table 6; otherwise, the manual monitoring would 

not be feasible. 

Despite its importance, the manual monitoring tends to be imprecise or sporadic in 

comparison with the digital monitoring. Imprecision in manual job monitoring implies 

not monitoring at the intended time, while sporadic implies only monitoring occasionally. 

As the scoping case B illustrates, imprecision in monitoring is driven by absent or 

incomplete knowledge of job arrival times. This is especially the case when there are 

multiple jobs ongoing, with random arrival times.  Case B also illustrates the sporadic 

nature of manual monitoring which implies that a proportion of jobs will not be expedited 

during the shift, possibly due to unforeseen events. Therefore, the economic impact of 

process time monitoring digital solutions is expected to be greater in these cases.  

 

5.3.2 Job expediting 
 

As we discussed, monitoring jobs in the process helps to identify those at risk of costly 

delays. In response to these potential delays, management can sometimes intervene in job 
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processing to catch up as the scoping cases showed. We refer to these interventions as 

job-expediting actions. Examples of expediting actions include allocating additional staff 

or speeding up a machine. These actions usually come with a cost, such as the cost of 

reallocating staff or the cost of temporarily stopping other processes.  

The scoping cases put forward two scenarios of expediting actions. The first one 

involves single-stage, queue-free operations where jobs running behind schedule are 

expedited. An example of this is the scoping case of Company A, in which trucks carrying 

containers do not queue and truck unloading is the only stage The second scenario 

involves multi-stage, queue-based operations where jobs lagging behind schedule are 

expedited in subsequent stages. Examples are scoping cases of Companies B and C, in 

which jobs create physical or virtual queues, and those running late in a stage are 

prioritised for expediting in the subsequent stage.  

In both cases, we can define a job to be running late when the time taken to complete 

the job, 𝑡, exceeds a threshold time 𝑡0. A small value of 𝑡0 would lead to a significant 

number of jobs being expedited, while a large value of 𝑡0 would increase the chances of 

late completion. This would translate into costs of expediting and tardiness, respectively, 

which trade off each other. Therefore, 𝑡0 should be carefully determined and process time 

monitoring solutions should ensure that the job monitoring occurs at 𝑡0, otherwise, excess 

costs of tardiness or expediting will be incurred.  

 

5.4 Operational performance dimension influenced by actions  

  
Thus far, we have discussed the influence of process time monitoring solutions on 

information provision and the effect of this information on management actions. Now, 

we need to determine how these actions lead to an economic performance 𝑃𝑓; however, 

this economic performance is in reality a cost conversion of the operations performance 

in the presence of the digital solution, as illustrated in Figure 24. Thus, we first need to 

identify the operational performance dimension where the impact of the actions 

materialises. That is the subject of this section.  

 

 

Figure 24  Factors influencing economic performance and focus area of this section 
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Clearly, to determine such a dimension of operational performance we need to look at 

the scoping cases in section 5.1 because they are our primary source of information. These 

cases show that on-time completion of jobs is a concern for logistics practitioners due to 

the costs associated with delays. The cases also show these delays can be prevented from 

escalating thanks to the job expediting actions enabled by the process time monitoring 

solutions. Thus, on-time completion of jobs is the operational performance dimension 

sought. This performance dimension can be measured through the probability of on-time 

completion, which we will do to enhance objectivity.  

The choice of on-time job completion is corroborated by the results in Chapter 4. This 

chapter showed the priority business goal for the UK LSP SME sector—from a market 

perspective—is delivery. Delivery encompasses dependability, which involves on-time 

job completion. Thus, the results in Chapter 4 further validate the chosen performance 

dimension. 

Hence, on-time completion of jobs is the operational performance dimension 

influenced by the solution, in the process shown in Figure 24. Moreover, on-time 

completion will also be the operational performance dimension of interest in the scenario 

without the solution, so that a comparison can be made.  

 

5.5 Cost metrics associated with operational performance  

  
In the previous section, we determined the target operational performance dimension 

of this study. Now, we need to link that operational performance to economic 

performance because our primary goal is to characterise 𝑃𝑓 and  𝑃0, so that we can 

operationalise the impact definition. Thus, we have to identify cost metrics relevant to the 

operations context of process time monitoring solutions, and that is the role of this section 

as shown in Figure 25.  

 

 

Figure 25 Factors influencing economic performance and focus area of this section 
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The reviewed scoping cases provide valuable insights into relevant costs. On the one 

hand, the scoping cases highlighted costs for not completing jobs on time. Examples 

included costs for late delivery, overtime, brand damage, and stockouts. These costs, 

although different, share the same root cause: tardiness in the operation. On the other 

hand, the scoping cases showed that in order to prevent tardiness the managers can 

expedite jobs that are lagging behind schedule if they are notified about it; hence incurring 

expediting costs. Using these insights we can restate our impact equation as follows: 

 

                         𝐼 ≡ ∆𝑃 = 𝑃𝑓 − 𝑃0                          

𝐼 ≡ ∆𝑃 = 𝐶(𝑇𝑎𝑟𝑑𝑖𝑛𝑒𝑠𝑠𝑓 + 𝐸𝑥𝑝𝑒𝑑𝑖𝑡𝑖𝑛𝑔)− 𝐶(𝑇𝑎𝑟𝑑𝑖𝑛𝑒𝑠𝑠0)                     6 

 

where the cost, denoted by 𝐶, is a function of the level of tardiness and expediting in 

the scenario with the digital solution (i.e.,  𝑃𝑓). Alternatively, 𝐶 is a function only of the 

level of tardiness in the scenario without the digital solution (i.e., 𝑃0), under the 

assumption that without solution information it is not feasible to expedite the jobs. This 

assumption will be relaxed in following chapters.   

Note that although the tardiness cost is common to the scenarios with and without the 

digital solution, its expected value is not the same. Clearly, the reason behind this is the 

job expediting. This expediting reduces the tardiness in the scenario with the digital 

solution, hence leading to lower tardiness costs than in the scenario without the solution. 

This observation implies there is a direct proportionality relationship between tardiness 

and tardiness costs, which can be represented using the following equation: 

 

   𝑇𝑎𝑟𝑑𝑖𝑛𝑒𝑠𝑠 𝐶𝑜𝑠𝑡 = 𝑐𝑡(𝑁)𝑇𝑎𝑟𝑑𝑖𝑛𝑒𝑠𝑠                                   7 

 

where:  

𝑐𝑡: cost per tardy job per unit of time ($/job/hour) 

𝑁: number of jobs per period (jobs) 

𝑇𝑎𝑟𝑑𝑖𝑛𝑒𝑠𝑠: maximum between {[actual completion – planned completion ; 0]}(hours) 

 

In its current form, equation 7 is useful to compute the tardiness cost at a specific point 

in time; however, from a financial perspective, SMEs might find it more useful to know 
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the cost in the long run when making decisions on digital solution adoption. This cost in 

the long run can be obtained by taking the expected value of equation 7: 

 

𝐸[𝑇𝑎𝑟𝑑𝑖𝑛𝑒𝑠𝑠 𝐶𝑜𝑠𝑡] = 𝑐𝑡(𝑁)𝐸[𝑇𝑎𝑟𝑑𝑖𝑛𝑒𝑠𝑠]                                 8 

 

Clearly, to use equation 8 we need to estimate the expected tardiness. It is here where 

the operational performance—represented as the probability of on-time completion in the 

previous subsection—becomes useful. Using this operational performance the equation 8 

can be restated as follows: 

     

𝐸[𝑇𝑎𝑟𝑑𝑖𝑛𝑒𝑠𝑠 𝐶𝑜𝑠𝑡] = 𝑐𝑡(𝑁)𝜏̅ [1 − (
𝑃𝑟𝑜𝑏𝑎𝑏𝑖𝑙𝑖𝑡𝑦 𝑜𝑓 

𝑜𝑛 𝑡𝑖𝑚𝑒 𝑐𝑜𝑚𝑝𝑙𝑒𝑡𝑖𝑜𝑛
)]                9 

 

where 

𝜏̅: magnitude of tardiness (i.e., the average of positive differences between actual and   

planned time) 

 

Note that equation 9 holds true both in the scenarios with and without the digital 

solution. The only difference is that 𝝉̅ is expected to be lower and the probability of on-

time completion to be higher in the presence of the digital solution because of the 

expediting actions. 

Nevertheless, these expediting actions incur costs as we discussed, and we need to 

compute them to fully characterise our impact equation (equation 6). From the scoping 

cases, we know the expediting cost is directly proportional to the duration of the 

expediting action. This means that if the expediting of a job begins at a time 𝑧0, the SME 

will incur an expediting cost at a rate 𝑐𝑒 (£/job/time) per each second that the job 

processing time 𝑋 exceeds 𝑧0. Therefore, it is reasonable to express the expected 

expediting cost using the following equation: 

 

𝐸[𝐸𝑥𝑝𝑒𝑑𝑖𝑡𝑖𝑛𝑔 𝐶𝑜𝑠𝑡] = 𝑐𝑒(𝑁)𝐸{𝑀𝑎𝑥[𝑋 − 𝑧0, 0]}                   10 

 

Note that equation 10 is a statement of the expected expediting cost. Again, we chose 

the expected cost as this is more representative than an individual cost observation. By 
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determining metrics for both expediting cost and tardiness cost, we have linked 

operational performance to economic performance. In doing so, we have characterised 𝑃𝑓 

and 𝑃0, which was the goal of this subsection.  

 

5.6 Summary 

  
This section defined economic impact in the context of the highest priority solution 

area for UK LSP SMEs—process time monitoring. Defining this impact required us to 

gather information on the intended uses of these solutions in a logistics setting and to 

analyse this information to understand how process time monitoring digital solutions 

influence operational performance and how this can be expressed in economic terms.  

As for the influences on operational performance, we found process time monitoring 

solutions can provide information on job status(e.g., “on-track” or “behind schedule”) 

which enables management to expedite them if required. These expediting actions were 

determined to occur either in the current process stage of a job or in sequential stages and 

queue-based and queue-free environments. By expediting a job running late, companies 

can increase their on-time completion of jobs and hence enhance operational 

performance. 

It is precisely this improvement in on-time job completion performance that drives a 

positive economic impact. More jobs completed within their planned lead times imply 

less tardiness, thus reducing penalty costs, brand damages, and overtime. Therefore, the 

greater the difficulty faced by LSP SMEs in fulfilling customer requests on time, the 

greater the impact of process time monitoring solutions.  

Having defined impact in the context of process time monitoring solutions, the next 

chapter focuses on operationalising this definition. By operationalising, we mean 

transforming the definition into an analytical approach to quantify the impact; hence, 

putting us a step closer to accomplishing the aim of the thesis (i.e., quantifying impact) 

and, along the way, enabling us to answer the third research question, namely RQ3: How 

can we measure the ex-ante impact of the highest priority solution area on the economic 

performance of logistics operations? 
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Chapter 6 

Quantifying the impact of digital 

solutions for process time monitoring  
 

 

SMEs in the logistics sector lag behind their larger counterparts when it comes to 

digitalisation, thus potentially losing benefits for their operations (Overvelde, 2021). This 

is the central problem this thesis aims to tackle. Chapter 2 has shown that LSP SMEs 

under-digitalise in large part because the benefits are unclear to them. To circumvent this 

problem, this research aims to quantify the economic benefit that digitalisation can bring 

to companies. By putting a concrete dollar-value on the benefits of digitalisation, SMEs 

will have a concrete basis for deciding whether or not to digitalise and this would be a 

step forward in tackling the digitalisation problem. 

To maximise the impact of this research, we chose the highest-priority digital solution 

area of UK LSP SMEs as a proxy for the highest-impact area for digitalisation. We 

showed this highest-priority solution area to be process time monitoring in Chapter 4. 

Having focused on the area of process time monitoring, in Chapter 5 we defined a 

framework to understand how the influence of digital solutions propagates through 

company operations all the way to economic impact. This framework is illustrated in  

Figure 26 to enhance clarity. 
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Figure 26 Framework for solution impact quantification 

 

In this chapter, we will use this framework to finally quantify the economic impact of 

the highest-priority solution area for UK LSP SMEs. In the process of doing so, we will 

integrate analytical modelling tools into the framework, which will enable us to put a 

dollar-value on the impact of  digital solutions in the context of process time monitoring. 

This chapter is organised around the definition of economic impact in Figure 26. 

Defining impact as a change between the economic performance with the solution and 

without the solution implies a need for two main sections addressing each scenario. Thus, 

we do that in Sections 6.1 and 6.2, respectively, with the former being organised around 

its causality path shown in Figure 26. The chapter finishes with a set of result extensions 

useful for more complex impact quantification scenarios (Section 6.3) and some final 

remarks in Section 6.4. 

 

6.1 Economic performance given the availability of process 

time monitoring solutions. 
 

As discussed in Chapter 5, process time monitoring solutions influence economic 

performance through the process illustrated in Figure 27. Thus, this process will be 

followed in this section to put a dollar-value on the final economic performance, denoted 

by 𝑝𝑓. In doing so, we will develop analytical representations of the variables involved in 

the stages of the process (Figure 27), so that they can be objectively incorporated into 𝑝𝑓.  

 

 

Figure 27 Causality path for the influence of the chosen solution 
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6.1.1 Influence of a digital solution on information provision  
 

In Chapter 5, we showed process time monitoring solutions can provide management 

with job-status information (JSI). We also showed this information helps managers to 

react in a timely fashion when jobs are not progressing as scheduled. However, issues of 

availability, timeliness, and accuracy affect the quality of this information. Therefore, this 

subsection seeks to use analytical methods to represent the influence of these information 

quality issues, as a first step in the impact quantification process. This is shown in Figure 

28. 

 

 

Figure 28 Role of this subsection in the causality path 

 

To illustrate how these information quality issues occur in practice, consider the 

example shown in Figure 29. In this example, a queue-free truck loading operation needs 

to be monitored at a time 𝑡0 = 45 mins after the process starts, so that the manager can 

track and expedite the process if it is falling behind schedule, to prevent a costly delay.  

In other words, the manager will expedite the job if the job processing time, denoted by 

𝑋, exceeds 𝑡0. Thus, at 𝑡0 the job status will be in one of two possible states: 

 

𝑦1: The job is finished by the monitoring time 𝑡0 (𝑋 ≤ 𝑡0), or  

𝑦2: The job is not finished by the monitoring time 𝑡0 (𝑋 > 𝑡0) 

 

 

 

Figure 29 Monitoring of a truck loading operation 
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Note that 𝑦1 and 𝑦2 will be unknown to the manager until the actual monitoring, thus 

we can see 𝑦1 and 𝑦2 as being realisations of the random variable 𝑌, which denotes the 

actual job status. 

Assuming that a process time monitoring solution is implemented, Job-status 

information would ideally be available to the manager. This will be possible, for example, 

through an online dashboard like the one shown in Figure 30. This dashboard would 

obtain data from digital technologies tracking the  arrival and departure of trucks and 

would display truck status messages at the predefined time 𝑡0. In this way, management 

can arrange the job expediting at the right time if needed, both in single stage and multi-

stage processes.  

 

 

Figure 30 Digitally assisted monitoring of a truck loading operation 

 

As Figure 30 shows, the job status messages seen by the manager are the following: 

 

𝑠1: on-time (i.e., The job is finished by the monitoring time t0) 

𝑠2: running late (i.e., The job is not finished by the monitoring time t0) 

 

These messages 𝑠𝑗 are unknown to the manager until the moment they are received, 

thus we can see them as realisations of the random variable 𝑆, which denotes the signaled 

job status. Moreover, the status messages 𝑆 are expected to reflect the states 𝑌 of the jobs. 

Consequently, a correspondence relationship between 𝑆 and 𝑌 should exist. We can 

represent this relationship using the following joint probability distribution  
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𝐈 = {𝑃(𝑌, 𝑆)}                                                         11 

 

which is the mathematical definition of information structure when costs are not yet 

considered (Lawrence, 2012). This definition provides the insight that the accuracy of the 

information is dictated by how well the status messages 𝑆 map onto the physical states 𝑌 

of a process. This point will become important later. 

Nevertheless, note that status messages 𝑆 for a job might not always be displayed, even 

if the solution is implemented. For instance, in the scenario depicted in Figure 30, the job 

tracking system might fail, and consequently no information will be displayed on the 

dashboard. This is an issue of information availability, which implies two possible events: 

 

𝑚1: the job is tracked by the solution, or  

𝑚2: the job is not tracked by the solution 

 

Clearly, the probability of occurrence of these events, represented by 𝑃(𝑚1) and 

𝑃(𝑚2), will affect the performance of the digital solution. Thus, these probabilities need 

to be estimated as part of the impact quantification process. 

Also, note that when status messages 𝑆 actually reach the management, this does not 

necessarily occur immediately. From the scenario in Figure 30, we can infer some 

reasons: 

 

• Display delays.- These can occur, for example, when the information on the 

dashboard is updated periodically as opposed to in real time; or when issues of 

information transmission occur (e.g., Wi-fi issues) 

• Observational delays.- These occur when the manager is not focused on the 

dashboard because of other work-related activities (e.g., meetings, calls, etc.) 

 

We refer to these as issues of information timeliness, whose severity is captured by the 

difference between the time the information is generated and when it is consumed. We 

use this time difference as a proxy for the magnitude of information timeliness issues and 

denote this by 𝑑1.   
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Finally, when the information reaches the management,  that information may contain 

errors. For example, a manager might receive a message stating that a job is complete 

when it is actually running late, as discussed in Chapter 5. The likelihood of occurrence 

of these discrepancies between actual states 𝑌 and solution messages 𝑆 is a measurement 

of information accuracy (Kelepouris & McFarlane, 2010). The likelihood matrix 

𝑃(𝑆|𝑌,𝑚1) resulting from all the values that 𝑌 and 𝑆 can take is shown in eq. 12. 

 

                         𝑃(𝑆|𝑌,𝑚1) = [
𝑃(𝑠1|𝑦

1,𝑚1) 𝑃(𝑠2|𝑦
1,𝑚1)

𝑃(𝑠1|𝑦
2,𝑚1) 𝑃(𝑠2|𝑦

2, 𝑚1)
]                                                   12 

where  

𝑃(𝑠𝑗|𝑦
𝑖, 𝑚1) - likelihood of receiving a job-status message 𝑠𝑗 given the actual status is 

𝑦𝑖 and the information is available 𝑚1 

 

Clearly, 𝑃(𝑠1|𝑦
2, 𝑚1) and 𝑃(𝑠2|𝑦

1, 𝑚1) are the likelihoods that measure information 

inaccuracy. These likelihoods can be obtained through expert knowledge, experience of 

managers, or sensitivity analysis, but it must be ensured that ∑ 𝑃(𝑠𝑗|𝑦
𝑖, 𝑚1)

2
𝑗=1 = 1 for 

all the matrix rows, to comply with the probability axioms. 

By defining these expressions, we have completed the representation of the 

information provided by process time monitoring solutions, along with the issues of this 

information—unavailability, inaccuracy, and lateness. These expressions enable us to 

measure their magnitude objectively. This is crucial because the magnitude of these 

information issues might vary across process time monitoring solutions (e.g., due to 

technology differences) and SMEs need a way to account for these issues when 

performing objective ex-ante impact quantifications. 

 

6.1.2 Representing actions influenced by solution information  
 

Having represented the influence of process time monitoring solutions on information 

provision, we now move to analytically represent the influence of information on actions. 

These actions directly influence operational performance (see Figure 31), and hence 

putting numerical values on them is key in the impact quantification process. This is the 

subject of this subsection. 
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Figure 31 Role of actions in the causality path 

 

To begin, consider the influence of solution information on monitoring actions. A 

monitoring action, in this context, is the act of checking job completion at a point in time. 

This type of monitoring was illustrated with the example in Figure 29, where the job 

status was set to be verified by time 𝑡0=45 mins. This verification (i.e. monitoring) would 

be performed by the digital solution instead of by a human once it is installed. For 

instance, the solution can be programmed to generate the status message “running late” 

if the job is not tracked a second time within a period less than or equal to 𝑡0, since the 

initial tracking at arrival. Else, it will generate the status message “on-time”. 

The generation of these status messages (from the digital solution) can be compared to 

generating signals (or impulses) at a precise time; outside that time, there are no signals. 

This motivates us to represent the generation of the messages, hence the monitoring 

occurrence, using a Dirac delta function, denoted by 𝛿, as shown in the equation 13. 

 

𝑓𝑇(𝑡) = 𝛿[𝑡 − 𝑡0]                                                         13 

 

The physical insight behind 𝛿[𝑡 − 𝑡0] is that when the digital solution is implemented 

the job monitoring must occur at 𝑡 = 𝑡0. Mathematically, this is equivalent to saying that 

if the monitoring could occur at any random instant 𝑡 within a time 𝑇 ≥ 0, the probability 

(density) of occurrence, 𝑓𝑇(𝑡), would be concentrated at 𝑡 = 𝑡0, and would be zero 

elsewhere. Hence, 𝑓𝑇(𝑡) = 𝛿[𝑡 − 𝑡0] represents the probability distribution of the 

monitoring time, as illustrated in Figure 32. 

 

 

Figure 32 Probability density function (Pdf) of monitoring time 
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Having represented the influence of solution information on the occurrence and timing 

of the monitoring, we now move to represent the influence of information on job 

expediting actions. For this purpose, suppose as before that we are monitoring the truck 

loading operation illustrated in Figure 29. As this figure shows, jobs need to be selected 

for expediting if they are not progressing as planned (i.e., if not finished by 𝑡0 =

45 𝑚𝑖𝑛𝑠). This can be enabled by the digital solution in Figure 30, which displays the 

message “running late”, when a tracked job takes longer than 𝑡0. Therefore, whether or 

not a job is expedited will depend on two conditions: 

 

1. The job is tracked by the digital solution (i.e., event 𝑚1 occurs), and 

2. The status message “running late” is received by the manager (i.e., event 𝑠2 occurs) 

 

We assume that expediting is always arranged when the message "running late” is 

received. If so, we can encapsulate these conditions into 𝑃(𝑠2|𝑚1), which is the 

probability that the expediting occurs given that a job is tracked by the solution. We care 

about this expression because it represents the influence of information on the occurrence 

of expediting actions. Thus, we need to compute 𝑃(𝑠2|𝑚1), and we can do so by 

conditioning on the actual states of the jobs, 𝑦𝑖, as follows 

 

𝑃(𝑠2|𝑚1) = ∑ 𝑃(𝑠2|𝑦
𝑖, 𝑚1)𝑃(𝑦

𝑖)  
𝑁𝑌=2
𝑖=1                                14 

 

where  

     𝑃(𝑠𝑗|𝑦
𝑖, 𝑚1)  - Information accuracy  

𝑃(𝑦𝑖) - prior probabilities for the actual states of the jobs, 𝑦1: 𝑋 ≤ 𝑡0 and 𝑦2: 𝑋 > 𝑡0 

 

The physical insight behind this equation is that information might be inaccurate in 

practice, and hence, the notification “running late” (𝑠2) might be received not just when 

the job is actually running late (𝑦2), but also when it is not (𝑦1). As information 

inaccuracies are conditionally independent of actual job states, we can multiply the 

probabilities of these events occurring; and, by summing these probabilities, we cover all 

the possible events leading to the truck loading job being expedited (i.e. the event of 

receiving the message that the job is running late, 𝑠2, and assuming that upon receiving 
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𝑠2 the job expediting is always arranged). Thus, equation 14 relates the influence of 

solution information to the occurrence of the job expediting.  

At this point, it is important to note that in practice a job expediting is unlikely to start 

as soon as the status message 𝑠2 is generated. This is because delays in transmission and 

visualization of the message may occur, as discussed in Subsection 6.1.1. Moreover, in 

real logistics settings an additional time is required for the expediting resources to be 

ready. We denote this time by 𝑑2 and assume 𝑑2 to be systematic for simplicity.     

Lastly, we can model the magnitude of job expediting actions in terms of processing 

rates. Recall from Chapter 5 that expediting a job means increasing its processing rate. 

Thus, its magnitude (or intensity) is fully represented by these rates. Specifically, we 

advocate for the use of average processing rates to better account for speed fluctuations 

during the expediting.  

Having defined analytical expressions for both job monitoring and job expediting 

actions, we are now able to put numerical values on them and incorporate these 

expressions into the operational performance measurement. We will do this in the 

following subsection.  

 

 

6.1.3 Representing the influence of actions on operational 

performance 

 

Having represented analytically the information and actions that the digital solution 

enables, we now move to estimate the resulting operational performance. Estimating 

operational performance is crucial because impact materialises here, to be later translated 

into cost savings. This subsection illustrates the way to estimate this operational 

performance (Figure 33) 

 

 

Figure 33 The causality path and focus area of this subsection 

 

To estimate operational performance, we need to find a metric for operational 

performance. As discussed in Chapter 5, this metric was defined to be the probability of 

on-time job completion when the digital solution is implemented. This probability is 
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denoted by 𝐹𝑋|𝐈(𝐿), where 𝐈 is the information structure and 𝐿 is the maximum allowable 

time for the job processing time 𝑋. 𝑋 is assumed to follow an arbitrary probability 

distribution for generality. Hence, we have 

 

𝐹𝑋|𝐈(𝐿) = 𝑃[𝑋 ≤ 𝐿]                                                     15 

 

In its current form, the equation 15 is not computable in a way that allows us to apply 

the physical insights revealed so far. Thus, we need to convert it into a computable form. 

For a first attempt, consider the influence of the mutually exclusive events 𝑚1 and 𝑚2, 

which divides the jobs into tracked jobs and non-tracked jobs. Clearly, these events will 

influence the event 𝑋 ≤ 𝐿 in different ways, but the sum of their marginal effects on 

𝑃[𝑋 ≤ 𝐿] should remain equal to 𝐹𝑋|𝐈(𝐿). We can use this insight to rewrite the equation 

15 as follows: 

 

𝐹𝑋|𝐈(𝐿) = 𝑃(𝑋 ≤ 𝐿|𝑚1)𝑃(𝑚1) + 𝑃(𝑋 ≤ 𝐿|𝑚2)𝑃(𝑚2)                   16 

 

where  

𝑃(𝑚1) – probability that a job is tracked 

𝑃(𝑚2) – probability that a job is not tracked 

𝑃(𝑋 ≤ 𝐿|𝑚1)  - Probability of on-time completion given that the job is tracked 

𝑃(𝑋 ≤ 𝐿|𝑚2)  - Probability of on-time completion given that the job is not tracked 

 

Evidently, to compute 𝐹𝑋|𝐈(𝐿) we need expressions for all the factors on the right-hand 

side (RHS) of Equation 16. Equation 16 can be understood as the probability that a job is 

completed on time, both when a job is tracked and when it is not. This equation matters 

because it operationalises the general equation 15, thus enabling us to measure the 

operational performance when the digital solution is implemented. The following 

subsection discusses how to evaluate each term on the RHS of Equation 16. 

 To estimate 𝑃(𝑚1) and 𝑃(𝑚2), consider that 𝑚1 and 𝑚2 are mutually exclusive, 

i.e.𝑃(𝑚1) + 𝑃(𝑚2) = 1. Hence, we need only estimate either 𝑃(𝑚1) or 𝑃(𝑚2). These 

probabilities can be estimated using expert knowledge, sampling or sensitivity analysis. 

To estimate the factor 𝑃(𝑋 ≤ 𝐿|𝑚2), that is, the probability that a job is completed on 

time when the job is not tracked, we only need the distribution of 𝑋. The rationale behind 
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this is that when a job is not tracked, the job cannot be expedited. Hence, its processing 

time is not affected by expediting actions and, consequently, the probability that a job is 

completed on time without tracking corresponds to the natural randomness of the process. 

Lastly, we need to estimate 𝑃(𝑋 ≤ 𝐿|𝑚1) to complete the RHS of the equation 16. 

This is the probability that a job is completed on time when the job is actually tracked. 

When a job is tracked, the different status messages received (𝑠1: on-time and 𝑠2: running 

late) will determine whether or not expediting actions are taken, thus affecting 𝑋 ≤ 𝐿. 

Thus, by knowing the probabilities of each status message 𝑠𝑗 and their impact on 𝑋 ≤ 𝐿, 

we can compute the desired probability as follows 

 

𝑃(𝑋 ≤ 𝐿|𝑚1) = 𝑃(𝑋 ≤ 𝐿|𝑠1, 𝑚1)𝑃(𝑠1|𝑚1) + 𝑃(𝑋 ≤ 𝐿|𝑠2, 𝑚1)𝑃(𝑠2|𝑚1)        17 

 

where  

𝑃(𝑠1|𝑚1) and 𝑃(𝑠2|𝑚1)  – probability of receiving messages 𝑠1 and 𝑠2, respectively. 

𝑃(𝑋 ≤ 𝐿|𝑠1,𝑚1) - Probability of on-time completion given the job is tracked and its 

expediting is not arranged.  

𝑃(𝑋 ≤ 𝐿|𝑠2,𝑚1) - Probability of on-time completion given the job is tracked and its 

expediting is arranged. 

 

Thus, we need to estimate the factors on the RHS of the Equation 17 to obtain 

𝑃(𝑋 ≤ 𝐿|𝑚1).  

We can estimate the factor 𝑃(𝑠2|𝑚1) using our previous result in Equation 14 and 

𝑃(𝑠1|𝑚1) as its complement given that 𝑠1 and 𝑠2 are mutually exclusive status messages.  

Now, we need to estimate 𝑃(𝑋 ≤ 𝐿|𝑠2, 𝑚1). To estimate this probability, we need to 

assess all the possible paths (i.e., combinations of events) through which the occurrence 

of 𝑚1 and 𝑠2 can influence 𝑋 ≤ 𝐿, and then add their probabilities. In order to visualise 

these paths, consider again the example in Figure 30, in which the job expediting is 

arranged if the message 𝑠2: “job running late” is seen by the manager on a dashboard. 

Assuming the expediting is ready to start at time 𝑡 + 𝑑,  it will materialise if the job is still 

in process at that time (i.e., the event  𝑤1: 𝑋 > 𝑡 + 𝑑 occurs); otherwise, it will not happen 

(i.e., event 𝑤2: 𝑋 ≤ 𝑡 + 𝑑). Considering these events, the possible paths that emerge from 

the operation are those shown in Figure 34. 
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Figure 34 Paths of influence of s2 and m1 on on-time completion of jobs 

 

To see the rationale behind Figure 34, consider for example the first path, labeled as 

(1). This path tells us that a job has been tracked by the solution (i.e., 𝑚1) and a status 

message “running late” (i.e., 𝑠2) has been generated at a time 𝑇 = 𝑡; however, the reality 

is that the job is complete by the time t (i.e., 𝑦1: 𝑋 ≤ 𝑡), implying the information was 

inaccurate. Unaware of this inaccuracy, the manager arranges the expediting, and this is 

ready to start at time 𝑡 + 𝑑. Nevertheless, the expediting does not occur because the job 

is complete by that time (i.e., 𝑤1: 𝑋 ≤ 𝑡 + 𝑑). Thus, this path (1) does not lead to an 

impact on 𝑋 ≤ 𝐿, but needs to be considered because it is one of the possible outcomes 

when 𝑚1 and 𝑠2 occur. 

As each path in Figure 34 is a combination of simultaneous events, we can represent 

their probabilities using a joint distribution. We can then add these probabilities to obtain 

𝑃(𝑋 ≤ 𝐿|𝑠2,𝑚1), which is our goal. We do this using the following equation: 

 

𝑃(𝑋 ≤ 𝐿|𝑠2, 𝑚1) = ∫ ∑ ∑
𝑃(𝑇=𝑡,𝑋≤𝐿,𝑌=𝑦𝑖,𝑊=𝑤𝑘,𝑠2,𝑚1)

𝑃(𝑠2|𝑚1)

𝑁𝑦
𝑖=1

𝑁𝑤
𝑘=1 𝑓𝑇(𝑡)𝑑𝑡

∞

𝑡=0
         18 

 

In Equation 18, the role of the integral and sums is simply adding the probabilities of 

the causality paths. This expression can be simplified by remembering that when the 

process time monitoring is available, 𝑓𝑇(𝑡) = 𝛿[𝑡 − 𝑡0] holds (equation 13). This means 

𝑇 can only be equal to 𝑡0, which is the predefined monitoring time.  Thus, the simplified 

expression (without the integral) is 
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𝑃(𝑋 ≤ 𝐿|𝑠2, 𝑚1) = ∑ ∑
𝑃(𝑇=𝑡0,𝑋≤𝐿,𝑌=𝑦

𝑖,𝑊=𝑤𝑘,𝑠2,𝑚1)

𝑃(𝑠2|𝑚1)

𝑁𝑦
𝑖=1

𝑁𝑤
𝑘=1                            19 

 

Where the previous expression took advantage of ∫ 𝛿[𝑡 − 𝑡0]𝑑𝑡 = 1
∞

−∞
. To complete 

the evaluation of equation 19, we need to assess the joint distributions of the events 

involved. These events capture the essence of the problem of monitoring jobs at a time 

𝑇 = 𝑡0; activity that will lead to the arrangement of expediting of jobs (or not) depending 

on the reception of a message 𝑠2, which in turn is influenced by the job tracking 

occurrence (i.e., 𝑚1) and the actual state of the jobs (i.e., 𝑦𝑖). Ultimately, the actual 

execution of expediting will depend on whether the job is still in process (or not) by the 

time the expediting resources are ready (i.e., 𝑤𝑘).  The confluence of these events is what 

the joint distribution in equation 19 represents in real life.  

Clearly, jointly evaluating all the events in equation 19 is challenging and needs to be 

done rigorously. For this reason, we introduce a theorem that performs such evaluation 

under the assumptions in sections 6.1.1 (i.e., single-stage, queue-free operations). We 

prove the theorem in Appendix C and state the result in the following lines. 

 

Theorem 6.1 In the context of single-stage, queue-free operations in which a time 

threshold for jobs expediting has been defined, but the job-status messages 𝑠𝑗 ∈ 𝑆 might 

be inaccurate and arrive with systematic delays d to the manager, the probability that a 

job with random process time 𝑋 is completed within a time 𝐿 conditional to the monitoring 

(i.e., 𝑀 = 𝑚1) and the reception of the message 𝑆 =𝑠2 is given by     

 

𝑃(𝑋 ≤ 𝐿|𝑠2,𝑚1) = 

 

 

 

 

 

 

 

 

 

 

1

𝑃(𝑠2|𝑚1)
𝑃(𝑠2|𝑦

1, 𝑚1)𝑃(𝑋 ≤ 𝐿)
′;𝑳 ≤ 𝒕𝟎  

1

𝑃(𝑠2|𝑚1)
{𝑃(𝑠2|𝑦

1, 𝑚1)𝑃(𝑦
1) + 𝑃(𝑠2|𝑦

2, 𝑚1)𝑃(𝑦
2)𝑃(𝑋 < 𝐿|𝑦2, 𝑠2, 𝑚1)}; 𝒕𝟎 < 𝑳 ≤ 𝒕𝟎 +𝒅  

𝑃(𝑠2|𝑦
1 , 𝑚1)𝑃(𝑦

1)

𝑃(𝑠2|𝑚1)
+
𝑃(𝑠2|𝑦

2, 𝑚1)𝑃(𝑦
2)

𝑃(𝑠2|𝑚1)

∗ {𝑃(𝑋 ≤ 𝑡0 + 𝑑|𝑦
2) + 𝑃(𝑋 ≤ 𝐿|𝑋 > 𝑡0 + 𝑑, 𝑠2, 𝑚1)𝑃(𝑋 > 𝑡0 + 𝑑|𝑦

2};  𝑳 > 𝒕𝟎 +𝒅   
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where  

𝑃(𝑋 ≤ 𝐿)′  – Probability that a job is completed on time when it is not expedited. 

𝑃(𝑋 ≤ 𝑡0 + 𝑑|𝑦
2)  – Probability that a job is completed before having the expediting 

resources ready given that it has lasted longer than 𝑡0. 

𝑃(𝑋 ≤ 𝐿|𝑋 > 𝑡0 + 𝑑, 𝑠2, 𝑚1) - Probability of on-time completion given that a job is 

tracked, flagged as running late, and actually expedited. 

 

The mathematical insight behind Theorem 6.1 is that the probability of a job being 

completed on time when its status is tracked and a notification of “running late” is 

received, is influenced by the position of  𝐿 relative to 𝑡0 and 𝑡0 + 𝑑. Physically this 

means that only when 𝐿 is greater than the time necessary to have the expediting resources 

ready (i.e., 𝑡0 + 𝑑), the job has a chance to be actually expedited. The other positions 𝐿 ≤

𝑡0 and 𝑡0 < 𝐿 ≤ 𝑡0 + 𝑑 lead to no job expediting.  

Finally, note that we can also estimate 𝑃(𝑋 ≤ 𝐿|𝑠1,𝑚1) using Theorem 6.1.1. In terms 

of the mathematical expressions the only necessary change will be substituting “𝑠2" by 

"𝑠1". However, in terms of physical meaning this change has implications for on-time 

completion, because receiving a status message 𝑠1 will cause management does not 

arrange expediting of jobs irrespective of the case (i.e.,  𝐿 ≤ 𝑡0, 𝑡0 < 𝐿 ≤ 𝑡0 + 𝑑, 𝐿 > 𝑡0 +

𝑑). 

This subsection has described the process to estimate the probability of on-time 

completion when the process time monitoring solution is implemented. This process is 

summarised in Figure 55 to enhance clarity. In this figure the lines in blue indicate how 

each factor involved in the estimation of 𝐹𝑋|𝐼(𝐿) was obtained.  
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Figure 35 Approach to estimate the probability of on-time completion when a process time monitoring 

solution is implemented 𝑭𝑿|𝑰(𝑳) 

 

6.1.3 Translating operational performance into economic 

performance 

 

The previous section determined a way to estimate the operational performance when 

process time monitoring solutions are available. Now we need to translate it into a dollar 

value because we need an estimate of economic performance to contrast with the scenario 

without the solution in order to quantify impact. Obtaining this estimate of economic 

performance, which we denote by 𝐿(𝑥), is the subject of this subsection. 

Recall from Chapter 5 that we can estimate economic performance as the sum of 

tardiness and expediting costs, which we represent by the loss functions 𝐿1(𝑥) and 𝐿2(𝑥), 

respectively. Thus, we have 

 

𝐿(𝑥) = 𝐿1(𝑥) + 𝐿2(𝑥)                                                        20 

  

where 𝐿(𝑥) represents the total cost, which serves as a proxy for economic 

performance. Ideally, this total cost should be expected after many repeated trials (i.e., 

days of operation). This would enable SMEs to anticipate their economic performance in 

the long run, thus providing solid ground for making decisions on whether to digitalise.  

We can represent this cost in the long run by taking the expected value of the equation 

20. 
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𝐸𝑋|𝐼𝐿(𝑥) =  𝐸𝑋|𝐼𝐿1(𝑥)  + 𝐸𝑋|𝐼𝐿2(𝑥)                                            21 

 

Where 𝐸𝑋|I𝐿1(𝑥) and 𝐸𝑋|I𝐿2(𝑥) are the expected costs of tardiness and expediting, 

respectively. These expected costs were defined in the equations 6 and 7 Chapter 5, 

respectively. Substituting these two cost equations into eq. 21 we obtain: 

 

𝐸𝑋|𝐼𝐿(𝑥) =  𝑐𝑡(𝑁)𝜏̅[1 − 𝐹𝑋|𝑰(𝐿)]  +  𝑐𝑒(𝑁)𝐸{𝑀𝐴𝑋[𝑋 − 𝑧0, 0]}              22 

 

where 

𝑐𝑡  – Unit cost of tardiness 

𝑐𝑒  – Unit cost of expediting 

𝑁  – Number of jobs 

𝜏̅  – Average magnitude of positive lateness  

𝑧0  – Time at which the job expediting would be initiated (i.e., 𝑡0 + 𝑑 in our discussion) 

 

Clearly, to compute the equation 22 we need to estimate 𝜏̅, which is challenging 

because 𝜏̅ depends on the process time 𝑋. We can eliminate this difficulty by noticing 

that the product 𝜏̅[1 − 𝐹𝑋|𝑰(𝐿)] (i.e., average positive delays multiplied by the 

probability of a delay) represents the average (or expected) tardiness. Using this 

insight, we restate the equation 22 as follows 

 

𝐸𝑋|𝐼𝐿(𝑥) =  𝑐𝑡(𝑁)𝐸{𝑀𝐴𝑋[𝑋 − 𝐿, 0]}  +  𝑐𝑒(𝑁)𝐸{𝑀𝐴𝑋[𝑋 − 𝑧0, 0]}           23 

 

where E{MAX[X − 𝐿, 0]} is the expected tardiness (Hopp & Spearman, 2011, p. 489). 

To compute the expected tardiness cost and the expected expediting cost on eq. 23 we 

need to know all the possible values that 𝑋 can take and their frequency (or weight). 

Mathematically, we can accomplish this using the PDF of 𝑋, denoted by 𝑓𝑋|I(𝑥). Using 

this PDF, we restate the equation 23 as follows 

 

𝐸𝑋|I𝐿(𝑥) = 𝑐𝑡(𝑁) ∫ [𝑥 − 𝐿]
∞

𝐿
𝑓𝑋|I(𝑥)𝑑𝑥 + 𝑐𝑒(𝑁) ∫ [𝑥 − 𝑧0]

∞

𝑧0
𝑓𝑋|I(𝑥)𝑑𝑥            24 
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in this equation the PDF 𝑓𝑋|I(𝑥) acts as a “weight” for the differences between the 

possible values of 𝑋 and the parameters 𝐿 and 𝑧0, respectively. These weighted 

differences are then added using the integrals in eq. 24, thus enabling us to compute the 

expected costs. Clearly, we first need to estimate the PDF 𝑓𝑋|I(𝑥) to compute the RHS of 

eq. 24. We can do this as follows: 

 

 𝑓𝑋|𝐼(𝑥) =
𝑑

𝑑𝑥
𝐹𝑋|𝐼(𝑥)                                                   25 

 

Where 𝐹𝑋|I(𝑥) can be obtained as shown in Figure 35. The process followed to obtain 

𝐹𝑋|I(𝑥) can be summarized as follows 

 

1. Find an expression for CDF 

2. Differentiate to obtain PDF 

3. Plug PDF into Equation 24 and integrate to obtain expected economic 

performance. 

 

This mathematical machinery will become useful in later examples. 

 

6.2 Economic performance in the absence of process time 

monitoring solutions. 
 

The previous section showed how to estimate the expected economic performance 

when process time monitoring solutions are implemented. Now, we need to estimate the 

expected economic performance without the solution, because a baseline is needed in 

order to quantify economic impact.  

To estimate baseline performance, we need a physical insight into the monitoring 

situation in the absence of the digital solution. Therefore, consider the situation illustrated 

in Figure 36, where a manager needs to determine in real-time if the jobs are progressing 

as scheduled. Based on the scoping cases (Chapter 5) accomplishing this will depend on 

the ability of the manager to answer the questions shown in Figure 36. If the three 

questions cannot be answered, the job status cannot be determined and, consequently, job 

expediting (if required) is unlikely to occur, as the scoping case B (Chapter 5) showed.  
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Figure 36 The challenge of manually monitoring job status without job status information 

 

The characterisation of the baseline scenario as one without expediting implies that 

jobs will proceed at their usual speed. Consequently, their probability of on-time 

completion will be given by the CDF of their natural process time, denoted by 𝐹𝑋|𝐈↓(𝐿). 

This probability is shown in the equation . 

 

𝐹𝑋|𝐈↓(𝐿) ≡ 𝑃[𝑋 ≤ 𝐿] = ∫ 𝑓𝑋(𝑥)𝑑𝑥
𝐿

0
                                   26 

 

In this equation,  𝐈 ↓ represents an information structure that is absent or that is cost-

free, with the former being our case. Note the result in equation 26 can be used 

interchangeably with previous expressions such as 𝑃(𝑋 ≤ 𝐿)′ (in Theorem 6.1) and 

𝑃(𝑋 ≤ 𝐿|𝑚2) (in eq. 16) as they both assume no job expediting.  

Having defined the probability of on-time job completion in the baseline scenario, we 

now translate it into economic performance as we did in the scenario with digital 

solutions. This economic performance is fully given by the expected tardiness cost as 

there is no expediting and hence no expediting cost applies. Thus, we have: 

 

𝐸𝑋|I↓𝐿(𝑥) = 𝑐𝑇(𝑁) ∫ [𝑥 − 𝐿]
∞

𝐿
𝑓𝑋(𝑥)𝑑𝑥                                      27 

 

The result in eq. 27 gives us the baseline economic performance under the assumption 

of null information, which is the most likely situation when the solution is not available. 

However, we acknowledge that situations are also possible in which management has at 

least partial information about the status of the job, presumably through manual 
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monitoring. Thus, we provide a formulation for that situation as part of the results 

extensions in section 6.3.    

 Finally, using the result shown in 24 and 27, the following equation gives us the 

desired economic impact, denoted by 𝐼 

 

𝐼 ≡ ∆𝑃 = 𝐸𝑋|I↓𝐿(𝑥) − 𝐸𝑋|I𝐿(𝑥)                                         28 

 

Although we derived this expression for the single-stage, queue-free scenario, it is 

important to notice that eq. 28 holds irrespective of the scenario. Naturally, the loss 

functions will change in more complex scenarios, but the essence of the impact 

quantification expression remains the same. Examples of these more complex scenarios 

a reviewed in the following section.   

 

6.3 Results extensions 
 

The previous sections illustrated the way the impact quantification framework (Figure 

26) can be operationalised. In doing so, the following assumptions were made: 

 

• Zero manual information: We assumed that no job-status information is 

available in the absence of the digital solution. 

• Simplified operations: To make the analysis manageable we assumed single-

stage, queue free operations. 

 

These assumptions reflect the predominant traits in the scoping cases reviewed in 

Chapter 5. However, the scoping cases also highlighted the possibility of exceptions to 

these assumptions. Specifically, the scoping cases described the possibility of manually 

monitoring jobs and obtaining partial job-status information, even without the digital 

solution. The scoping cases also highlighted the possibility of complex operations 

involving multiple stages and congestion. Given that these scenarios are important from 

a practical perspective, they need to be considered during the economic impact 

quantification process.  
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Therefore, in the following subsections we cover these two scenarios as result 

extensions. Specifically, in  Subsection 6.3.1 we address the manual monitoring scenario, 

while in Subsection 6.3.2 we address the multi-stage, queue-based operations scenario.  

 

6.3.1 Economic performance under manual monitoring with partial 

information 

 

As discussed in section 6.2, managers find it challenging to monitor job status manually 

in real-time without digital solutions. This arises because questions such as “When did 

the jobs arrive”, “How long have jobs been in process”, or “What is their status”, are not 

easy to answer in settings involving multiple jobs with variable arrival times. As a result, 

managers might struggle to determine whether jobs are progressing on track or not, thus 

making it unfeasible to expedite them if necessary.  

However, in some cases, management might be able to answer the mentioned questions 

using past information (i.e., prior knowledge) and perform the monitoring manually. This 

is the subject of this subsection, which focuses on measuring economic performance 

when manual monitoring is an option. 

To estimate this economic performance, we first need a physical insight into the manual 

monitoring situation. Thus, consider the situation illustrated in Figure 37, which is based 

on the scoping case studies in Chapter 5. In this example, the prior knowledge of usual 

truck arrival times helps the manager estimate their time in the system, monitor them at 

the intended time 𝑡0, and expedite truck loading jobs exceeding that threshold. However, 

the differences between the usual and actual arrival times of trucks coupled with issues 

of time perception and attention, might lead to randomness in the monitoring time. This 

causes the monitoring to occur at points around the intended time 𝑡0 with an arbitrary 

PDF 𝑓𝑇(𝑡) and within an interval [𝑡𝑚𝑖𝑛, 𝑡𝑚𝑎𝑥]. This variability in the monitoring 𝑇 is 

important because it affects the effective start of the expediting activity, thus leading to 

higher costs. 

Figure 37 also shows that manual monitoring might not occur due to forgetfulness or 

related issues. As a result, only a proportion 𝑃(𝑚1) of the jobs can be expedited if 

required, while the remaining proportion 𝑃(𝑚2) will proceed below the monitoring radar.  
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Figure 37 Manual monitoring with partial information 

 

Having analysed both the monitoring and expediting actions in the manual monitoring 

scenario, we now determine the operational performance. Determining this operational 

performance is necessary because it is a key ingredient in measuring economic 

performance.    

To measure operational performance, we use the probability of on-time completion as 

a metric, as before. This probability of on-time completion will be influenced by the event 

that a job is monitored (i.e., 𝑚1) or not (i.e., 𝑚2) because monitoring directly influences 

whether or not that job is expedited. Thus, to compute the desired probability, we can use 

the marginal influence of these two events on 𝑃(𝑋 ≤ 𝐿) along with their frequency of 

occurrences 𝑝(𝑚1) and 𝑝(𝑚2). Therefore, we have 

 

𝐹𝑋|𝐈↓(𝐿) = 𝑃(𝑋 ≤ 𝐿|𝑚1)𝑃(𝑚1) + 𝑃(𝑋 ≤ 𝐿|𝑚2)𝑃(𝑚2)                   29                  

 

where 

𝐹𝑋|𝐈↓(𝐿) – probability of on-time completion given a cost-free information structure 𝐈 ↓ 

𝑃(𝑚1) – probability that a job is monitored 

𝑃(𝑚2) – probability that a job is not monitored 

𝑃(𝑋 ≤ 𝐿|𝑚1)  - Probability of on-time completion given that the job is monitored 

𝑃(𝑋 ≤ 𝐿|𝑚2)  - Probability of on-time completion given that the job is not monitored 
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Therefore, to compute 𝐹𝑋|𝐈↓(𝐿) we need to evaluate the factors on the RHS of Equation 

29. To estimate 𝑃(𝑚1) and 𝑃(𝑚2), consider that 𝑚1 and 𝑚2 are mutually exclusive, i.e. 

𝑃(𝑚1) + 𝑃(𝑚2) = 1. Hence, we need only estimate either 𝑃(𝑚1) or 𝑃(𝑚2). These 

probabilities can be estimated using expert knowledge, sampling or sensitivity analysis. 

To estimate the factor 𝑃(𝑋 ≤ 𝐿|𝑚2), we only need the distribution of 𝑋. This is so 

because in this scenario the processing time is not affected by expediting actions and, 

consequently, responds to the natural randomness of the process. 

Lastly, to obtain 𝑃(𝑋 ≤ 𝐿|𝑚1) we need to consider all the events influencing 𝑋 ≤ 𝐿 

when a job is actually monitored (i.e., 𝑚1 occurs) and then add their probabilities. From 

the example in Figure 37 we know that jobs that are not finished by the monitoring time 

𝑡 are selected for expediting. This implies two possible events 𝑦1: 𝑋 ≤ 𝑡 (i.e., do not 

expedite) and  𝑦2: 𝑋 > 𝑡 (i.e., expedite), which influence the on-time completion of jobs 

(i.e., 𝑋 ≤ 𝐿) differently. Moreover, these two events 𝑦1 and 𝑦2 are affected by the 

monitoring time 𝑡 𝜖 𝑇, which follows a PDF 𝑓𝑇(𝑡). Given the interrelation between the 

events 𝑦1, 𝑦2, 𝑇 and 𝑋 ≤ 𝐿 we can represent the (conditional) probability of on-time 

completion using a joint distribution, as follows 

 

𝑃(𝑋 ≤ 𝐿|𝑚1) = ∫ ∑
𝑃(𝑇=𝑡,𝑋≤𝐿,𝑌=𝑦𝑖,𝑚1)

𝑃(𝑚1)

𝑁𝑦
𝑖=1

𝑓𝑇(𝑡)𝑑𝑡𝑇
                            30 

 

To compute the RHS of equation 30 we need to assess the joint distributions of the 

variables involved. We do this in Appendix D and state the result in the following 

theorem. 

 

Theorem 6.2 In the context of single-stage, queue-free operations in which a time 

threshold for jobs expediting has been defined and the monitoring time 𝑇 of these follows 

an arbitrary distribution 𝑓𝑇(𝑡) with support in the interval [𝑡𝑚𝑖𝑛, 𝑡𝑚𝑎𝑥], the probability 

of a job with random process time 𝑋 is completed within a time 𝐿 when the monitoring 

occurs (i.e., 𝑀 = 𝑚1) is given by     
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𝑃(𝑋 ≤ 𝐿|𝑚1)

=

{
 
 
 

 
 
 ∫ 𝑃(𝑋 ≤ 𝐿)𝑓

𝑇
(𝑡)𝑑𝑡

𝑡𝑚𝑎𝑥

𝑡𝑚𝑖𝑛

= 𝑃(𝑋 ≤ 𝐿) ;    𝑳 ≤ 𝒕𝒎𝒊𝒏                                                                                                    

∫ [𝑃(𝑋 ≤ 𝑡) + 𝑃(𝑋 > 𝑡)𝑃(𝑋 ≤ 𝐿|𝑋 > 𝑡, 𝑚1)]𝑓𝑇(𝑡)𝑑𝑡
𝐿

𝑡𝑚𝑖𝑛

+∫ 𝑃(𝑋 ≤ 𝐿)𝑓
𝑇
(𝑡)𝑑𝑡

𝑡𝑚𝑎𝑥

𝐿

 ;  𝒕𝒎𝒊𝒏 < 𝑳 ≤ 𝒕𝒎𝒂𝒙      

∫ [𝑃(𝑋 ≤ 𝑡) + 𝑃(𝑋 > 𝑡)𝑃(𝑋 ≤ 𝐿|𝑋 > 𝑡, 𝑚1)]𝑓𝑇(𝑡)𝑑𝑡
𝑡𝑚𝑎𝑥

𝑡𝑚𝑖𝑛

 ;    𝑳 > 𝒕𝒎𝒂𝒙                                                       

 

 

Having determined the way to estimate the probability of on-time completion 𝐹𝑋|𝐈↓(𝐿) 

in this scenario, now we use it to estimate the expected economic performance, denoted 

by 𝐸𝑋|I↓𝐿(𝑥). Clearly, 𝐸𝑋|I↓𝐿(𝑥) will have a similar form to the one in eq.  24 because 

both costs of tardiness and expediting apply in this scenario. This expected economic 

performance is given by eq. 31. 

 

𝐸𝑋|I↓𝐿(𝑥) = 𝑐𝑡(𝑁)∫ [𝑥 − 𝐿]
∞

𝐿
𝑓𝑋|I↓(𝑥)𝑑𝑥 + 𝑐𝑒(𝑁)∫ ∫ [𝑥 − 𝑧]

∞

𝑧
𝑓𝑋,𝑍|I↓(𝑥, 𝑧)𝑑𝑥𝑑𝑧

𝑧𝑚𝑎𝑥
𝑧𝑚𝑖𝑛

        31 

 

Where 𝑓𝑋|I↓(𝑥) can be obtained by differentiating 𝐹𝑋|𝐈↓(𝐿), while the second term of 

equation can be interpreted as the expected value of the 𝑀𝑎𝑥[𝑋 − 𝑍, 0]. Note this second 

term is different from the one in equation 24 because now 𝑍 is  a random variable. Thus, 

we need to 1) consider each value 𝑧 ranging from [𝑧𝑚𝑖𝑛, 𝑧𝑚𝑎𝑥] and 2) for each 𝑧 sum the 

differences [𝑥 − 𝑧] weighted by the joint density 𝑓𝑋,𝑍|I↓(𝑥, 𝑧). That is rationale for integrals. 

 

6.3.2 Extension to two-stage, queue-based operations 

 
Thus far, we have quantified the impact of process time monitoring digital solutions in 

single-stage, queue-free logistics processes. Nevertheless, logistics processes may 

involve more than one stage and congestion, as Chapter 5 illustrated. In order to 

generalise our results to more realistic scenarios, we now move to quantify the impact in 

multi-stage operations. Specifically, we focus on two-stage, queue-based processes as 

scoping cases identified these processes as relevant for LSP SMEs. 

As before, to quantify impact we need to measure the economic performance in the 

presence and absence of the digital solution.  Thus, we do this in Subsections 6.3.2.1 and 

6.3.2.2, respectively. 
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6.3.2.1 Economic performance with the digital solution 

 

We begin by measuring the expected economic performance in the presence of the 

digital solution. To measure this performance, denoted by 𝐸𝑋|I𝐿(𝑧), we will employ the 

general process developed earlier, summarised as: 

 

1. Defining the physical set-up 

2. Find an expression for the CDF of the total in-system time 

3. Differentiate to obtain the PDF 

4. Multiply the PDF by the relevant cost expressions and integrate over the space    

 

Based on this process, we start by defining the physical set-up, which is illustrated in 

Figure 38. This figure shows a logistics process where jobs are assumed to arrive 

randomly but in such a way that there is a constant average arrival rate 𝜆. Thus, it is 

reasonable to model the stream of job arrivals as a Poisson process.  These jobs then go 

through to two workstations, whose departure flows are also assumed to be Poisson 

processes with job processing rates 𝜇0 and 𝜇, respectively.   

The responsibility of the manager is to ensure the on-time completion of jobs that enter 

into the system. For this purpose, the manager has a process time monitoring solution that 

enables her to track the time spent by the jobs at each stage of the process (Figure 38). 

Using this solution, the manager can visualise jobs that are lagging behind schedule at the 

first stage, so that they can be selected for expediting in the subsequent stage. This 

expediting may involve adding resources or making existing resources faster. Thus, it is 

reasonable to model this job expediting as a temporary increase in the average process 

rate from 𝜇1 to 𝜇2 at stage 2. This point will become important later. 
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Figure 38 System parameters and queue discipline for the scenario with the solution 

 

Having defined the physical set-up, we now move to determine the CDF of the in-

system time. Mathematically, this CDF represents the probability that the sum of the 

random times 𝑋 and 𝑌 (in Figure 38) does not exceed the maximum allowable time 𝐿. As 

a result, the CDF is the convolution of 𝑋 and 𝑌, where both variables include the waiting 

and service times at each process stage, jointly known as response times. 

Normally, these response times, X and Y, would distribute exponential given the 

assumption of Poisson departure flows (Hillier, 2001; Ross, 2014). However, because in 

this scenario there is a temporary increase from 𝜇1 to 𝜇2 during the job expediting, the 

distribution of  𝑌 shifts from exponential (denoted by 𝑀) to hyperexponential (denoted 

by 𝐻2) (Shortle et al., 2018, p. 178). The physical implication of this is that the response 

time 𝑌 is expected to be shorter than usual on average, hence increasing the probability 

of on-time job completion. This probability, denoted by 𝐹𝑋+𝑌|I(𝑧), is stated in theorem 

6.3, whose proof is presented in Appendix G. 

 

Theorem 6.3 The cumulative distribution function (CDF) of the response time 𝑇 for a 

two-stage tandem queue network, with the first stage being M/M/1:∞/∞/FIFO and the 

second stage being  M/𝐻2/1:∞/∞/FIFO is given by: 

 

 

 

 

 𝑭𝑿+𝒀|𝐈(𝑳) ≡ 𝑃[𝑇 ≤ 𝐿] = 

1 − 𝑒−(𝜇0−𝜆)𝐿 −
(𝜇0 − 𝜆)𝑎

(𝜇0 − 𝜆 − 𝑏1)
[𝑒−𝑏1𝐿 − 𝑒−(𝜇0−𝜆)𝐿] −

(𝜇0 − 𝜆)(1 − 𝑎)

(𝜇0 − 𝜆 − 𝑏2)
[𝑒−𝑏2𝐿 − 𝑒−(𝜇0−𝜆)𝐿] 
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where 𝑎, 𝑏1, and 𝑏2 are the parameters of the hyperexponential distribution of 𝑌. This 

distribution, along with the expressions to compute its parameters are presented in the 

theorem 6.4 (Proof in Appendix F) 

 

Theorem 6.4 Given the first two sojourn time moments 𝑧1 𝑎𝑛𝑑 𝑧2 of a single-server 

Markovian FIFO queue with two-service rates, a feasible representation of the 

cumulative response time distribution is given by     

 

𝐹𝑌(𝑡) = 1 − 𝑎𝑒
−𝑏1𝑡 − (1 − 𝑎)𝑒−𝑏2𝑡 

Where: 

 

  

 

 

And 𝛽1 and 𝛽2 are the first two moments of the service time of the workstation where the 

expediting occurs, while 𝑊𝑞1 and 𝑊𝑞2 are the first two moments of the waiting time.  

 

Finally, by differentiating the CDF 𝐹𝑋+𝑌|I(𝑧) in Theorem 6.3 we obtain the PDF 

𝑓𝑋+𝑌|I(𝑧)  that we need for the expected costs computation. These costs will include 

tardiness, but also the expediting given that the digital solution enables expediting of jobs 

running late. Thus, the expected economic performance when the solution is available, 

denoted by 𝐸𝑋+𝑌|I𝐿(𝑧), is given by: 

 

𝐸𝑋+𝑌|I𝐿(𝑧) = 𝑐𝑡(𝑁) ∫ [𝑧 − 𝐿]
∞

𝐿

𝑑 𝐹𝑋+𝑌|I(𝑧)

𝑑𝑧
+ 𝑐𝑒(𝑁) ∫ [𝑧 − 𝑧0]

∞

𝑧0

𝑑 𝐹𝑋+𝑌|I(𝑧)

𝑑𝑧
             32 

 

Where 𝑐𝑡 and 𝑐𝑒 are the unit costs of tardiness and expediting, respectively, while 𝑁 is 

the number of jobs.  

 

6.3.2.2 Economic performance without the digital solution. 

 

Having measured the expected economic performance with the solution, we now move 

to measuring the performance in its absence. This is important because we need before-

𝑏1 =
2

𝑧1
 𝑏2 =

1

𝑧1𝑐
 

 

𝑎 =
2(𝑐 − 1)

2𝑐 − 1
 

 

𝑐 =
𝑧2
𝑧1
2
− 1 

 
𝑧1 = 𝛽1 +𝑊𝑞1 𝑧2 = 𝛽2 + 2(𝛽2)(𝑊𝑞2) +𝑊𝑞2 
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and-after performance measurements to quantify impact. This insight is operationalised 

in the following equation 

 

𝐼 ≡ ∆𝑃 = 𝐸𝑋+𝑌|𝐼↓𝐿(𝑧) − 𝐸𝑋+𝑌|𝐼𝐿(𝑧)                                    33 

 

where  𝐸𝑋+𝑌|I𝐿(𝑧) is the expected cost obtained in the previous subsection (equation 

32), while 𝐸𝑋+𝑌|I↓𝐿(𝑧) is the expected cost without the digital solution. Thus, obtaining 

𝐸𝑋+𝑌|I↓𝐿(𝑧) is the aim of this subsection. 

To obtain 𝐸𝑋+𝑌|I↓𝐿(𝑧) we need two ingredients: a cost expression and an on-time 

completion probability expression, as we have seen so far. However, to obtain these 

expressions we first need to specify the physical set-up under consideration, which we do 

in Figure 39. The physical set-up in this figure adheres to the assumptions of the one in 

the previous section, except that now the manager does not have the process time 

monitoring solution. As a result, no job is expedited in this scenario. 

 

 

Figure 39 System parameters and queue discipline for the scenario without the solution 

 

The consequence of the jobs not being expedited is that the distributions of 𝑋 and 𝑌 

are not affected by external forces. Recall from the previous subsection that in the absence 

of job expediting 𝑋 and 𝑌 distribute exponential. Moreover, since 𝑋 and 𝑌 are 

exponentially distributed, they are independent (Harrison, 1993), thus their convolution 

gives us the desired probability of on-time completion 𝐹𝑋+𝑌|I↓(𝑧).  

 

 𝐹𝑋+𝑌|I↓(𝐿) = 1 − 
1

(𝜇−𝜇0)
 [(𝜇 − 𝜆)𝑒−(𝜇0−𝜆)𝐿) − (𝜇0 − 𝜆)𝑒

−(𝜇−𝜆)𝐿 ]           34 

 

The mathematical insight behind the equation 34 is that for  𝐹𝑋+𝑌|I↓(𝐿) to exist in a 

two-stage, queueing system two conditions apply: (1) 𝜇 ≠ 𝜇0 and (2) 𝜆 < min (𝜇0, 𝜇). 
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This equation is a standard result of the theory of FIFO (First-In, First-Out) Markovian 

queues, and its derivation is available in Appendix E. 

Having determined the probability of on-time completion we now move to determine 

the cost expression. This cost expression is important because it enables us to express the 

economic performance in this scenario. This economic performance, denoted by 

𝐸𝑋+𝑌|I↓𝐿(𝑧), would depend only on the tardiness cost as no expediting occurs in this 

scenario. Thus, we have 

 

𝐸𝑋+𝑌|I↓𝐿(𝑧) = 𝑐𝑡(𝑁) ∫ [𝑧 − 𝐿]𝑓𝑋+𝑌I↓(𝑧)
∞

𝐿
                             35 

 

Where 𝑐𝑡 is the unit cost of tardiness, 𝑁 is the number of jobs, and the 𝑓𝑋+𝑌|I↓(𝑧) is the 

PDF of the total in-system time for a job (i.e., 𝑋 + 𝑌). This PDF can be obtained by 

differentiating the CDF 𝐹𝑋+𝑌|I↓(𝑧), which is our result in the equation 34. Finally, by 

substituting the result shown in 35 in equation 33 we obtain the economic impact of the 

digital solution. 

 

6.4 Summary 
 

This section focused on operationalising the framework for quantifying the economic 

impact of digitalisation. Quantifying this impact is crucial because uncertainty about 

benefits of digitalisation is one of the primary reasons why LSP SMEs digitalise less than 

their larger counterparts. The impact quantification in this chapter set out to tackle this 

issue. 

To quantify the economic impact, we chose the highest priority solution area for UK 

LSP SMEs—process time monitoring—as a proxy for the highest-impact area for 

digitalisation; then, we used the framework developed in Chapter 5, which explains how 

the influence of this solution area propagates through company operations all the way to 

economic impact as a roadmap to guide the modelling of the influence of digital solutions 

on the bottom line of logistics SMEs. 

On the way to articulate the framework for impact quantification, we developed 

analytical representations of solution information and their attributes, as well as of the 

actions this information enables. We could then connect actions analytically to 

operational performance, which enabled us to put a dollar value on impact. 
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This impact quantification was illustrated primarily for situations involving single-

stage, queue-free operations where expediting jobs is unfeasible without the digital 

solution. However, we also addressed scenarios involving more than one stage as well as 

queueing, to enhance generality.  

By defining an impact quantification approach, this chapter has put us a step closer to 

accomplishing the main aim of this thesis and, on the way, answered the third research 

question, namely RQ3: How can we measure the ex-ante impact of the highest priority 

solution area on the economic performance of logistics operations?  

RQ3 has been answered by this chapter because the proposed models enable the 

quantification the economic impact of digital solutions for process time monitoring—the 

highest priority solution area. For this digital solution area, unique properties of its 

information, such as variable accuracy, unavailability, and transmission delays, were 

explicitly modelled. By modelling these information properties, we ensured a focus on 

the impact of digital solutions for process monitoring rather than on non-digital solutions 

for this purpose, thus answering RQ3. 

The next chapter demonstrates how to use the proposed impact quantification approach 

in actual logistics settings. By doing so, we will not only fully answer RQ3 but also 

accomplish the overall aim of this thesis (i.e., quantify impact); hence, contributing to 

mitigating the (digitalisation) barrier of benefits uncertainty in LSP SMEs.  
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Chapter 7  

Industrial case studies: the impact of 

low-cost digital solutions for process 

time monitoring  
 

 

7.1 Introduction 
 

The central focus of this thesis has been the limited digital adoption of logistics SMEs. 

We saw in Chapter 2 that two barriers that contribute to this problem (and that have not 

been fully addressed in the literature) are: 

 

1) The benefits of digitalisation are not clear to LSP SMEs. 

2) They are concerned about the high investment cost associated with digitalisation 

 

These barriers have a direct bearing on their profit margins and that is why they do not 

digitalise faster. In order to accelerate the digitalisation of these SMEs, this thesis set out 

to address these barriers. In Chapter 6, we made steps toward addressing the first barrier 

by providing insights into the quantification of the economic impact of digitalisation. By 

quantifying economic impact, LSP SMEs will have solid grounds for making decisions 

on digital adoption.  

In quantifying economic impact, we have focused on the highest-priority digital 

solution area for UK LSP SMEs —process time monitoring. In Chapter 5, we defined a 

framework to understand the economic impact of process time monitoring. In Chapter 6, 

we operationalised this into a framework for impact quantification (See Figure 40).  
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Figure 40 The causality path and the main steps to quantify the economic impact 

 

In order to demonstrate the economic benefits of digitalisation to LSP SMEs, we now 

move to apply the impact quantification framework to real cases. In applying this 

framework, we also seek to encourage SMEs to digitalise by tackling the (second) barrier 

of high investment cost. For this reason, we specifically apply the framework to quantify 

the impact of low-cost process time monitoring digital solutions. 

 By demonstrating the impact of these low-cost (LC) digital solutions we aim to put a 

concrete dollar-value on their benefits, hence advancing our understanding of the 

economic impact of digitalisation for logistics. Simultaneously, we aim to empower LSP 

SMEs to perform their own impact calculations, so they can decide whether digitalise or 

not in their unique industrial settings.  

These two aims shape the organisation of this chapter. Specifically, the variety of 

industrial settings in practice motivate us to demonstrate impact through cases studies that 

cover both simple and complex physical set-ups. We do this in Sections 7.2. and 7.3, with 

the former focusing on single-stage, no-queue logistics settings, and the latter on two-

stage, queue-based settings. In this way, we seek to be more representative when putting 

a dollar-value on the impact of LC process time monitoring digital solutions. Finally, we 

conclude the chapter by summarising the key points in Section 7.4.  

 

 

7.2 Case study 1: Impact of job-status information on truck 

loading operations  
 

This chapter focuses on demonstrating the economic impact of LC process time 

monitoring solutions on the activities of an industrial transport provider. Recall these 
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logistics activities were classified into single-stage, queue-free processes and multi-stage, 

queue-based processes. Thus, we will demonstrate the economic impact of process time 

monitoring solutions on both types of processes. 

We begin with single-stage, queue-free processes in this section. Specifically, we 

demonstrate the economic impact using a case study involving single-stage truck-loading 

activities. For this purpose, we will use the approach to impact quantification outlined in 

Chapter 6: 

 

1. Define operational context 

2. Determine cumulative distribution function (CDF)for the total in-system time 

3. Determine probability density function (PDF) for the total in-system time 

4. Compute expected costs of tardiness and expediting  

 

After computing the expected cost with the digital solution, we will compute the 

expected costs without the digital solution, so that the economic impact can be quantified. 

Recall from Chapter 6 that the expected costs with and without the solution are both 

needed to operationalise the impact equation (See Figure 40).  

 

7.2.1 Define operational context 

 

The logistics provider was in charge of the truck loading (and unloading) activities of 

a steel manufacturing company. In this manufacturing company, trucks are regularly 

scheduled to load at one of the National Distribution Centre (NDC) terminals, each with 

multiple loading platforms. Trucks are only allowed to load at their scheduled time. 

Moreover, the impact of queues is considered negligible. 

Through the years, the logistics provider has been concerned with improving the on-

time delivery performance of its client (i.e., the manufacturer).  This is because late 

deliveries due to truck loading issues lead to frictions with the manufacturing company. 

Moreover, these issues damage the brand of manufacturer, sometimes leading to costs 

that the logistics provider has to absorb. Furthermore, in order to prevent late truck 

departures from escalating, the staff of the logistics provider often work overtime, which 

increases its costs.  

In response to this challenges, the management of the logistics provider considered 

defining expediting policies based on the capacity of the trucks and the time that they 
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spent in the system. Under these policies, if the loading time for a truck of capacity 𝛽 

exceeds a threshold time 𝑡0, additional staff will be allocated to expedite the process.  

As the success of the policies depends on the ability of the management to detect when 

the time threshold is exceeded, the provider considered implementing a digital system to 

monitor loading times and display the job status information on an online dashboard. 

Under this option, a barcode-based digital solution could be used to track the arrival and 

departure times of trucks. Then, the management would use this data to determine the in-

system time trucks spent, compare that in-system time to the time threshold, and display 

the message “Running late” if the in-system time equals or exceeds the threshold time, or 

instead display the message “On time” if the in-system time is less than the threshold 

time.  

Nonetheless, to avoid any costs, the logistics provider also considered performing the 

monitoring manually, only supported by two-way radios already available to them. For 

the provider, it was clear the first option (i.e., digital monitoring) would enable more 

accurate monitoring of trucks; however, there was uncertainty about the magnitude of the 

economic impact of digital monitoring. Therefore, this study aimed to determine the 

percentage improvement in cost resulting from deploying the digital monitoring system 

so that management can better decide between monitoring options. Specifically, the 

following questions were the focus of the study:  

 

(i) What is the expected monthly saving from each job monitoring option over the 

no-monitoring scenario? 

(ii) What is the expected economic advantage of digital monitoring over manual 

monitoring? 

(iii) How is the performance of the digital monitoring option affected by issues of 

monitoring precision, data capture, and transmission? 

  

In terms of scope, the study focused only on trucks of capacity 𝛽 = 40𝑀𝑇 loading 

products on one terminal. A summary of the data collected for the operation of these 

trucks is presented in Table 7. 
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Table 7 Data collection 

Parameter Value Unit 

Trucks received N 15-35 Trucks / day 

Maximum loading time before costs apply 𝐿       4 hours 

Target truck loading monitoring time 𝑡0     2.5 hours 

Unit cost of brand damage 𝐶𝐼 12.5 USD/truck/hour 

Unit cost of overtime 𝐶𝑂 31.24 USD/truck/hour 

Unit cost of expediting 𝐶𝑒  10.00 USD/truck/hour 

 

In the following subsections, we use the approach proposed in chapter 6 to answer the 

case study questions. That approach involves the following steps: 

 

1. Define operational context 

2. Determine cumulative distribution function (CDF) for the total in-system time 

3. Determine probability density function (PDF) for the total in-system time 

4. Compute expected costs of tardiness and expediting  

 

We later discuss the results and provide some inferences. Moreover, during the rest of 

the chapter, we will refer to the logistics provider as the company for simplicity.  

 

 

7.2.2 Determine cumulative distribution function (CDF) for the total 

in-system time 

 

To quantify the economic impact of the proposed process-time monitoring digital 

solution on truck-loading operations, we first need to determine the CDF of the total in-

system time of the jobs, as shown in Figure 40. Recall a CDF provides the probability 

that, in this context, the in-system time of a truck does not surpass a specified time limit 

𝐿. This CDF is important because it enables us to obtain a PDF of the in-system time, 

which is a key ingredient in the computation of the expected economic performance with 

the digital solution.   

We use the approach introduced in Subsection 6.1.3 to determine the CDF under the 

assumption that the digital solution is implemented. This approach is reinstated in Figure 

41 for explainability.  

 



99 
 

 

Figure 41 Approach to estimate the probability of on-time completion when a process time monitoring 

solution is implemented 

 

As Figure 41 shows, we need the obtain the following data in order to compute CDF 

(i.e., the probability of on-time completion), denoted by 𝐹𝑋|𝐈(𝐿): 

 

𝑁𝑎𝑡𝑢𝑟𝑎𝑙 𝑃𝐷𝐹 𝑜𝑓 𝑋   – Probability density of the processing time without expediting 

𝑃(𝑦𝑖) - Prior probabilities for the actual states of the jobs, 𝑦1: 𝑋 ≤ 𝑡0 and 𝑦2: 𝑋 > 𝑡0 

𝑃(𝑚1) and 𝑃(𝑚2)  – Probability that a job is tracked and not tracked, respectively. 

𝑃(𝑠𝑗|𝑦
𝑖, 𝑚1)  - Information accuracy   

 

From this list, we started by determining the natural PDF of the truck loading time, 

denoted by 𝑓𝑋(𝑥).  Recall from Chapter 6 that by “natural PDF” we mean the probability 

density resulting from the natural randomness of the process, hence it is the PDF when 

the trucks are not expedited.  

The natural PDF was assumed to be exponential in the absence of process time logs. 

The choice of the exponential distribution for the PDF was made because the truck 

loading times were considered independent, variable but with a constant average rate, and 

not affected by passed loading times (i.e., memoryless). Moreover, it was observed that 

the warehouse product location was based on an ABC classification, so that fast-moving 

items were located closer to the loading points. As a result, long product search times 

were possible but less frequently observed (i.e., exponential decay). These characteristics 
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led us to conclude the exponential distribution is a good fit for the distribution of the in-

system time of the trucks. 

Having fitted an exponential probability distribution to the in-system time, denoted by 

𝑋, we moved to estimate 𝑃(𝑦𝑖). Recall from our earlier discussion that 𝑃(𝑦𝑖) are the 

probabilities for the actual states of the jobs, 𝑦1: 𝑋 ≤ 𝑡0 and 𝑦2: 𝑋 > 𝑡0. Given we fitted 

an exponential distribution to 𝑋, we can estimate 𝑃(𝑦𝑖) using the following expressions 

 

𝑃(𝑦1) = 1 − 𝑒−𝜇0𝑡0  (𝑖. 𝑒. , 𝑋 ≤ 𝑡0)                                       36 

                                        𝑃(𝑦2) = 𝑒−𝜇0𝑡0          (𝑖. 𝑒. , 𝑋 > 𝑡0)                                       37 

 

After that, we moved to obtain 𝑃(𝑚1), that is the probability that a truck is tracked 

upon arrival when the digital solution is available. As the tracking will be done using 

barcode scanners (i.e., a low-cost technology), its success will depend on two events.  The 

first event, denoted by 𝑂, is that the security staff scans the barcode in the ID of the driver 

upon his arrival. The second event, denoted by 𝑅, is that the device actually reads the 

barcode and records the time stamp. As these two events need to occur sequentially for 

successful job tracking, it is reasonable to represent 𝑃(𝑚1) as the product of their 

probabilities.  

 

𝑃(𝑚1) = 𝑃(𝑂)𝑃(𝑅|𝑂)                                               38 

 

where 

𝑃(𝑂) – Staff reliability 

𝑃(𝑅|𝑂) – Recognition reliability 

 

We obtained the staff reliability, 𝑃(𝑂), estimates from management and estimates of 

recognition reliability, 𝑃(𝑅|𝑂), for the candidate technologies from the literature. The 

values of 𝑃(𝑅|𝑂)  and 𝑃(𝑂)  were estimated at 0.95 and 0.90, respectively. After 

obtaining 𝑃(𝑚1), 𝑃(𝑚2) was obtained as 1 - 𝑃(𝑚1), given that both events can occur 

simultaneously. 

Lastly, we moved to estimate 𝑃(𝑠𝑗|𝑦
𝑖, 𝑚1), which represents the accuracy of the 

solution information. This information was assumed to be inaccurate sometimes 

considering the limitations of low-cost digital technologies.  For instance, a truck might 
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be accidentally tracked as complete when there are still some bulks to load (generating 

the message that the truck is complete), or the time threshold 𝑡0 might not be updated in 

the system. As these situations were considered to be the exception rather than the rule, 

the information inaccuracy, denoted by 𝑞, was estimated at 0.05 in consensus with 

management; that is, in 5% of the cases that the truck’s status is determined, the solution 

displays a message 𝑠𝑗 not corresponding to the actual job completion status 𝑦𝑖. Using 𝑞, 

the desired probability 𝑃(𝑠𝑗|𝑦
𝑖, 𝑚1), was expressed as: 1 − 𝑞 if 𝑗 = 𝑖 and 𝑞 if 𝑗 ≠ 𝑖. Thus, 

we obtained: 

 

𝑃(𝑆|𝑌,𝑚1) = [
𝑃(𝑠1|𝑦

1,𝑚1) 𝑃(𝑠2|𝑦
1,𝑚1)

𝑃(𝑠1|𝑦
2,𝑚1) 𝑃(𝑠2|𝑦

2,𝑚1)
] = [

0.95 0.05
0.05 0.95

]                39 

 

Having obtained 𝑃(𝑆|𝑌,𝑚1) we now have almost all the ingredients required to 

operationalise the computation of the CDF 𝐹𝑋|𝐈(𝐿) (equation 16), as shown in Figure 42. 

  

 

 

Figure 42 Computation of 𝑭𝑿|𝐈(𝑳) and expressions obtained so far 

 

As Figure 42 shows we only need to implement Equation 14 and Theorem 6.1 (both 

shown in green) to complete all the required factors to compute the CDF 𝐹𝑋|𝐈(𝐿). We 

begin by implementing equation 14, which yields the probability that a message 𝑠2 is 

generated when a job is tracked, denoted by 𝑃(𝑠2|𝑚1). Thus, using the inputs for equation 

14 (shown in Figure 42) we obtain: 
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𝑃(𝑠2|𝑚1) = ∑ 𝑃(𝑠2|𝑦
𝑖, 𝑚1)𝑃(𝑦

𝑖)  
𝑁𝑌=2
𝑖=1   

𝑃(𝑠2|𝑚1) = 𝑃(𝑠2|𝑦
𝑖, 𝑚1)𝑃(𝑦

𝑖) + 𝑃(𝑠2|𝑦
𝑖, 𝑚1)𝑃(𝑦

𝑖)  

𝑃(𝑠2|𝑚1) = 0.05 + 0.90𝑒
−𝜇0𝑡0                                                                                   40 

 

Finally, we apply the theorem 6.1 to computing 𝑃(𝑋 ≤ 𝐿|𝑠2, 𝑚1) and 

𝑃(𝑋 ≤ 𝐿|𝑠1, 𝑚1), as indicated in Figure 42. In our context, 𝑃(𝑋 ≤ 𝐿|𝑠2, 𝑚1) measures 

how likely is that a truck is completed on time given the chain of events that occurs when 

the status of a truck is monitored, and the manager is notified that the truck is running 

late. Alternatively, 𝑃(𝑋 ≤ 𝐿|𝑠1, 𝑚1) measures how likely is that a truck is completed on 

time assuming the manager is not notified about delays. Recall from Chapter 6 these 

(conditional) probabilities can be estimated by using Theorem 6.1. The use of theorem 

6.1 for 𝑋~𝑒𝑥𝑝𝑜𝑛𝑒𝑛𝑡𝑖𝑎𝑙 yields the results in Table 8 and Table 9. 

 

Table 8 Conditional Distribution Function 𝑷(𝑿 ≤ 𝑳|𝒔𝟐,𝒎𝟏) for the informed scenario 

Case Exponential distributed service time 

   

𝑳 ≤ 𝒕𝟎  1

𝑃(𝑠2|𝑚1)
𝑃(𝑠2|𝑦

1,𝑚1)(1 − 𝑒
−𝜇0𝐿) 

   

𝒕𝟎 < 𝑳 ≤ 𝒕𝟎 + 𝒅  1

𝑃(𝑠2|𝑚1)
{𝑃[𝑠2|𝑦

1,𝑚1] − (𝑃[𝑠2|𝑦
1,𝑚1] − 𝑃[𝑠2|𝑦

2,𝑚1])𝑒
−𝜇0𝑡0 − 𝑃[𝑠2|𝑦

2, 𝑚1]𝑒
−𝜇0𝐿} 

   

𝑳 > 𝒕𝟎 +𝒅  1

𝑃(𝑠2|𝑚1)
{𝑃[𝑠2|𝑦

1,𝑚1](1 − 𝑒
−𝜇0𝑡0) + 𝑃[𝑠2|𝑦

2,𝑚1][𝑒
−𝜇0𝑑 − 𝑒−𝜇0(𝑡0+𝑑)−𝜇(𝐿−(𝑡0+𝑑))]} 

 

   

Table 9 Conditional Distribution Function 𝑷(𝑿 ≤ 𝑳|𝒔𝟏,𝒎𝟏) for the informed scenario 

Case Exponential distributed service time 

   

𝑳 ≤ 𝒕𝟎  1

𝑃(𝑠2|𝑚1)
𝑃(𝑠1|𝑦

1, 𝑚1)(1 − 𝑒
−𝜇0𝐿) 

   

𝒕𝟎 < 𝑳 ≤ 𝒕𝟎 + 𝒅  1

𝑃(𝑠1|𝑚1)
{𝑃[𝑠1|𝑦

1,𝑚1] − (𝑃[𝑠1|𝑦
1,𝑚1] − 𝑃[𝑠1|𝑦

2,𝑚1])𝑒
−𝜇0𝑡0 − 𝑃[𝑠1|𝑦

2,𝑚1]𝑒
−𝜇0𝐿} 

   

𝑳 > 𝒕𝟎 +𝒅  1

𝑃(𝑠1|𝑚1)
{𝑃[𝑠1|𝑦

1,𝑚1] − (𝑃[𝑠1|𝑦
1,𝑚1] − 𝑃[𝑠1|𝑦

2,𝑚1])𝑒
−𝜇0𝑡0 − 𝑃[𝑠1|𝑦

2,𝑚1]𝑒
−𝜇0𝐿} 

   

 

In Table 8, 𝑑 represents the elapsed time since the time threshold 𝑡0 has been reached 

until the job expediting is ready to begin (if needed). Recall from Chapter 6 that 𝑑 includes 

display delays, observational delays, and expediting arrangement times. These three 
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components of 𝑑 were assessed by management, which determined the former to be 

negligible. For the other two (i.e., observational delays and expediting times) 

management found their values to be variable but with existing upper limits. We used 

these upper limits to compute 𝑑, thus keeping its calculation simple while relevant for the 

company. The components of 𝑑 are shown in Table 10.  

 

Table 10 Components of the systematic delay d 

 Barcode 

Max. Observational delay 5 mins 

Max. Expediting arrangement time 22 mins 

 

We conclude this subsection with a pictorial summary of the results obtained and their 

role in the computation of the CDF of the total time in the system for a job when the 

digital solution is implemented. 

 

 

Figure 43 Summary of the results of this subsection 

 

 

7.2.3 Determine probability density function (PDF) for the total in-

system time 
 

Having determined the CDF 𝐹𝑋|𝐈(𝐿) (equation 16), we now move to determine the 

corresponding PDF 𝑓𝑋|𝐈(𝑥). This PDF is needed because it is a key ingredient for the 

computation of the expected costs of the digital solution. We can obtain this PDF by 

differentiating the expression for 𝐹𝑋|𝐈(𝐿) shown in Figure 43. As this differentiation is 

straightforward, we only present results for expressions that require more algebraic 



104 
 

manipulation. These expressions are the derivatives of 𝑃(𝑋 ≤ 𝐿|𝑠2, 𝑚1) and 

𝑃(𝑋 ≤ 𝐿|𝑠1, 𝑚1), which are shown in the following Table 11. 

 

Table 11 Probability density function 𝒇𝑿|𝒔𝒋,𝒎𝟏
(𝒙) for the informed scenario 

No. Case Exponentially distributed service time 

  𝑺 = 𝒔𝟏 

 

𝑺 = 𝒔𝟐 

 

1 𝑳 ≤ 𝒕𝟎 𝑃(𝑠1|𝑋 ≤ 𝑡0, 𝑚1)

𝑃(𝑠1|𝑚1)
(𝜇0𝑒

−𝜇0𝑥) 
𝑃(𝑠2|𝑋 ≤ 𝑡0, 𝑚1)

𝑃(𝑠2|𝑚1)
(𝜇0𝑒

−𝜇0𝑥) 

    

2 𝒕𝟎 < 𝑳 ≤ 𝒕𝟎 + 𝒅 𝑃(𝑠1|𝑋 > 𝑡0, 𝑚1)

𝑃(𝑠1|𝑚1)
(𝜇0𝑒

−𝜇0𝑥) 
𝑃(𝑠2|𝑋 > 𝑡0, 𝑚1)

𝑃(𝑠2|𝑚1)
(𝜇0𝑒

−𝜇0𝑥) 

    

3 𝑳 > 𝒕𝟎 +𝒅 𝑃(𝑠1|𝑋 > 𝑡0, 𝑚1)

𝑃(𝑠1|𝑚1)
(𝜇0𝑒

−𝜇0𝑥) 
𝑃(𝑠2|𝑋 > 𝑡0, 𝑚1)

𝑃(𝑠2|𝑚1)
(𝜇𝑒−𝜇0(𝑡0+𝑑)−𝜇(𝑥−(𝑡0+𝑑))) 

 

 

We conclude this subsection by illustrating the way to use the results in Table 11 to 

compute the PDF 𝑓𝑋|𝐈(𝑥). This procedure is presented in Figure 44. 

 

 

Figure 44 Approach to obtain the PDF of X 

 

7.2.4 Expected cost with the digital solution  
 

     The expected cost associated with truck loading management can be thought of as the 

probability-weighted average cost of operation, taking into account tardiness and 

expediting costs. Having obtained the PDF of the time that a job spends in the system, 

𝑓𝑋|𝐈(𝑥), we can now compute the expected cost. Recall from Chapter 6, that the expected 
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cost when the digital solution is implemented can be obtained using equation 24. This 

equation is restated below for explainability 

 

𝐸𝑋|I𝐿(𝑥) = 𝑐𝑡(𝑁) ∫ [𝑥 − 𝐿]
∞

𝐿
𝑓𝑋|I(𝑥)𝑑𝑥 + 𝑐𝑒(𝑁) ∫ [𝑥 − 𝑧0]

∞

𝑧0
𝑓𝑋|I(𝑥)𝑑𝑥         41 

 

where 

𝑁  – Trucks received per day: between 15 and 35 (from Table 7) 

𝑐𝑡  – Unit cost of tardiness = 𝑐𝑂 + 𝑐𝐼 = 43.74 USD/Truck/hour (from Table 7) 

𝑐𝑒  – Unit cost of expediting  = 10 USD/Truck/hour (from Table 7) 

𝑧0  – Expediting starting time  = 𝑡0 + 𝑑 = 2.5 h + (27/60) h = 2.95 h (from Table 7 and 

Table 10). 

 

Thus, by substituting the values for 𝑁, 𝑐𝑡, 𝑐𝑒, 𝑧0  in equation 41 and evaluating the 

integrals, we obtain the expected cost when the digital solution is implemented. 

 

7.2.5 Expected cost without the digital solution 
 

The subsections 7.2.2 to 7.2.4 allowed us to compute the expected cost when the digital 

solution is implemented. Now, we move to determine the expected cost without the digital 

solution because we need a benchmark performance against which to measure economic 

impact.  

There are two possible ways to define this benchmark performance. The first is to 

define it as equal to the baseline performance without the digital solution. This 

performance is characterised by the absence of both job monitoring and expediting 

policies, according to the case study (Subsection 7.2.1). The second choice is to set the 

benchmark performance equal to the potential performance without the digital solution. 

This corresponds to the best possible performance of the company using a feasible, cost-

free solution, which according to our case study (Subsection 7.2.1) is manual monitoring. 

We selected the second alternative, defining performance under manual monitoring as the 

benchmark, as this more accurately reflects company actions in the absence of the digital 

solution. Thus, in this subsection, we focus on computing the economic performance 

under manual monitoring conditions. 

Regarding manual monitoring, recall from Chapter 5 that the economic performance 
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can be computed following the procedure discussed in 6.3. Below this procedure is 

outlined: 

 

1. Get the physical insight of the monitoring 

2. Determine the CDF of 𝑋 (Job processing time with manual monitoring) 

3. Differentiate the CDF to obtain the PDF of X 

4. Compute expected cost using the PDF of X and cost expressions. 

 

To get a physical insight into the operation with manual monitoring we studied it 

through interviews with the management of the company (i.e., the logistics provider). 

Management revealed that under manual monitoring, they can proactively communicate 

with the staff at the loading platforms (based on the elapsed time perception) to know the 

status of the trucks. The managers also assume that staff could provide perfect status 

information as they have visibility of trucks. Lastly, management expressed that manually 

monitoring truck loading at an intended (elapsed) time 𝑡0 would be easy on low-workload 

days (i.e., 1-5 trucks).  

However, on high-workload days (i.e., 15-35 trucks), monitoring precision is expected 

to drop according to management. This is due to the uncertainty in the arrival and progress 

of the trucks, combined with the limited attention that management can dedicate to each. 

As a result, the (manual) monitoring during heavy workloads is expected to occur in an 

interval around 𝑡0 with limits 𝑡𝑚𝑖𝑛 = 𝑡0 − 𝑐 and 𝑡𝑚𝑎𝑥 = 𝑡0 + 𝑐, where 𝑐 is the dispersion.  

In this interval [𝑡𝑚𝑖𝑛, 𝑡𝑚𝑎𝑥] every point is considered equally likely. This is because 

management has no reason to believe that any one time is more likely than the others. 

This motivates us to represent the occurrence of job monitoring actions during heavy 

workloads using a uniform probability distribution 𝑓𝑇(𝑡) as shown in Figure 45. 

 

 

Figure 45 Monitoring time distribution 
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As we can see on Figure 45, we need to estimate 𝑐 to determine 𝑡𝑚𝑖𝑛 and 𝑡𝑚𝑎𝑥 (i.e., 

the support of 𝑓𝑇(𝑡)). However, no data to estimate 𝑐 was available for that purpose from 

the company. Thus, we estimated 𝑐 by introducing a sensitivity parameter 𝑈𝜖(0,1] so that 

𝑐 = 𝑡0 ∗ 𝑈. A high value of 𝑈 implies that the manager finds it challenging to perform 

the monitoring at the intended time 𝑡0 (i.e., high dispersion), whereas a low value of 𝑈 

implies that the manager finds manual monitoring easy to do (i.e., low dispersion). 

The value of 𝑈 will also influence the start time of the job expediting. As discussed, 

the expediting (if required) will begin 𝑑 units of time after the job monitoring. Thus, the 

broader the value of 𝑈, the greater the interval of possible job expediting times. Moreover, 

the expediting time will be subject to uncertainty due to the randomness of the monitoring 

time. Hence, the expediting time, denoted by 𝑍, will follow a uniform distribution 𝑓𝑍(𝑧) 

in the interval 𝑧𝑚𝑖𝑛 = 𝑡𝑚𝑖𝑛 + 𝑑 and 𝑧𝑚𝑎𝑥 = 𝑡𝑚𝑎𝑥 + 𝑑 as shown in Figure 46. Note that 

𝑑 concerns only the expediting arrangement time, as there is no need to wait for status 

messages in this scenario.   

 

 

Figure 46 Distribution of the monitoring and expediting times 

 

Having defined the physical setup, we now need to determine the CDF of the in-system 

time 𝑋. Recall that this CDF, denoted by 𝐹𝑋|𝐼↓(𝐿), can be obtained using our result in 

equation 29. This equation is restated below for explainability.   

 

𝐹𝑋|𝐈↓(𝐿) = 𝑃(𝑋 ≤ 𝐿|𝑚1)𝑃(𝑚1) + 𝑃(𝑋 ≤ 𝐿|𝑚2)𝑃(𝑚2)                   42                  

where 

𝑃(𝑚1) – probability that a job is monitored (i.e., reliability of manual monitoring) 

𝑃(𝑚2) – probability that a job is not monitored 

𝑃(𝑋 ≤ 𝐿|𝑚1)  - Probability of on-time completion given that the job is monitored 

𝑃(𝑋 ≤ 𝐿|𝑚2)  - Probability of on-time completion given that the job is not monitored 
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Therefore, to compute 𝐹𝑋|𝐈↓(𝐿) we need to evaluate the factors on the RHS of Equation 

42. To estimate 𝑃(𝑚1) and 𝑃(𝑚2), recall that 𝑚1 and 𝑚2 are mutually exclusive, i.e. 

𝑃(𝑚1) + 𝑃(𝑚2) = 1. Hence, we need only estimate either 𝑃(𝑚1) or 𝑃(𝑚2). Through 

interviews, it was determined that on a high-workload day, the manager might check the 

loading status of 10 to 70 per cent of the incoming trucks, with an average of 50 per cent. 

Thus 𝑃(𝑚1) was set equal to 0.5, and this can be understood as the “reliability of manual 

monitoring”. 

To estimate the factor 𝑃(𝑋 ≤ 𝐿|𝑚2), we only need the distribution of 𝑋. This is so 

because when a job is not tracked its processing time is not affected by expediting actions 

and, consequently, responds to the natural randomness of the process. Thus, we set 

𝑃(𝑋 ≤ 𝐿|𝑚2) = 1 − 𝑒−𝜇0𝐿. 

Lastly, to obtain 𝑃(𝑋 ≤ 𝐿|𝑚1) recall from Chapter 6 that we can apply the theorem 

6.2. We apply this theorem under the assumptions of 𝑋~exponential and 𝑍~uniform, 

where 𝑋 and 𝑍 are the job processing time and job expediting time, respectively. The 

result of applying this theorem is presented in Table 12. 

 

Table 12 Conditional CDF of the process time when the job status is manually monitored 𝑷(𝑿 ≤ 𝑳|𝒎𝟏) 

No. Case Exponentially distributed service time and uniform distributed expediting time 

1 𝑳 ≤ 𝒛𝒎𝒊𝒏 1 − 𝑒−𝜇0𝐿                                               

    

2 𝒛𝒎𝒊𝒏 < 𝑳 ≤ 𝒛𝒎𝒂𝒙 1 −
1

(𝑧𝑚𝑎𝑥 − 𝑧𝑚𝑖𝑛)(𝜇 − 𝜇0)
[𝑒−𝜇0𝐿 − 𝑒(𝜇−𝜇0)𝑧𝑚𝑖𝑛−𝜇𝐿] − (

𝑧𝑚𝑎𝑥 − 𝐿

𝑧𝑚𝑎𝑥 − 𝑧𝑚𝑖𝑛
) 𝑒−𝜇0𝐿 

 

    

3 𝑳 > 𝒛𝒎𝒂𝒙 1 −
1

(𝑧𝑚𝑎𝑥 − 𝑧𝑚𝑖𝑛)(𝜇 − 𝜇0)
[𝑒(𝜇−𝜇0)𝑧𝑚𝑎𝑥−𝜇𝐿 − 𝑒(𝜇−𝜇0)𝑧𝑚𝑖𝑛−𝜇𝐿] 

 

 

By estimating 𝑃(𝑋 ≤ 𝐿|𝑚1) we have determined the CDF 𝐹𝑋|𝐈↓(𝐿). We now move to 

differentiate this CDF because we need the result (i.e., the PDF 𝑓𝑋|𝐈↓(𝑥)) to compute the 

expected cost. Differentiating most factors of the CDF (equation 42) is straightforward; 

nevertheless, differentiating the factor 𝑃(𝑋 ≤ 𝐿|𝑚1) requires more algebraic 

manipulation. Thus, we present this result in Table 13. 
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Table 13 Conditional PDF of the process time when the job status is manually monitored  

No. Case Exponentially distributed service time and uniformly distributed monitoring time 

1 𝑳 ≤ 𝒛𝒎𝒊𝒏  𝜇0𝑒
−𝜇0𝑥                                              

    

2 𝒛𝒎𝒊𝒏 < 𝑳 ≤ 𝒛𝒎𝒂𝒙  1

(𝑧𝑚𝑎𝑥 − 𝑧𝑚𝑖𝑛)(𝜇 − 𝜇0)
[𝜇0𝑒

−𝜇0𝑥 − 𝜇𝑒(𝜇−𝜇0)𝑧0−𝜇𝑥] + [
𝜇0(𝑧0 − 𝑥 + 𝑧𝑚𝑎𝑥 − 𝑧𝑚𝑖𝑛) + 1

(𝑧𝑚𝑎𝑥 − 𝑧𝑚𝑖𝑛)
] (𝑒−𝜇0𝑥) 

    

3 𝑳 > 𝒛𝒎𝒂𝒙  𝜇0𝑒
−𝜇0𝑥 (

𝑧0 − 𝑧𝑚𝑖𝑛
𝑧𝑚𝑎𝑥 − 𝑧𝑚𝑖𝑛

) +
𝜇

(𝑧𝑚𝑎𝑥 − 𝑧𝑚𝑖𝑛)(𝜇 − 𝜇0)
[𝑒(𝜇−𝜇0)𝑧𝑚𝑎𝑥−𝜇𝑥 − 𝑒(𝜇−𝜇0)𝑧0−𝜇𝑥] 

 

 

The way to use the results thus far to estimate the desired PDF 𝑓𝑋|𝐈↓(𝑥) is summarised 

in Figure 47.  

 

 

Figure 47 Approach to obtain the PDF of X under manual monitoring conditions 

 

Having determined the PDF 𝑓𝑋|𝐈↓(𝑥), we now use it to estimate the expected cost. The 

expected cost, denoted by  𝐸𝑋|I↓𝐿(𝑥), can be obtained using our result in equation 31, as 

discussed in Chapter 6. This equation is restated here for clarity. 

 

𝐸𝑋|I↓𝐿(𝑥) = 𝑐𝑡(𝑁)∫ [𝑥 − 𝐿]
∞

𝐿
𝑓𝑋|I↓(𝑥)𝑑𝑥 + 𝑐𝑒(𝑁)∫ ∫ [𝑥 − 𝑧]

∞

𝑧
𝑓𝑋,𝑍|I↓(𝑥, 𝑧)𝑑𝑥𝑑𝑧

𝑧𝑚𝑎𝑥
𝑧𝑚𝑖𝑛

        43 

 

where 𝑐𝑡, 𝑐𝑒, and 𝑁 are the same values as in subsection 7.2.4. Using these values in 

combination with  𝑓𝑋|I↓(𝑥) the evaluation of the first term of equation 43 (i.e., tardiness 

cost) is straightforward; however, evaluating the second term (i.e., expediting cost) is not 

feasible without an expression for the joint density 𝑓𝑋,𝑍|I↓(𝑥, 𝑧). Thus, we need to convert 

this second term into a form computable using our results so far. Below, we do this. 

 

𝐸𝑋|I↓𝐿(𝑥) = 𝑐𝑡(𝑁) ∫ [𝑥 − 𝐿]
∞

𝐿
𝑓𝑋|I↓(𝑥)𝑑𝑥 + 𝑐𝑒(𝑁) {𝑃(𝑚1)𝑃(𝑋 > 𝑍)

1

𝜇
}           44 

 

The rationale behind the (new) second term is that an expediting cost will be incurred 
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if and only if the job is monitored (i.e., 𝑚1) and is still in progress by the time the 

expediting resources are ready (i.e.., 𝑋 > 𝑍). If both conditions are met, the cost 𝑐𝑒 will 

be proportional to the duration of the expediting, which is  
1

𝜇
 on average when the 

processing time is exponential. This is the reason why 𝑐𝑒(𝑁) {𝑃(𝑚1)𝑃(𝑋 > 𝑍)
1

𝜇
} yields 

the expected expediting cost for 𝑁 jobs. 

Evidently, to operationalise the second term of eq. 44 we need to compute 𝑃(𝑋 > 𝑍) 

and multiply it with the other factors. The result of that process is presented in the second 

term of the following equation and the proof is available in appendix H. 

 

𝐸𝑋|I↓𝐿(𝑥) = 𝑐𝑡(𝑁) ∫ [𝑥 − 𝐿]
∞

𝐿
𝑓𝑋|I↓(𝑥)𝑑𝑥 +

𝑐𝑒𝑁𝑃(𝑚1)

𝜇0𝜇(𝑧𝑚𝑎𝑥−𝑧𝑚𝑖𝑛)
{𝑒−𝜇0𝑧𝑚𝑖𝑛 − 𝑒−𝜇0𝑧𝑚𝑎𝑥}      45 

 

where the shape of the second term is influenced by the exponential nature of the truck 

loading times. These exponentially distributed loading times have mean 1/𝜇0 in usual 

conditions and mean 1/𝜇 in expediting conditions, and that is the reason for their 

incorporation in the previous expression.  

 

7.2.6 Economic impact of the digital solution 
 

The previous subsections demonstrated how the expressions for economic performance 

measurement, introduced in Chapter 6, can be contextualised to a case involving truck 

loading monitoring. Now we finally use these expressions to quantify economic impact.  

We quantified the impact in different scenarios to enhance comprehensiveness. 

Specifically, four scenarios of trucks received per day, 𝑁, were considered. For 𝑁 = 15 

and 𝑁 = 20, a monitoring uncertainty 𝑈 = 40% was considered reasonable by the 

management. Similarly, for 𝑁 = 30 and 𝑁 = 35 an uncertainty 𝑈 = 70% was defined. 

For each scenario, we took the difference in expected cost between manual and 

digitally assisted monitoring, in accordance with the following equation from Chapter 6. 

 

𝐼 ≡ ∆𝑃 = 𝐸𝑋|I↓𝐿(𝑥) − 𝐸𝑋|I𝐿(𝑥)                                         46 

 

The result of applying equation 46 to the four scenarios is presented in Table 14.  
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Table 14 Expected cost and savings for manual and digitally assisted monitoring using the case study data 

 

 

From Table 14, digitally-assisted monitoring is expected to incur daily savings of USD 

14.28 when the monitoring uncertainty 𝑈 = 40% and USD 40.45 when the monitoring 

uncertainty 𝑈 = 70%, compared to the case with manual monitoring. Since the company 

operates 26 days per month, this implies monthly savings that range between USD 371.28 

(𝑈 = 40%) and USD 1,051.7 (𝑈 = 70%).  Table 14 also shows that the expected savings 

from implementing the digital solution are almost double when the comparison is with 

respect to the Baseline performance. This performance was computed using equation 27 

(Chapter 6) for illustration purposes.  

As for the cost of solution deployment, this is detailed in Table 15. As this table shows, 

the cost amounts to 90.89 USD, meaning that the payback period (= expected 

savings/investment) will range from 2.6 to 7.3 days. 

 

Table 15 Components and costs for the barcode-based truck loading time monitoring solution 

Solution modules Technologies Cost (USD) * 

Data Collection -Barcode scanner 

-Single-board Computer (Raspberry Pi) 

25.25 

65.64 

Data storage -Database (SQLite) - 

Analysis -Programming Language (Python) - 

User interface  -Dashboard (Grafana) - 

  90.89 

*Prices as of March 30, 2024 

 

7.2.7 Results discussion 
 

The results in Table 14 show that, within the operational context of the company, 

digitally assisted monitoring performs 9 - 11% better than manual monitoring. One reason 

for this is the superior reliability of digitally assisted monitoring, which increases the 

chances of timely job expediting. On the other hand, the inaccuracy of manual monitoring 

Manual monitoring Digitally-assisted monitoring Difference = Manual - Assisted

Trucks received/day Baseline cost ($) Expected cost ($) Savings ($) Expected cost ($) Savings ($) Net difference ($) Percentage difference

15 177.59 158.75 18.84 144.47 33.12 14.28 9%

20 236.78 211.67 25.11 192.63 44.16 19.04 9%

30 355.17 323.61 31.57 288.94 66.24 34.67 11%

35 414.37 377.54 36.83 337.09 77.28 40.45 11%

Expected daily cost savings 
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causes excessive expediting in some cases and insufficient expediting in others, thus 

leading to higher costs compared to monitoring performed with the digital solution. 

The case study results were determined for a fixed monitoring time 𝑡0= 2.5. To 

generalise our results so that SMEs can better understand how these cost savings can 

apply to their specific contexts, we conducted a sensitivity analysis on expected cost 

savings with respect to threshold time 𝑡0 in Figure 48. This figure shows the effect of 𝑡0 

(i.e., the target monitoring time) on the expected costs of manual and digitally assisted 

monitoring, respectively, for two levels of manual monitoring reliability (𝑃(𝑚1) = 0.40 

and 𝑃(𝑚1) = 0.7), two levels of monitoring uncertainty (𝑈 = 30% and 𝑈 = 60%), and 

two of digital information accuracy (𝑃(𝑠1|𝑦
1, 𝑚1) = 0.80 and 𝑃(𝑠1|𝑦

1, 𝑚1) = 0.95). The 

graphs show that the expected costs strongly depend on the choice of target monitoring 

time. For the manual monitoring option, the optimal target time remains the same, 

irrespective of changes in the levels of uncertainty and reliability of the monitoring. Still, 

the optimal monitoring time under manual monitoring differs slightly from the optimal 

monitoring time for digitally assisted monitoring. This discrepancy in optimal monitoring 

times is a consequence of the difference in systematic delays 𝑑 prior to expediting, which, 

in our case study, is higher in the digitally assisted monitoring scenario.  

As expected, for the digitally assisted monitoring scenario, the graphs show that as 

information accuracy increases, the cost savings (i.e., the economic impact) grows. For 

instance, an increase in the likelihood of receiving the message that correctly says a job 

is running late will increase the chances of successfully expediting it. Hence, it will reduce 

tardiness costs. 

Although greater information accuracy is generally beneficial, not all issues of 

inaccuracy are harmful. Inaccuracies such as receiving a message stating that a job is in 

progress by 𝑡0 when it is actually finished (i.e., 𝑃(𝑠2|𝑦
1)) will have no significant impact 

on operational performance, as expediting is not physically possible anyway.  

This insight on information accuracy has positive implications for low-cost digital 

solutions. Specifically, a key concern with regard to the adoption of low-cost digital 

solutions is their performance (e.g., reliability, accuracy), which tends to be lower than 

non-low-cost solutions. By observing that a drop in information accuracy is not always 

harmful, this concern is less justified.  

In addition to information accuracy, the uncertainty in manual monitoring is another 

factor that widens the advantage of digital monitoring over manual monitoring (See 

Figure 48). The uncertainty, 𝑈, is especially harmful for manual monitoring when it 
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occurs at a time 𝑡 that is close to the maximum allowable time 𝐿.This is because 

significant uncertainty will cause the monitoring to happen outside the maximum 

allowable time 𝐿, hence increasing the tardiness costs. 

Finally, the choice between the two candidate monitoring alternatives can be 

interpreted as a decision between precise monitoring with imperfect state information 

(i.e., digitally assisted monitoring) and imprecise monitoring with perfect state 

information (i.e., manual monitoring). This characterisation of the monitoring alternatives 

becomes clearer through Table 16, which describes their features and highlights their 

differences and similarities. Overall, the choice of the digitally assisted monitoring 

alternative is justified when the reliability of its job tracking process is substantially 

higher than that of manual monitoring and when the uncertainty of this is high. 

 

 

 

 

 

 

 

 

 

Figure 48 Sensitivity analysis for the expected costs of the candidate monitoring options 
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Table 16 A comparison of candidate monitoring alternatives 

 Digital monitoring Manual monitoring 

 

Information captured 

 

Job status information (i.e., elapsed time and 

process state) 

 

 

Job status information (i.e., elapsed time and 

process state) 

Who captures it? 

 

A digital solution for process time monitoring An individual 

How is it captured? Through job status tracking and visualisation. 

Imperfect state information may arise if errors 

occur in data capture. 

 

Via direct process observation which leads 

to perfect state information 

When is it captured? Job status information is captured once the target 

process time 𝑡0 is reached, ensuring precise 

monitoring. 

 

Job status information is captured once the 

target process time 𝑡0 is perceived to be 

reached, leading to imprecise monitoring. 

Resultant characteristics 

of job status 

information? 

Perfect elapsed-time information component 

 

 

Imperfect state-information component 

 

Potential delays between information capture and 

information consumption due 

transmission/visualisation issues. 

 

Not always available due to data capture 

reliability issues 

 

Imperfect elapsed-time information 

component 

 

Perfect state-information component 

 

Consumed right after its capture. 

 

 

 

Not always available due to 

forgetfulness/lack of attention  

When can one decide to 

expedite? 

 

When the digital solution indicates the job is 

lagging behind schedule 

When an individual concludes a job is 

lagging behind schedule 

What happens between 

making a decision and 

acting on it? 

 

Communication between team members, leading 

to employees being temporarily reassigned to 
help expedite truck loading 

Communication between team members, 

leading to employees being temporarily 
reassigned to help expedite truck loading 

 

 

7.2.8 Case summary  

 

In this section, we demonstrated the expected economic impact of a low-cost process 

time monitoring solution. Specifically, we focused on a barcode-based system to monitor 

truck loading time, which enables managers to track and expedite trucks lagging behind 

schedule. We demonstrated the impact of this LC digital solution for a single-stage, 

queue-free logistics process, and found the economic impact to be significant, on the order 

of 11-12% for the case studied. In so doing, we also demonstrated the approach to impact 

quantification developed in Chapters 5 and 6.  

The case study company (i.e., the logistics service provider) sees significant benefits 

in the low-cost digital solution. Indeed, based on the case findings, the company considers 

the proposed monitoring digital solution to be especially beneficial during peak seasons. 

This is because during peak seasons there is a significant number of trucks loading at 
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different times and the management is expected to face more uncertainty on the status of 

trucks. Thus, the company plans to implement the solution in the future. 

Nevertheless, the company also acknowledges some challenges during solution 

implementation. Firstly, the company anticipates an increased demand for cross-training 

in the workforce. This is so because the staff from other areas of the company may lack 

the knowledge and skills needed to help in expediting truck loading. Secondly, the 

company foresees that constantly reallocating staff to help expedite may affect the 

employee morale. In response to these two challenges, the company considers that 

prerequisites for successful solution implementation are 1) providing training to the 

workforce and 2) putting in place the right incentives to counteract potential feelings of 

dissatisfaction and stress. 

 

 

7.3 Case 2: Impact of job-status information on sequential truck 

loading operations  
 

As mentioned earlier, the variety of industrial settings motivated this thesis to explore 

the impact of low-cost digital solutions in simple and complex physical set-ups. This 

thesis cares about the variety of physical set-ups because it aims to be representative when 

putting a dollar-value on the impact of low-cost process time monitoring digital solutions.  

Motivated by this aim, the previous section explored the economic impact of low-cost 

process time monitoring solutions in a simple physical set-up (i.e., single-stage, no-

queues). Now, we move to explore the impact of these low-cost solutions in a more 

complex physical set-up. Specifically, we will demonstrate the economic impact in a 

physical set-up involving two-stage operations under congestion.  We care about this 

physical set-up in particular because it was identified as relevant based on our discussion 

in Chapter 5.  

Furthermore, to quantify impact in the chosen physical set-up, we will call the same 

approach used in Section 7.2: 

 

1. Define operational context 

2. Determine cumulative distribution function (CDF) for the total in-system time 

3. Determine probability density function (PDF) for the total in-system time 

4. Compute expected costs of tardiness and expediting  
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These steps guide the design of this section. Specifically, we begin by setting the 

operational context in Subsection 7.3.1 through a case study on two-stage, queue-based 

truck loading operations. Then, we address each of the remaining steps in the subsequent 

subsections. Finally, we conclude with a discussion on the impact of the digital solution 

and a summary of the key points of the section.  

 

7.3.1 Define operational context 

 

The study focused on the operation of loading trucks with steel products for distribution 

to industrial customers. The logistics facility is made up of three loading terminals; trucks 

are regularly scheduled to load at any of these terminals based on product location. 

Moreover, the truck loading is made using bridge cranes as shown in Figure 49. 

Following the loading at one terminal, most trucks continue to load at least one more 

terminal before departing for the customer. This contrasts with the previous case 

(Subsection 7.2.1), where the truck loading process was a single stage (i.e., a single 

loading facility).  

 

 

Figure 49 Truck loading operation using bridge cranes. 

 

The time spent by the trucks in the process is variable. This is due to variability in the 

arrival time of trucks and variability in their loading time, the latter being affected by 

issues such as bridge crane breakdowns, blocking, quantity of products, among others. 

This variability in truck progress through the system creates bottlenecks, which lead to 
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queues and ultimately to trucks departing later than planned. This is another difference 

with the case in Subsection 7.2.1, where the focus was on queue-free operations.  

To prevent costly delays, the company considered installing a tracking solution to 

monitor loading times and receive alerts when trucks are running behind schedule. 

Management considers a truck as “running late” if its actual time in the system (at any 

facility) exceeds a predefined time threshold 𝑡0. These trucks can be selected for 

expediting in the subsequent facility, subject to the availability of resources, as shown in 

Figure 50. 

 

 

Figure 50 Two-stage loading process integrated with job-status tracking 

 

As Figure 50 shows, expediting the truck-loading operation will imply a temporary 

increase in the usual loading rate from 𝜇1 to 𝜇2.  Examples of expediting actions 

considered by the company are: 

 

• Adding loading staff 

• Preparing materials in advance  

• Arranging a parallel loading using a third vehicle  

 

The study aimed to determine the percentage of cost savings resulting from deploying 

the digital monitoring system to support these job-expediting initiatives. These expediting 

actions were not considered feasible in the absence of the digital system given the 

difficulty to manually track the status of the multiple trucks moving through the facilities.  

Considering the requirements of the management, the following questions were the focus 
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of the study:  

 

(i) What would be the expected reduction in total costs assuming the solution 

provides perfect information? 

(ii) How does the capacity of the company to expedite trucks affect the 

performance of the solution?  

(iii) How is the expected economic impact of the solution affected by information 

inaccuracy?  

 

In terms of scope, the study focused only on trucks of capacity 𝛽 = 22𝑀𝑇 that load 

product at two terminals before departing. The data gathered on this operation is 

summarised in Table 17. 

 

Table 17 Queueing system parameters for 22-MT capacity truck 

Parameter Value Unit 

Average number of trucks received per day n 9 Trucks 

Truck reception time window 𝑇𝑤 6 Hours 

Number of loading platforms 𝑙 9 Bays 

Average truck arrival rate 𝜆  0.65        Trucks/hour/day 

Average service rate of trucks in terminal 1 𝜇0 1.5 Trucks/hour/day 

Average service rate of trucks in terminal 2 𝜇1 1.0 Trucks/hour/day 

Increased average service rate of trucks in terminal 2 𝜇2 1.25 Trucks/hour/day 

Maximum loading time before costs 𝐿 4.00 hours 

Time threshold to expedite since truck arrival 𝑡0 3.00 hours 

 

 

From Table 17, the maximum allowable time in the system for the trucks is 𝐿 = 4 

hours. Beyond that limit, the company incurs brand damage and overtime costs. Table 18 

shows the specific costs along with job expediting costs.  

 

Table 18 Operational costs 

Parameter Value Unit 

Unit cost of brand damage 𝐶𝐼 30.00 USD/truck/hour 

Unit cost of overtime 𝐶𝑂 13.74 USD/truck/hour 

Unit cost of expediting 𝐶𝐸  35.00 USD/truck/hour 
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In the following subsections, we use the impact quantification framework developed 

in Chapter 6 to answer the case study questions. We later discuss the results and provide 

some inferences. 

 

7.3.2 Determine cumulative distribution function (CDF) for the total 

in-system time 

 

We begin by determining the CDF of the total in-system time of a truck. This in-system 

time is the sum of the time a truck spends in Facility 1 and Facility 2, which we denote 

by 𝑋 and 𝑌 (See Figure 51). Recall that 𝑋 and 𝑌 are known as response times (i.e., time 

in queue + time in service) and in order to add them, we need to know their probability 

distributions. 

 

 

Figure 51 Sequential truck loading operation within a logistics company, with an initial loading rate 𝝁𝟎 in the 

first stage and a binary loading rate 𝝁𝟏 or 𝝁𝟐, depending on whether the truck loading gets expedited. 

 

The distributions of response times, 𝑋 and 𝑌, are influenced by both the arrival and 

loading times of the trucks. This is because these times are variable, and their variability 

is leading to queues according to management, hence increasing the time a truck spends 

into the system (i.e., response time). Moreover, in conversation with management we 

determined that the pattern of truck arrival and loading times had the following 

characteristics: 

 

1. Variable arrival stream of trucks with constant mean rate, denoted by 𝜆 

2. Variable departure time from facility 1 with constant mean rate, denoted by 𝜇0 

3. Variable departure time from facility 2 with constant mean rate, denoted by 𝜇1 

4. Temporary increase in the mean loading rate at facility 2 from 𝜇1 to 𝜇2 when 

the truck loading is expedited. 
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Based on the characteristics 1 to 3, we concluded the truck arrival and departure 

patterns to and from each loading platform follow a Poisson distribution. As a result, it is 

reasonable to model the response time 𝑋 using an exponential distribution. Similarly, the 

distribution of the response time 𝑌 would be exponential except for the temporary 

increase in average loading rate during the job expediting (i.e., characteristics 4). This 

causes a binary behaviour of the loading rate at the second (loading) platform (i.e., 

sometimes 𝜇1 and others 𝜇2) which is more accurately represented using a 

Hyperexponential distribution. 

Considering the selected distributions for 𝑋 (i.e., exponential) and 𝑌 (i.e., 

hyperexponential), we can determine the desired CDF  𝐹𝑋+𝑌|I(𝐿) of their sum using our 

result in Theorem 6.2. 

 

 

 𝐹𝑋+𝑌|I(𝐿) = 1 − 𝑒
−(𝜇0−𝜆)𝐿 −

(𝜇0−𝜆)𝑎

(𝜇0−𝜆−𝑏1)
[𝑒−𝑏1𝐿 − 𝑒−(𝜇0−𝜆)𝐿] −

(𝜇0−𝜆)(1−𝑎)

(𝜇0−𝜆−𝑏2)
[𝑒−𝑏2𝐿 − 𝑒−(𝜇0−𝜆)𝐿]     47 

 

Most of the parameters required to compute the RHS of equation 47 can be obtained 

directly from Table 17. The only exceptions are the parameters 𝑎, 𝑏1, and 𝑏2, which we 

need to compute. These parameters shape the distribution of the response time 𝑌 (i.e., 

second process stage) and can be computed using the expressions in theorem 6.4 and 

appendix F. However, to operationalise these expressions we first need to understand the 

relationship between the mentioned parameters 𝑎, 𝑏1, and 𝑏2 and the digital solution. 

Figure 52 illustrates this relationship based on the case study (Subsection 7.3.1).  
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Figure 52 Influence of the digital solution on the parameters a, b1, and b2 of the distribution of the response 

time Y 

 

As we can see on Figure 52, a connection exists between the status messages (from the 

digital solution) and the distribution of the response time 𝑌. Specifically, the likelihood 

of receiving the late status message S2 and staff availability together determine the 

probability that a truck is expedited or not. These probabilities, denoted by 1- 𝜍 and 𝜍, 

respectively, cause the loading time to be a mix of exponential distributions with rates 𝜇2 

(if the truck is expedited) and 𝜇1 (if the truck is not expedited). As a result, the loading 

time follows a hyperexponential distribution, and this in turn causes the response time 𝑌 

to be hyperexponential, too. The consequence of this chain of events is that the parameters 

of the distribution of 𝑌 (i.e., 𝑏1, 𝑏2, 𝑎) are influenced by the digital solution through the 

probabilities 1- 𝜍 and 𝜍, as shown in Figure 52. Thus, to compute 𝑎, 𝑏1, and 𝑏2 in Figure 

52 we first need to estimate either 1- 𝜍 or 𝜍. 

We can estimate the probability that a job is expedited (i.e., 1- 𝜍)  using the 

information in Figure 52. This figure shows the probability that a truck loading operation 

is expedited depends on the reception of a notification of delay (𝑠2) and the availability 

of staff to expedite. As these two events are independent and occur sequentially, we can 

represent the occurrence of the truck expediting using a joint distribution 

 

1 − 𝜍 = 𝑃(𝑠2)𝑃(𝐴)                                                  48 

 

where 
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𝑃(𝑠2) – Probability of receiving the status message 𝑠2 (i.e., “lagging behind schedule) 

𝑃(𝐴) – Probability of having resources available to expedite a truck when required. 

 

Therefore, we need to estimate the two factors on the RHS of equation 48 to obtain the 

probability  1 − 𝜍. This probability is critical because it is a basic ingredient in the 

estimation of the parameters 𝑎, 𝑏1, and 𝑏2 (see Figure 52). Recall that these three 

parameters are the only parameters missing to complete the computation of the desired 

CDF 𝐹𝑋+𝑌|I(𝐿)  (equation 47).  

To estimate 𝑃(𝑠2) we used a simplified version of our result in equation 14, which we 

restate here for clarity  

 

𝑃(𝑠2) = ∑ 𝑃(𝑠2|𝑟
𝑖)𝑃(𝑟𝑖)  

𝑁𝑌=2
𝑖=1                                   49 

 

where  

     𝑃(𝑠2|𝑟
𝑖)  - Information accuracy  

𝑃(𝑟𝑖) - prior probabilities for the actual states of the jobs, 𝑟1: 𝑋 ≤ 𝑡0 and 𝑟2: 𝑋 > 𝑡0 

 

We set 𝑃(𝑠2|𝑟
𝑖) equal to 1 in order to answer the first question of the case study, which 

concerns quantifying economic impact assuming perfect job-status information. 

However, we will later relax this assumption to encompass information accuracy issues 

in LC digital technologies.   

Regarding 𝑃(𝑟𝑖), which concerns the probabilities of on-time completion in the first 

stage of the process, we used standard results of the queueing theory: 

 

𝑃(𝑟1) = 1 − 𝑒−(𝜇0−𝜆)𝑡0                                              50 

𝑃(𝑟2) = 𝑒−(𝜇0−𝜆)𝑡0                                                     51 

 

We used 𝑃(𝐴)—the availability of resources to expedite a truck— as a sensitivity 

parameter given the absence of data. Specifically, three values for 𝑃(𝐴)  were considered 

relevant for the company, namely 0.20, 0.80, and 1.  
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Having completed all the factors needed to estimate  1 − 𝜍 (equation 48), we moved to 

compute the desired parameters. The result is presented in Table 19. Using these 

parameters, the CDF  𝐹𝑋+𝑌|I(𝐿)  (Equation 47) can be fully characterised.  

 

Table 19 Parameters a, b1, and b2 for different levels of availability to expedite P(A) and time threshold 𝒕𝟎 =
𝟑𝐡 

𝑃(𝐴) 𝑎 𝑏1 𝑏2 

0.20 0.0013 0.7060 0.3528 

0.80 0.0052 0.7242 0.3611 

1 0.0065 0.7303 0.3640 

 

 

7.3.3 Determine probability density function (PDF)  for the total in-

system time 

 

After determining the shape and parameters of the CDF 𝐹𝑋+𝑌|I(𝐿), we moved to 

determine its PDF  𝑓𝑋+𝑌|I(𝐿). This PDF is important because it enables us to compute the 

expected cost when the digital solution is available. This PDF can be obtained by 

differentiating the CDF 𝐹𝑋+𝑌|I(𝐿). The result is presented in the following equation. 

 

 

 

 

 

 

  

52 

 

 

 

7.3.4 Expected cost with the digital solution 
 

Having determined the PDF  𝑓𝑋+𝑌|I(𝐿), we now move to determine the expected costs. 

For this purpose, we use equation 35 (Chapter 6) which enables us to compute the 

expected cost in two-stage, queue-based systems involving process time monitoring and 

expediting. Below this equation is restated  

 

𝑑𝐹𝑋+𝑌|I(𝑧)

𝑑𝑧
= (𝜇0 − 𝜆)𝑒

−(𝜇0−𝜆)𝑧

−
(𝜇0 − 𝜆)𝑎

(𝜇0 − 𝜆 − 𝑏1)
[−𝑏1𝑒

−𝑏1𝑧 + (𝜇0 − 𝜆)𝑒
−(𝜇0−𝜆)𝑧] − 

−
(𝜇0 − 𝜆)(1 − 𝑎)

(𝜇0 − 𝜆 − 𝑏2)
[−𝑏2𝑒

−𝑏2𝑧 + (𝜇0 − 𝜆)𝑒
−(𝜇0−𝜆)𝑧] 
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𝐸𝑋+𝑌|I𝐿(𝑧) = 𝑐𝑡(𝑁) ∫ [𝑧 − 𝐿]
∞

𝐿

𝑑 𝐹𝑋+𝑌|I(𝑧)

𝑑𝑧
+ 𝑐𝑒(𝑁) ∫ [𝑧 − 𝑧0]

∞

𝑧0

𝑑 𝐹𝑋+𝑌|I(𝑧)

𝑑𝑧
        53 

 

By substituting the PDF  𝑓𝑋+𝑌|I(𝐿) into the first term of this equation and evaluating 

the integral the expected tardiness cost is expressed as follows: 

 

𝐸𝑇𝐶 = 𝑐𝑡(𝑁) {
1

(𝜇0−𝜆)
𝑒−(𝜇0−𝜆)𝐿 +

𝑎

(𝜇0−𝜆−𝑏1)
[
(𝜇0−𝜆)

𝑏1
𝑒−𝑏1𝐿 − 𝑒−(𝜇0−𝜆)𝐿] +

             
(1−𝑎)

(𝜇0−𝜆−𝑏2)
[
(𝜇0−𝜆)

𝑏2
𝑒−𝑏2𝐿 − 𝑒−(𝜇0−𝜆)𝐿]}                                             54 

Where 𝑐𝑡 can be obtained from Table 18 by adding 𝑐𝐼 and 𝑐𝑂. From Table 18 we can 

also obtain 𝑁—the number of trucks received per shift—as the product 𝜆𝑇𝑤𝑙. 

Similarly, we can obtain the expected expediting cost by substituting the PDF 

 𝑓𝑋+𝑌|I(𝐿) in the second term of equation 53 and evaluating the integral. However, the 

expected expediting cost is easier to estimate by noticing this is proportional to the 

product between the probability of expediting (i.e., 𝑃(𝑠2)𝑃(𝐴)) and the average duration 

of the expediting (i.e., 
1

𝜇2
) when it occurs. Thus, we have 

 

𝐸𝐸𝐶 = 𝑐𝑒(𝑁) 𝑃(𝑠2)𝑃(𝐴)
1

𝜇2
                                                      55 

 

Where 𝑐𝑒 and 𝜇2 can be obtained from Table 18, while the values for  𝑃(𝐴) can be 

obtained from Table 19. Finally, 𝑃(𝑠2) can be obtained from equation 49, which under 

the assumption of perfect information simplifies to 𝑃(𝑠2) = 𝑃(𝑋 > 𝑡0) = 𝑒−(𝜇0−𝜆)𝑡0 . 

 

7.3.5 Expected cost without the digital solution 
 

Subsections 7.3.2 to 7.3.4 allowed us to compute the expected cost when the digital 

solution is implemented. Now, we move to determine the expected cost without the digital 

solution because we need an initial performance estimation to operationalise the 

economic impact quantification.  

To estimate the initial performance, we need to get physical insights into the conditions 
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without the digital solution. These conditions turned out to be of no monitoring, based on 

interviews with management. Under no monitoring conditions, trucks follow their course 

through the loading facilities without external interventions (from management) that alter 

their in-system time. As a result, their in-system time is the result of the natural 

randomness in the logistics processes, which has the following characteristics: 

 

1. Variable arrival stream of trucks with constant mean rate, denoted by 𝜆 

2. Variable departure times at facility 1 with constant mean rate, denoted by 𝜇0 

3. Variable departure times at facility 2 with constant mean rate, denoted by 𝜇1 

4. Presence of queues at each logistics facility 

 

Under these conditions, it is reasonable to represent arrival and departure departures 

patterns using Poisson distributions. Hence, the variability in the in-system time of trucks 

can be modelled using exponential distributions. Therefore, the CDF of the in-system 

time without the digital solution, denoted  𝐹𝑋+𝑌|I↓(𝐿), can be obtained from our result in 

eq. 32. Below this result is restated for clarity.  

 

 𝐹𝑋+𝑌|I↓(𝐿) = 1 − 
1

(𝜇1−𝜇0)
 [(𝜇1 − 𝜆)𝑒

−(𝜇0−𝜆)𝐿) − (𝜇0 − 𝜆)𝑒
−(𝜇1−𝜆)𝐿 ]            56 

 

Having obtained the CDF  𝐹𝑋+𝑌|I↓(𝐿), we now move to determine its PDF 𝑓𝑋+𝑌|I↓(𝑧) 

because this is a key factor in the expected cost computation. This PDF can be obtained 

directly by differentiating  𝐹𝑋+𝑌|I↓(𝐿). Thus, we have 

 

𝑓𝑋+𝑌|I↓(𝑧) =
𝑑𝐹𝑋+𝑌|I↓(𝑧)

𝑑𝑧
=

(𝜇0−𝜆)(𝜇1−𝜆)

(𝜇0−𝜇1)
 [𝑒−(𝜇1−𝜆)𝑧 − 𝑒−(𝜇0−𝜆)𝑧]              57 

 

Following the determination of the PDF 𝑓𝑋+𝑌|I↓(𝑧), we proceeded to determine the 

expected cost without the digital solution. The expected costs in this scenario, denoted by 

𝐸𝑋+𝑌|I↓𝐿(𝑧), are only those of tardiness as no expediting occurs. Thus, we can call our 

result in equation 32, in which substituting the recently obtained PDF  𝑓𝑋+𝑌|I↓(𝑧) yields 

 

𝐸𝑋+𝑌|I↓𝐿(𝑧) = (𝑐𝐼 + 𝑐𝑂)(𝑁)
(𝜇0−𝜆)(𝜇1−𝜆)

(𝜇0−𝜇1)
[
𝑒−(𝜇1−𝜆)𝐿

(𝜇1−𝜆)2
−
𝑒−(𝜇0−𝜆)𝐿

(𝜇0−𝜆)2
]                   58 
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where, as before, 𝑐𝑡 = (𝑐𝐼 + 𝑐𝑂),  𝑁 = 𝜆𝑇𝑤𝑙 and the remaining factors can be obtained 

directly from Table 18. Upon obtaining 𝐸𝑋+𝑌|I↓𝐿(𝑧) we are now ready to compute the 

economic impact of the digital solution. We do this in the following subsection.  

 

7.3.6 Economic impact of the digital solution 
 

Having determined the expected costs, we moved to determine the economic impact of 

the low-cost digital solution. Recall from Chapter 6, that economic impact, denoted by 𝐼, 

can be quantified using the following expression: 

 

𝐼 ≡ ∆𝑃 = 𝐸𝑋+𝑌|𝐼↓𝐿(𝑧) − 𝐸𝑋+𝑌|𝐼𝐿(𝑧)                                     59 

where 

𝐸𝑋+𝑌|𝐼↓𝐿(𝑧) – Expected economic performance without the digital solution  

𝐸𝑋+𝑌|𝐼𝐿(𝑧) – Expected economic performance with the digital solution 

 

To estimate 𝐸𝑋+𝑌|𝐼𝐿(𝑧) we use our result in equation 53. This equation is fed using the 

data in Table 17 and Table 18, and computed under the following requirements of the 

company management 

 

1. Perfect information assumption 

2. Time threshold for truck expediting: 𝑡0 = 3 hours 

3. Three scenarios of availability to expedite: 𝑃(𝐴) = 0.2, 0.8, and 1 

 

We computed the baseline performance, 𝐸𝑋+𝑌|𝐼↓𝐿(𝑧),  using equation 58. This equation 

is also fed using the data in Table 17 and Table 18. The only assumption in this baseline 

performance is that no expediting occurs, as we discussed.   

The economic impact resulting from applying Equation 59 is shown in Table 20. As 

we can see, the digitally assisted monitoring is expected to incur daily savings of USD 

11.33 and 52.96 over the no-monitoring scenario. Considering the company operates 26 

days per month, this implies monthly savings that range between 294.58 and 1,376.96 

USD; nevertheless, it is important to notice these results correspond to the time threshold 
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for expediting chosen by the company, which is not necessarily optimal. The next section 

investigates the implications for expected cost savings of choosing other values 𝑡0. 

 

Table 20 Expected cost and savings for the digitally assisted monitoring using the case study data 

 

 

 

7.3.7 Results discussion 
 

The previous subsection quantified the economic impact of the low-cost process time 

monitoring solution and found this impact to be modest under the conditions of analysis 

defined by the company. This subsection extends such analysis and discusses the results 

more broadly.  

We begin the extension of the analysis by testing the sensitivity of the results to the 

time threshold to expedite 𝑡0. As we can see in Figure 53, the threshold chosen by the 

company, 𝑡0 = 3, is suboptimal for each of the scenarios of expediting availability 𝑃(𝐴). 

Indeed, as 𝑃(𝐴) → 1 the expected total cost curve begins to exhibit convexity and its 

global minimum is reached at  𝑡0 = 0.5. For 𝑃(𝐴) = 1, if the company chooses 𝑡0 = 0.5, 

the expected daily savings rise to USD 213.27 (=1796.69 - 1583.42) or USD 5,545.02 per 

month. This saving corresponds to an 11.87% cost reduction relative to the baseline 

scenario.  

Furthermore, it is interesting to observe that such a cost reduction is not exclusive to 

the case 𝑃(𝐴) = 1.00. Indeed, as Figure 53 shows, a nearly equal reduction can be 

achieved for 𝑃(𝐴) = 0.80 if 𝑡0 = 0.2 is chosen. These results suggest a trade-off between 

𝑃(𝐴) and 𝑡0; lower values of 𝑡0 are associated with a larger number of jobs selected for 

expediting thus compensating for issues of availability. 

Digitally-assisted monitoring Difference = Baseline - Assisted

Baseline cost ($) P(A) Expected cost ($) Net difference ($)

1796.69 0.20 1785.36 11.33

1796.69 0.80 1753.60 43.09

1796.69 1.00 1743.73 52.96

Expected daily cost savings 
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Figure 53 Sensitivity analysis for economic impact 

 
 

Following the sensitivity analysis regarding 𝑡0, we now examine the sensitivity to 

information accuracy. Examining information accuracy is important because low-cost 

digital technologies usually have lower fidelity than their more expensive counterparts. 

For example, the information accuracy of the solution might be affected by late job 

tracking, and outdated time threshold definitions in the system, among others. These 

issues will ultimately lead to the information displayed on the online dashboard to be 

incorrect.   

The effect of information accuracy on economic impact is shown in Figure 54. An 

information accuracy of 90% was considered reasonable by the company. This accuracy 

coupled with an availability to expedite of 80% and 𝑡0 = 0.5ℎ yields expected daily cost 

savings for USD 203.51 (i.e., an 11.32% improvement over the baseline scenario) as 

shown in Figure 54. 

Clearly, the information inaccuracy has a negative effect on the economic impact of 

the digital solution as we can see in Figure 54. However, this negative effect is not 

substantial for inaccuracies in the interval [0, 20%] for our case. For example, as 

mentioned above, for an accuracy of 90% the expected daily cost savings were of USD 

203.51. This cost savings implies a 1.43% reduction in benefits with respect to the cost 

savings the company would get for an information accuracy of 100% (i.e., USD 206.46). 

This reduction in benefits would be of just 3.13% if the information accuracy dropped to 
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80%. Therefore, the economic impact of the digital solution is relatively unsensitive to 

drops in information accuracy of up to 20%.  

This relative unsensitiveness of the economic benefits to information accuracy 

mitigates  some concerns regarding low-cost digital solutions. As mentioned earlier, a 

key concern regarding low-cost digital solutions is their performance (e.g., information 

accuracy) which is assumed to be lower than the one of more expensive solutions. By 

noticing that drops in information accuracy of up to 20% imply only a small loss in 

economic benefits, these concerns are less founded.  

Furthermore, the negative effect of information inaccuracy can be partially offset by 

increasing capacity to expedite. For instance, Figure 54 shows that for an availability to 

expedite of 100% the expected economic savings decrease at a rate of USD 0.41 per 1% 

reduction in information accuracy, while for an availability of 60%, this rate rises to USD 

0.62 per percentage point. The physical insight behind this is that for the same level of 

information accuracy the greater the availability to expedite, the greater the expected 

savings. This is because more jobs running late are likely to be expedited and this will 

lead to overall lower costs given 𝑐𝑡 > 𝑐𝑒 (i.e., unit tardiness cost greater than unit 

expediting costs). 

  

 

Figure 54 Sensitivity analysis for the effect of information accuracy on the economic impact of the digital 

solution.  
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7.3.8 Case summary 
 

In this section, we demonstrated the economic impact of low-cost process time 

monitoring solutions in two-stage, queue-based operations. Specifically, we applied the 

impact quantification framework in Figure 40 to a case study where the on-time departure 

of trucks is critical. Moreover, in the process of doing so, we showed how some of the 

parameters involved in the impact quantification can be obtained in practice. As result, 

we found the company can obtain a 11.32% cost saving under the conditions it operates 

in. 

The case study involved three questions related to the operational performance and 

economic impact of the mentioned digital solution. We answered these questions through 

subsections 7.3.2 to 7.37. Overall, we found that the choice of a time threshold for a job 

(i.e., truck) expediting 𝑡0 is crucial, as its values greatly influence the impact of this 

solution. When this value is chosen correctly, substantial cost savings can be achieved 

out of the solution even if the availability of resources to expedite is not 100%.  

Furthermore, we found that information inaccuracy actually diminishes the expected 

savings from the digital solution; however, this drop in economic performance is not 

substantial in an accuracy interval between 80 – 100%. Moreover, the drop in economic 

performance can be offset by building job expediting capacity.  

 

7.4 Summary 
 

This chapter demonstrated the economic impact of low-cost process time monitoring 

digital solutions. In doing so, this chapter demonstrated—through two industrial cases— 

that the tools developed in Chapters 5 and 6 can be used to evaluate such economic 

impact. 

The first industrial case focused on an SME whose internal truck-loading operation 

faced tardiness costs. In response, the company was interested in implementing a low-

cost process time monitoring digital solution to track truck status and expedite those 

lagging behind schedule; however, the company wanted to make sure the expected 

economic impact of this solution was greater than that of a (cost-free) manual monitoring 

option before committing to an implementation. The results confirmed the superiority—

in terms of economic impact—of the digitally assisted monitoring. This superiority lays 

in the fact that digital solution enables a timely and regular monitoring of trucks. These 
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factors lead to a better truck expediting than the manual option, which is negatively 

affected by uncertainty in the time and occurrence of the monitoring task. The greater this 

uncertainty (in the manual monitoring), the greater the economic advantage of the low-

cost process time monitoring digital solution. 

The second industrial case focused on a firm facing tardiness issues involving 

sequential, congested truck-loading operations. In this case, trucks load at up to two 

logistics facilities before departing towards the customer. Moreover, the variability of 

arrival patterns of trucks and loading times leads to queues. Like in the first case, the 

company planned to implement a low-cost process monitoring solution to track and 

expedite jobs running late. However, the uncertainty about the benefits was an obstacle 

to implementation. In response, we applied the above-mentioned impact quantification 

approach. As a result, we found that the low-cost digital solution can provide an 11.32% 

cost savings with regard to the scenario without the solution. The rationale behind this 

improvement resides the capacity of the digital to solution to enable an expediting, which 

otherwise would not be possible for the company.  

Furthermore, the cost savings were observed to be influenced by factors such as the 

time threshold for truck expediting 𝑡0, the accuracy of the job-status information, and the 

capacity of the company to expedite. The expected savings were found to be particularly 

sensitive to the choice of 𝑡0, hence attention needs to be given to its correct determination 

before solution implementation. Also, the expected savings were found to be reduced by 

issues of information accuracy, but measured drops of the order of 10 to 20% do not have 

a significant effect. 

With regard to the appropriateness of the impact quantification tools, the case study 

companies considered them very useful and comprehensive. This is because the tools 

were able to capture a wide range of parameters and variables from their operations. 

Furthermore, the companies welcomed being provided with code to perform the 

economic analysis; hence, avoiding the need to delve into the complexity of the 

mathematics involved. As for next steps towards solution implementation, the companies 

highlighted the importance of first developing sufficient expediting capacity, which 

involves training staff and defining some internal standard operating procedures. 

Furthermore, by demonstrating the impact of process time monitoring solutions 

through case studies, this chapter has fully accomplished the second objective of this 

thesis and, on the way, answered the third research question, namely RQ3: How can we 
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measure the ex-ante impact of the highest priority solution area on the economic 

performance of logistics operations?  

Finally, the results of the case studies provide strong evidence of the potential of low-

cost digitalisation to improve the economic performance of LSP SMEs. On the one hand, 

these results are useful for LSP SMEs willing to start their digitalisation journey but 

facing uncertainty regarding benefits. On the other hand, these results are a step forward 

in the understanding of the missed benefits for most LSP SMEs due to slow digitalisation 

adoption. By demonstrating quantitatively, the impact of digitalisation on the economic 

performance of LSP SMEs we have accomplished the aim of this thesis.  
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Chapter 8  

Conclusions 
 

 

This thesis has developed tools and methods that enable the economic impact of low-

cost digitalisation on industrial logistics operations to be demonstrated. Specifically, these 

tools have been used to determine the economic impact of the highest-priority digital 

solution area for UK LSP SMEs, namely process time monitoring. For this digital solution 

area, this thesis has proposed an economic impact quantification framework and shown 

how to operationalise it.  

Having accomplished the goal of demonstrating the impact of LC digitalisation, we 

now move to present the conclusions of this study. In doing so, we aim to provide the 

reader with a summary of the work done, key results, implications for theory and practice, 

and limitations. Hence, the chapter begins by restating the central research problem and 

objectives in Section 8.1. Then, it highlights the key results, theoretical contributions and 

managerial implications in section 8.2. Finally, we discuss the limitations of some of the 

theoretical developments in this study and highlight avenues for future research in Section 

8.3. 

 

8.1 Summary of research problem and objectives 
 

The central problem this thesis has addressed is the slow digital adoption in LSP SMEs 

relative to larger logistics providers. This problem is caused by factors such as lack of 

technology awareness, uncertainty about the economic benefits of adopting digital 

solutions, lack of skills in the staff, and the perception that digitalisation is expensive. As 

a result of this problem, LSP SMEs digitalise more slowly, causing them to lose out on 
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an economic benefit they would have otherwise gained, and hence lose out in 

competitiveness against larger firms. 

In order to solve this problem, this thesis aimed at quantifying the economic impact of 

digitalisation on LSP SMEs. By quantifying economic impact, policymakers will be 

incentivised to facilitate digitalisation in LSP SMEs if the impact is substantial. Moreover, 

LSP SMEs will get a clear view of the expected benefits of digitalising, thus facilitating 

decision-making on digitalisation. Therefore, quantifying the economic impact was the 

main aim of this thesis. 

As a first attempt at quantifying the impact of digitalisation, this thesis examined 

whether or not previous research efforts had addressed the problem. This question 

motivated us to conduct an extensive literature review in Chapter 2, before proceeding 

any further. On the one hand, the review revealed a lack of research on the economic 

impact of affordable, priority digital solutions for UK LSP SMEs. On the other hand, the 

review showed that quantifying impact is, in itself, a solution to the slow digital adoption 

in LSP SMEs, because uncertainty about digitalisation benefits is a barrier to its adoption. 

These two findings prompted us to retain our aim of quantifying impact and narrowed 

our focus to Low-Cost (LC) digitalisation. 

When quantifying the economic impact of digitalisation, we found it necessary to set 

a proxy for digitalisation. A proxy for digitalisation was needed because digitalisation is 

a broad concept encompassing a myriad of digital solutions; hence its impact is hard to 

quantify. A proxy can be any digital solution area representative of digitalisation in the 

context of LSPs; however, we chose the highest-priority digital solution area for UK LSP 

SMEs in order to maximise the impact of this research. 

Naturally, to find the highest-priority digital solution area, we needed to rank relevant 

digital solution areas for UK LSP SMEs. This led us to set the first research objective of 

this thesis. 

 

Research Objective (RO) 1: To determine affordable-to-deploy digital solution areas 

that are priorities for UK LSP SMEs based on their business goals.  

 

where this objective considers the focus on low-cost digitalisation that was highlighted 

above. Moreover, this objective was addressed by two research questions in Chapter 4, 

namely RQ1: Which digital solution areas are both relevant for LSPs and feasible to 

produce and deploy at a low cost? and RQ2: Among the identified digital solution areas 
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that are both relevant and affordable to produce and deploy, which are the priorities for 

UK LSP SMEs based on their business needs? 

 

Upon accomplishing the RO1 we finally moved to quantify the economic impact of the 

highest-priority solution area. Therefore, our second research objective was 

 

Research Objective (RO) 2: To propose an approach to quantify the impact of the 

highest priority digital solution area on the economic performance of logistics activities.   

 

Accomplishing this second objective was the subject of Chapters 5, 6, and 7 of this 

thesis. This second objective was addressed by a third research question, namely RQ3: 

How can we measure the ex-ante impact of the highest priority solution area on the 

economic performance of logistics operations?  

By accomplishing the RO2, we not only fulfilled the aim of this thesis—quantifying 

the economic impact of digitalisation on LSPs—but also took a step forward in tackling 

the slow-digitalisation problem in LSP SMEs.  

The next section discusses the results, theoretical contributions and managerial 

implications of accomplishing the research objectives of this thesis. 

 

8.2 Results, theoretical contributions and managerial 

implications 
 

In the previous section, we overviewed the central problem addressed by this thesis 

and its research objectives. For each objective, we now summarise the approach taken 

and highlight the key results. These results are accompanied by an explanation of their 

theoretical contributions and managerial implications to highlight their significance. 

 

Research Objective (RO) 1: To determine affordable-to-deploy digital solution areas 

that are priorities for UK LSP SMEs based on their business goals.  

 

To accomplish this first objective, we worked with UK LSP SMEs to tackle the 

challenges that affect their ability to accurately prioritise. In doing so, we helped SMEs 

to (i) identify pertinent digital solutions, (ii) identify their business goals, and (iii) 

prioritise digital solution areas in line with those business goals.  Below the results of 
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these actions along with their theoretical contributions and managerial implications are 

presented:  

 

• Results:  A catalogue of eighteen pertinent digital solution areas (and 46 

subareas) was proposed. By making this catalogue accessible to UK LSP SMEs, 

these companies were able to prioritise digital solution areas in line with their 

priority business goals. As a result, process time monitoring emerged as the 

highest-priority digital solution area for UK LSP SMEs, while delivery and 

price emerged as their highest-priority business goals.  A summary of the results 

is shown in Figure 55. 

 

 

Figure 55 Priority digital solution areas and priority business goals 

 

• Theoretical contributions: The contributions of this research stage are 

threefold. First, by producing a catalogue of digital solution areas relevant to 

LSP SMEs, this research has made steps to address the lack of technology 

awareness in these companies. Tackling the lack of technology awareness is 

important because it is one of the key barriers to digitalisation in LSP SMEs. 

Second, by identifying priority digital solution areas (and subareas) for UK LSP 

SMEs, this research has advanced our understanding of the digitalisation needs 

of SMEs. This finding paves the way for future research to be conducted on 

digitalisation areas needed by the LSP SME sector. Finally, this research has 

contributed methodologically by proposing an approach that ensures an 

alignment between priority digital solution areas and priority business goals. 
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This alignment has been identified as crucial for successful digitalisation in the 

literature (Li et al., 2016). 

• Managerial implications: The results of this research stage also offer valuable 

insights for management practice. For LSP SMEs willing to start their 

digitalisation journey, the digital solutions catalogue helps companies identify 

pertinent digital solutions, thus streamlining decision-making. For LSP SMEs 

in the process of digitalising, the priority digital solutions list enables managers 

to compare their digitalisation priorities to those of other companies in their 

sector. As a result, management can identify both strengths and weaknesses in 

their digitalisation approach, identify market trends, and re-align digitalisation 

priorities if necessary.   

 

Research Objective (RO) 2: To propose an approach to quantify the impact of the 

highest priority digital solution area on the economic performance of logistics activities.   

 

To accomplish this second objective, we began by defining impact in the context of the 

highest-priority digital solution area—process time monitoring. This was the subject of 

Chapter 5, which defined impact as the change in the economic performance of a 

company due to the digital solution. This change in economic performance, denoted by 

Δ𝑃, can also be interpreted as the option value of adopting the digital solution, as it 

quantifies the potential benefits the solution could provide. Chapter 5 also introduced a 

framework to explain how the influence of the digital solution propagates all the way to 

economic impact. This framework is reintroduced below for clarity. See Figure 56.  

 

 

Figure 56 Framework for economic impact quantification 
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In Chapter 6, we operationalised the framework in Figure 56 in order to quantify the 

economic impact of the highest-priority digital solution area. For this purpose, analytical 

tools were incorporated into each stage. The integration of analytical modelling into the 

framework is highlighted in red in Figure 56. 

Having operationalised a framework to calculate the dollar-impact of digital solutions, 

in Chapter 7 we demonstrated the economic impact of digitalisation in real logistics 

settings. Specifically, Chapter 7 demonstrated this impact for a low-cost version of the 

highest-priority digital solution area—process time monitoring. This focus on “low cost” 

in Chapter 7 was motivated by the need of LSP SMEs for affordable digitalisation due to 

their financial limitations. Thus, by focusing on low-cost digital solutions, Chapter 7 

aimed to maximise the usability of the research findings.  

Below, the results of the process of defining, quantifying, and demonstrating economic 

impact are summarised. 

   

• Results: The economic impact of a low-cost process time monitoring digital 

solution was demonstrated through two case studies involving truck loading 

operations. The first case study involved a single-stage, queue-free operation, 

while the second case involved a two-stage operation with queues. The first 

case, a single stage loading operation, demonstrated a reduction of up to 11% 

in expected tardiness costs regarding an initial situation where trucks are 

monitored manually; and a reduction of 18.65% in expected tardiness costs for 

an initial situation without truck monitoring. In the second case, a two-stage 

loading operation, we demonstrated a reduction of up to 11.87% in expected 

tardiness cost versus the no-monitoring scenario, when the digital solution 

operates in optimal conditions. These percentage reductions translated into 

significant annual savings for both case scenarios. Therefore, these results are 

a testament to the significant impact of low-cost digitalisation on LSPs and the 

importance of addressing the slow digital adoption in SMEs. 

Furthermore, the case studies showed that the digital solution impact is 

affected by its information properties, threshold time configuration, and job 

expediting capacity.  By information properties we mean availability, 

timeliness, and accuracy, which affect the effectiveness of decision-making, 

hence the impact of the digital solution. By threshold time configuration we 

mean the predefined times at which the digital solution is expected to provide 
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job status messages. If these time thresholds are chosen sub optimally, the 

digital solution will lead to excess expediting or no expediting at all, thus 

reducing the solution benefits.  Finally, by expediting capacity, we mean both 

the availability of staff to expedite jobs and the intensity of the expediting when 

this occurs. The greater the availability and intensity of expediting, the greater 

the expected impact of the digital solution.   

 

• Theoretical contributions: The above-discussed results have advanced our 

theoretical understanding of the economic impact of digitalisation as it relates 

to process time monitoring digital solutions. In exploring the impact of these 

(process time monitoring) digital solutions, this work has made several 

contributions to Information Value Theory, Decision Theory, and Queueing 

theory. Specifically, the approach proposed in Chapter 6 enables to quantify 

economic impact (hence, the value of information) by simultaneously 

considering the availability, timeliness and accuracy of the digital information 

provided. This is a contribution to information value theory as it had not been 

addressed by any previous research. Furthermore, the approach proposed in 

Chapter 6 also challenges traditional approaches to establish the value of 

information via decision theory. Traditional approaches assume that once a 

decision is made, such as monitoring a job at a predefined time, that decision is 

actually executed. However, our case research findings show that in practice 

that is not necessarily the situation because random factors, such as elapsed 

time perception, may change the actions taken. Thus, randomness in decision 

execution needs to be considered during impact quantification and our research 

has demonstrated how to do it in an innovative and rigorous way. In doing so, 

this research has introduced several mathematical developments. Examples 

include expressions for the likelihood of on-time job completion under 

imperfect information and job expediting, both in queue-free and queue-based 

systems (Chapter 6). The latter can be also seen as contributions to queueing 

theory more broadly. Lastly, by providing case studies on low-cost digital solutions 

for process time monitoring in a truck loading context, this study has contributed to 

bridge the gap for non-technology agnostics VoI studies in intralogistics operations.  
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• Managerial implications: The results of this research suggest that 

implementing low-cost digital solutions for processing time monitoring can 

lead to important cost savings. This is so because process time monitoring 

solutions provide information that enables precise job monitoring, which 

ultimately leads to preventing costly delays. Thus, managers can improve their 

monitoring practices, hence on-time job completion performance, by 

implementing these digital solutions. 

The impact of implementing these digital solutions was determined through 

mathematical models that can also be used by managers. Specifically, managers 

can use the models developed in this study to value digital solutions before 

adoption. For example, managers can populate the models by using 

characteristics of the digital technologies they plan to use in their process time 

monitoring solutions. These characteristics would include the availability, 

accuracy, and timeliness of the information, along with other characteristics 

such as the distribution of job processing time. As a result, managers can 

estimate the expected cost savings of a process time monitoring digital solution 

before adoption, thus streamlining their decision-making. 

 

Beyond the mentioned research objectives, the work presented in this thesis has 

positive implications for policymakers. Specifically, this work has demonstrated that 1) 

the economic impact of digitalisation is significant and 2) that low-cost digital 

technologies are a viable option to digitalise. Thus, policymakers may back up their 

initiatives to facilitate digitalisation in LSP SMEs using these insights and the economic 

figures presented in this work. 

Naturally, the economic figures presented in this work are susceptible to external, 

ambiguous events. In fact, events such as natural disasters or geopolitical issues may 

negatively affect the benefits of the discussed digital solutions. For instance, events 

causing surges in demand for primary items, such as hurricanes, may call for shorter 

delivery lead times than planned, thus rendering the usual solution configuration and its 

information.  As a result, we recommend building flexibility around the target lead times 

and the target time for expediting. We also suggest performing scenario planning to 

determine in advance how the digital solution could or should operate in the event of 

external disruptions. 
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Finally, it is worth mentioning that the impact quantification tools proposed in this 

research are not exclusive of the applications demonstrated. These applications included 

truck loading operations and the use of barcode-based digital solutions. However, as 

mentioned in Chapter 6, the impact quantification tools can be applied to process time 

monitoring solutions based on other digital technologies (e.g., RFID or Camera-based 

systems) and to other logistics activities. Examples of these activities include but are not 

limited to internal purchasing order tracking, container unloading monitoring, order 

picking, and job tracking in production logistics. 

 

8.3 Limitations and future research directions 
 

The previous section summarised the main results of this thesis and discussed both 

their theoretical and practical contributions.  The results of this thesis were obtained 

through methodologies and models of reality, which, naturally, come with limitations. 

Discussing these limitations is important because it highlights the assumptions under 

which the results hold true, which at the same time opens up future research avenues.  

Below, the limitations of this study and suggested research directions are discussed in 

an integrated manner: 

 

I. Limited study of UK companies: This thesis determined the priority digital 

solutions of UK LSP SMEs. Being the first study with this focus, the results 

obtained provide valuable insights into the digitalisation needs of this sector. 

Nevertheless, the study was based on a relatively small sample of companies 

(30 in total), a limitation mainly due to accessibility constraints, that was 

mitigated by integrating the feedback of technology providers. Therefore, the 

results of this research serve as preliminary findings that can inform a future, 

more comprehensive study on the digitalisation needs of UK LSP SMEs.   

 

II. Focus on ex-ante normative impact: The economic results of this study reflect 

what an SME can gain in the long run if a low-cost process time monitoring 

solution were implemented. Computing these economic results is important 

because SMEs need to see clear long-term digital solution benefits before 

committing themselves to an investment. Consequently, the economic results 
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of this study were normative (i.e., in the long run) and of ex-ante nature (i.e., 

prior deployment) 

Nevertheless, the ex-ante normative impact has limitations as an indicator. 

First, its ex-ante nature assumes a structured operation, which might not always 

be the case. Second, the reliance of the normative impact on the expected value 

criterion for its computation implies the result to be obtained will be a statement 

of what can be gained in the long run. This result ignores the fact that the impact 

might vary from the moment of the digital solution implementation until the 

moment the firm is capable of making the most of it. These are two limitations 

that can be addressed by future research. 

Specifically, future research can focus on the ex-post impact of low-cost 

process time monitoring digital solutions. This ex-post impact would reflect 

what companies actually gain after digital solution deployment. In this regard, 

ex-post-impact studies are anticipated to involve pilot solution deployments 

and lab demonstrators. Other names for ex-post impact studies in the literature 

include the Realistic Value of Information (VoI) (Ahituv et al., 1981) and 

Impact Assessment  (Yilmaz et al., 2023). The findings of ex-post-impact 

studies will provide valuable insights to complement the findings of this 

research. 

 

III.  Specific probability distributions: As discussed, we integrated probability 

distributions into this study to operationalise the proposed impact quantification 

framework and demonstrate impact (Chapter 7). For example, the exponential 

distribution was used to model job processing times and job inter-arrival times, 

while the uniform distribution was used to model monitoring times.  The choice 

of these probability distributions was motivated by the underlying reality of the 

case studies addressed. 

Nevertheless, the choice of the mentioned distributions also limits the 

generalisation of the results obtained in Chapter 7 to other practical scenarios. 

In this regard, future research may apply the proposed impact quantification 

framework to other logistics settings involving different probabilities for both 

processing times and perceived elapsed times. By doing so, an even more 

representative picture of the impact of low-cost digitalisation could be obtained, 

thus benefiting SMEs, managers, and policymakers.  
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It is anticipated that the incorporation of other probability distributions can 

be done very straightforwardly for the single-stage, queue-free scenario given 

the flexibility of the proposed formulation in Chapter 6. However, it might be 

more challenging for the queue-based scenario.  This is so because the 

convolution of response times in queue networks might not be feasible if the 

arrival flows are not Markovian. This would imply a need for more advanced 

techniques to obtain the CDF of queue network response times. 

Future research can also refine some of the basic probability estimates used 

in the developed models. For example, in the formulation provided in Section 

7.3.2, the probability of having available resources for expediting when a job 

arrives, denoted by 𝑃(𝐴), was dealt with as a sensitivity parameter. Future 

research efforts could incorporate factors such as the workforce capacity, the 

distribution of the priority jobs arrival pattern, and the waiting time distribution 

to obtain more accurate estimates of this probability. As a result, a more refined 

estimate of the expected solution impact could be obtained, hence improving 

understanding among SMEs regarding the economic impact of low-cost 

digitalisation. 

 

IV. Single and two-stage operations.- In this study, the expected economic impact 

of process time monitoring digital solutions was computed for two scenarios. 

The first scenario involved single-stage, queue-free operations, while the 

second scenario involved two-stage, queue-based operations. These scenarios 

were relevant to LSP SMEs based on the scoping cases reviewed in Chapter 5. 

In limiting our attention to scenarios of up to two stages, we aimed at keeping 

the analysis tractable, while relevant.  In fact, the analysis of response time 

distributions becomes rapidly complex in queueing systems as the number of 

stages grows. Thus, our choice of scenarios of analysis was intended to avoid 

cumbersome formulations and keep the explanation simple. 

Nevertheless, many real-world logistics scenarios involve multiple 

processes, some of them sequential, others in parallel, or a combination of both. 

Therefore, future research may explore the impact of process time monitoring 

solutions in those scenarios. An analytic approach based on queueing theory 

may not be suitable to dissect these scenarios based on the above-mentioned 

reason. However, computer simulations can be a powerful tool to explore the 
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influence of process time monitoring solutions on multi-stage, queue-based 

systems. Moreover, computer simulations might enable the study of these 

systems under a wide range of process time and inter-arrival time distributions, 

thus enhancing the comprehensiveness of the results.  

            

V. Influence of the human element in the operations. - In this study, the expected 

economic impact in the long run was computed under the tacit assumption that 

solution deployment is supported by the staff. However, in practice this might 

not be the case for at least two reasons. Firstly, the staff might lack the digital 

skills to make the most of the solution. For example, they might not know how 

to resolve maintenance issues with the solution. Secondly, they might not have 

the motivation to support the deployment. For instance, the staff may be 

reluctant to use a digital solution if they perceive it as additional work, 

especially if the benefits are unclear to them. As a result of these two factors, 

the long-term usage of the solution could be affected, which might delay the 

realization of the economic benefits and cause adjustment costs. 

Since the influence of these factors (i.e., skills and motivation) in the scoping 

cases discussed in Chapter 6 was not observed to be significant, they were not 

considered in the proposed models. However, future research could find ways 

to incorporate these factors into the expected benefits calculation for situations 

where their influence is considered critical.  

 

VI. Knock-on effects across the company. - In this study, we assumed that 

companies using the digital monitoring solution expedite jobs running late by 

reallocating staff for this task. Clearly, temporarily reallocating staff to help 

expedite jobs may have an effect on their regular work departments. This effect 

has been modelled here as an increase in the operational cost of the department 

supplying the staff due to a loss in performance. 

Nevertheless, the knock-on effects of the availability of the digital solution 

can go beyond a loss in performance. Indeed, a knock-on effect may be an 

increased demand for cross-training in the workforce. For example, the 

employees could require training to perform the expediting correctly, thus 

increasing the training cost for the HR department. Another knock-on effect 

may be a change in the employee morale and engagement. For instance, 
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employees might feel dissatisfied and stressed if constantly reallocated to 

handle delays. These knock-on effects were outside the scope of this research, 

but future studies could explore ways to incorporate them in the analysis to 

provide a more thorough assessment of the economic impact of digital process 

time monitoring solutions.  

 

This section has discussed the limitations of this study and highlighted the 

corresponding opportunities for future research. 

Overall, the findings of this study contribute to advancing our understanding of the 

impact of digitalisation on LSP SMEs and logistics activities, in general. The findings can 

be used by academics and practitioners alike to quantify the (ex-ante) expected economic 

impact of process time monitoring digital solutions. The findings can also be used by 

policymakers interested in addressing the slow digital adoption in UK LSP SMEs. 

Additionally, it is worth noting that the economic impact quantification framework 

developed in this research is of general use. Indeed, despite our focus on low-cost 

digitalisation, the analytical tools developed in this study can be applied to non-low-cost 

versions of process time monitoring solutions; hence, the framework and tools can be 

used by larger firms with more expensive enabling digital technologies. 

Lastly, the findings of this research are at the same time a contribution to the broad 

areas of supply chain visibility and Information-Value Theory, hence they provide 

grounds for future studies within these areas.   
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Appendices 
 

A. Challenges faced by LSPs  
 

For identifying challenges in LSPs, a sample of 51 industry reports published over the 

period 2010 – 2020 was reviewed. In terms of demographics, most of these studies 

corresponded to logistics firms in the UK, EU, and USA. The findings of these reports 

were complemented with insights from logistics professionals’ e-forums, logistics 

websites, and two interviews with SME LSPs in the UK, for the sake of 

comprehensiveness.    

The review showed that the main purpose of these reports has been to identify trends 

in the logistics industry. In this regard, most of the studies have made use of survey forms 

to get to know logistics practitioners’ opinions on different topics. Among these, the most 

recurrent were organisational priorities, problems for the logistics sector, and perspectives 

on customer satisfaction and the market for their services.     

From the sample, a total of 11 reports highlighting challenges for the logistics sector 

were identified. These challenges were classified into internal or external. Internal 

challenges are those whose root causes lie within the company (i.e., within its internal 

environment), while the external challenges are those that emerge from its interaction 

with other organisations (i.e., its external environment).  

Furthermore, the challenges in the external environment were subdivided into two 

levels. Following the competitive strategy literature conventions, those directly related to 

the interaction between the LSPs and their rivals, business partners, and customers were 

labelled as challenges in the competitive environment. Alternatively, those about their 

interaction with governments, policymakers, the natural environment, and the society at 

large were considered part of the macroenvironment. 

The above-discussed challenges-classification scheme is important for two motives. 

Firstly, it allows reporting the logistics sector problems using terminology commonly 

used in the academic literature (i.e., internal environment, competitive environment, and 

macroenvironment), which facilitates the comparison with previous and future studies. 

Secondly, and more significantly, classifying the challenges into internal and external 

provides insights into the problems’ level of difficulty, allowing to identify those that are 
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more within the influence sphere of the companies and that, consequently, are more likely 

to be solved using low-cost digital solutions.  

A.1 Challenges in the internal and competitive environment of LSPs  
 

When analysing firms, different perspectives can be adopted. For instance, we can see 

them as operations involving processes and sequential tasks; as multiple cycle systems 

(e.g. manufacturing cycle, distribution cycle, etc.); or, alternatively, as sets of 

interconnected functional departments. Here, we adopt the latter perspective. By doing 

so we will add an extra layer of depth in the classification of LSP’s challenges which will 

be useful in subsequent sections. 

Table 21 shows the identified challenges in the internal and competitive environment 

of LSPs, also known as the microenvironment. As can be seen, transport management 

was the function with the highest number of reported challenges (15 in total). Most of 

them fell in the subarea of outbound transportation (e.g., suboptimal truck loading, late 

deliveries) including last-mile delivery logistics (e.g., suboptimal routing). 

The second and third areas that concentrated most challenges were warehouse 

management (10 in total) and general management (7 in total), respectively. About 

warehouse management, most of the reported issues pertain to the subareas of picking 

and inventory control. As for general management, which encompasses departments such 

as Sales, Customer service, or Human Resources, most of the identified issues were 

related to the customer experience and labour issues. 

Important for this research are also the challenges related to digital technology adoption 

in LSPs. In this line, a study conducted by Harvey Nash and KPMG (2018) provides some 

valuable insights. They found through a survey with CIOs (Chief Information Officers) 

of LSPs in 84 nations, that the main drivers to adopt digital technologies are improving 

business process efficiency and enhancing the customer experience. However, they also 

found that almost 50% of the companies did not have a clear business digitalisation vision. 

Moreover, only 26% reported success in using digitalisation to effectively increase their 

efficiency, and just above 30% reported having improved the customers’ experience. 

Similarly, in a study conducted by PWC, the lack of a clear business digitalisation 

vision also ranked high (33%), with high financial investment requirements (38%) and 

data security issues (38%) as the top digitalisation barriers (Tipping & Kauschke, 2016).  

Furthermore, in a study conducted in the USA, it was found that almost 45% of industrial 
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customers (i.e., shippers) were not fully satisfied with the IT capacities of their LSPs 

(Langley Jr & Infosys, 2019). 

 

Table 21 Classification of problems in the internal and competitive environment of LSPs 

Logistics area # Identified problems 

1) General 

management 

1 

2 

3 

4 

5 

6 

7 

Customer pressure for lower prices (hence, lower margins)9  

Lack of ‘visible’ innovation in solutions offered to customers1  

Lack of strategic collaboration (with the customer)1 

Unsatisfied customer expectations for lower costs and shorter lead times* 

Unsatisfied customer expectations in terms of IT capabilities4 

High costs of recruitment and training staff* 

Frequent absences in the manpower due to illness3 

2) Warehousing 

management 

(Inventory control 

and Material 

handling)  

8 

 

9 

10 

11 

12 

13 

 

14 

15 

 

16 

17 

Lack of visibility of inventory levels when fulfilling orders across multiple 

channels4 

Insufficient inventory to fulfil customers’ orders across multiple channels4 

Inventory inaccuracy in Omni-channel operations4 

Last-minute (customer) orders change in Fulfilment centres4 

Lower pick/pack capacity due to COVID-19 restrictions4 

Errors in picking operations when dealing with a stock of multiple clients in a 

Distribution centre* 

Excess administrative burden in the warehouse* 

Low pick/pack efficiency when tools for warehouse workers are not the best for 

the operation4 

Congestion and rising handling costs during peak shopping seasons8 

Suboptimal product location in Fulfilment centres (longer picking time) * 

3) Planning 

 

18 Changing levels of customer demand (Capacity shortage or underutilization / 

Inventory shortages) *  

4) Customer service 19 

20 

Costly (and time-consuming) management of end-customer complaints8 

Multiple calls and slow responses to queries and complaints8 

5) IT infrastructure 21 

22 

23 

Lack of a clear plan for digitalisation in the operations12 

Ineffective use of digital technologies in business processes12  

WMS, TMS, ERP, and fleet management solutions need to be upgraded/replaced4 

6) Transport 

management 

24 

25 

26 

27 

28 

29 

30 

31 

32 

33 

34 

34 

36 

37 

38 

High cost of last-mile delivery7 

High cost of maintenance of vehicles* 

Not having enough volume and, consequently, a high average cost per delivery7 

Incomplete first delivery attempt (Multiple attempts required)8 

Vans space is not 100% optimized.6 

Delivery route (and therefore driver time) not optimized.6 

Late deliveries11 

Consumers not reached although being at home11 

Parcel left at insecure locations / elsewhere without consent11 

Inconvenient delivery times11 

The parcel did not arrive to the consumers11 

Consumers must pick up parcels from inconvenient places11 

Parcel damaged during delivery11 

Incorrect tracking information11 

Consumers are reluctant to sign Proof-of-Delivery (POD)* 

7) Returns 

management 

39 

40 

The high volume of product returns, especially after peak shopping seasons7 

Return pickups are not (always) integrated into the delivery route6 

Sources: 
1Scala group (2019) [Survey-based industry report] 
2C. John Langley Jr., Ph.D., and Infosys (2021) [Survey-based industry report] 
3Mitrefinch (2020) [Specialized website] 
4C. John Langley Jr., Ph.D., and Infosys (2019) [Survey-based industry report] 
5Lieb, R.C., and Lieb, K.J. (2016) [Survey-based industry report] 
6Cushman and Wakefield (2019) [Industry report] 
7A.T. Kearney (2017) [Industry report] 
8Citizens Advice (2017) [Survey-based report] 
9Smith and Bird (2019) [Survey-based industry report] 
10Smith and Bird (2019) [Survey-based industry report] 
11Europe Economics (2017) [Survey-based report] 
12Harvey Nash/KPMG CIO Survey (2018) [Survey-based report] 



164 
 

*Obtained from online forums/interviews with logistics practitioners  

 

 

A.2 Challenges in the macro environment of LSPs  
 

Unlike the microenvironment, the macroenvironment involves forces emerging beyond 

the competitive sphere of a firm, but with the potential to affect it. Such forces are usually 

classified into political, economic, environmental, technological, and social. A common 

way to represent such forces and their influence is the PESTEL tool (Matović, 2020). An 

application of this tool to identify and classify challenges in the macroenvironment of 

LSPs is shown in Table 22. 

Regarding environmental factors, COVID-19 has been one of the crucial issues 

affecting LSPs in recent years. It not only affected the health of the employees but also 

disrupted the supply chains, increasing the replenishment lead times. Nevertheless, it also 

drove a change in purchasing habits among customers, giving advantages to some LSPs 

and negatively affecting others (Falconer, 2020). Specifically, LSPs in the B2B segment 

experienced a drop in business resulting from the reduction in industrial companies’ 

operations, while those in the B2C segment experienced a sudden increase in sales 

motivated by e-commerce.  

Regarding political/Economic factors, BREXIT had an impact on the UK logistics 

sector. Among its implications, there was an increase in paperwork and issues of 

documentation affecting international transport. Moreover, it fuelled existing problems in 

the social-factors sphere such as the labour shortage, particularly in terms of drivers and 

warehouse staff. 

As for the technological factors, the high investment requirements coupled with the 

uncertainty about benefits are two of the main external obstacles preventing LSPs from 

adopting digitalising their processes (Tipping & Kauschke, 2016).  These findings are 

consistent with the also reported in the academic literature. Additionally, the entry into 

the market of new competitors with state-of-the-art technology forces incumbent LSPs to 

invest in new logistics equipment to remain competitive, which implies a challenge 

(McKinsey & Company, 2019).   
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Table 22 PESTEL Analysis for UK logistics service providers 

 Environmental Political/Economic Social Technological 

P
R

O
B

L
E

M
S

 

COVID 19 

+ 

Environmental 

disruptions 

BREXIT 

+ 

Environmental 

regulations (LEZ & 

CAZ)2 

+ 

Economic downturn 

in the end customer 

market 

 

Shortages of 

drivers and 

warehouse 

staff, because 

of the 

difficulty in 

attracting new 

talent and the 

decline in the 

number of EU 

nationals 

working in the 

UK4 

Multiple 

technologies 

available / Fast-

changing 

technologies in 

the domain of 

ground 

transportation6 

+ 

High cost of 

technology 

deployment7 

 

IM
P

L
IC

A
T

IO
N

S
 

Need to invest in safety 

protocols and safer 

product delivery 

options.5 

+ 

Decreased demand in the 

B2B segment due to the 

reduction of operations 

in industrial firms.1 

+ 

Increased demand in the 

B2C segment due to the 

e-commerce boom1 

+ 

Longer replenishment 

lead times 

 

Need to adapt to new 

customs procedures 

and invest resources 

into new 

processes/systems to 

cope with the new 

rules1.   

+ 

Possible delays 

associated with new 

customs 

procedures/border 

checks2. 

+ 

Investing in 

sustainability 

initiatives such as 

CVRAS, to continue 

accessing all 

destinations in the 

UK without incurring 

fines for non-

compliance3. 

+ 

Possibility of fewer 

business deals 

 

HGV driver 

vacancies are 

at risk of not 

being filled3  

+ 

Need to invest 

more in 

recruitment, 

volume and 

quality of 

training, 

apprenticeship 

schemes, and 

salaries3 

 

    

Incumbent  

players need to 

invest in new 

vehicles to 

remain 

competitive 

because 

newcomers are 

investing in the 

latest equipment, 

which has much 

more engine 

efficiency, and 

consequently 

lower operation 

costs6  

+ 

Slow technology 

adoption7 

 

     
Source: 
1Falconer, T. (2020) [Industry report] 
2Ashurst (2020) [Specialized website] 
3Smith and Bird (2019) [Survey-based industry report] 
4Whitworth and Cranidge (2020) [Survey-based industry report] 
5Mitrefinch (2020) [Specialized website] 
6Mckinsey&Company (2019) [Industry report] 
7PWC(2016) [Industry report] 
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B. Aligning solution subareas to business goals  
 

Table 23 Aligning subareas to competitive factors 

 
 

 

 

 

 

 

 

 

 

 

 

 

Price Quality Unique value Delivery Strong ethical position

We want to compete and win 

business on price. So our priority is 

reduce costs and better control our 

operations

We need to improve confidence in 

our ability to deliver damage-free 

goods and to achieve high accuracy 

in customer orders

We want to be more flexible to 

customer order changes and offer a 

superior customer experience

Customer expect the product when 

they ask for it. It must be available as 

soon as possible or on the date 

promised, even if customers change 

their minds

Our customers and other stake 

holders are concerned about the 

performance of our humanitarian, 

social, environmental, and 

regulatory obligations.

Monitoring and reporting on 

containers’ unloading time in own 

facilities

Digital support for Inventory 

verification (stock taking)

Digital record of products received 

with defects

Monitoring and reporting on 

containers’ unloading time in own 

facilities

Digital methods for training 

warehouse staff

Condition Monitoring of forklift / lift 

truck

Digital methods for training drivers 

(Vans/Lorries)
Inventory tracking and status Predictive maintenance

Monitoring and analysis of energy 

consumption (equipment/areas)

Predictive maintenance
Digital methods for training 

warehouse staff

Order tracking in the warehouse 

(location & status)

Utilization Monitoring of forklift / lift 

truck
Working conditions monitoring

Utilization Monitoring of forklift / lift 

truck

Digital record of products received 

with defects

Digital support for the identification 

of products to be stored nearby in a 

fulfilment/Distribution centre

Automated replenishment of spare 

parts and supplies for vehicles

Monitoring and reporting on drivers’ 

performance (Vans/Lorries)

Monitoring and analysis of energy 

consumption (equipment/areas)

Digitised work instructions for 

kitting and assembly 

Digital support for the identification 

of products to be stored closer to 

the point of dispatch

Digital support for Inventory 

verification (stock taking)

Real-time environmental conditions 

monitoring service (noise, pollution, 

ozone)

Digital support for cost estimation in 

the transportation service (Aimed at 

customer billing)

Digital records of haulier 

performance

Monitoring and reporting on cargo 

collection time from ports

Automated replenishment of items 

in fulfilment/distribution centre

Monitoring and reporting on vehicle 

load size (Vans/Lorries)

Digital support for cost estimation in 

the warehouse service (Aimed at 

customer billing)

Monitoring and reporting on drivers’ 

performance (Vans/Lorries)

Real-time notification of new tasks 

to drivers
Inventory tracking and status

Monitoring of order pickers in 

logistics facilities

Voice-assisted kitting and 

assembly

Real-time notification of new tasks 

to warehouse operatives

Monitoring of order pickers in 

logistics facilities

Display of picking schedule around 

the warehouse floor

Automated transport of small 

packages through the warehouse 

(short distances)

Display of picking schedule around 

the warehouse floor

Monitoring and reporting on pick-to-

ship cycle time 

Real-time notification of new tasks 

to warehouse operatives

Monitoring and reporting on pick-to-

ship cycle time 

Monitoring of order lead times Monitoring of order lead times

Order tracking in the warehouse 

(location & status)

Order tracking in the warehouse 

(location & status)

Digital support for the identification 

of products to be stored nearby in a 

fulfilment/Distribution centre

Digital support for the identification 

of products to be stored nearby in a 

fulfilment/Distribution centre

Digital support for the identification 

of products to be stored closer to 

the point of dispatch

Digital support for the identification 

of products to be stored closer to 

the point of dispatch

Monitoring and reporting on drivers’ 

performance (Vans/Lorries)

Monitoring and reporting on vehicle 

productivity (Vans/Lorries)

Monitoring and reporting on vehicle 

productivity (Vans/Lorries)

Monitoring and reporting on truck 

unloading time at customers’ 

facilities

Monitoring and reporting on the 

turnaround time at a port terminal

Monitoring and reporting on the 

turnaround time at a port terminal

Monitoring and reporting on cargo 

collection time from ports

Monitoring and reporting on cargo 

collection time from ports

Voice-assisted kitting and assembly

Automated transport of small 

packages through the warehouse 

(short distances)

Automated transport of small 

packages through the warehouse 

(short distances)

Real-time notification of new tasks 

to drivers

Monitoring and reporting on vehicle 

load size (Vans/Lorries)

Real-time notification of new tasks 

to warehouse operatives
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Table 24 Aligning subareas to resources constraints 

 

People and information Facilities and Equipment Supply Chain Demand Cash

A key priority for us will be to 

maximise the effectiveness and 

flexibility of our staff and our 

support systems e.g., software 

processes, decision-making, etc

A key constraint will be our 

structural assets. We need to 

reduce bottlenecks and maximise 

the effectiveness of our 

equipment, warehouse space, etc. 

to provide more value to our 

customers

A key constraint will be the performance of 

the parties involved in our supply chain. 

Therefore, a priority will be to help improve 

the planning, quality, and delivery 

performance of the supply chain partners 

we interact with (e.g., hauliers, shippers, 

port terminals)

We could accommodate increased 

volumes without difficulty, but the 

demand is lacking. A key priority 

for us will be to find more 

customers for our current services 

and offer new services

A key barrier to achieving growth 

will be a lack of cash to invest in 

value-generating activity. It will be 

critical that cash is released from 

different sources

Monitoring and reporting on 

containers’ unloading time in own 

facilities

Monitoring and reporting on 

containers’ unloading time in own 

facilities

Automated replenishment of spare parts 

and supplies for vehicles

Digital support for cost estimation 

in the transportation service 

(Aimed at customer billing)

Monitoring and reporting on 

containers’ unloading time in own 

facilities

Condition Monitoring of forklift / lift 

truck

Condition Monitoring of forklift / lift 

truck

Digital support for Inventory verification 

(stock taking)

Digital support for cost 

estimation in the warehouse 

service (Aimed at customer 

billing)

Automated replenishment of 

spare parts and supplies for 

vehicles

Predictive maintenance Predictive maintenance
Automated replenishment of items in 

fulfilment/distribution centre

Digital record of products 

received with defects

Digital support for Inventory 

verification (stock taking)

Utilization Monitoring of forklift / lift 

truck

Utilization Monitoring of forklift / lift 

truck

Monitoring and reporting on pick-to-ship 

cycle time 

Monitoring and reporting on pick-

to-ship cycle time 
Inventory tracking and status

Automated replenishment of 

spare parts and supplies for 

vehicles

Automated replenishment of 

spare parts and supplies for 

vehicles

Monitoring of order lead times Monitoring of order lead times
Monitoring and reporting on pick-

to-ship cycle time 

Digital support for Inventory 

verification (stock taking)
Working conditions monitoring

Digital support for the identification of 

products to be stored nearby in a 

fulfilment/Distribution centre

Digital support for the 

identification of products to be 

stored nearby in a 

fulfilment/Distribution centre

Monitoring of order lead times

Automated replenishment of 

items in fulfilment/distribution 

centre

Order tracking in the warehouse 

(location & status)

Digital support for the identification of 

products to be stored closer to the point of 

dispatch

Digital support for the 

identification of products to be 

stored closer to the point of 

dispatch

Order tracking in the warehouse 

(location & status)

Digital methods for training drivers 

(Vans/Lorries)

Digital support for the 

identification of products to be 

stored nearby in a 

fulfilment/Distribution centre

Digital records of haulier performance

Real-time environmental 

conditions monitoring service 

(noise, pollution, ozone)

Monitoring and reporting on 

vehicle productivity (Vans/Lorries)

Digital methods for training 

warehouse staff

Digital support for the 

identification of products to be 

stored closer to the point of 

dispatch

Real-time notification of new tasks to 

drivers

Monitoring and reporting on truck 

unloading time at customers’ 

facilities

Monitoring and analysis of energy 

consumption (equipment/areas)

Monitoring and reporting on 

drivers’ performance 

(Vans/Lorries)

Monitoring and reporting on the 

turnaround time at a port terminal

Digital support for cost estimation 

in the transportation service 

(Aimed at customer billing)

Monitoring and reporting on 

vehicle productivity (Vans/Lorries)

Monitoring and reporting on cargo 

collection time from ports

Digital support for cost 

estimation in the warehouse 

service (Aimed at customer 

billing)

Monitoring and reporting on truck 

unloading time at customers’ 

facilities

Monitoring and reporting on 

vehicle load size (Vans/Lorries)

Working conditions monitoring
Monitoring and reporting on the 

turnaround time at a port terminal

Digital record of products 

received with defects

Monitoring and reporting on cargo 

collection time from ports

Inventory tracking and status
Voice-assisted kitting and 

assembly

Gathering and analysis of 

product, service or customer 

demand 

Automated transport of small 

packages through the warehouse 

(short distances)

Monitoring of order pickers in 

logistics facilities

Monitoring and reporting on 

vehicle load size (Vans/Lorries)

Display of picking schedule 

around the warehouse floor

Monitoring and reporting on pick-

to-ship cycle time 

Monitoring of order lead times

Order tracking in the warehouse 

(location & status)

Digital support for the 

identification of products to be 

stored nearby in a 

fulfilment/Distribution centre

Digital support for the 

identification of products to be 

stored closer to the point of 

dispatch

Digitised work instructions for 

kitting and assembly 

Digital records of haulier 

performance

Monitoring and reporting on 

drivers’ performance 

(Vans/Lorries)

Monitoring and reporting on 

vehicle productivity (Vans/Lorries)

Real-time environmental 

conditions monitoring service 

(noise, pollution, ozone)

Monitoring and reporting on truck 

unloading time at customers’ 

facilities

Monitoring and reporting on the 

turnaround time at a port terminal

Monitoring and reporting on cargo 

collection time from ports

Voice-assisted kitting and 

assembly

Real-time notification of new tasks 

to drivers

Real-time notification of new 

tasks to warehouse operatives

Monitoring and reporting on 

vehicle load size (Vans/Lorries)
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C. Proof Theorem 6.1 

 
 We begin this proof working from equation 19. Thus, we have: 

 

𝑃(𝑋 ≤ 𝑥|𝑆 = 𝑠𝑗) = ∑∑
𝑃(𝑋 ≤ 𝑥, 𝑌 = 𝑦𝑖 ,𝑊 = 𝑤𝑘 , 𝑆 = 𝑠𝑗)

𝑃(𝑆 = 𝑠𝑗)

𝑁𝑦

𝑖=1

𝑁𝑤

𝑘=1

 

 

𝑃(𝑋 ≤ 𝑥|𝑆 = 𝑠𝑗) =∑{
𝑃(𝑋 ≤ 𝑥, 𝑋 ≤ 𝑡0,𝑊 = 𝑤𝑘 , 𝑆 = 𝑠𝑗)

𝑃(𝑆 = 𝑠𝑗)
+
𝑃(𝑋 ≤ 𝑥, 𝑋 > 𝑡0,𝑊 = 𝑤𝑘 , 𝑆 = 𝑠𝑗)

𝑃(𝑆 = 𝑠𝑗)
}

𝑁𝑊

𝑗=1

 

 

𝑃(𝑋 ≤ 𝑥|𝑆 = 𝑠𝑗) =
𝑃(𝑋 ≤ 𝑥, 𝑋 ≤ 𝑡0, 𝑋 ≤ 𝑡0 + 𝑑, 𝑆 = 𝑠𝑗)

𝑃(𝑆 = 𝑠𝑗)
+
𝑃(𝑋 ≤ 𝑥, 𝑋 > 𝑡0, 𝑋 ≤ 𝑡0 + 𝑑, 𝑆 = 𝑠𝑗)

𝑃(𝑆 = 𝑠𝑗)

+
𝑃(𝑋 ≤ 𝑥, 𝑋 ≤ 𝑡0, 𝑋 > 𝑡0 + 𝑑, 𝑆 = 𝑠𝑗)

𝑃(𝑆 = 𝑠𝑗)
+
𝑃(𝑋 ≤ 𝑥, 𝑋 > 𝑡0, 𝑋 > 𝑡0 + 𝑑, 𝑆 = 𝑠𝑗)

𝑃(𝑆 = 𝑠𝑗)
 

 

To further develop the previous expression, we must carefully assess the joint distributions of the 

variables 𝑊,𝑋, 𝑌 and 𝑆 and their relationships to 𝑥. In particular, we notice that for each outcome of 𝑆, 

three cases are possible:  

 

Case I:  𝒙 ≤ 𝒕𝟎 

In this case, the target completion time 𝑥 is less or equal than the monitoring 𝑡0, thus  𝑃(𝑋 ≤ 𝑥, 𝑋 ≤ 𝑡0, 𝑋 ≤

𝑡0 + 𝑑, 𝑆 = 𝑠𝑗) =  𝑃(𝑋 ≤ 𝑥|𝑆 = 𝑠𝑗) and the remaining terms of the expression represent impossible events. 

Consequently, no expediting takes place, and the probability of on-time job completion is: 

 

𝑃(𝑋 ≤ 𝑥|𝑆 = 𝑠𝑗) =
1

𝑃(𝑆 = 𝑠𝑗)
𝑃(𝑆 = 𝑠𝑗|𝑋 ≤ 𝑡0)𝑃(𝑋 ≤ 𝑥) 

 

Where  𝑃(𝑋 ≤ 𝑥) represents the probability of job being completed on time when it is not expedited.  

 

Case II:  𝒕𝟎 < 𝒙 ≤ 𝒕𝟎 + 𝒅 

In this case, the target completion time 𝑥 is less or equal than the information reception time 𝑡0 + 𝑑, thus 

the first term 𝑃(𝑋 ≤ 𝑥, 𝑋 ≤ 𝑡0, 𝑋 ≤ 𝑡0 + 𝑑, 𝑆 = 𝑠𝑗) =  𝑃(𝑋 ≤ 𝑡0|𝑆 = 𝑠𝑗) and the third term 𝑃(𝑋 ≤ 𝑥, 𝑋 ≤

𝑡0, 𝑋 > 𝑡0 + 𝑑, 𝑆 = 𝑠𝑗) = 𝑃(𝑡0 < 𝑋 ≤ 𝑥|𝑆 = 𝑠𝑗), with all the remaining terms representing impossible 

events. Furthermore, as 𝑥 < 𝑡0 + 𝑑 no expediting takes place, irrespective of the received message, and we 

get: 

 

𝑃(𝑋 ≤ 𝑥|𝑆 = 𝑠𝑗) =
1

𝑃(𝑆 = 𝑠𝑗)
{𝑃[𝑆 = 𝑠𝑗|𝑋 ≤ 𝑡0] − (𝑃[𝑆 = 𝑠𝑗|𝑋 ≤ 𝑡0] − 𝑃[𝑆 = 𝑠𝑗|𝑋 > 𝑡0])𝑃(𝑋

≥ 𝑡0) − 𝑃[𝑆 = 𝑠𝑗|𝑋 > 𝑡0]𝑃(𝑋 < 𝑥|𝑋 ≥ 𝑡0, 𝑆 = 𝑠𝑗)} 
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Case III:  𝒙 > 𝒕𝟎 + 𝒅 : 

In this case, the target completion time 𝑥 is equal than the information reception time 𝑡0 + 𝑑. As a result, 

the first term 𝑃(𝑋 ≤ 𝑥, 𝑋 ≤ 𝑡0, 𝑋 ≤ 𝑡0 + 𝑑, 𝑆 = 𝑠𝑗) = 𝑃(𝑋 ≤ 𝑡0|𝑆 = 𝑠𝑗), the second term is the impossible 

event, the third term 𝑃(𝑋 ≤ 𝑥, 𝑋 ≤ 𝑡0, 𝑋 > 𝑡0 + 𝑑, 𝑆 = 𝑠𝑗) = 𝑃(𝑡0 < 𝑋 ≤ 𝑡0 + 𝑑|𝑆 = 𝑠𝑗) and the fourth 

term 𝑃(𝑋 ≤ 𝑥, 𝑋 > 𝑡0, 𝑋 > 𝑡0 + 𝑑, 𝑆 = 𝑠𝑗) = 𝑃(𝑡0 + 𝑑 < 𝑋 ≤ 𝑥|𝑆 = 𝑠𝑗). It is worth noticing that, in this 

case, a job will be expedited only when the DM receives the message 𝑆 = 𝑠2 and 𝑋 > 𝑡0 + 𝑑. If, on the 

contrary, 𝑆 = 𝑠1 the result will be the same as in case II. Overall, the probability of on-time completion for 

this case is given by: 

 

𝑃(𝑋 ≤ 𝑥|𝑆 = 𝑠𝑗) =
𝑃(𝑆 = 𝑠𝑗|𝑋 ≤ 𝑡0)𝑃(𝑋 ≤ 𝑡0)

𝑃(𝑆 = 𝑠𝑗)
+
𝑃(𝑆 = 𝑠𝑗|𝑋 > 𝑡0)𝑃(𝑋 > 𝑡0)

𝑃(𝑆 = 𝑠𝑗)

∗ {𝑃(𝑋 ≤ 𝑡0 + 𝑑|𝑋 > 𝑡0) + 𝑃(𝑋 < 𝑥|𝑋 ≥ 𝑡0 + 𝑑, 𝑆 = 𝑠𝑗)𝑃(𝑋 > 𝑡0 + 𝑑|𝑋 ≥ 𝑡0} 

 

D. Proof Theorem 6.2 
 

We begin this proof working from equation 30. Thus, we have: 

 

𝑃(𝑋 ≤ 𝐿|𝑀 = 𝑚1) =
1

𝑃(𝑀 = 𝑚1)
∫ ∑𝑃(𝑋 ≤ 𝐿, 𝑌 = 𝑦𝑖 , 𝑇 = 𝑡,𝑀 = 𝑚1)𝑓𝑇(𝑡)

𝑁𝑌

𝑖=1𝑇

𝑑𝑡 

 

𝑃(𝑋 ≤ 𝑥) = ∫ [𝑃(𝑋 ≤ 𝐿, 𝑋 ≤ 𝑇|𝑇 = 𝑡,𝑀 = 𝑚1) + 𝑃(𝑋 ≤ 𝐿, 𝑋 > 𝑇|𝑇 = 𝑡,𝑀 = 𝑚1)]
𝑇

𝑓𝑇(𝑡)𝑑𝑡 

 

To further develop the previous expression, we need to assess how the possible values of the variables 

𝑋 and 𝑇 relate to each other and to the maximum allowable time 𝐿. In particular, we notice that three cases 

(shown in Figure 57) are possible. 
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Figure 57 Possible relationships between the process time, the maximum allowable time, and the actual 

monitoring time for the partial information case 

 

Below we provide general expressions to estimate the probability of on-time fulfilment on each of the 

cases shown in Figure 57. Furthermore, we provide specific expressions for the situation when the 

monitoring time distribution is uniform and the process time is exponential, to make our results more 

tangible to the reader. 

 

Case I: 𝑳 ≤ 𝒕𝒎𝒊𝒏 

In this case, the maximum allowable time 𝐿 is less or equal than the minimum possible monitoring time 𝑡 

(i.e., 𝑡𝑚𝑖𝑛). Thus 𝑃(𝑋 ≤ 𝐿, 𝑋 ≤ 𝑡) =  𝑃(𝑋 ≤ 𝐿) while 𝑃(𝑋 ≤ 𝐿, 𝑋 > 𝑡) is the impossible event. As a result, 

no expediting takes place, and the probability of on-time job completion is: 

 

𝑃(𝑋 ≤ 𝐿|𝑀 = 𝑚1) = ∫ 𝑃(𝑋 ≤ 𝐿)𝑓𝑡(𝑡)𝑑𝑡
𝑡𝑚𝑎𝑥

𝑡𝑚𝑖𝑛

= 𝑃(𝑋 ≤ 𝐿)                         

 

And, assuming 𝑋~exp (𝜇0) we get: 

  

𝑃(𝑋 ≤ 𝐿|𝑀 = 𝑚1) = 1 − 𝑒
−𝜇0𝐿                                                                                                                                                                               

 

Case II:  𝒕𝒎𝒊𝒏 < 𝑳 ≤ 𝒕𝒎𝒂𝒙  

In this case, the maximum allowable time 𝐿 might be greater than some possible monitoring times 𝑡 and 

less than others, giving rise to the subcases IIa and IIb shown in Figure 57. For the subcase IIa, the 

monitoring is performed at a time 𝑡 after the maximum allowable time 𝐿 is reached (i.e., 𝐿 ≤ 𝑡) and, 

consequently, the job is not expedited within such period. This subcase (IIa) occurs when 𝑡 𝜖 [𝐿, 𝑡𝑚𝑎𝑥] as 

can be verified in Figure 57. 

     Conversely, in the subcase IIb the monitoring is performed at a time 𝑡 before 𝐿 is reached (i.e., 𝑡 < 𝐿) 

and the job will be expedited only if it is progress by that time (i.e., if 𝑋 > 𝑡). It can be easily verified that 
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this subcase (IIb) occurs when 𝑡 𝜖 [𝑡𝑚𝑖𝑛 , 𝐿]. By adapting the equation 30 for the subcases IIa and IIb, 

respectively, and adding their results, we get: 

 

𝑃(𝑋 ≤ 𝐿|𝑀 = 𝑚1) = ∫ [𝑃(𝑋 ≤ 𝑡) + 𝑃(𝑋 > 𝑡)𝑃(𝑋 ≤ 𝐿|𝑋 > 𝑡,𝑀 = 𝑚1)]𝑓𝑇(𝑡)𝑑𝑡
𝐿

𝑡𝑚𝑖𝑛

+∫ 𝑃(𝑋 ≤ 𝐿)𝑓𝑇(𝑡)𝑑𝑡
𝑡𝑚𝑎𝑥

𝐿

  

 

In the previous expression, it is worth noticing that the event 𝑋 > 𝑡 in the probability expression 

𝑃(𝑋 ≤ 𝐿|𝑋 > 𝑡, 𝑀 = 𝑚1) has a double role. On the one hand, it conditions the on-time completion of the 

job to the fact that at least 𝑡 units of time have elapsed. On the other hand, it implies that the job is expedited. 

By assuming that the average service rate rises from 𝜇0 to 𝜇 when a job is expedited, we obtain: 

 

𝑃(𝑋 ≤ 𝐿|𝑋 > 𝑡,𝑀 = 𝑚1) = ∫ 𝜇𝑒−𝜇 (𝑋−𝑡)𝑑𝑋 = 1 − 𝑒−𝜇(𝐿−𝑡)
𝐿

𝑡

                                                   

 

Moreover, considering the monitoring time 𝑇~ 𝑈[𝑡𝑚𝑖𝑛 , 𝑡𝑚𝑎𝑥] we have: 

 

𝑓𝑇(𝑡) =

{
 

 
1

𝑡𝑚𝑎𝑥 − 𝑡𝑚𝑖𝑛
    , 𝑡𝑚𝑖𝑛 ≤ 𝑡 ≤ 𝑡𝑚𝑎𝑥

0             , 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

                                                                                                     

 

By substituting 𝑓𝑇(𝑡) and 𝑃(𝑋 ≤ 𝐿|𝑋 > 𝑡,𝑀 = 𝑚1) in 𝑃(𝑋 ≤ 𝐿|𝑀 = 𝑚1), along with the fact that 

𝑋~exp (𝜇0) when the job is not expedited (i.e., when 𝑋 ≤ 𝑡 or 𝑡 𝜖 [𝐿, 𝑡𝑚𝑎𝑥]), we get: 

 

𝑃(𝑋 ≤ 𝐿|𝑀 = 𝑚1) = 1 −
1

(𝑡𝑚𝑎𝑥 − 𝑡𝑚𝑖𝑛)(𝜇 − 𝜇0)
[𝑒−𝜇0𝐿 − 𝑒(𝜇−𝜇0)𝑡𝑚𝑖𝑛−𝜇𝐿] − (

𝑡𝑚𝑎𝑥 − 𝐿

𝑡𝑚𝑎𝑥 − 𝑡𝑚𝑖𝑛
) 𝑒−𝜇0𝐿   

 

Case III:  𝑳 > 𝒕𝒎𝒂𝒙  

In this case, the maximum allowable time 𝐿 is greater than all the possible monitoring times 𝑡. Like in the 

previous case, the job will be expedited only if it is in progress by the monitoring time (i.e., if 𝑋 > 𝑡). This 

situation is similar to the one described in subcase IIb, with the only exception that now 𝑡 𝜖 [𝑡𝑚𝑖𝑛 , 𝑡𝑚𝑎𝑥]. 

Thus, the probability of on-time job completion in this case can be expressed as follows: 

 

𝑃(𝑋 ≤ 𝐿|𝑀 = 𝑚1) = ∫ [𝑃(𝑋 ≤ 𝑡) + 𝑃(𝑋 > 𝑡)𝑃(𝑋 ≤ 𝑥|𝑋 > 𝑡,𝑀 = 𝑚1)]𝑓𝑇(𝑡)𝑑𝑡
𝑡𝑚𝑎𝑥

𝑡𝑚𝑖𝑛

                     

 

And for our example with exponential distributed service times and uniform distributed monitoring times 

we get: 

 

𝑃(𝑋 ≤ 𝐿|𝑀 = 𝑚1) = 1 −
1

(𝑡𝑚𝑎𝑥 − 𝑡𝑚𝑖𝑛)(𝜇 − 𝜇0)
[𝑒(𝜇−𝜇0)𝑡𝑚𝑎𝑥−𝜇𝐿 − 𝑒(𝜇−𝜇0)𝑡𝑚𝑖𝑛−𝜇𝐿]        
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E. Probability of on-time completion in a two-stage, Markovian 

queue network 
 

Assume that the response times in the first and second stages of a queue network are 

represented by random variables 𝑋 and 𝑌, respectively. Thus, the probability that a job 

that go through these stages is completed within a time less than or equal than 𝐿 is given 

by: 

 

𝑃𝑟{𝑋 + 𝑌 ≤ 𝐿} = ∫  𝐹𝑌(𝐿 − 𝑥) 𝑓𝑋(𝑥) 𝑑𝑋
𝐿

0

 

 

 Moreover, assuming that the queue network is Markovian, the distributions 𝐹𝑌(𝐿 − 𝑥) 

and 𝑓𝑋(𝑥) are given by: 

 

𝐹𝑌(𝐿 − 𝑥) = 1 − 𝑒
−(𝜇−𝜆)(𝐿−𝑥) 

𝑓𝑋(𝑥) = (𝜇0 − 𝜆)𝑒
−(𝜇0−𝜆)𝑥 

 

where 𝜆 is the  average arrival rate, 𝜇0 is the average service rate in the first station, 

and 𝜇 is the average service rate in the second station of the queue. By substituting 

𝐹𝑌(𝐿 − 𝑥) and 𝑓𝑋(𝑥) in the expression for 𝑃𝑟{𝑋 + 𝑌 ≤ 𝐿}, we obtain: 

 

𝑃𝑟{𝑋 + 𝑌 ≤ 𝐿} = 1 − 
1

(𝜇 − 𝜇0)
 [(𝜇 − 𝜆)𝑒−(𝜇0−𝜆)𝐿) − (𝜇0 − 𝜆)𝑒

−(𝜇−𝜆)𝐿 ] 
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F. Proof of Theorem 6.4 
 

F.2  Theoretical background for the proof 
 

Two-service rate FIFO Markovian queue models 
 

Also known as two-class models, these models assume the customer population can be 

divided into two categories, each with its respective average arrival rate 𝜆𝑖 and service 

rate 𝜇𝑖. The simplest representation of this system is the 𝑀/𝐻2 / 1 model, where the 

interarrival times are Markovian and the service time is modelled as the combination of 

two exponentials (Hence, it is Hyper-exponential distributed). As a result, the service time 

distribution can be expressed as follows: 

  

                                                                                                                                   (7.19)           

 

Where 𝛿 represents the percentage of customers (or jobs) requiring service at a rate 𝜇1, 

while (1 − 𝛿) represents those requiring service at a rate 𝜇2. By using the expression in 

7.19, the first four moments of the service time can be computed as follows: 

 

                                                                                                                               (7.20)                

 

 

                                                                                                                               (7.21)                  

 

                                                               

                                                                                                                                    (7.22)          

  

 

                                                                                                                                (7.23)                

 

Furthermore, Kelly (1979, p. 255) provided the following expression for the waiting 

time distribution in the 𝑀/𝐺/1 scenario: 

 

                                                                                                                               (7.24)               

𝛽(𝑡) = 𝛿𝜇1𝑒
−𝜇1𝑡 + (1 − 𝛿)𝜇2𝑒

−𝜇2𝑡   

𝛽1 = ∫ 𝑡𝛽(𝑡)𝑑𝑡
∞

0

   

𝛽2 = ∫ 𝑡2𝛽(𝑡)𝑑𝑡
∞

0

   

𝛽3 = ∫ 𝑡3𝛽(𝑡)𝑑𝑡
∞

0

   

𝛽4 = ∫ 𝑡4𝛽(𝑡)𝑑𝑡
∞

0

   

𝑊𝑞(𝑡) = {

0,                                                                  𝑡 < 0

(1 − 𝜌)∑𝜌𝑛 [
1

𝛽
∫ (1 − 𝛽(𝑧))𝑑𝑧
𝑡

0

]

𝑛

, 𝑡 > 0

∞

𝑛=0
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In the above expression 𝜌 represents the traffic intensity, which is equivalent to 

𝜆/(1/𝛽1), where 𝜆 (=𝜆1 + 𝜆2) is the average arrival rate of the customers (or jobs). 

Additionally, Kelly (1979, p. 256) provided the first three moments corresponding to the 

above distribution. These moments are presented below: 

 

                                                                                                                                (7.25)               

 

 

                                                                                                                                (7.26)                   

 

 

                                                                                                                                             

                                                                                                                                (7.27)        

 

 

Which hold as long as  𝛽2, 𝛽3, 𝛽4 < ∞. Finally, using the moments of the service time 

and waiting time distributions, the moments of the Sojourn time in  𝑀/𝐻2/1 scenario can 

be obtained simply as: 

 

                                                                                                                               (7.28)                   

 

                                                                                                                               (7.29)          

 

                                                                                                                               (7.30)            

 

Additional expressions, including the average number of customers in queue per type 

of customer, can be found in Shortle et al., (2018, p. 178). 

 

The moment-matching technique   

 

In some practical problems, the researchers need to estimate the parameters of their 

chosen probability distribution. For example, a researcher might be interested in 

modelling the waiting time distribution using a Phase-type distribution but face a 

𝑊𝑞1 =
1

2
(
𝜌𝛽1
1 − 𝜌

)(
𝛽2

𝛽1
2  ) 

𝑊𝑞2 =
1

3
(
𝜌

1 − 𝜌
) (
𝛽3
𝛽1
 ) +

1

2

𝜌2

(1 − 𝜌)2
(
𝛽2

2

𝛽2
) 

𝑊𝑞3 =
1

4
(
𝜌

1 − 𝜌
) (
𝛽4
𝛽1
 ) +

𝜌2

(1 − 𝜌)2
(
𝛽2𝛽3
𝛽2

) +
3𝜌3

4(1 − 𝜌)3
𝛽2

3

𝛽1
3 

𝑧1 = 𝛽1 +𝑊𝑞1 

𝑧2 = 𝛽2 + 2(𝛽2)(𝑊𝑞2) +𝑊𝑞2 

𝑧3 = 𝛽3 + 3𝛽1𝑊𝑞2 + 3𝛽2𝑊𝑞1 +𝑊𝑞3 
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challenge selecting parameters’ values. Maximum Likelihood Estimation (MLE) and the 

Moment Matching Technique (MMT) are commonly used for this purpose. 

The estimators provided by the techniques mentioned above are generally different, 

with the MLE’s estimators being slightly better regarding statistical properties (Shortle et 

al., 2018, p. 451). Nevertheless, MLE’s calculations can be more cumbersome than 

MTT's, which might be an issue, especially when the distribution has several parameters. 

For the sake of simplicity, we will focus only on the Moment Matching Technique 

(MMT). The interested reader is referred to Shortle et al., (2018) for details on MLE. 

 The MMT consists of three main steps. Firstly, theoretical expressions for the 

moments of the chosen distribution are determined. Then, these moments are equated to 

those of the target sample population, and a set of equations is obtained. The more 

moments are equated, the greater the accuracy of the proposed distribution but also its 

complexity. Ultimately, the set of equations is solved to determine the distribution 

parameters. Examples of the MMT in the queueing literature include Marie (1980), who 

shows how general distributions with known two first moments can be approximated 

using Phase-type distributions and Altiok (1985), who addresses the same problem for 

the scenario when three moments are known.  

 

 

F.2  A Hyper-exponential approximation to  the sojourn time distribution of 

two-service rates FIFO Markovian models 
 

The two-service rate queueing model reviewed in F.1 exemplifies a single-server 

system involving exponential distributed interarrival times and hyper-exponential 

distributed service times, with no restrictions regarding capacity or customer entry source. 

Thus, by substituting the result shown in 7.19 into 7.24 and taking its convolution with 

the service time distribution, the CDF of the response time for the 𝑀/𝐻2 / 1 can be found. 

Nevertheless, this process is cumbersome as the expression in 7.24 is not in closed form. 

Closed-form solutions are generally preferred not only for computational efficiency 

reasons but also because they facilitate operations such as differentiation and integration 

and improve the explainability of the results. Considering that integration and 

differentiation will be extensively used in this research to obtain CDFs and PDFs, we will 

aim to obtain a closed-form representation of the response time for the  𝑀/𝐻2/1:∞/

∞/FIFO system. 
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This process can be significantly simplified by noting that in single-server systems with 

Markovian interarrival times and Phase-Type distributed service times, the response time 

will follow a Phase-Type distribution, too (Boucherie & Dijk, 2010, p. 611). Given that 

the Hyper-exponential distribution is a member of the Phase-Type distribution, we can 

represent the response time of the 𝑀/𝐻2/1 system as follows. 

 

                                                                                                                                (7.31)            

 

Where 𝐹𝑌(𝑡) is a Hyper-exponential representation of the response time’s CDF and 𝑎, 

𝑏1, and 𝑏2 are coefficients that uniquely characterise the distribution. We can use the 

moment-matching technique described in the previous subsection to find expressions for 

these coefficients. 

Specifically, for 𝐹𝑌(𝑡) to be a feasible representation of the CDF of the response time 

𝑌 it must at least satisfy the following two conditions:  

 

𝐸(𝑌) = ∫ [1 − 𝐹𝑌(𝑡)]𝑑𝑡
∞

0

= 𝑧1 

 

𝐸(𝑌2) = ∫ 2𝑡[1 − 𝐹𝑌(𝑡)]𝑑𝑡
∞

0

= 𝑧2 

 

 By evaluating the above integrals, we get: 

 

 

 

Furthermore, by combining the expressions for 𝑧1 and 𝑧2 and solving for 𝑏2, we get: 

 

 

 

   Where 𝑐 is the squared coefficient of variation of the response time. By selecting 𝑎 =
2(𝑐−1)

2𝑐−1
 to obtain a permissible simple value, we obtain 

𝑏2 =
1

𝑧1𝑐
 

 

𝐹𝑌(𝑡) = 1 − 𝑎𝑒
−𝑏1𝑡 − (1 − 𝑎)𝑒−𝑏2𝑡 

 

𝑧1 =
𝑎

𝑏1
+
(1 − 𝑎)

𝑏2
 𝑧2 =

2𝑎

𝑏1
2 +

2(1 − 𝑎)

𝑏2
2  

𝑏2 =
2(1 − 𝑎) ± √2√(1 − 𝑎)𝑎(𝑐 − 1)

𝑧1[2 − 𝑎(𝑐 + 1)]
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The rationale for selecting the positive root comes from the fact that for 𝐹𝑌(𝑡) to be 

valid 𝑏2 must be a positive and real number (Altiok, 1985). Moreover, the chosen 

expression for 𝑎 guarantees its value will be in the interval [0,1], which is another validity 

requirement. Finally, by substituting 𝑏2 and 𝑎 in the expression for 𝑧1 and isolating 𝑏1 we 

get: 

𝑏1 =
2

𝑧1
 

 

This result concludes the proof. The expressions for 𝑧1 and 𝑧2 are shown in equations 

7.28 – 7.29. 

 

G. Proof of Theorem 6.3 
 

Consider a two-stage, queue network with response times 𝑋 and 𝑌, such that 

𝑋~exp (𝜇0) and 𝑌~ℎ𝑦𝑝𝑒𝑟𝑥𝑝𝑜𝑛𝑒𝑛𝑡𝑖𝑎𝑙(𝜇1, 𝜇2), respectively. Thus, the probability that a 

job that go through these stages is completed within a time less than or equal than 𝐿 is 

given by: 

𝑃𝑟{𝑋 + 𝑌 ≤ 𝐿} = ∫  𝐹𝑌(𝐿 − 𝑥) 𝑓𝑋(𝑥) 𝑑𝑋
𝐿

0

 

 

Where 𝐹𝑌(𝑡) = 1 − 𝑎𝑒−𝑏1𝑡 − (1 − 𝑎)𝑒−𝑏2𝑡 and 𝑓𝑋(𝑥) = (𝜇0 − 𝜆)𝑒
−(𝜇0−𝜆)𝑥. 

Consequently: 

𝑃𝑟{𝑋 + 𝑌 ≤ 𝐿} = ∫  [1 − 𝑎𝑒−𝑏1(𝐿−𝑥) − (1 − 𝑎)𝑒−𝑏2(𝐿−𝑥) ] (𝜇0 − 𝜆)𝑒
−(𝜇0−𝜆)𝑥 𝑑𝑥

𝐿

0

 

 

After evaluating this integral, we obtain: 

 

𝑃𝑟{𝑋 + 𝑌 ≤ 𝐿} = 

1 − 𝑒−(𝜇0−𝜆)𝐿 −
(𝜇0 − 𝜆)𝑎

(𝜇0 − 𝜆 − 𝑏1)
[𝑒−𝑏1𝐿 − 𝑒−(𝜇0−𝜆)𝐿] −

(𝜇0 − 𝜆)(1 − 𝑎)

(𝜇0 − 𝜆 − 𝑏2)
[𝑒−𝑏2𝐿 − 𝑒−(𝜇0−𝜆)𝐿] 

 



178 
 

which concludes the proof. 

 

 

H. Expected job expediting cost with exponential processing 

times 
 

     The expected expediting cost 𝐸[𝐸𝐶𝑡] is given by: 
 
 

𝑬[𝑬𝑪𝒕] = 𝑐𝑒(𝑁)𝐸[max(𝑋 − 𝑍, 0)] 

 

which, for the case when 𝑋 is exponentially distributed, can be rewritten as 

 

𝑬[𝑬𝑪𝒕] = 𝑐𝑒(𝑁) {𝑃(𝑚1)𝑃(𝑋 > 𝑍)
1

𝜇
} 

 

where  

𝑐𝑒 – Unit cost of job expediting  

𝑃(𝑚1) – Probability that a job is manually monitored 

𝑃(𝑋 > 𝑍) – Probability that a job is in process by the time the expediting resources are 

ready 

1

𝜇
 – Average duration of the job expediting.  

 

Clearly, we only need to estimate 𝑃(𝑋 > 𝑍) to have all the factors on the RHS of the 

expression for 𝑬[𝑬𝑪𝒕]. Therefore: 

 

𝑃(𝑋 > 𝑍) = 1 −∫ 𝑃(𝑋 ≤ 𝑍|𝑍 = 𝑧)
𝑧𝑚𝑎𝑥

𝑧𝑚𝑖𝑛

𝑓𝑍(𝑧)𝑑𝑧  

where 𝑋~exponential and  𝑍~uniform. Thus, we have 

 

𝑃(𝑋 > 𝑍) =
1

𝜇0𝜇(𝑧𝑚𝑎𝑥 − 𝑧𝑚𝑖𝑛)
{𝑒−𝜇0𝑧𝑚𝑖𝑛 − 𝑒−𝜇0𝑧𝑚𝑎𝑥}  

By substituting 𝑃(𝑋 > 𝑍) in 𝑬[𝑬𝑪𝒕] we obtain: 
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𝑬[𝑬𝑪𝒕] =
𝑐𝑒𝑃(𝑚1)𝑁

𝜇
0
𝜇(𝑧𝑚𝑎𝑥 − 𝑧𝑚𝑖𝑛)

{𝑒−𝜇0𝑧𝑚𝑖𝑛 − 𝑒−𝜇0𝑧𝑚𝑎𝑥}  

 

 

, where 𝜇 is the process rate when the job is expedited.  

 

I. Questions asked during Industry Workshops 
 

Digital solution priorities for logistics companies 

 

Company name: __________________________ 

 

How many years has your company been operating for? 

______________________________________________________ 

How many employees do you have? 

______________________________________________________ 

Which of the following types best describes the core business of your company? 

______________________________________________________ 

Which of the following service does you company offer? 

______________________________________________________ 

What digital solutions would help your business in the short term? 

______________________________________________________ 

What benefits are you hoping to have as a result? 

______________________________________________________ 

Selection of Top order-winner factor 

Price: we want to compete and win business on price. So, our priority is to reduce costs and 

better control our operations 

 

Quality: we need to improve confidence in our ability to deliver damage-free goods and to 

achieve high accuracy in customer orders 

 

Unique value: we want to be more flexible to customer order changes and offer a superior 

customer experience 

 

Delivery: customer expect the product when they ask for it. It must be available as soon as 
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possible or on the date promised, even if customers change their minds 

 

Ethical position: our customers and other stake holders are concerned about the performance 

of our humanitarian, social, environmental, and regulatory obligations. 

For each of these five order winners for your business, which one is your highest priority? 

o Price 

o Quality 

o Unique Value 

o Delivery 

o Ethical position 

For your priority order winner  

Please choose priority (1) and interesting (2) digital solutions from the list (Select 3 priority 

solutions and up to 5 interesting solutions) 

[Solution subareas are displayed for the priority order winner] 

Selection of Top business constraint 

People and Information: A key priority for us will be to maximise the effectiveness and flexibility 

of our staff and our support systems e.g., software processes, decision-making, etc 

 

Facilities and Equipment: A key constraint will be our structural assets. We need to reduce 

bottlenecks and maximise the effectiveness of our equipment, warehouse space, etc. to provide 

more value to our customers 

 

Supply Chain: A key constraint will be the performance of the parties involved in our supply 

chain. Therefore, a priority will be to help improve the planning, quality, and delivery 

performance of the supply chain partners we interact with (e.g., hauliers, shippers, port 

terminals) 

 

Demand: We could accommodate increased volumes without difficulty, but the demand is 

lacking. A key priority for us will be to find more customers for our current services and offer 

new services 

 

Cash: A key barrier to achieving growth will be a lack of cash to invest in value-generating 

activity. It will be critical that cash is released from different sources 

For each of these five constraints on your business, which one is your greatest constraint? 

o People and information 

o Facilities and Equipment 

o Supply Chain 

o Demand 

o Cash 

For your priority business constraint  

Please choose priority (1) and interesting (2) digital solutions from the list (Select 3 priority 

solutions and up to 5 interesting solutions) 
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[Solution subareas are displayed for the priority business constraint] 

Email 

Please write you e-mail below, if you would like to be involved in the demonstrator 

development. 

_______________________________________________________ 

 

 

 

 

 


