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Abstract
While the circular economy offers a hopeful prospect for the future in terms of environmental sustainability, the main barrier regarding the industrial adoption is its financial viability. Supply characteristics such as heterogeneous quality, insufficient quantities and uncertain timing of used products often constrain manufacturing activities, consequently leading to mediocre financial viability. Building on contingency theory, this paper sets out to explore how to configure circular manufacturing activities in alignment with supply characteristics. Building on a sample of 96 successful circular start-ups, we collected data on the manufacturing activities in terms of grading and sorting activities, the production type and the product transformation as well as the supply characteristics in terms of heterogeneous quality, insufficient quantities, uncertain timing and the residual value of the used products. Qualitative Comparative Analysis (QCA) reveals three manufacturing configurations used by successful circular start-ups to extend product value, extend resource value and process used products. Each configuration is applied under different supply characteristics. As such, the research highlights the contingency factors for when, when not and how to adopt a given manufacturing configuration in the context of the circular economy. Moreover, by analyzing the manufacturing configurations, this study redirects the focus towards the until now under-researched circular economy in the process industry instead of the more heavily researched discrete remanufacturing activities. The three manufacturing configurations and the supply characteristics in which to apply them serve as a starting point for further research.
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1. Introduction
While the concept of the circular economy has gained traction in academia, industry and policymaking, the circular promise rarely materializes and stories of failed initiatives are available by the dozen (Van Loon and Van Wassenhove, 2018). In particular, extending the life of used products often lacks a solid business case, see for example Bockholt et al. (2020). As rational firms prefer to engage in profitable ventures, an economically unattractive business case limits the diffusion of the circular economy (Linder and Williander, 2017).
Literature suggests that the economic performance of the circular economy is contingent upon supply characteristics such as heterogeneous quality, insufficient quantities and uncertain timing (Bockholt et al., 2020; Galbreth and Blackburn, 2009; Guide and Van Wassenhove, 2009; Linder and Williander, 2017). In fact, research shows that these supply characteristics hinder circular economy initiatives in virtually every industry, including consumer electronics (Jayaraman and Luo, 2007), fashion (Beh et al., 2016; Franco, 2017), original equipment manufacturing (Bockholt et al., 2020), the automotive industry (Van Loon and Van Wassenhove, 2018) and the food industry (Vlajic et al., 2018). 
This paper sets out to explore how firms can align manufacturing configurations, i.e., a set of manufacturing activities, with supply characteristics. Current manufacturing literature focuses on closed-loop discrete remanufacturing configurations. This is evident from literature reviews on remanufacturing, see for example Kerin and Pham (2019) and Sitcharangsie et al. (2019). However, literature on other manufacturing configurations such as open-loop and process manufacturing remains rather scarce. Different manufacturing configurations have different strengths and weaknesses and respond differently to the challenges imposed by supply characteristics (Hayes and Pisano, 1994). Therefore, rather than developing solutions for specific manufacturing configurations, we explore how different manufacturing configurations are contingent upon different supply characteristic. 
In this research we adopt the circular business model (CBM) (Bocken et al., 2016) and contingency theory (Lawrence and Lorsch, 1967) as an interpretative lens. The CBM provides a simplified representation of how firms create, deliver and capture value to meet circular value propositions (Geissdoerfer et al., 2018). The value creation component of the CBM relates to the manufacturing activities and provides a useful lens to describe the main elements of a circular manufacturing configuration. In fact, prior research has also used business models as a lens in manufacturing literature. For instance, Wei et al. (2017) studied the link between manufacturing flexibility and business model design, and Visnjic et al. (2017) studied how manufacturing firms can create value in servitization business models. The contingency theory lens complements the CBM lens by exploring how the adoption of a given manufacturing configuration is contingent upon the supply characteristics. Since there are few published, empirically based studies about the actual experiences and outcomes of CBMs (Hopkinson et al., 2018), literature lacks systematic guidance on how to design the CBM in line with supply characteristics (Vlajic et al., 2018). 
To explore this gap in literature, we study the CBMs of successful circular start-ups to investigate the manufacturing configurations and the link with supply characteristics. Circular start-ups, as new market entrants, take a holistic perspective on monetizing CBMs as they do not risk cannibalizing or devaluating their existing linear business models. Moreover, they cannot cover financially unattractive CBMs with revenues from other business activities. Furthermore, typical limitations of CBMs, such as the lack of top management commitment and a company culture which does not support the circular economy, are less profound in circular start-ups than in incumbent firms (Henry et al., 2020): the circular economy is the raison d'être of the circular start-up while linear business model reasoning might be deeply engrained in the culture of incumbent firms. 
Our findings contribute to extant knowledge in three ways. First, by moving beyond the until now heavily researched context of remanufacturing, the novelty of this paper lies in deriving insights on other manufacturing configurations. Our data show that process manufacturing can play an important role in the transition towards a circular economy. Second, by aligning the manufacturing configurations with the supply characteristics typically found in the circular economy, we provide insights into when (not) to apply a given manufacturing configuration. Third, practitioners can mimic the successful configurations within their own organizations.

2. Literature review
The circular economy can be defined as ‘slowing, closing and narrowing’ resource and energy loops (Bocken et al., 2016, p. 309; Geissdoerfer et al., 2017, p. 759). This broad definition includes practices such as:

1. Recovery activities such as reuse, repair, refurbishing, remanufacturing, repurposing and recycling activities
2. Long-lasting design and the reduction of material use
3. Product-service systems and sharing platforms (Geissdoerfer et al., 2017; Lüdeke-Freund et al., 2019). 

In this research we focus on CBMs which ‘close’ and ‘slow’ the loop through manufacturing activities related to the recovery of used products. CBMs based on product-service systems, sharing platforms and designing products to last longer aim to ‘narrow’ the loop and are therefore beyond the scope of this research. Re-using activities, for example the redistribution of surplus food and second-hand markets, does not require manufacturing activities, and are therefore beyond the scope of this research too. Hence, we limit ourselves to repair, refurbish, remanufacture, repurpose and recycling activities.

[bookmark: _Hlk42079472]2.1 Circular business models
Most researchers and practitioners conceive a business model as the answer to questions such as ‘how does a firm create value?’, ‘how to make customers pay for products and services?’, ‘who are the customers and how are they reached?’ and ‘how does a firm create, grow and retain their business?’ (Osterwalder and Pigneur, 2010; Teece, 2010). Major practitioner business model frameworks such as the ‘the business model canvas’ (Osterwalder and Pigneur, 2010) and the ‘business model navigator’ (Gassmann et al., 2014) as well as widely accepted theoretical definitions of the business model of, amongst others, Teece (2010) and Zott et al. (2011), convert on four main dimensions: value proposition, value delivery, value creation, and value capture. The value proposition describes the blend of economic, social and environmental value offered to the chosen customer segments. The value delivery refers to how the value is delivered to the customer and considers aspects such as who is the target customer and how to reach the target customer (Osterwalder and Pigneur, 2010). The value creation refers to the context of our study: i.e., the manufacturing activities needed to create value (Zott et al., 2011). Finally, the fourth dimension, the value capture, describes the cost structure and the revenue model of the business model (Bocken et al., 2016).
A CBM can be defined as a business model which specifically aims at solutions for the circular economy (Geissdoerfer et al., 2018). Literature proposes several CBMs which start-ups can adopt to close or slow the loop. For instance, Bocken et al. (2016) proposes that start-ups can slow or close the loop by adopting CBMs which ‘extend product value’, ‘extend resource value’ or through CBMs based upon ‘industrial symbiosis’. Likewise, Lüdeke-Freund et al. (2019) suggest five CBM typologies to close or slow the loop, namely ‘repair and maintenance’, ‘refurbish and remanufacture’, ‘recycling’, ‘cascading and repurposing’ and ‘organic feedstock’. Other descriptions of CBMs broadly follow the same terms – see for instance Geissdoerfer et al. (2018), Linder and Williander (2017) and Henry et al. (2020). 

2.2 Value creation and manufacturing in CBMs
Value creation is the main source of competitive advantage of the firm and is therefore at the heart of the business model (Brandenburger and Stuart, 1996; Porter, 1985). The value creation in CBMs can involve a wide variety of manufacturing activities (Bocken et al., 2016; Lüdeke-Freund et al., 2019). For instance, ‘repair and maintenance’ and ‘refurbish and remanufacturing’ can involve dismantling, cleaning and replacing worn-out parts and components (Lüdeke-Freund et al., 2019) and may require grading and sorting activities (Bockholt et al., 2020). CBMs based on ‘recycling’ create value by separating, processing, shredding and mixing used products and potentially inserting them into the production process of new products (King et al., 2006). To classify the various manufacturing activities in general terms, we follow the chronological order in which used products can be recovered.
The first step in the value creation often involves pre-manufacturing activities such as testing, sorting and grading. Manual testing, sorting and grading activities are often labor-intensive, time consuming, and costly (Rahman and Subramanian, 2012). Automated testing, sorting and grading activities may require significant investments in technologies such as sensors and bar codes to quickly assess the quality of the used products (Bockholt et al., 2020). Moreover, in case of automated testing, an entire infrastructure might be needed to ensure that the products return to facilities with appropriate testing, sorting and grading equipment. Skipping pre-manufacturing might be possible when start-ups match the input with the requirements of the manufacturing process (Prosman and Wæhrens, 2019) or when the manufacturing process can handle (a certain degree of) quality differences.
Next, in the manufacturing stage, start-ups can create value in two main ways, namely through discrete and process manufacturing. Discrete manufacturing refers to activities such as repairing and replacing individual parts and components to improve the physical and aesthetic state of the used product (Lüdeke-Freund et al., 2019). Discrete manufacturing can be further broken down into standardized and customized discrete manufacturing based on the variation in the production steps. Standardized discrete manufacturing has a higher automation potential which can lead to cost reductions (Bockholt et al., 2020). Process manufacturing, on the other hand, refers to activities such as mixing, blending, extrusion, chemical reactions, baking and annealing to produce solids, liquids and powders typically delivered in bottles, tanks, bags and buckets (King, 2009). Process manufacturing typically creates value by winning back the materials and biological nutrients of used products (Lüdeke-Freund et al., 2019) such as in the case of industrial symbiosis (Prosman, 2018). The outputs of process manufacturing can be used as inputs for discrete manufacturing (King et al., 2006), for example making clothing out of recovered yarn.
Finally, start-ups can create value by transforming the used products in different ways. First, start-ups can either upcycle or downcycle the used products. Upcycling refers to increasing the value of the used products through improving the quality, functionality, and/or aesthetic value. Downcycling refers to decreasing the value of the used product (Lüdeke-Freund et al., 2019; McDonough and Braungart, 2013). Second, the transformed product can either keep or change its original function. For instance, transforming used clothing into stuffing is an example of downcycling used products into products with a different function. Transforming used polyethylene terephthalate (PET) bottles or ocean plastics into textiles is an example of upcycling used products into products with a different function (McDonough and Braungart, 2013).
Fig. 1 summarizes the manufacturing elements used to create value in CBMs. Massa et al. (2017) argue that configurations of business model elements – i.e., typical combinations of business model elements – are useful as they allow other firms to mimic or configure their business model. Therefore, insights into manufacturing configurations of successful circular CBMs allow other firms to mimic successful manufacturing configurations, thereby enabling a faster transition towards the circular economy. Since the manufacturing configurations of successful CBMs are unknown, our first research question is:

RQ1. Which manufacturing configurations characterize the CBMs of successful circular start-ups?

	Manufacturing elements

	Pre-manufacturing activities
	Manufacturing type
	Product transformation

	Manual sorting and grading
	Discrete (standardized)
	Same function – upcycling 

	Automated sorting and grading
	Discrete (customized)
	Same function – downcycling

	No sorting and grading
	Process manufacturing
	Different function – upcycling

	
	Process manufacturing + discrete (standardized)
	Different function – downcycling

	
	Process manufacturing + discrete (customized)
	


Fig. 1. Main elements of the manufacturing configuration of CBMs

2.3 Aligning manufacturing configurations with supply characteristics: a contingency theory perspective
[bookmark: _Hlk98663737][bookmark: _Hlk98663753][bookmark: _Hlk98663760]Contingency theory holds that firms are exposed to conditions which impact their practices and performances (Galbraith, 1973; Lawrence and Lorsch, 1967; Sousa and Voss, 2008; Wong et al., 2011). Previous literature highlights the relevance of contingency factors for several manufacturing activities such as firm size for performance measurement practices (Taylor and Taylor, 2014) and labor productivity, labor intensity and fierceness of competition for ISO 9000 adoption (Lo et al., 2013). With regards to sustainable practices, Silvestre et al. (2020) found that contingencies in the supply chain dynamics moderate the relationship between sustainable supply chain initiatives and supply chain sustainability trajectories. Following the same contingency logic, start-ups need to align the manufacturing configuration of their CBM with the context in which they operate (Bocken et al., 2014; Geissdoerfer et al., 2018). In fact, Wei et al. (2017) and Zott et al. (2011) argue that CBMs should transcend firm boundaries and should include contextual factors which shape the business model. However, the contingency perspective on the adoption of sustainable and circular manufacturing configurations remains rather immature (Chavez et al., 2021; Lai et al., 2015; Lo et al., 2013). Current literature on CBMs typically takes a firm-level perspective where the CBM describes how a firm creates value by adopting a circular practice regardless of the context. An exception is Hettiarachchi et al. (2022) who explored contingency factors for additive manufacturing to reduce material usage as a circular economy strategy. Hence, exploring contingency factors is crucial to gain a deeper understanding on when (not) to adopt a certain manufacturing configuration 
Supply characteristics such as heterogeneous quality, insufficient quantities and uncertain timing are well-established contingent factors which affect the manufacturing performance of CBMs (Bockholt et al., 2020; Bressanelli et al., 2019; Galbreth and Blackburn, 2009; Guide and Van Wassenhove, 2009a; Prosman and Wæhrens, 2019). The negative impact of heterogeneous quality stems from higher costs due to testing, sorting and grading activities (Rubio and Corominas, 2008). Moreover, heterogeneous quality can cause highly variable processing times, as such complicating the production planning and control and limiting the opportunities for standardized manufacturing (Bockholt et al., 2020; Guide, 2000). Prosman and Wæhrens (2019) show that even slight quality variances can have major impacts on manufacturing efficiency. Uncertain timing, in turn, can be caused by a number of factors such as the life-cycle stage of the used product, the rate of technological change, and illegal forms of product disposal (Bressanelli et al., 2019). High degrees of uncertainty complicates planning and forecasting activities and potentially leads to higher inventory costs to buffer against the supply uncertainty (Rubio and Corominas, 2008). Finally, insufficient quantities reduce the possibility of leveraging upon economies of scale (Kocabasoglu et al., 2007; Lieder and Rashid, 2016). Process manufacturing typically requires large and stable quantities due to high capital investments and the difficulty to interrupt the process in case of insufficient quantities (King, 2009). Indeed, Franco (2017) shows that one of the main steps in textile recycling is to select post-consumer waste streams which, in size and in form, are large enough to be regenerated and to realize economies of scale.
Besides the aforementioned supply characteristics, the value of the used products may also affect manufacturing activities (Bockholt et al., 2019; Yang et al., 2017). High value products may allow for more extensive manufacturing activities whereas low value inputs require more cost-efficient manufacturing activities (Bockholt et al., 2019; Yang et al., 2017). 

Fig. 2 illustrates the alignment between manufacturing configurations and the supply characteristics. However, although literature identifies the supply characteristics which affect the manufacturing configuration of CBMs, literature does not provide insights on how firms can align the manufacturing configuration with the supply characteristics. Insights into which manufacturing configuration to use in a given context guides managers in designing economically viable CBMs. Therefore, to empower the transition towards a circular economy, we set out to explore the following research question:

RQ2. How do start-ups align their manufacturing configuration with supply characteristics?

Manufacturing configuration
Pre-manufacturing activities
Manufacturing type
Product transformation
Supply characteristics:
Heterogeneous quality
Uncertain timing
Insufficient quantity
Value of the used products
Strategic alignment to maximize value capture




Fig. 2. The alignment of the manufacturing configuration and supply characteristics

3. Methodology
To empirically explore the research questions, we collect and analyze secondary data on the manufacturing configurations and the supply characteristics of successful circular start-ups. Secondary data typically suffice to describe CBMs as the “elements of business models are often quite transparent” (Teece, 2010, p. 179). Indeed, databases, magazines and newspapers contain vast amounts of secondary data about start-ups which are publicly available and easy and inexpensive to access. Moreover, by relying on widely available secondary data, we are able to collect data on virtually every circular start-up. Hence, we are less prone to biases and limitations related to sample selection and low response rates.  Therefore, relying on secondary data is appropriate to explore the research questions. In fact, previous research on the business models of start-ups have relied on secondary data, see for example Hartmann et al. (2016) and Henry et al. (2020). 

3.1 Database development
The database development followed several steps. We started with a broad database which we gradually narrowed down to derive at our final sample. Fig. 3 provides an overview of all the steps in the data collection and database development process.

[image: ]
Fig. 3. Overview of the data collection and database construction process.

As illustrated in Fig. 3, we first withdrew data from the Crunchbase database. Crunchbase is the world’s largest start-up database and contains funding and organizational data of over 650,000 start-ups. The premium access of the research institute allowed the authors to download large datasets. On the 7th of July 2020, we downloaded the information of all start-ups containing at least one of the following words in their organizational description: “upcycling”, “recycling”, “refurbishing”, “remanufacturing”, “repair”, “repurpose”, “waste”, “circular”, “take-back”, and any grammatical variations of these words. As a result, we downloaded the data of 4,586 start-ups. In addition, we performed an internet search to identify additional circular start-ups using search strings such as “sustainable start-up”, “circular start-up”, “waste start-up” “upcycling start-up”, “recycling start-up”, “take-back start-up” in combination with different keywords such as “food”, “e-waste”, “electronics”, “furniture”, and “fashion”. The search was conducted in the main languages of the authors (English, Italian, German, Dutch and Danish). We continued the internet search until we did not find any additional start-ups. In total, we added an additional 63 start-ups to the database. Due to the language constraints and due to the limited presence of Crunchbase outside of Europe, North America and Australia, we limited ourselves to start-ups from those regions. Although other countries such as China and India may have vast amounts of circular start-ups too, we were unable to obtain a representative sample. Including the few identified Asian, African and South American start-ups in our database might lead to potential contextual biases which are difficult to control for.
Next, we manually controlled for the business model of the start-ups to exclude start-ups which did not have a manufacturing CBM. Due to the wide range of keywords used, the majority (92.2%) of the start-ups did not have a business model related to the circular economy and were, therefore, excluded from the database. Furthermore, although 2.3% of the start-ups were active in the circular economy, they did not deploy any manufacturing activities (e.g., sharing and redistribution platforms, consulting or developing new technologies needed for the circular economy). We duly removed those start-ups from the database. Furthermore, 2.2% of the start-ups had a linear business model which they combined with a manufacturing CBM. The existence of a linear business model complicates the assessment of the success of the CBM as the CBM is less “pure” and may solely exist to support the linear business model. After removing those start-ups, we retained a sample of 145 start-ups. 
In the next step of the database development, we controlled for start-up success. In the context of start-ups, traditional economic performance metrics such as profit, turnover and return on investment may not fully reflect start-up success as high initial costs and immature operations might provide a biased view. Moreover, traditional firm performance metrics may fail to capture the growth potential of the start-up. Therefore, in line with previous studies on start-up performance, we measured performance in terms of firm size and in terms of their survival time (Baum et al., 2000; Chatterji et al., 2019; Shan et al., 1994). In addition, we used the received funding as a proxy for the start-up’s growth potential. We collected data on the firm size, survival time and funding from the LinkedIn profiles, websites and social media accounts of the start-ups as well as from their profiles on Crunchbase. Following Chatterji et al. (2019), we classified start-ups as active when (a) their website and social media accounts were active, (b) LinkedIn showed employees currently working at the start-up, and (c) Crunchbase and the start-up’s website and social media accounts had no mentions of a shutdown. We classified active start-ups who employ less than five employees while being operative for at least three years as ‘moderately successful’. The cutting criterion of more than five employees seems reasonable as many start-ups (24%) have only one to four employees after three years. These one to four employees are typically the founders of the start-up, as such indicating survival but little growth. Following the same line of reasoning, we classified start-ups with five or more employees as ‘successful’ as the recruitment of employees signifies growth. In addition, we also classified start-ups who did not meet the employee criterion but who received funding of at least $52,000 as ‘successful’. The cutting criterion of $52,000 is based on the analysis of the funding data of the start-ups. Our data show that a large share of start-ups in our sample (60%) received seed funding of up to $52,000. After $52,000, the funding amounts grow rapidly (the next funding amounts being $91,000, $150,000 and $194,000) due to series A, B and C funding. We assume that these significantly higher funding amounts reflect the investors’ growth expectations of the start-up. Finally, we excluded start-ups which were founded less than three years ago and did not receive more than $52,000 of funding since it is too early to assess the success of these start-ups. As a consequence, we classified 19 start-ups as ‘moderately successful’ and 79 start-ups as ‘successful’ while we excluded 47 start-ups from our sample.
As a final step of the database development, we collected and coded the data on the manufacturing configuration and the supply characteristics. We collected data from publicly available sources such as the company’s websites and social media accounts, relevant press articles, and case studies in the grey literature which describe the CBMs and the context in which the start-ups operate. Where needed, we contacted the start-ups to collect the missing data. Table 1 provides a description of the conditions and in-depth insights into the coding criteria. As two start-ups lacked vital information to code the CBMs, these start-ups were excluded from the database. As such, we retained a final sample of 96 start-ups. Although the final sample size is smaller than many observational studies at the firm level, it represents a substantial portion of the (moderately) successful circular start-ups. Moreover, our sample size is comparable to previous studies on start-ups – e.g., the study of Chatterji et al. (2019) contains 100 start-ups, Henry et al. (2020) use a sample of 128 start-ups and Baum et al. (2000) base their findings on an analysis of 142 start-ups.


	Supply characteristics
	Levels
	Excerpt of coding

	Heterogeneous quality
	Low: homogeneous quality  
	· Specific waste streams from the process industry: pulp, spent barley, gelatin, defatted sunflower seeds, aquafaba (liquid from cooking chickpeas), wastewater from the whiskey industry, shells from shellfish, orange peels (from orange juice factories).
· Specific food waste: orange peels (from supermarkets), spent coffee grounds.
· Sorted waste: PET, HDPE (yoghurt cups, milk jugs), PP, fishing nets, styrofoam (food trays), paper.
· Specific agricultural waste: pineapple leaves, coconut shells, coffee shells, tobacco stems, corn waste, coffee cherries, expired milk, excess milk, rice husk, cacao fruit pulp. 
· Cutting waste and scraps from the fashion industry: leather, fabrics, cotton, yarn.
· Blemished food: tomatoes, pears, apples, citrus fruits.
· Other: vinyl billboards, uprooted trees, used bullets, plastic storage/transportation trays, feathers, chewing gum, chopsticks, mining waste, corrugated cardboard, dust from marble mining and limestone quarries, car tires, wine bottles.

	
	Medium: similar products but with different quality levels 
	· Food waste: mix of expired food and surplus food.
· Plastic: mixed plastics, marine plastics.
· Agricultural waste: mix of leaves, stalks, dead plants, organic matter, roots.
· Construction debris: mix of different stones and materials.
· Capital goods: shipping containers, data center equipment, airplanes, helicopters, wind turbine blades, cars, car batteries.
· Used garments: mix of clothing types, leather jackets, t-shirts, clothing.
· Used consumer products (different models, wear and tear, etc.): phones, hard drives.

	
	High: different products
	· Mix of consumer electronics: phones, laptops, CD’s, etc.

	Uncertain timing 
	High: certain deliveries with stable quantities 

	· Waste streams from the process industry: pulp, spent barley, gelatin.
· Regular collection of household food waste.
· Service industry: wine bottles from restaurants, spent coffee grounds from bars.
· Cutting waste and scraps from the fashion industry: leather, fabrics, cotton, yarn. 
· Intermediaries: collection points (electronic shops for consumer electronics, second-hand clothing collection points), recycling companies (plastics, car tires).

	
	Medium: erratic but predictable timing and quantities 
	· Projects: excavation waste and construction debris from building sites.
· Seasonal agricultural (harvest) waste: leaves, stalks, dead plants, organic matter, roots, rice husk, pineapple leaves, coconut shells, coffee shells, tobacco stems, corn waste, coffee cherries, cacao fruit pulp.

	
	Low: erratic and unpredictable timing and/or quantities
	· End-of life consumer products (not sourced through an intermediary): phones, hard drives, laptops, airplanes, helicopters, wind turbine blades, data center equipment, cars, car batteries.
· Unpredictable agricultural waste: expired milk and excess milk from farmers, overproduction of fruits and vegetables.

	Insufficient quantity
	Many sources 

	· Consumers: food waste, phones, laptops, t-shirts, cars, car batteries.
· Common production waste: waste from farms, fishermen, bars and construction sites. 
· Common intermediaries for waste collection: retailers (e.g., returned electronics) and charities for second-hand clothing.  
· Common service sector waste: Food waste from supermarkets, bars, bakeries, green grocers, restaurants, schools, canteens, and computers and phones from companies.

	
	Few but large sources

	· Specialized industries: leather, ski skins, leather shoes and snowboard jackets manufacturers
· Specialized food process industry: orange juice, sunflower oil, meat processing, breweries, soy milk, hummus, whiskey producers.
· Other: festivals, billboard advertisement agencies, marble mines, stone quarries, data centres, airlines, wind park exploiters, large online retailers (Amazon), army.

	
	Few and small sources
	· No examples found.

	Value of the used product

	Low
	· Negative or neglectable value: food waste, mixed plastic waste, used fishing nets, waste streams from the processing industry (pulp, spent barley), cutting waste and scraps from the fashion industry (leather, fabrics, cotton, yarn), chopsticks, marble dust, cardboard, gravel.

	
	Medium 
	· Products with a low market value: sorted plastic with a market (e.g., PET, HDPE), used car tires, second-hand clothing.

	
	High
	· Electronics: used phones and laptops. 

	
	Very high
	· Capital goods and industrial equipment: Shipping containers, airplanes, helicopters, wind turbine blades, data centre equipment, machines, gearboxes, car engines, car batteries.


Table 1. Description of the coding criteria and excerpt of the coding for the supply characteristics


3.2 Data analysis
To analyze the data, we performed a qualitative comparative analysis (QCA). Although QCA was born in political sciences, the technique is increasingly used in other fields (Vink and van Vliet, 2009) – see for example Ortiz de Guinea and Raymond (2020). In essence, QCA uses Boolean logic to determine different configurations of conditions (i.e., the manufacturing configurations and supply characteristics) that generate the same outcome (i.e., ‘moderately successful’ and ‘successful’ start-ups). QCA can deal with small sample sizes of less than 100 cases (Ragin, 1987). Therefore, QCA fits our purpose of developing configurations of how successful circular start-ups create value (Schneider and Wagemann, 2010). To develop the configurations, we followed a five-step procedure: choice of the QCA method, choice of the QCA approach, necessity analysis, sufficiency analysis and interpretation of the QCA results.
In the first step, we selected the QCA technique. Three QCA techniques exist, namely crisp-set QCA (csQCA), multi-value QCA (mvQCA) and fuzzy-set QCA (fsQCA). fsQCA is extraordinarily sensitive and inaccurate values of key conditions can lead to biased results (Krogslund et al., 2015). As we rely on secondary data, we lack the substantive knowledge needed to calibrate fuzzy-set data. Therefore, it seems sensible to opt for the more robust csQCA or mvQCA techniques. The choice between csQCA and mvQCA depends on the type of data (Ragin, 2008; Vink and van Vliet, 2009). Table 2 shows the data types of our study and the possible QCA techniques according to Vink and van Vliet (2009) and Ragin (2008). As evident from Table 2, the csQCA (with dichotomized multichotomous conditions) is the most appropriate QCA technique for our study. 

	Data type
	Example
	csQCA
	mvQCA 

	Dichotomous nominal data
	Product transformation: upcycling, downcycling
	Yes
	No

	Multichotomous nominal data
	Manufacturing type: process manufacturing, discrete manufacturing (standard), discrete manufacturing (custom), process manufacturing + discrete manufacturing
	Yes (based on dichotomized dummy variables)
	Yes

	Multichotomous ordinal data
	Heterogeneity of the input: high, medium, low
	Yes (based on dichotomized dummy variables)
	No


Table 2. The link between data type and QCA technique
A high number of conditions produces very complex results, making a meaningful interpretation of the csQCA outcomes a daunting task (Schneider and Wagemann, 2010). To limit the complexity, we followed the two-step approach of Schneider and Wagemann (2010). In the first step, the csQCA analyses the manufacturing configurations that can lead to success – as such exploring our first research question. In the second step, the csQCA identifies which supply characteristics lead to success within the manufacturing configurations identified in the first step – thereby exploring the second research question. 
Next, we performed the necessity analysis based on the inclusion and the relevance of the conditions. Inclusion provides a first indication if condition X is a necessary condition for outcome Y because X is present when Y occurs (Ragin, 1987): 


Inclusion scores above 0.9 indicate that the condition is, on its own, necessary to achieve the outcome. (Schneider and Wagemann, 2012). To check if a condition is trivial for the success of the start-up, i.e., condition X is widely present in the dataset but the coverage on outcome Y is small, we calculate the Relevance of Necessity (RoN) value for each condition:


Low RoN values indicate that a condition is trivial while a high score indicates that the condition is relevant for the outcome (Schneider and Wagemann, 2012).
The sufficiency analysis aims to find the minimal configurations of conditions that are sufficient for a given outcome by applying Boolean logic. The configurational analysis starts with a truth table which lists all possible configurations and the frequency and consistency of each configuration. The recommended frequency threshold for samples up to 150 cases is 2 while the recommended consistency threshold is 0.75 (Ragin, 2006). For configurations with an inclusion score above 0.75, the outcome is set to 1 as they explain the outcome. The outcome for the other configurations is set to 0. In addition, we checked and studied the deviant cases: i.e., cases that have an inclusion in the configuration but not in the outcome. We identified six deviant cases. We decided to keep the deviant cases in the minimization process because a more in-depth analysis of the deviant cases did not reveal obvious reasons (such as mismanagement of the start-up and unfavorable events) which explain the deviating outcomes. To minimize the configurations as presented in the truth table and to distil only the most important conditions needed for successful manufacturing configurations, we first calculate the parsimonious solution (Duşa, 2019). The parsimonious solution distils the core conditions by identifying the conditions, or set of conditions, which have a strong correlation with the outcome. Next, to derive the peripheral conditions – i.e., the conditions, or set of conditions, with a weak correlation with the outcome – we calculate the intermediate solution. The intermediate solution compares the parsimonious solution with all possible configurations based on logical operations (also known as the complex solution). For a detailed description of the steps involved in the intermediate solution, see Ragin and Sonnett (2005). For the application of calculating the parsimonious and intermediate solution in R, see Duşa (2019). 
To interpret the parsimonious and intermediate solutions, we followed the guidelines of Schneider and Wagemann (2010). We identified the conditions of the parsimonious solution in the intermediate solution to distinguish between core and peripheral conditions. In addition, we related the csQCA outcomes to the cases to make sense of the outcomes rather than interpreting the outcomes in a mechanical way. 

3.4 Research quality
We applied several measures to ensure the reliability and validity of this study. Secondary data may impose problems as the researcher is not involved in the data collection (Johnston, 2014). To increase the descriptive validity, we therefore consulted and compared different sources such as the start-up’s website and newspaper articles about the start-up (Tashakkori and Teddlie, 2002). In addition, we left the coding categories deliberately general (e.g., high, medium, low) to match the level of detail with the accuracy provided by the secondary data. For the same reason, we applied csQCA rather than fsQCA as we arguably lack the knowledge to calibrate fuzzy set data based on secondary data sources. To ensure the reliability of the coding, the data collection and coding was independently performed by two researchers. While researcher A is one of the authors of this paper, researcher B is not involved in this research and is not aware of the research questions – as such limiting the possible risk of a confirmation bias in the coding process. After the coding, the codes of researchers A and B were compared and disagreements were discussed. If needed, additional data was collected to resolve disagreements. No disagreements were left unsolved after the discussions, which confirms the reliability of the coding process. Excel was used to manage the data and the coding process in a systematic way and R was used to perform the csQCA, thereby increasing the reliability and validity of our findings (Yin, 2009).

4. Results
4.1 Manufacturing configurations of successful start-ups
Table 3 shows the results of the first step of the csQCA. The column with the inclusion score shows the proportion of start-ups containing a given manufacturing element. For example, 5.1% of the start-ups have automated sorting and grading activities, 10.1% have manual sorting and grading activities and 84.8% have no sorting and grading activities. So, the inclusion scores in Table 3 indicate that the majority of the start-ups does not sort or grade the used products, use process manufacturing and upcycles the used product by changing its function. The high RoN values in the next column of Table 3 indicate that all the manufacturing elements are relevant for the success of the start-ups. The three columns at the right of Table 3 present the three identified manufacturing configurations found in successful circular start-ups. The configurations align with Bocken et al. (2016) and are therefore named similarly. The symbols indicate whether the presence or absence of manufacturing elements is a core or peripheral condition of the manufacturing configuration. For example, the absence of sorting and grading (i.e., there is either automated or manual sorting and grading) and the presence of discrete customized manufacturing are core conditions for manufacturing configuration A: ‘Extend product value’. As presented by the consistency scores at the bottom of Table 3, the three configurations cover respectively 12.7%, 19% and 53.2% of the successful start-ups, summing up to 84.9% of the successful start-ups in our sample. Finally, the coverage scores in Table 3 illustrate different success rates among the three different configurations. The smaller configurations A and B include only successful start-ups while 87.5% of the start-ups in the larger configuration C are successful (compared to 80.2% in the entire sample).


	
	Inclusion
	RoN
	Successful configurations

	Manufacturing elements
	
	
	A: Extend product value
	B: Extend resource value
	C: Processing

	Pre-manufacturing activities
	
	
	
	
	

	Automatic sorting and grading
	0.051
	1.000
	
	
	

	Manual sorting and grading
	0.101
	0.955
	
	
	

	No sorting and grading
	0.848
	0.552
	⊗
	⚫
	⚫

	Manufacturing type
	
	
	
	
	

	Discrete (standardized)
	0.203
	1.000
	
	⚫
	

	Discrete (customized)
	0.152
	0.952
	⚫
	⊗
	⊗

	Process manufacturing
	0.570
	0.863
	
	
	⚫

	Process manufacturing + discrete (standard)
	0.076
	0.933
	
	⊗
	⊗

	Process manufacturing + discrete (custom)
	0.000
	1.000
	
	
	

	Product transformation
	
	
	
	
	

	Same function – upcycling 
	0.152
	1.000
	⚫
	
	

	Same function – downcycling 
	0.000
	1.000
	
	
	

	Different function – upcycling 
	0.823
	0.484
	⊗
	⚫
	

	Different function – downcycling
	0.025
	0.989
	⊗
	⊗
	⊗

	Consistency*
	
	
	0.127
	0.190
	0.532

	Coverage**
	1.000
	1.000
	0.875

	Overall solution consistency
	
	0.848

	Overall solution coverage
	
	
	0.793

	* The consistency score reflects the successful start-ups in the configuration in proportion to the total number of successful start-ups.
** The coverage score indicates the proportion of successful start-ups in the configuration.
Legend: ⚫ = presence of a core condition; ⊗ = absence of a core condition; ⚫ = presence of a peripheral condition; ⊗ = absence of a core condition; blank = ‘don’t care’.


Table 3. Manufacturing configurations enabling success

Table 4 provides the descriptive statistics of the supply characteristics of each manufacturing configuration. The following sections present the three configurations and the supply characteristics in more detail.


	Supply characteristics
	Manufacturing configuration A: Extend product value
	Manufacturing configuration B: Extend resource value
	Manufacturing configuration C: Processing

	Heterogeneity
	
	
	

	Low
	
	66.7%
	60.4%

	Medium
	100%
	33.3%
	39.6%

	High
	
	
	

	Uncertainty timing
	
	
	

	Low
	40%
	86.7%
	83.3%

	Medium
	
	6.7%
	12.5%

	High
	60%
	6.7%
	4.2%

	Sufficiency quantity
	
	
	

	Many sources
	60%
	66.7%
	77.1%

	Few but large sources
	40%
	33.3%
	22.9%

	Few and small sources
	
	
	

	Value input
	
	
	

	Low
	
	53.3%
	95.8%

	Medium
	10%
	46.7%
	4.2%

	High
	40%
	
	

	Very high
	50%
	
	


Table 4. Supply characteristics found for each of the manufacturing configurations

4.1 Manufacturing configuration A: Extend product value
Manufacturing configuration A is with 12.7% of the successful start-ups the smallest configuration in our sample. To recover the used products, these start-ups first sort and grade the inputs followed by a customized discrete manufacturing process to upcycle the input while keeping the original function. The exact processing steps depend on the quality of the input. An example in this manufacturing configuration is Aerocircular. This start-up provides end-of-life aircraft upcycling services to fleet owners by dismantling parts of the aircrafts and bringing these parts back in good condition. The recovered parts serve as spare parts. Another example is Gearbox Express who remanufactures wind turbine gearboxes. Depending on the condition of the gearbox, the gearbox is remanufactured and tested. At the heart of the operation is a 3.1-Megawatt test stand that mimics real-life wind conditions to ensure that the appropriate remanufacturing activities are performed.

As evident from Table 3, all start-ups in our sample with configuration A are successful. The second step of the csQCA to explore which supply characteristics lead to success is therefore impossible. Instead, the descriptive statistics in Table 4 provide insights in the supply characteristics of configuration A. Most of the start-ups within this manufacturing configuration operate in seemingly unfavorable conditions such as medium heterogeneity of the input and high uncertainty of the timing. The (very) high value of the input, for example the aforementioned airplane components and wind turbine gearboxes, but also car batteries and datacenter equipment, seems to provide sufficient margins to compensate for the unfavorable conditions as well as for the costs related to sorting, grading and the customized discrete manufacturing. The only start-up who does not rely on (very) high value products is Better World Fashion. Better World Fashion creates new leather jackets from old leather jackets by cutting out the bad pieces and replacing them with good pieces. However, as Better World Fashion collects old leather jackets through a non-governmental organization in Denmark, they arguably have a certain and sufficiently large source.

4.2 Manufacturing configuration B: Extend resource value
Manufacturing configuration B is with 19.0% of the cases the second most common manufacturing configuration in our sample. The start-ups within manufacturing configuration B do not sort and grade the used products. Instead, they upcycle the inputs into new products through a discrete and standardized manufacturing process. Examples of manufacturing configuration B include Rebottled and Chopvalue. Rebottled collects empty wine bottles from restaurants. The wine bottles are cleaned and cut in two. After polishing the edges, the bottom half of the wine bottle becomes a drinking glass and the top half of the wine bottle becomes a lamp shade. Chopvalue adopts a similar approach where they collect used disposable bamboo chopsticks from restaurants. The collected chopsticks are compressed using a hydraulic press to make wooden shapes which are used to make furniture. 

As evident from Table 3, all the start-ups in our sample with configuration B are successful, rendering the second step of the csQCA impossible. The descriptive statistics in Table 4 show that most start-ups source from stable and widely available sources such as restaurants and recycling companies. Furthermore, the start-ups in our sample use homogenous inputs like the aforementioned chopsticks but also medium heterogeneous inputs such as wine bottles, used bullets and t-shirts. As the start-ups upcycle the low to medium value used products into higher value products, the created margin covers the costs of the standard discrete manufacturing.

4.3 Manufacturing configuration C: Processing
Manufacturing configuration C is with 53.2% of the cases the most common configuration in our sample. In this configuration, the start-ups do not sort and grade the input. Through process manufacturing, the unsorted used products are upcycled by melting, blending and mixing the input into new products with a different function. For example, Planetarians collects defatted sunflower seeds from sunflower oil processing factories. The defatted seeds are usually used as animal feed. By processing the seeds with steam, heat and pressure, Planetarians turns them into chips for human consumption. Another example is PeelPioneers who extracts valuable raw materials from orange peels which are otherwise burned or turned into biomass. PeelPioneers receives large amounts of orange peels from a large supermarket chain. Once the peels arrive at the production location, they press the orange peels to extract oils and fibers. The factory processes more than ten million kilograms of orange peels per year.  

As evident from Table 3, 87.5% of the start-ups with manufacturing configuration C are successful. Table 5 presents the results of the csQCA to investigate which supply characteristics lead to success. The high inclusion scores in Table 5 indicate that a large share of the start-ups use stable sources of low value input such as food waste from restaurants and supermarkets, shredded textile waste sourced from recycling firms and common production wastes such as fishing nets and construction debris. Furthermore, cases with highly heterogeneous inputs and high or very high value inputs are not present within our sample, as such suggesting that these supply characteristics do not fit configuration C. Second, the low relevance scores (below 0.75) indicate that homogenous waste, low uncertainty and the availability of sufficient sources are trivial to the success of configuration C as these supply characteristics are both widely present in successful and moderately successful start-ups.
Based on the csQCA, we identified two supply configurations in which manufacturing configuration C has a high probability of success. The coverage shows that these two supply configurations cover respectively 26.2% and 35.9% of the successful start-ups within configuration C. In the first supply configuration, the start-ups rely on few but large and homogenous sources. The reliance on homogenous sources, arguable possible by relying on a few large industrial suppliers, removes the need to sort and grade the input prior to the processing. For example, RISE products collects spent barley from microbreweries and Gelatex recovers gelatin from the meat processing industry. In the second supply configuration, the start-ups rely on widely available and medium heterogeneous inputs such as food waste and used garments. A deeper look into the manufacturing conditions of the start-ups in the second supply configuration suggests that the processing stages are unaffected by the medium heterogeneity of the inputs and therefore do not need prior sorting and grading activities. For example, MacRebur melts mixed plastics into pallets which are used for road surfaces, Re:newcell shreds and de-colors used garments to make new textiles, and the black soldier flies from Entocycle break down diverse food wastes and turn them into protein. As such, our findings suggest that processing can provide a degree of flexibility to deal with medium heterogeneous inputs.



	
	Inclusion
	RoN
	Successful supply characteristics

	Supply characteristics conditions
	
	
	1: Industrial waste
	2: General waste

	Heterogeneous quality
	
	
	
	

	Low
	0.571
	0.729
	⚫
	⊗

	Medium
	0.429
	0.967
	
	⚫

	High
	0.000
	1.000
	
	

	Uncertain timing
	
	
	
	

	Low
	0.833
	0.615
	⚫
	⚫

	Medium
	0.143
	1.000
	
	

	High
	0.024
	0.979
	
	

	Insufficient quantities
	
	
	
	

	Few and small sources 
	0.000
	1.000
	
	

	Few but large sources 
	0.262
	1.000
	⚫
	

	Many sources 
	0.738
	0.647
	
	⚫

	Value of the used products
	
	
	
	

	Low
	0.952
	0.250
	⚫
	⚫

	Medium
	0.048
	1.000
	
	

	High
	0.000
	1.000
	
	

	Very high
	0.000
	1.000
	
	

	Consistency*
	
	
	0.262
	0.357

	Coverage**
	1.000
	0.970

	Overall solution consistency
	
	0.619

	Overall solution coverage
	
	
	

	* The consistency score reflects the successful start-ups in the supply configuration in proportion to the total number of successful start-ups.
** The coverage score indicates the proportion of successful start-ups in the configuration.
Legend: ⚫ = presence of a core condition; ⊗ = absence of a core condition; ⚫ = presence of a peripheral condition; ⊗ = absence of a core condition; blank = ‘don’t care’.


Table 5. Supply configurations which enable success of manufacturing configuration C: Processing

5. Discussion
The aim of this paper is to derive insights on manufacturing configurations of successful circular start-ups. Identifying common manufacturing configurations and investigating how they align with the supply characteristics yielded a number of contributions to the academic debate. The next sections outline and discuss these contributions.

5.1. Manufacturing configurations of CBMs
By answering the first research question we provide insights and directions to the core of the current debate in manufacturing literature on how to make circular manufacturing activities economically viable. A first interesting result is that the three identified manufacturing configurations correspond with the three CBM archetypes of Bocken et al. (2016). Besides validating the CBM archetypes of Bocken et al. (2016), our results further refine the archetypes by providing more detailed insights into which manufacturing configurations enable economic viability. A second interesting result is that the majority of the start-ups use process manufacturing. Yet, the body of manufacturing literature on CBMs seems to be focused on discrete remanufacturing (Kerin and Pham, 2019; Sitcharangsie et al., 2019). A possible explanation of the seemingly low number of discrete remanufacturing in our sample is that the original manufacturer knows the product best and can therefore optimize remanufacturing activities (Ellen MacArthur Foundation, 2015). Support for this explanation is provided by Quariguasi Frota Neto and Dutordoir (2020) who found that remanufacturing is typically done by the original manufacturer and rarely occurs in an open-loop CBM. However, an alternative explanation might be that remanufacturing often lacks an economically viable business case as suggested by amongst others Bockholt et al. (2020) and Genovese et al. (2017). Since circular start-ups have no alternative revenue streams to cover loss-making remanufacturing activities, our results suggest that such CBMs might only be profitable for (very) high value items (configuration A). Therefore, remanufacturing might not be the single direction for the transition towards a circular economy and attention should be paid to the role of process manufacturing and extending resource value.

5.2. Aligning the manufacturing configuration with supply characteristics: a contingency theory perspective
By answering the second research question, the results suggest that the manufacturing configuration is contingent upon the supply characteristics of heterogeneous quality, uncertain timing, insufficient quantities and the value of the used product. 
First, the results confirm that heterogeneous quality, uncertain timing and insufficient quantities are contingent factors which constrain the adoption of certain manufacturing configurations (Bockholt et al., 2020; Bressanelli et al., 2019; Galbreth and Blackburn, 2009; Guide and Van Wassenhove, 2009; Prosman and Wæhrens, 2019). Indeed, the limited number of start-ups in our sample in contexts characterized by heterogeneous input, uncertain timing and insufficient quantities suggests that it is challenging to use CBMs in such contexts. Hence, our results suggest that other sustainable strategies than the ones studies in this research might be preferable under such circumstances. 
Second, the value of the used product is a contingent factor which mediates the impact of heterogeneous quality, uncertain timing and insufficient quantities and the adoption of CBM manufacturing configurations. Our results suggest that the ‘recover product value’ manufacturing configuration in a context with (very) high value input can provide firms with sufficient margins to compensate for the disadvantages of heterogeneous input, uncertain timing and insufficient quantities. This is in line with the Bockholt et al. (2019) and Yang et al. (2017) who stress the importance of the value of the used product.
Third, the start-ups focus on highly homogeneous waste streams or medium homogenous waste streams. The first case, i.e., highly homogenous input, enables start-ups to match the manufacturing process with the waste characteristics (configuration C ‘processing’). In the latter case, i.e., medium homogeneous waste, the start-ups need to incorporate a certain degree of flexibility in the manufacturing process (configuration B: ‘extending resource value’ and configuration C: ‘processing’). This suggests that setting the right flexibility boundaries for the manufacturing process or increasing the homogeneity of the input is of utmost importance. Too much flexibility might reduce efficiency while too little flexibility might lead to the need to sort and grade the input (Rubio and Corominas, 2008). However, little is known about how firms can achieve this and more in-depth research is needed to understand the feasibility and economic trade-offs of balancing flexibility with improving the homogeneity of the inputs.
In sum, our findings suggest that it is important to align the manufacturing configuration with the contingencies embedded in the supply characteristics. This is in line with contingency theory (Galbraith, 1973; Lawrence and Lorsch, 1967; Sousa and Voss, 2008), where the contingent factors for manufacturing CBMs are heterogeneous quality, uncertain timing, insufficient quantities and the value of the used product. The impact of contingencies on sustainable practices is congruent with the growing body of contingency research in sustainable operations and supply chain management such as Hettiarachchi et al. (2022), Lo et al. (2013) and Silvestre et al. (2020).

6. Conclusion
This study sheds new light upon the manufacturing configurations for CBMs. To transition to a circular economy, profitable CBMs are needed. Still, extant research has mainly focused on developing specific solutions for discrete remanufacturing CBMs while overlooking which manufacturing configurations enable an economically attractive circular transition. By analyzing the manufacturing configurations of 96 successful circular start-ups, we suggest three successful configurations. The three configurations provide insight into the pre-manufacturing activities (i.e., sorting and grading), the manufacturing type (e.g., discrete and process manufacturing) and the product transformation (e.g., upcycling and downcycling). We identified how the manufacturing configurations are contingent upon supply characteristics, thereby highlighting that a given manufacturing configuration does not work in every given context. Fig. 3 summarizes the main findings by adding the results of our study to Fig. 2 of the literature review. 
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Fig. 3. The alignment of the manufacturing configuration and supply characteristics. 

6.1. Future research directions
Our research opens up several avenues for future research. Configurations form the basis for theory building and can be subjected to rigorous empirical testing (Doty and Glick, 1994; Rich, 1992). By building upon the configurations of Bocken et al. (2016), the configurations identified in this study form an appropriate basis for future research. Qualitative and quantitative research could further refine the configurations, for example by incorporating other aspects of the manufacturing strategy such as market-, product-, capability- and price-based strategies (Cagliano et al., 2005), and the level of globalization of the manufacturing processes (Cagliano et al., 2008). Moreover, future research could investigate how incumbent firms can implement the configurations of the start-ups. Incumbent firms may have to combine the configurations with their linear value chains which, in case of the most common configurations B and C, will result in a new product line due to transforming the function of the original product. Furthermore, another interesting direction could be to explore how firms can modify the input characteristics, for example through supplier integration (see also Prosman and Wæhrens, 2019) or through new partnerships. Next, in terms of theory, contingency research could identify in which contexts, besides the ones studied in this research, the CBMs are successful. Research could, for instance, investigate the configurations in different industries and different geographical locations (with different laws with regards to waste treatment). Such research would deepen the knowledge needed to accelerate the transition towards a circular economy. Finally, this research provides insights into the empirical context in which the circular economy unfolds. Previous research has mainly focused on discrete remanufacturing while our research suggests that process manufacturing CBMs are more widespread in the real-world. Hence, our research suggests to broaden the empirical focus to avoid overlooking promising directions in transitioning towards a circular economy.

6.2. Managerial implications
As environmental sustainability is increasingly gaining traction, an increasing number of firms must decide if and how to make their processes more environmentally benign. This research provides three manufacturing configurations for CBMs and we provided insights into how managers can adopt successful manufacturing configurations in line with supply characteristics. However, we are not claiming that these three CBM configurations are always the most preferred options. Managers should evaluate the firm’s wider context and align their decisions with the corporate strategy and the firm’s competitive landscape.

6.3. Limitations
Our study is not without limitations. First, although comparable to other studies on start-up performance and despite covering a large proportion of the circular start-ups, our sample size is modest. The limited sample size constraints the conclusions we draw, in particular on configurations with a lower number of cases (configurations A and B). Second, the reliance on secondary data limited the level of detail of our research, restricting us from covering other essential aspects of the manufacturing configuration. Moreover, using secondary data potentially exposed us to inaccurate and outdated data. We tried to minimize this risk by triangulating the data by using multiple data sources and, when clear data was lacking, discarding the start-up from the study. Third, basing our findings on successful start-ups exposes us to the survival bias. Unfortunately, collecting data from unsuccessful start-ups proved to be difficult as such data is often unavailable, lacks detail and is outdated. Fourth, as our research solely focuses on start-ups, the findings might not apply to incumbent firms as they must combine the CBM with existing operations. In addition, operations management practices which are relevant for small firms are not necessarily the most relevant levers for larger firms (Taylor and Taylor, 2014). However, as the start-ups did not rely on other business activities, the CBMs proved profitable by themselves. Hence, we expect that the results are valid for incumbent firms too. Fifth, the start-ups in our database come from Europe, Northern America and Australia. As business conditions in the Asian, African and Latin American economies can differ significantly from our research context, our findings might not be valid outside the researched context. Sixth, from a managerial perspective, the identified configurations lack depth. Managers should not rely on shallow analogies (Gavetti and Rivkin, 2005). Therefore, our findings only provide a starting point and should be considered along with other manufacturing aspects as well as with the competitive context of the firm.
To conclude, this research puts us at the Kitty Hawk stage: we have demonstrated the basic principles of drag and lift, but we do not yet know how to fly people across the Atlantic in an Airbus A380. Indeed, we have demonstrated which basic manufacturing configurations work and the contingencies which affect them, but we need more in-depth research to make the circular economy fly. 

References
Amit, R., Zott, C., 2015. Crafting business architecture: the antecedents of business model design. Strateg. Entrepreneurship J. 9 (4), 331–350.
Baum, J.A.C., Calabrese, T., Silverman, B.S., 2000. Don’t go it alone: Alliance network composition and startups’ performance in Canadian biotechnology. Strateg. Manag. J. 21 (3), 267–294.
Beh, L.S., Ghobadian, A., He, Q., Gallear, D., O’Regan, N., 2016. Second-life retailing: a reverse supply chain perspective. Int. J. Supply Chain Manag. 21 (2), 259–272. 
Bocken, N.M.P., Short, S.W., Rana, P., Evans, S., 2014. A literature and practice review to develop sustainable business model archetypes. J. Clean. Prod. 65, 42–56. 
Bocken, N.M.P., de Pauw, I., Bakker, C., van der Grinten, B., 2016. Product design and business model strategies for a circular economy. J Ind. Prod. Eng. 33 (5), 308–320. 
Bockholt, M.T., Kristensen, J.H., Wahrens, B.V., Evans, S., 2019. Learning from the nature: Enabling the transition towards circular economy through biomimicry. IEEE Int. Conf. Ind. Eng Manag. 870–875. 
Bockholt, M.T., Kristensen, J.H., Colli, M., Meulengracht, P.J., Wæhrens, B.V., 2020. Exploring factors affecting the financial performance of end-of-life take-back program in a discrete manufacturing context. J. Clean. Prod. 258, 120916. 
Brandenburger, A.M., Stuart Jr., H.W., 1996. Value-based business strategy. J. Econ. Manag. Strategy. 5 (1), 5–24. 
Bressanelli, G., Perona, M., Saccani, N., 2019. Challenges in supply chain redesign for the circular economy: A literature review and a multiple case study. Int. J. Prod. Res. 57 (23), 7395–7422. 
Cagliano, R., Acur, N., Boer, H., 2005. Patterns of change in manufacturing strategy configurations. Int. J. Oper. Prod. Manag. 25 (7), 701–718.
Cagliano, R., Caniato, F., Golini, R., Kalchschmidt, M., Spina, G., 2008. Supply chain configurations in a global environment: A longitudinal perspective. Oper. Manag. Res. 1 (2), 86–94. 
Chatterji, A., Delecourt, S., Hasan, S., Koning, R., 2019. When does advice impact startup performance? Strateg. Manag. J., 40 (3), 331–356. 
Chavez, R., Malik, M., Ghaderi, H., Yu, W., 2021. Environmental orientation, external environmental information exchange and environmental performance: examining mediation and moderation effects. Int. J. Prod. Ec. 240, 108222–108233. 
Doty, D.H., Glick, H.W., 1994. Typologies as a unique form of theory building : Toward improved understanding and modeling. Acad. Manag. Rev. 19 (2), 230–251. 
Duşa, A., 2019. QCA with R. Springer.
Ellen MacArthur Foundation, 2015. Towards a circular economy: Business rationale for an accelerated transition. https://www.ellenmacarthurfoundation.org/assets/downloads/publications/TCE_Ellen-MacArthur-Foundation_26-Nov-2015.pdf [Online; Accessed 24 May 2021]
Franco, M.A., 2017. Circular economy at the micro level: A dynamic view of incumbents’ struggles and challenges in the textile industry. J. Clean. Prod. 168, 833–845. 
Galbraith, J.R., 1973. Designing Complex Organizations. Addison-Wesley Longman Publishing.
Galbreth, M.R., Blackburn, J.D., 2009. Optimal acquisition and sorting policies for remanufacturing. Prod. Oper. Manag. 15 (3), 384–392. 
Gassmann, O., Frankenberger, K., Csik, M., 2014. Business Model Navigator: 55 Models That Will Revolutionise Your Business. Pearson.
Gavetti, G., Rivkin, J.W., 2005. How strategists really think: Tapping the power of analogy. Harv. Bus. Rev. 83 (4), 54–63.
Geissdoerfer, M., Morioka, S.N., de Carvalho, M.M., Evans, S., 2018. Business models and supply chains for the circular economy. J. Clean. Prod, 190, 712–721. 
Geissdoerfer, M., Savaget, P., Bocken, N.M.P., Hultink, E.J., 2017. The circular economy – A new sustainability paradigm? J. Clean. Prod, 143, 757–768. 
Guide, V.D.R., 2000. Production planning and control for remanufacturing: industry practice and research needs. J. Oper. Manag. 18 (4), 467–483. 
Guide, V.D.R., van Wassenhove, L.N., 2009. Managing product returns for remanufacturing. Prod. Oper. Manag. 10 (2), 142–155. 
Hartmann, P.M., Zaki, M., Feldmann, N., Neely, A., 2016. Capturing value from big data – a taxonomy of data-driven business models used by start-up firms. Int. J. Oper. Prod. Manag, 36 (10), 1382–1406. 
Hayes, R.H., Pisano, G.P., 1994. Beyond world-class: the new manufacturing strategy. Harv. Bus. Rev. 72 (10), 77–86.
Henry, M., Bauwens, T., Hekkert, M., Kirchherr, J., 2020. A typology of circular start-ups: Analysis of 128 circular business models. J. Clean. Prod, 245, 118528. 
Hettiarachchi, B. D., Brandenburg, M.,  Seuring, S., 2022. Connecting additive manufacturing to circular economy implementation strategies: links, contingencies and causal loops. Int. J. Prod. Ec. 246, 108414–108433.
Hopkinson, P., Zils, M., Hawkins, P., Roper, S., 2018. Managing a complex global circular economy business model: pportunities and challenges. Calif. Manag. Rev. 60 (3), 71–94. 
Jayaraman, V., Luo, Y., 2007. Creating Competitive Advantages Through New Value Creation: A Reverse Logistics Perspective. 
Johnston, M.P., 2014. Secondary data analysis: A method of which the time has come. Qual. Quant. Methods Librar. 3, 619–626. 
Kerin, M., Pham, D.T., 2019. A review of emerging industry 4.0 technologies in remanufacturing. J. Clean. Prod. 237, 117805. 
King, A.M.S., Burgess, S.C., Ijomah, W., McMahon, C.A., 2006. Reducing waste: repair, recondition, remanufacture or recycle? Sus. Develop. 14 (4), 257–267.
King, P.L., 2009. Lean for the process industry. Taylor & Francis.
Kocabasoglu, C., Prahinski, C., Klassen, R.D., 2007. Linking forward and reverse supply chain investments: The role of business uncertainty. J. Oper. Manag. 25 (6), 1141–1160. 
Krogslund, C., Choi, D.D., Poertner, M., 2015. Fuzzy sets on shaky ground: Parameter sensitivity and confirmation bias in fsQCA. Polit. Anal. 23 (1), 21–41. 
Lai, K. H., Wong, C. W. Y., Lam, J. S. L., 2015. Sharing environmental management information with supply chain partners and the performance contingencies on environmental munificence. Int. J. Prod. Ec. 164, 445–453. 
Lawrence, P.R., Lorsch, J.W. (1967). Differentiation and integration in complex organizations. Adm. Sci. Q. 12 (1), 1-47. 
Lieder, M., Rashid, A., 2016. Towards circular economy implementation: A comprehensive review in context of manufacturing industry. J. Clean. Prod, 115, 36–51. 
Linder, M., Williander, M., 2017. Circular business model innovation: Inherent uncertainties. Bus. Strategy Environ. 26 (2), 182–196. 
Lo, C. K. Y., Wiengarten, F., Humphreys, P., Yeung, A. C. L., Cheng, T. C. E., 2013. The impact of contextual factors on the efficacy of ISO 9000 adoption. J. Oper. Manag. 31(5), 229–235.
Lüdeke-Freund, F., Gold, S., Bocken, N.M.P., 2019. A review and typology of circular economy business model patterns. J. Ind. Ecol. 23 (1), 36–61.
Massa, L., Tucci, C., Afuah, A., 2017. A critical assessment of business model research. Acad. Manag. Ann. 11 (1), 73–104. 
McDonough, W., Braungart, M., 2013. The Upcycle. North Point.
Ortiz de Guinea, A., Raymond, L., 2020. Enabling innovation in the face of uncertainty through IT ambidexterity: A fuzzy set qualitative comparative analysis of industrial service SMEs. Int. J. Inf. Manag. 50, 244–260. 
Osterwalder, A., Pigneur, Y., 2010. Business Model Generation - A handbook for visionaries, Game Changers and challengers. John Wiley & Sons Inc. 
Porter, M.E., 1985. Competitive Advantage: Creating and Sustaining Superior Performance. Free Press.
Prosman, E.J., 2018. Supply chain capabilities for industrial symbiosis Lessons from the cement industry. PhD thesis. Aalborg University Press.
Prosman, E.J., Wæhrens, B.V., 2019. Managing waste quality in industrial symbiosis: Insights on how to organize supplier integration. J. Clean. Prod, 234, 113–123. 
Quariguasi Frota Neto, J., Dutordoir, M., 2020. Mapping the market for remanufacturing: An application of “big data” analytics. Int. J. Prod. Ec., 230, 107807. 
Ragin, C.C., 1987. The Comparative Method. Moving Beyond Qualitative and Quantitative Strategies. Berkeley.
Ragin, C.C., 2008. Qualitative comparative analysis using fuzzy sets (fsQCA). In B. Rihoux, G. De Meur (Eds.), Configurational comparative methods (pp. 87–121). Sage.
Ragin, C.C., Sonnett, J., 2005. Between complexity and parsimony: Limited diversity, counterfactual cases, and comparative analysis. In S. Kropp, M. Minkenberg (Eds.), Vergleichen in der Politikwissenschaft (pp. 180–197). Verlag für Sozialwissenschaften.
Ragin, C.C., 2006. Set relations in social research: Evaluating their consistency and coverage. Polit. Anal. 14 (3), 291–310. 
Rahman, S., Subramanian, N., 2012. Factors for implementing end-of-life computer recycling operations in reverse supply chains. Int. J. Prod. Ec., 140 (1), 239–248. 
Rich, P., 1992. The organizational taxonomy: Definition and design. Acad. Manag. Rev.17 (4), 758-781 
Rubio, S., Corominas, A., 2008. Optimal manufacturing-remanufacturing policies in a lean production environment. Comput. Ind. Eng. 55 (1), 234–242. 
Schneider, C.Q., Wagemann, C., 2010. Standards of good practice in qualitative comparative analysis (QCA) and fuzzy-sets. Comp. Sociol. 9 (3), 397–418. 
Schneider, C.Q., Wagemann, C., 2012. Set-Theoretic Methods for the Social Sciences: A Guide to Qualitative Comparative Analysis. Cambridge University Press.
Shan, W., Walker, G., Kogut, B., 1994. Interfirm cooperation and startup Innovation in the biotechnology Industry. Strateg. Manag. J., 15 (5), 387–394. 
Silvestre, B. S., Silva, M. E., Cormack, A., Thome, A. M. T., 2020. Supply chain sustainability trajectories: learning through sustainability initiatives. Int. J. Oper. Prod. Manag. 40(9), 1301–1337.
Sitcharangsie, S., Ijomah, W., Wong, T.C., 2019. Decision makings in key remanufacturing activities to optimise remanufacturing outcomes: A review. J. Clean. Prod, 232, 1465–1481. 
Sousa, R., Voss, C.A., 2008. Contingency research in operations management practices. J. Oper. Manag. 26 (6), 697–713.
Tashakkori, A., Teddlie, C., 2002. Handbook of Mixed Methods. Sage.
Taylor, A., Taylor, M., 2014. Factors influencing effective implementation of performance measurement systems in small and medium-sized enterprises and large firms: a perspective from contingency theory. Int. J. Prod. Res. 52(3), 847–866.
Teece, D.J., 2010. Business models, business strategy and innovation. Long Range Plann. 43 (2–3), 172–194. 
van Loon, P., van Wassenhove, L.N., 2018. Assessing the economic and environmental impact of remanufacturing: a decision support tool for OEM suppliers. Int. J. Prod. Res, 56 (4), 1662–1674. 
Vink, M.P., van Vliet, O., 2009. Not quite crisp, not yet fuzzy? Assessing the potentials and pitfalls of multi-value QCA. Field Method. 21 (3), 265–289. 
Visnjic, I., Jovanovic, M., Neely, A., Engwall, M., 2017. What brings the value to outcome-based contract providers? Value drivers in outcome business models. Int. J. Prod. Ec., 192, 169–181. 
Vlajic, J.V., Mijailovic, R., Bogdanova, M. 2018. Creating loops with value recovery: empirical study of fresh food supply chains. Prod. Plan. Control. 29 (6), 522–538. 
Wei, Z., Song, X., Wang, D., 2017. Manufacturing flexibility, business model design, and firm performance. Int. J. Prod. Ec., 193 (28), 87–97.
Yang, M., Evans, S., Vladimirova, D., Rana, P., 2017. Value uncaptured perspective for sustainable business model innovation. J. Clean. Prod, 140, 1794–1804. 
Yin, R., 2009. Case Study Research: Design and Methods. Sage.
Zott, C., Amit, R., Massa, L., 2011. The business model: Recent developments and future research. J. Manag. 37 (4), 1019–1042.




Proofreading : Lombardi
image2.png
MANUFACTURING ELEMENTS

Pre-
manufacturing

Automatic sorting and grading
Manualsorting and grading
No sorting and grading

Manufacturing
type

Discrete (standardized)

Discrete {customized)

Process manufacturing

Process manufacturing + discrete (standardized)

Process manufacturing + discrete (customized)

Product
transformation

Same function - upcycling
Same function - downcycling
Different function - upcycling

Different function - downcycling

Extending
product
value

Extending
resource
value

SUPPLY CHARACTERISTICS

High

Medium Hetrogenous
input

Low

High

Medium U.nc.ertain
timing

Low

Many sources
Insufficient

Few but large sources .
quantity

Few and small sources

Low

Medium Value of the

High used product

Very high





image1.png
Identifying circular start-

ups through a ki

search in Crunchbase

Identifying circular start-
eyword ups through a keyword
search in Google

o iz

Excluding start-ups without
a fuly circular business

,
- NoCBM(N= Collecting and verifying.
4.287) data on the number of
manufacturing active/non active status
CBM (N =107)
CBM (N =102)
,
Moderately successful Successful
and or
£$52.000 funding £$52.000 funding. >$52.000 funding

N=2
Missngdata Je |

Collect secondary data on
the manufacturing
configuration and the
manufacturing constraints

N=%6
N S

Data analysis





