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An attention-based view of supply disruption risk management: Balancing biased attentional processing for improved resilience in the COVID-19 context

Abstract 

Purpose – In the context of the COVID-19 pandemic, this study investigates a variety of approaches to supply disruption risk management for achieving effective responses for resilience at the supply management subunit level (e.g., category of items). Drawing on the attention-based view of the firm, we model the attentional antecedents of supply resilience as (1) attentional perspectives and (2) attentional selection. Attentional perspectives focus on either supply risk sources or supply network recoverability, and both are hypothesised to have a direct positive association with supply resilience. Attentional selection is top down or bottom up when it comes to disruption detection, and these are hypothesised to moderate the association between disruption risk management perspectives and resilience.
Methodology – Conducted at the early phases of the COVID-19 pandemic, this study employs a hierarchical regression analysis on a multicountry survey of 190 procurement professionals, each responding from the perspective of their own subunit area of supply responsibility. 
Findings – Both attentional disruption risk management perspectives are needed to achieve supply resilience, and neither is superior in terms of achieving supply resilience. Both the efficiency of the top down and exposure to the unexpected with the bottom up are needed—to a balanced degree—for improved supply resilience.
Practical implications – The results encourage firms to purposefully develop their supply risk management practices, first, to include both perspectives and, second, to avoid biases in attentional selection for disruption detection. Ensuring a more balanced approach may allow firms to improve their supply resilience. 
Originality – The results contribute to the understanding of the microfoundations that underpin firms’ operational capabilities for supply risk and disruption management and possible attentional biases.
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1. Introduction
Global supply disruption because of COVID-19 and its aftermath has been unprecedented in its scale and severity, and practitioners and scholars have been reminded of the criticality of supply risk management, which has led to renewed interest and appreciation in the subject (e.g., Butt, 2021; Chowdhury et al., 2021; Harland, 2021; Ivanov and Das, 2020; Sarkis 2020). Anecdotal evidence suggest that effective responses to resilience during the pandemic have included, for example, listening to signals from suppliers, effective internal communication channels and risk management tools for visualising the multitier supply network and predicting specific nodes of vulnerability (Banker, 2020). The focus of the current study is on understanding the variety of approaches to supply disruption risk management for achieving effective responses to resilience, particularly in the COVID-19 context.
The concept of resilience, which here is defined as a firm’s ability to recover quickly from supply chain disruptions (e.g., Blackhurst et al., 2011), is based on a rich body of knowledge in the supply chain field and a mature operationalisation (e.g., Wieland and Durach, 2021). For example, flexibility and redundancy as dimensions of supply chain resilience moderate the relationships between extended supply chains and disruption occurrence and between supply market risk and disruption occurrence, respectively (Zsidisin and Wagner, 2010). Research on resilience has also emphasised the need for firms to have an internal risk management infrastructure or the ability to reconfigure resources (Ambulkar et al., 2015). In the context of COVID-19, the recent discourse has emphasised the complexities at play at the micro, meso and macro levels in managing supply disruption risk (Azadegan and Dooley, 2021). In this vein and inspired by recent anecdotal accounts, the current study considers the antecedents of resilience under supply disruptions at the supply management subunit level (e.g., category of items as an area of supply management responsibility). The level of analysis reflects the contingent nature of supply management practices that depend on the nature of the synergy-generating groups or categories of items and the preferences and capacity of the manager. We suggest that a more nuanced understanding is needed regarding how managers approach the task of managing and mitigating supply disruption risk within their areas of supply responsibility for improved resilience.
For example, the debilitating effect of the COVID-19 pandemic on supply networks has led to calls for increased levels of supply network monitoring and mapping (Linton and Vakil, 2020; Choi et al., 2020). However, these resource-intensive practices do not appear to be part of the standard risk management processes of many managers or firms. The cost may prove to be a major inhibitor, even though novel digital applications from solution providers such as Resilinc® and riskmethods® may help remedy the problem (www.resilinc.com; www.riskmethods.net). In the context of low-probability and high-impact disruptions like a pandemic, Simchi-Levi et al. (2014) contrast the traditional risk management approaches that rely on paying attention to the probabilities and impacts of all potential disruption events with resource-intensive approaches involving supply network mapping and an analysis of the time to recovery of each node. They suggest that the focus on recoverability in the latter approach requires managers to pay attention to external and internal responses, making supply management independent of the triggering events and the need to pay attention to risk sources, as in the former approach. Leading firms, such as Ford Motor Company, have augmented their traditional risk analysis approach with such focus on network recoverability, with apparent success (Simchi-Levi et al., 2015). 
A more nuanced understanding of the antecedents of resilience under supply disruption requires that managers’ different—and potentially competing—attentional approaches to supply disruption risk management be uncovered (Craighead et al., 2007; Pettit et al., 2010). The capacity for managerial attention is, after all, limited, and difficult choices regarding attentional focus must be made. To contribute to the literature (e.g., Zsidisin and Wagner, 2010; Ambulkar et al., 2015) from this perspective, we adopt the attention-based view (ABV) of the firm (Ocasio, 1997) as a novel theoretical foundation for supply chain and procurement research (cf. Lorentz et al., 2019). Based on behavioural management theories (Simon, 1947; Cyert and March, 1963), the ABV concerns how decision makers selectively focus their attention on some aspects of situations and ignore others within their own domain or area of responsibility. How firms anticipate and react to disruption events emerges from what decision makers focus their attention on; simultaneously, the attention of a manager is situated in the resources, rules and structures of a firm (Ocasio, 1997). In line with methodological individualism that recognises the criticality of micro-level decisions (Hodgson, 2007), the ABV suggests that an individual’s attentional processes collectively determine organisational action (Ocasio, 1997). Elaborating on the ABV in the supply disruption risk management context, the following research question guides our study: 
How does the attention of procurement managers regarding supply disruption risk management contribute to supply resilience? 
The present research assumes that attention determines the resource allocation, strategy and focus of supply disruption risk management; therefore, attention can be hypothesised as serving as an important antecedent of resilience under supply disruption. Our focus on attention contributes to the understanding of the microfoundations underpinning a firm’s operational capability for supply risk and disruption management (Felin et al., 2012; Barney and Felin, 2013) within the context of the COVID-19 pandemic. The somewhat unique implications of COVID-19 may be expected because pandemics are not limited in terms of geographic regions or time periods (Ivanov and Das, 2020).
In the following sections, we conceptualise and define the constructs of the present study, paying particular attention to the attention-related antecedents of resilience and developing the hypotheses and research model. The methods of the multicountry survey and analysis procedures are described, and the results are reported. The conclusions drawn from a hierarchical regression analysis contribute to the knowledge base on supply disruption risk management and its capability microfoundations. 

2. Model development
2.1 Antecedent constructs
We selectively draw on the key constructs of the ABV to conceptualise supply disruption risk management as an antecedent of resilience. The attentional perspectives of managers are the cognitive structures that define the resource allocation and strategies of firms as collectives (Ocasio, 2011) and organisational subunits, such as a category of products/services in procurement. Attentional perspectives as top-down-oriented goals, schemas or mental templates (Walsh, 1995; Ocasio, 2011) help managers achieve efficiency, predictability and reliability by directing attention only to those external issues expected to be important (Shepherd et al., 2017). 
Attentional perspectives focus on preparation and proactive mitigation before disruption occurs (cf. Sheffi, 2005). From the literature, we can identify two distinctive constructs related to the use of top-down schemas and templates for supply disruption risk management. The first, a focus on supply risk sources, is defined as the use of schemas that direct managerial attention to specifying the possible risk sources and events (Zsidisin and Wagner, 2010), assessing the probability and impact and mitigating their potential effects (cf. Kleindorfer and Saad, 2005). Buyers’ perceptions of supply risk, including the probability and magnitude of disruption, affect their decisions (Ellis et al., 2010).
The second, a focus on supply network recoverability, is the use of schemas that direct managerial attention to specifying and assessing recoverability through network mapping to increase resilience (Craighead et al., 2007; Simchi-Levi et al., 2014). In the wake of the COVID-19 disruption, the virtues of supply chain mapping have been shown (Choi et al., 2020; Linton and Vakil, 2020). In a similar vein, the effects of supply network designs and complex structures on risk and recovery have received attention (Craighead et al., 2007; Kim et al., 2015; Bode and Wagner 2015; Lorentz et al., 2016; Son et al., 2021). Some studies have also incorporated both perspectives in their research designs (Bode and MacDonald, 2016); however, in practice, the dividing lines between these perspectives are unclear (cf. Norrman and Jansson, 2004) because recoverability augments traditional risk analysis methods focused on sources (Simchi-Levi et al., 2015). 
A second potential ABV-based high-level antecedent of resilience is attentional selection. Selectively attending to some stimuli and excluding others (Ocasio, 2011) can aid in the detection and recognition of risk events and disruptions (Craighead et al., 2007; Bode and MacDonald, 2016) to ensure a timely response (Bode and MacDonald, 2016). Here, the underlying attentional processes may be either top down or bottom up in nature. Top-down attentional processing draws on previously identified sources of risk or vulnerabilities, which serve as mental templates for purposefully monitoring, scanning and detecting disruption signals in the supply environment and network (Bode and MacDonald, 2016). 
In contrast, bottom-up attentional processing is data or stimulus driven (Ocasio, 2011). Based on ad hoc, random, unpredictable and reciprocal interactions, bottom-up attentional processing captures attention on the aspects that are not actively sought for (Shepherd et al., 2017). Bottom-up attentional processing for supply disruptions reacts to signals that may be unexpected or may occur at the outskirts of supply networks but that have the potential for cascading effects to create ‘supply chain tsunamis’ (Akkermans and Wassenhove, 2018a). For example, the so-called grey swan events (already occurring but unlikely) may escape attention because the initial signals may be weak or require intelligent monitoring of ‘a few hundred variables outside the usual managerial radar screen’ (Akkermans and Wassenhove, 2018b, 14). 
In summary, top-down supply disruption detection approaches use top-down schemas for the focused scanning of predefined risk sources, and bottom-up supply disruption detection approaches deploy mechanisms for noticing and discovering unexpected signals regarding threats to supply disruptions. Because the literature confirms the heterogeneity in supply disruption risk management and performance outcomes (and even in the understanding of risk, Hekmann et al., 2015), we aim to provide a nuanced understanding of the antecedent capability of microfoundations to explain why different managers, acting within their area of supply responsibility, arrive at different supply disruption outcomes and resilience (cf. Felin et al., 2012). This goal is accomplished through an ABV lens, given that we suggest various disruption management outcomes ‘in part, because [managers] differ in how they [focus,] notice and interpret the stimuli around them’ (Cho and Hambrick, 2006, 466). 

2.2 Hypotheses
In the following section, testable hypotheses are developed linking ABV-based constructs with the dependent construct of supply resilience. Figure 1 depicts our research model. 

<Insert Figure 1 approximately here>

Figure 1. Research model and hypotheses

True to our ABV-based definition, the two identified attentional perspectives on supply disruption risk management have different foci, yet their desired outcomes converge. In the absence of perspective-specific evidence, studies have identified the general positive effects of supply risk management. For example, holistic risk management practices along supply chains are positively related to operational performance (Kauppi et al., 2016), a generic risk management infrastructure plays an important role in resilience (Ambulkar et al., 2015), flexibility and redundancy practices moderate the effect of supply market risk on supply chain resilience (Zsidisin and Wagner, 2010), and disruption recovery capabilities may reduce the severity of supply disruptions (Craighead et al., 2007). 
These conclusions suggest that many types of well-thought-out and maturely executed risk management practices improve resilience because according to the ABV, they generate heightened awareness of the environment and are likely to lead to the allocation of resources so that the particular features may be addressed. Focus and awareness of risk sources, as an attentional perspective, directs adequately resourced managers to undertake the ‘SAM’ tasks: the specifying, assessment and mitigation of sources of risks and vulnerabilities (Kleindorfer and Saad, 2005). With the assumed skilful execution of these tasks, beneficial resilience outcomes may be achieved (e.g., Ambulkar et al., 2015). Thus, we hypothesise the following: 

H1: The focus on supply risk sources as an attentional perspective on supply disruption risk management is positively associated with supply resilience. 

As another attentional perspective, a focus on supply network recoverability directs managers to map and assess network recoverability in terms of contingency plans and redundancy practices (Ivanov and Dolgui, 2019), for example, regarding inventory safety margins and alternative supply sources. Attention to recoverability with direct suppliers and across the supply network can lead to the standardisation of procedures, joint decision making and collaborative performance systems, eventually leading to a higher level of resilience under supply disruptions (Friday et al., 2018). Thus, we state the following hypothesis:

H2: The focus on supply network recoverability as an attentional perspective on supply disruption risk management is positively associated with supply resilience.

The key contribution of the current study is examining the variety of supply disruption risk management approaches to reveal the underlying theoretical nuances. With the ABV being used to provide the grounds for discriminating between the two attentional perspectives on supply disruption risk management, it is interesting to consider whether these perspectives differ in terms of the strength of their association with supply resilience. 

Because supply network recoverability does not depend on identifying all possible risk sources (Simchi-Levi et al., 2014), it could be considered a more robust approach to resilience. Enabled by resource-intensive network mapping, this perspective is also more likely to involve collaborative practices towards suppliers, such as risk information sharing, risk and benefit sharing and process integration (Friday et al., 2018). Indeed, external integration or interorganisational orientation for supply risk management, here encompassing such collaborative practices, has been shown to result in higher operational performance (Kauppi et al., 2016) and lower levels of supply disruptions (Revilla and Saenz, 2017). A likely outcome of network mapping and analysis is a reduced dependency on the certainty of supply risk knowledge (Ivanov and Dolgui, 2019). The suggestion here is that the recoverability perspective may prove to be a more resilient approach to the focus on risk sources because the latter most likely fails to consider every possible contingency (Akkermans and Wassenhove, 2018b). Therefore, we state the following hypothesis: 

H3: A focus on supply network recoverability has a stronger association with supply resilience compared with the association of focus on supply risk sources with supply resilience. 

Attentional selection is the capacity to detect and recognise emergent risk events and disruptions (Craighead et al., 2007; Bode and MacDonald, 2016)—even environmental research shows evidence of making use of detection systems for low-frequency, high-impact events (Abadie et al. 2017). A strong warning capability can reduce the severity of supply chain disruptions (Craighead et al., 2007) and improve a firm’s recovery capability (Shao, 2013). Partial support has been found for the direct effect of warning capability on operational performance and full support for the mediated effect via recovery capability (Riley et al., 2016). Furthermore, related to early warning systems and active environmental scanning, market orientation may play a role in risk mitigation and response through supply chain agility (Braunscheidel and Suresh, 2009). Fast disruption detection appears to be beneficial in general (cf. Sheffi, 2005), suggesting the importance of both top-down and bottom-up attentional processing. Drawing on the evidence of the moderating benefits of warning capability on supply resilience (Craighead et al., 2007), we can hypothesise a moderating role, essentially suggesting that detection practices of any kind enhance supply risk management efforts.
More specifically, top-down attentional processing draws on the identified sources of risk and vulnerabilities or the known nexus suppliers in the network (Yan et al., 2015). Therefore, the routines related to top-down supply disruption detection seem to be a natural match for the focus on supply risk sources. In practice, once the risk sources have been identified, assessed and mitigated, they can be monitored for disruption signals, leading to resilience as an outcome. Similarly, top-down supply disruption detection routines may also enhance the focus on supply network recoverability because the identification and monitoring of vulnerable nexus suppliers may result in a more timely and effective response, for example, in terms of orders and production quantities in the network (Simchi-Levi et al., 2018). Thus, we state the following hypotheses: 

H4a: Top-down supply disruption detection enhances the positive association between the focus on supply risk sources and supply resilience.
H4b: Top-down supply disruption detection enhances the positive association between the focus on supply network recoverability and supply resilience.

For bottom-up attentional processing, the mechanisms for improved resilience are different. The purpose of bottom-up attentional processing is to notice those aspects in the environment for which there are no attention-directing guidance and that are not actively sought for (Shepherd et al., 2017). The bottom-up attentional processing for supply disruption detection complements the attentional perspective with a focus on supply risk sources, here with the additional exposure to the unexpected sources and signals for disruptions. In terms of enhancing the attentional perspective of focus on supply network recoverability, bottom-up supply disruption detection is likely to result in a more timely and effective response to unexpected disruption signals, for example, in terms of adjustments to production capacity allocation (Simchi-Levi et al., 2018). Hence, we state the following hypotheses: 

H5a: Bottom-up supply disruption detection enhances the positive association between focus on supply risk sources and supply resilience.
H5b: Bottom-up supply disruption detection enhances the positive association between focus on supply network recoverability and supply resilience.

To elaborate on the supply disruption risk management approaches from the perspective of the ABV, the possible preference of one type of attentional selection over the other must be considered. Top-down detection is primarily based on existing frameworks and tools and, by its very definition, provides a limited scope for environmental scanning. Furthermore, top-down attentional selection, which is based on prior experience, implies potential risks of bias (Schultz-Hardt et al., 2000) and can be limited to incremental changes in trajectories that neglect phenomena outside the manager’s peripheral vision (Shepherd et al., 2017; cf. Day and Schoemaker, 2004). Therefore, top-down detection is ill-suited for detecting so-called grey swans ‘in the outskirts of the extended supply chains of an organisation’ (Akkermans and van Wassenhove, 2018a, 71). However, despite these shortcomings, top-down selection is superior in terms of its efficiency and reliability in detecting disruption signals in known and prioritised areas (Shepherd et al., 2017). 
By contrast, bottom-up attentional selection has greater potential to identify discontinuous changes and disruptions (Shepherd et al., 2017; cf. Day and Schoemaker, 2004), including grey swans (Akkermans and van Wassenhove, 2018a). The early detection of unanticipated and developing disruptions is of crucial importance, but here, there is tension because bottom-up attentional selection lacks efficiency and reliability in detecting potentially crucial signals in already recognised risk areas compared with top-down approaches. Therefore, managers must balance their attentional selection, similar to what has been theorised in the context of organisational-level ambidexterity (Birkinshaw and Gupta, 2013). Instead of balanced proficiency for exploitation and exploration, figuratively speaking, the hands of the organisation—the managers in this case—and the firms as collectives metaphorically must keep both eyes open for monitoring the known and detecting the unexpected (Lorentz et al., 2019). Nevertheless, because companies typically prefer efficiency in the absence of slack resources (Lavie et al., 2010), managers may emphasise top-down attentional selection over bottom-up attentional selection, creating an imbalance. 
We develop the construct imbalanced supply disruption detection by calculating the absolute difference of the attentional selection types, that is, |A – B|, which suggests that the higher the absolute difference, the more imbalanced the attentional selection will be (cf. Birkinshaw and Gupta, 2013). Therefore, the key to the beneficial effect is allocating the available scarce resources in equal measure to both selection types to avoid bias, or imbalance. Imbalance in detection routines is hypothesised to diminish the beneficial effect of both types of attentional perspectives. However, we must assume that those cases in which an approximate balance is achieved are predominantly of the type in which both top down and bottom up are at a relatively high level (Assumption 1), creating an important boundary condition for generalisation on the superiority of balanced attentional selection (cf. Busse et al., 2017). This is because doing nothing in both dimensions, that is, in a balanced way, will barely result in better performance compared with a case that demonstrates heavy imbalance towards, for example, the top down (Junni et al., 2013). The following hypotheses are stated:

H6a: Imbalanced supply disruption detection diminishes the positive association between the focus on supply network risk sources and supply resilience.
H6b: Imbalanced supply disruption detection diminishes the positive association between the focus on supply network recoverability and supply resilience.

We consider whether the moderating effect of the imbalance construct is more significant compared with the effects of the separate attentional selection constructs, given that bias towards one type of attentional selection may be avoided with balancing. Supply resilience is weaker when the benefits of the exposure to the unexpected or efficiency of focused monitoring are missing entirely or are significantly lacking with inadequate resourcing. The following set of four hypotheses will guide us in testing the comparative significance of the imbalanced construct’s effect compared with the separate top-down and bottom-up detection constructs. First, the moderating effects on the focus on the supply risk sources perspective are compared: 

H7a: The effect of imbalanced supply disruption detection on the association between the focus on supply risk sources and supply resilience is greater compared with the enhancing effect of top-down supply disruption detection.
H7b: The effect of imbalanced supply disruption detection on the association between the focus on supply risk sources and supply resilience is greater compared with the enhancing effect of bottom-up supply disruption detection.

Second, the enhancing moderating effects on the focus on supply network recoverability perspective are compared: 

H7c: The effect of imbalanced supply disruption detection on the association between the focus on supply network recoverability and supply resilience is greater compared with the enhancing effect of top-down supply disruption detection.
H7d: The effect of imbalanced supply disruption detection on the association between the focus on supply network recoverability and supply resilience is greater compared with the enhancing effect of bottom-up supply disruption detection. 

Finally, the next logical step is to consider whether imbalance affects—to a greater degree—one or the other of the attentional perspectives on supply risk management. In developing the hypothesis for understanding such construct interactions, we can assume that imbalance in attentional selection, if any, is typically tilted towards the top down (Assumption 2). This type is more efficient (Shepherd et al., 2017), and its limited scope is preferred by resource-constrained managers. Thus, the balancing effort of bottom-up attentional selection fills possible gaps in defences. A focus on recoverability stands to gain relatively less, as the supply network should be able to survive unexpected events, assuming properly executed predisruption analyses and consequent redundancy building efforts. We state the following hypothesis: 

H8: Imbalance in supply disruption detection diminishes the positive association of the focus on supply risk sources with supply resilience to a greater degree compared with its diminishing effect on the association between the focus on supply network recoverability and supply resilience.

3. Methods
3.1 Measurement
Drawing from the conceptual foundations of the two dimensions of attentional perspectives and two dimensions of attentional selection, we have developed novel procurement-specific questionnaire items because there were no existing operationalisations. In the present study, attentional perspectives describe the cognitive structures that define the focus of supply risk management in the area of supply management responsibility. The focus on supply risk sources captures the use of schemas and templates that direct managerial attention to specifying, assessing and mitigating the potential effects of risk sources (Kleindorfer and Saad, 2005; Fan et al., 2016). The focus on supply network recoverability captures how managerial attention is allocated to specify and evaluate recoverability and proactively mitigate the effects of network vulnerabilities (e.g., Simchi-Levi et al., 2014). The items and descriptive statistics are shown in the Appendix. For the top-down and bottom-up supply disruption detection items, we drew on the works of Shepherd et al. (2017) and Lorentz et al. (2019), with the latter being in alignment in terms of the collaboration dimension with both Chaudhuri et al. (2020) and Friday et al. (2018). For the outcome side of the supply resilience construct, the firm resilience measurement scale from Ambulkar et al. (2015) was adopted, with modifications to fit the procurement context, specifically in the areas of supply management responsibility (categories of items), as the unit of analysis. 
The survey questions considered the current states and practices during the COVID-19 pandemic (supply resilience) or during the past year (other constructs) in the respondent’s area of supply management responsibility (e.g., a category of items). The measures used a 7-point Likert scale, as follows: 1) completely disagree, 2) mostly disagree, 3) somewhat disagree, 4) neither agree nor disagree, 5) somewhat agree, 6) mostly agree and 7) completely agree. Two control variables—turnover and COVID-19 impact—were measured as categorical single items. Turnover was measured with a four-category variable: 1) 0–2 million EUR, 2) 2.1–10 million EUR, 3) 10.1–50 million EUR, and 4) over 50 million EUR. For the negative COVID-19 impact, the respondents evaluated the impact of the COVID-19 pandemic on the supply chain/supplier network of their category or item on a 7-point scale: 1) no impact, 2) negligible impact, 3) minor impact, 4) moderate impact, 5) major impact, 6) severe impact and 7) catastrophic impact.

3.2 Pretest procedure for attentional perspective and attentional selection scales
The initial versions of the survey items and constructs were presented to industry experts to ensure their content validity, and the wording was refined based on their feedback. In May 2020, an invitation to participate in a pilot survey was sent to a convenience sample of 34 procurement professionals in the authors’ professional networks. In total, 21 usable responses were collected. The participants were asked to complete the questionnaire and provide feedback on the items and survey layout. In an exploratory factor analysis, five factors were extracted as expected. Based on the factor loadings and comments of the participants, minor adjustments were made prior to the full launch of the survey.

3.3 Data collection
Data were collected in Finland, the UK, and Germany. In Finland, the online questionnaire was launched in May 2020, and in the UK and Germany, this was carried out in June 2020. The respondents were expected to have a broad range of knowledge and pragmatic, experience-based insights into the topic within their domain of responsibility (Montabon et al., 2018). In Finland and the UK, invitations to participate were sent to experienced procurement professionals in the authors’ networks. In Germany, the invitation was sent as part of a BME newsletter (the Association of Supply Chain Management, Procurement and Logistics). The use of single respondents was justified because the unit of analysis was each informant’s area of supply management responsibility, such as the category of spend (Krause et al., 2018). Indeed, the informants were procurement professionals who were knowledgeable about their own micro‐level procurement decisions that affect supply resilience (Montabon et al., 2018); hence, they can be described as ‘purchasing decision-makers’ (Wouters et al., 2005, p. 177). Furthermore, our research question focused on subunit-level approaches limited to the respondents’ own domain of management in one functional area of a firm, and we employed monadic constructs; therefore, a single-source research design would be less likely to suffer from respondent bias (Flynn et al., 2018).
The final number of responses was 190. The sample covered a wide variety of industries, with the majority operating in manufacturing. The respondent profiles are depicted in Table 1 and are deemed representative with sufficiently high levels of the respondents’ experience.

Table 1. Respondent profiles (N = 190)
<Insert Table 1 approximately here>

The respondents were assured of their confidentiality and anonymity. After completing the survey, the respondents could choose to receive an invitation to a webinar; however, their email addresses and survey responses could not be matched. Early and late respondents were compared across theoretical constructs and demographic variables with an independent samples t-test (Armstrong and Overton, 1977). The t-test showed no significant differences between the early and late respondents (p-values between 0.232 and 0.546), indicating that significant nonresponse bias did not influence the results (Anderson and Gerbing, 1988).

3.4 Common method variance
Common method variance (CMV) can exist at relatively high levels (70% or more) before it induces significant biases (Fuller et al., 2016). Nevertheless, several procedural and methodological remedies have been taken to avoid CMV. As suggested by Podsakoff et al. (2003), the independent and dependent variables were placed in different sections of the questionnaire. The percentage of supply originating from the European Union was used as a theoretically unrelated marker variable to estimate method bias (Lindell and Whitney, 2001; Williams et al., 2010). We performed a modified Lindell and Whitney test where the mean correlation between the marker variable and other variables (0.041) was used to adjust the correlation coefficients and test their significance (Lindell and Whitney, 2001). The modified approach decreased the risk that the smallest correlation between the marker variable and other variables would have occurred by chance. All significant values remained significant after the partial correlation adjustment (Table 1), suggesting that CMV was not a serious issue in the study.

Table 2. Zero-order correlations and adjusted correlations of the major variables
<Insert Table 2 approximately here>

To address potential endogeneity of the exogenous variables in our model, we performed a Durbin-Wu-Hausman test (see Lu et al., 2018) with the work experience of the respondent as an instrumental variable. The parameter estimates for the residuals were nonsignificant, supporting the assumption of exogeneity. Finally, we conducted Little’s MCAR test. Based on the results, the missing values in the data were missing completely at random (χ2 = 248.844, df = 224, p = 0.122).

4. Analysis and results
4.1 Descriptive results for evaluating the underlying assumptions
To characterise the sample in terms of balancing the attentional selection constructs among the respondents—thus addressing Assumptions 1 and 2—we divided the IMBALANCE variable into three categories: Top-down dominant (i.e., TOP DOWN > BOTTOM UP), Bottom-up dominant (i.e., BOTTOM UP > TOP DOWN) and Balanced (i.e., -0.25 ≤ [TOP DOWN – BOTTOM UP] ≤ 0.25). Here, 42% of the respondents were top-down dominant, 30% were bottom-up dominant, and 28% were balanced (Table 3). 

Table 3	Descriptive results
<Insert Table 3 approximately here>


Within the balanced group, the mean values of TOP DOWN and BOTTOM UP were rather high. Upon closer inspection of this group, we can conclude that our sample did not include cases where both TOP DOWN and BOTTOM UP were at a low level, a situation that could affect the results (Junni et al., 2013). This suggests the applicability of our hypotheses regarding the imbalance construct because we have stayed well within the boundary condition (Assumption 1 supported). The results also imply that most of our sample did not demonstrate balanced supply disruption detection and that there was, contrary to Assumption 2, a sizeable group of respondents in which the imbalance was tilted towards the bottom up. We note that this may have an impact on the results regarding H8. 

4.2 Measurement model
First, we conducted an exploratory factor analysis using a principal components analysis with a Varimax rotation. The results are shown in Table 4. The Kaiser–Meyer–Olkin (KMO) test (0.901) and Bartlett’s test of sphericity (2735.386, df =210, p<0.001) suggested sampling adequacy and validity of the measurement scale. As expected, five factors with eigenvalues of more than 1 were extracted. The five factors explained a cumulative variance of 76.216.

Table 4. Results of the exploratory factor analysis
<Insert Table 4 approximately here>
 
A confirmatory factor analysis was performed to assess the psychometric properties of the measurement scales. The goodness-of-fit indices (Table 5) suggested that the measurement model fits the data appropriately (Χ2/df = 1.768, CFI = 0.950, TLI = 0.935, RMSEA = 0.064, p-value =0.027) (Hu and Bentler, 1999). All items loaded on the respective constructs. The standardised factor loadings were significant and ranged from 0.679 to 0.924, mostly exceeding the recommended threshold of 0.7 (Hair et al., 2010). Item TOP4 was below just 0.7. All the constructs demonstrated convergent validity and acceptable reliability and internal consistency (average variance extracted > 0.50; composite reliability > 0.70) (Fornell and Larcker, 1981; Garver and Mentzer, 1999).

Table 5. Results of the confirmatory factor analysis
<Insert Table 5 approximately here>

Discriminant validity was evaluated following the guidelines of Voorhees et al. (2016). The square root of AVE (displayed on the diagonal of Table 6) was compared with the correlations between each construct (Fornell and Larcker, 1981) and found to be greater than the zero-order correlations with other latent constructs, thereby confirming discriminant validity. 

Table 6. Discriminant validity test with the Fornell–Larcker criterion
<Insert Table 6 approximately here>

In addition, we used the heterotrait–monotrait test (HTMT), which is a superior method for assessing discriminant validity compared with the conventional constrained Phi approach (Henseler et al., 2015; Voorhees et al., 2016). All HTMT ratios were found to be below 0.85 (Table 7), providing evidence of discriminant validity (Henseler et al., 2015; Voorhees et al., 2016).

Table 7. Discriminant validity test with HTMT ratios
<Insert Table 7 approximately here>

Because the data were collected from three countries, measurement equivalence was ensured by following the steps outlined by Wiengarten et al. (2012): calibration, translation and metric equivalence. The measurement units on the 7-point Likert scales did not require calibration across countries, and their associated explanations (completely disagree to completely agree) could be universally understood. Regarding translation equivalence, the questionnaire was designed simultaneously in English and Finnish and later translated into German by two native speakers. Versions were compared and refined when necessary. To assess the metric equivalence, Cronbach’s alphas were calculated separately for each measurement scale by country. The variance of alpha values was below the threshold of 0.10, indicating consistent scoring across countries (Rungtusanatham et al., 2005, Wiengarten and Pagell, 2012).

4.2 Regression results
Table 8 outlines the results of several hierarchical regression models. The assumptions of linear regression were first tested. The absolute values for univariate skewness and kurtosis were below the recommended thresholds of 2 and 7, respectively (Curran et al., 1996). Standardised residuals were plotted against the standardised predicted values, which supported linearity and equality of variances (Hair et al., 2010).  To avoid multicollinearity issues, the independent and dependent variables were standardised before being entered into the regression model. The variance inflation factors (VIF) are presented in Table 5, and apart from one item (RECO3), they are below the commonly accepted threshold value of 5. Because we detected the existence of heteroscedasticity through the Breusch-Pagan test (p<0.01) we used robust standard error terms. 
In addition to the base model (only control variables), there are five models: Model 1 includes the main effects, Model 2 adds TOP DOWN and BOTTOM UP as moderators, Model 3 adds the interaction terms, Model 4 adds IMBALANCE as the moderator, and Model 5 adds the interaction term of IMBALANCE. All models exceeded the threshold of 0.80 for statistical power, implying that the sample size is adequate to support hypothesis testing (MacCallum et al., 1996).
Regarding the control variables, firm size in terms of TURNOVER plays a role in only some of the alternative models, with p < 0.10. Thus, the relatively weak associations of TURNOVER with SUPPLY RESILIENCE are not discussed further. By contrast, the data suggest that COVID-19 IMPACT has had a negative effect on SUPPLY RESILIENCE across the observed alternative models, predominantly at the p < 0.01 level, indicating the salient association of these variables. 

Table 8. Regression models for hypothesis testing
<Insert Table 7 approximately here>

SOURCES and RECOVERABILITY both have a significant positive association with SUPPLY RESILIENCE; thus, both H1 and H2 are confirmed (see M1). Interestingly, if SOURCES and RECOVERABILITY exist without TOP DOWN and BOTTOM UP (M1), the attentional perspective on network recoverability demonstrates a higher coefficient. When disruption detection constructs are added, SOURCES becomes more important than RECOVERABILITY. 
A Wald test was used to evaluate H3. However, there was no statistically significant difference between the coefficients of these independents (W = 0.407, p = 0.342), so H3 can be refuted. Essentially, both attentional perspectives on supply disruption risk management contribute to increased supply resilience, yet the data do not suggest the superiority of either attentional perspective in terms of its beneficial impact. 
We considered the two attentional selection constructs separately (TOP DOWN, BOTTOM UP), as well as their role as moderators in the association between the independent variables and the SUPPLY RESILIENCE variable. Contrary to H4a and H4b, the data do not support the hypothesised role of TOP DOWN as a moderator (M3), and similar conclusions must be drawn regarding H5a and H5b. Therefore, neither attentional selection type regarding disruption detection enhances the beneficial impacts of the supply risk management perspectives on supply resilience. In other words, with separate attentional selection constructs, the moderating role of disruption detection cannot be confirmed. 
The hypotheses relating to the attentional selection construct of IMBALANCE, in which TOP DOWN and BOTTOM UP are combined, was tested by calculating the absolute difference of the component constructs. It was hypothesised that imbalance in the levels of the two types of attentional selection for supply disruption detection would be detrimental and that it would diminish the effects of SOURCES and RECOVERABILITY on SUPPLY RESILIENCE. Thus, in terms of the values of IMBALANCE, the lower the value, the better. A look at M5 indicates that both H6a and H6b can be supported by our data. This outcome suggests that IMBALANCE serves as a negative moderator for both attentional perspectives regarding supply risk management. In particular, the higher the difference is between the underlying components of IMBALANCE, the lower the SUPPLY RESILIENCE will be. These key results are statistically significant at the minimum level of p < 0.05. The results suggest the importance and synergistic impact of the combined top-down and bottom-up attentional selection types on supply disruption detection. 
To test H7a-d, a seemingly unrelated regression (SUR) analysis was simultaneously performed on M3 and M5. SUR is best used when a) some coefficients are the same or zero, b) the disturbance terms are correlated, or c) a set of the same independent variables are used across models (Zellner, 1962; Habermann et al., 2015). The regression coefficients were then tested with a z test. The test statistics for H7a (z = 0.526, p = 0.599), H7b (z = 0.584, p = 0.559), H7c (z = 0.169, p = 0.866) and H7d (z = 0.434, p = 0.665) were not significant; hence, H7a-d can be refuted.
The model with BALANCE as a moderator (M5) also has better R-square value and a significant F-change value compared with the base model, including only the control variable COVID-19 IMPACT and the main effects model (M1). Adding balanced attentional selection to the model, here reflecting disruption detection and warning capability, thus adds value in terms of supply resilience. To further assess the importance of achieving balance, we created a cumulative sum of TOP DOWN and BOTTOM UP and a product of TOP DOWN x BOTTOM UP while replacing IMBALANCE with these new constructs in the regression analyses. The coefficients of either the sum or the product construct in M4–M5 are not statistically significant, further underscoring the importance of balancing the two attentional selection types within the earlier specified boundary conditions (assumption 1). In conclusion, balanced attentional selection seems superior when used together with either of the two attentional perspectives on supply risk management: the focus on risk sources or on network recoverability.
Finally, regarding H8, the coefficient for SOURCE × IMBALANCE interaction (−0.521, significant at p < 0.05 level; M5) appears stronger compared with the coefficient for RECOVERABILITY × BALANCE interaction (−0.129 significant at p < 0.05 level; M5), suggesting that balanced disruption detection plays a more salient role when there is a focus on supply risk sources. However, the difference is not statistically significant in a Wald test (W = 0.602, p = 0.274). Therefore, our data do not conclusively support the hypothesis regarding the superior fit of BALANCE with one or the other of the independents; thus, H8 can be refuted. 
 
  <Insert Figure 2 approximately here>
Figure 2. Research model and results

Discussion and conclusions
5.1 Theoretical implications
The results of the current research have several interesting theoretical implications regarding the attentional antecedents and enablers of supply resilience. First, our data do not reveal the superiority of either attentional perspective to supply disruption risk management in terms of achieving supply resilience. Having a focus on supply risk sources represents the ‘traditional methods for managing supply risk’ that rely on identifying and understanding the probabilities of occurrence and severity of impact ‘for every potential event’, whereas the focus on recoverability is about supply network mapping and an analysis of the time to recovery of each node in the supply network (Simchi-Levi et al., 2014). Intuitively, it might be appealing to say that the latter would be more effective for securing resilience because focus on recoverability might not depend on a preidentification of potential disruption events; however, our results do not support such a proposition, and indeed, the perspectives complement each other (Simchi-Levi et al., 2015). 
The explanation for this lack of potency of the recoverability focus may lie in the practical difficulties of mapping and assessing complex multi-tier supply networks because of the sheer resource intensity of such a task (Fabbe-Costes et al., 2020; Choi and Hong, 2002). Because the potentially most effective approach may also be the most resource intensive (cf. Meinlschmidt et al., 2018), decision makers may, unfortunately, resort to identifying and prioritising a list of risk sources and then paying attention to the potential disruption events and scenarios as risk sources. However, recent experiences regarding the procurement of critical healthcare supplies during the COVID-19 pandemic highlighted the negative effects of the limited knowledge of supply markets and networks on preparedness and resilience (Harland, 2021), emphasising the need for a complementary recoverability focus. The suggestion here is that the cost–benefit ratio of supply network mapping for recoverability may require re-evaluation, particularly because the cost of network mapping may be reduced in the future with new digital applications and resilience may indeed be an important competitive differentiator. Such efforts may benefit from building knowledge management systems to learn from past disruption events (Zsidisin et al., 2005). 
Second, our data suggest the importance of managerial attention in the form of two types of attentional selection. Coexistence is important because reliance only on top-down or bottom-up supply disruption detection does not seem to be enough to produce favourable resilience outcomes. Therefore, our results support the idea of pursuing a balance in attentional selection, here aligned with the theory of organisational ambidexterity (Birkinshaw and Gupta, 2013) and the findings on attention in the procurement management context (Lorentz et al., 2019). Although our results are not able to capture the potential benefits of the dynamic balancing of top-down and bottom-up attentional selection over time, the contingencies for such capability-shifting processes may be addressed in future research (cf. Luger et al., 2018). The prolonged nature of disruptions related to the COVID-19 pandemic highlights the extreme conditions that require rethinking how supply networks are managed (Sodhi and Tang, 2021), possibly indicating the need to dynamically rebalance detection mechanisms throughout the life cycle of such extreme conditions. 
Interestingly, our results did not support our hypothesis regarding the difference in terms of the degree of impact of the imbalance in supply disruption detection on the two attentional perspectives on supply disruption risk management. Based on our Assumption 2 that managers typically tend to be biased towards the top-down approach, we expected that the focus on sources would suffer more from imbalance. Descriptive statistics of our data proved our assumption wrong and showed that there is a group of managers with bottom-up bias, in addition to the group with top-down bias. Further research may seek to replicate our study and re-examine these associations for more conclusive results, as well as the contingencies that lead to bias towards the top-down or bottom-up attentional selection. We conclude that balancing attentional selection for disruption detection serves the purposes of both perspectives on supply disruption risk management. 
[bookmark: _Hlk66456132]Finally, the present study contributes to understanding the microfoundations of supply disruption risk management capability by focusing on the attention of supply managers (cf. Felin et al., 2012). Drawing parallels with the dynamic capability literature, for example, in terms of sensing as a recognition of opportunities (and threats), we show that attention indeed plays a microfoundational role as a building block of dynamic capabilities (Helfat and Peteraf, 2015). Our research provides insights into the microfoundational nature and role of attention in the context of supply disruption risk management. 


5.2 Managerial implications
The results of the current study may encourage firms to purposefully develop their supply risk management practices. As demonstrated by a higher mean value, the predominant approach towards supply disruption risk management focuses on risk sources. Although the results do not show that either a focus on supply risk sources or on supply network recoverability is superior, the findings imply that both have a positive impact on supply resilience; thus, both should be implemented (Simchi-Levi et al., 2015). Because there might be resource constraints when focusing on recoverability, firms may consider collaborative risk management across supply chains as a solution (Azadegan and Dooley, 2021), thus remedying the bias towards a focus on risk sources. 
Given the tendency for imbalance in attentional selection for disruption detection, managers must consider interventions for balancing. For example, when there is a need to emphasise bottom-up attentional selection more, such as when organisations may face equivocality and discontinuous change in supply markets, firms should use supply market intelligence acquisition mechanisms that facilitate the collecting and processing of rich information. These may include, for example, direct discussions and meetings with suppliers and internal stakeholders, the maintenance of personal contact networks, and the deployment of news feeds or collaborative platforms (Lorentz et al., 2020). 
Finally, can the lessons learned during the COVID-19 pandemic be applied to other potential disruptions? Sarkis (2020) notes that the pandemic was not an unexpected black swan because there were warnings and knowledge available beforehand. They point out that climate shocks, such as droughts, floods, fires and loss of biodiversity, intensified by global warming are going to be a similar test for the resilience and preparedness of supply chains, yet how managers focus attention on these remains under-researched. Identifying the current weaknesses in risk management from an attentional point of view may help organisations design the processes and structures that will ensure their survival during prolonged global disruptions. 

5.3 Limitations and future research
Our study is subject to some limitations that may offer opportunities for further research. Our data were collected from developed European countries in the COVID-19 context, which may limit the generalisability of the findings to other geographies and disruption contexts. The majority of the respondents represented manufacturing firms. Diversifying the range of countries and industries with different socioeconomic contexts would allow for a comparative understanding of the role of different organisational and cultural contexts in COVID-19 supply chain issues (Chowdhury et al., 2021). In addition, the data collection was cross-sectional, which should be considered when drawing conclusions regarding the causality of the studied constructs.
The data were collected in the spring and summer of 2020 when the global COVID-19 outbreak was still in its relatively early stages. It is likely that the firms surveyed were most severely affected by the first wave of the pandemic. Since then, many firms have been forced to alter their practices. Future research can hopefully demonstrate the long-term impacts of the changes imposed by COVID-19. It will be interesting to see if the focus of supply disruption risk management will shift towards supply network and recoverability when firms have come to realise that it may be impossible to prespecify all risk sources and events and preassess their impacts. Because supply network recoverability as a risk management approach may be more challenging to execute because of its resource intensity, future research may suggest ways to improve network recoverability. 
Given that there may be naturally occurring tendencies towards imbalance in the attentional selection for disruption detection, a qualitative deep dive into how firms can adjust and (re)balance would be a promising research topic. In particular, there is a need to study resilience and supply risk management at a micro level, that is, at the level of an individual decision maker (Mena et al., 2020). For example, an ethnographic study could uncover how the attentional processing of individual procurement professionals determines the realised supply disruption risk management approach, along with how these processes may be collectively managed. Finally, there are a number of supply network variables that may have an effect on the biases towards either of the perspectives on supply disruption risk management or the attentional selection for disruption detection. Future research may, for example, control for supply network complexity, as well as the nature of supplier relationships, to understand the effects of such contingencies on these biases and imbalances. 
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