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Abstract
This study develops and tests theory about different forms of absorptive capacity that support radical, differentiation and imitation product development strategies. Absorptive capacity theory provides a generalized explanation for how firms exploit their embeddedness in relationships with buyers and suppliers. We develop and test theory that relates combinations of four components of absorptive capacity (R&D capability, product development capability, cooperative embeddedness and competitive embeddedness) to success rates in three product development strategies. We used data from the American pharmaceutical industry to estimate generalized linear mixed models. Our results confirm known relationships between R&D capability, alliance network position and the development of radically new products, but reveal different sets of factors that influence differentiation and imitation. We describe a previously undetected influence of competitive embeddedness on the development of radically new products, a contrasting absorptive capacity structure for generic product development, and a mixed structure for differentiated product development.
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 Introduction
New product development (NPD) has long been recognized as a key driver of competitive advantage (Machado et al. 2014; Brown & Eisenhardt, 1995; Bowen et al. 1994). The quest for advantage through NPD is accompanied by high levels of risk (LaMattina, 2018). In the pharmaceutical industry the average cost of bringing a new drug to market is estimated at $2.7 billion (Aitken et al., 2019). The average new drug entering clinical testing has over 70% likelihood of failing to reach the market. AbbVie recently announced its termination of its Rova-T development program, writing off $5.8 billion in development costs (Keown, 2019). Rova-T was projected to have annual ‘peak sales’ of over $5 billion, justifying the cost if the product had survived clinical trials.
  The high risk and high sales potential for new product development create tremendous pressure to succeed. Among the factors that account for success in product development are technological competence (Acur et al. 2010) and a profound understanding of unmet customer’s needs (Bhuiyan, 2011). As such, embeddedness in an environment that creates access to external knowledge (Barney, 2012; Choi & Krause, 2006; Zhang, Zhao, & Lyles, 2018), and capabilities for assimilating and applying knowledge (Defee & Fugate, 2010; Dobrzykowski, Leuschner, Hong, & Roh, 2015) are paramount, not only in the pharmaceutical, but across many contemporary industries. Those aspects constitute components of a firm’s absorptive capacity (Cohen and Levinthal, 1990).
Zahra and George (2002) define absorptive capacity as “a set of routines through which firms acquire, assimilate, transform, and exploit knowledge” (p. 186). This formulation of the theory implies that the details of absorptive capacity should differ according to context. As a dynamic capability, absorptive capacity results from bundles of resources and behaviors that can be reconfigured to function in different settings or to achieve different outcomes (Barney, 2012; Blome, Schoenherr & Rexhausen, 2013; Eisenhardt & Martin, 2000; Pisano, 2017; Sirmon, Hitt & Ireland, 2007; Teece, 2017; Winter, 2003). Tsai (2001) extended the theory by discussing absorptive capacity as a function of network position which he treated as giving access to knowledge developed elsewhere. This creates a link to contemporary supply chain management theory, which understands firms as embedded in networks of relationships (Autry & Griffith, 2008; Bellamy, Ghosh & Hora, 2014; Gomes-Casseres, 2015; Narasimhan & Narayanan, 2013; Skilton, 2014; Wagner, 2012). Absorptive capacity can draw on different kinds of external knowledge, acquired through different forms of embeddedness, assimilated in different ways, and converted into products or action through different means. Given the role of external firms as sources of knowledge in the process, supply managers and supply chain management scholars must understand product development strategies vis-à-vis a firm’s absorptive capacity. 
We extend this concept by arguing that while cooperative relationships contribute to absorptive capacity and facilitate new product development (Calantone, Cavusgil & Zhao, 2002; Carnovale & Yeniyurt, 2015; Menguc, Auh & Yannopoulos, 2015; Petersen, Handfield & Ragatz, 2003), firms also learn by competing with each other. Just as outcomes can be improved by cooperative access to external knowledge and capabilities, outcomes can be enhanced by knowledge and other resources accessed through competitive positions (Gao, Xie & Zhou, 2015; Kristal, Huang & Roth, 2007; Pisano, 2017; Skilton & Bernardes, 2015). Asking how much each kind of embeddedness matters in each context opens the door to a new synthesis of absorptive capacity that may generalize to many areas of supply chain research. 
We use a spectrum of product development strategies to provide context for theory about configurations of absorptive capacity. The spectrum ranges from imitation, which copies products already on the market, to innovation, which brings radically new products to the world (Abernathy & Utterback, 1978; Henderson & Clark, 1990). In the midrange, differentiation produces many new products that combine old and new features and appeal to new segments of markets. Imitation and differentiation should benefit from an awareness of competitor products and capabilities for recombination, but these may matter less when innovative products will be new to the world. Knowledge flowing from partners about new ideas and technologies, and capabilities for developing new processes may be critical for developing innovative products but less useful for imitation. Our research question follows from this: how do alternative configurations of internal capabilities, cooperative embeddedness, and competitive embeddedness support firms’ performance in different product development strategies? 
We develop and test theory to answer this question using data from the global pharmaceutical industry. This industry is highly competitive but frequently uses alliances to innovate (Guedri & McGuire, 2013; Hess & Rothaermel, 2011; Schilling, 2015). New-to-world products, differentiated products, and generic products are tested and approved under the guidance of regulatory agencies like the United States Food and Drug Administration (FDA). The FDA plays a critical role in the global pharmaceutical industry because it routinely grants periods of U.S. market exclusivity to new and differentiated products. Many new-to-world drugs introduced by global competitors are approved and patented in the United States. These protections limit global competition and facilitate approval in other markets. Under U.S. law, protections expire from three to twenty years after approval, after which competitors are free to produce approved generic versions (Grabowski & Kyle, 2007). The U.S. regulatory system enables the three product development strategies (Morton, 1999) and thus sets the stage for variations in absorptive capacity.
Our primary contribution is to develop and test theory about the different forms of absorptive capacity that contribute to different product development strategies, and what that means for supply chain management. We explain how the number of products introduced using each strategy during an outcome period is related to measures of internal capability, cooperative embeddedness, and competitive embeddedness from a leading period. As part of this contribution, we develop and test a new measure of competitive embeddedness. 
Theory Development
Because we are interested in how absorptive capacity is configured in different contexts, we look at its impact on the outcomes of three product development strategies (Abernathy & Utterback, 1978). Radical innovation occurs when firms discover new knowledge or invent new processes and use them to introduce new-to-world products. Henderson and Clark (1990) describe radical innovations as those that alter both the components and architecture of technologies. Most discussion of absorptive capacity are oriented toward the outcomes of radical innovation processes in the form of patents or new product introductions (Cohen & Levinthal, 1990; Defee & Fugate, 2010; Dobrzykowski et al., 2015; Lane & Lubatkin, 1998; Tsai, 2001; Zahra & George, 2002; Zhang, Zhao & Lyles, 2018).
Differentiated products serve unmet needs within existing markets or extend markets to new segments (Porter, 1980). Three of Henderson and Clark’s (1990) forms of innovation fit this description. Architectural, modular, and incremental innovation typically build on a firm’s existing products and should be more achievable with a firm’s own resources. There has been little research that connects the outcomes of differentiation to absorptive capacity. Differentiation often does not lend itself to patenting and, while many differentiated products are introduced, technical differences between them are sometimes small.
Scholars have long argued that imitative processes are less complicated and uncertain than innovation processes (Helfat & Lieberman, 2002). Imitation involves copying rivals’ products and processes (Doha, Pagell & Swink, 2016; Lieberman & Asaba, 2006). Scholars of imitation tend to focus on internal capabilities and scanning, without applying an absorptive capacity lens to the introduction of generic products.
Internal capabilities and product development outcomes
R&D capability is sometimes called innovation capability (Calantone, Cavusgil & Zhao, 2002; Menguc, Auh & Yannopoulos, 2015; Pisano, 2017). We conceptualize it as a firm’s capability for developing new knowledge and new concepts that have the potential to be converted to new products, a capability that Schumpeter (1934) called invention. From Lane and Lubatkin (1998) onward, assimilation of radically new knowledge has been argued to depend on a firm’s own capabilities for developing new ideas. The most obvious indicator that a firm possesses this capability is its patent portfolio (Modi & Mabert, 2010; Carnovale & Yeniyurt, 2015), which in turn results from bundles of resources within the firm’s control, such as the number and quality of research-oriented employees, R&D budget, and the firm’s technology base. Research and development capabilities are useful primarily for innovative products. They should be more strongly related to radical innovation than to differentiation, which is more reliant on the recombination of known product elements than the discovery of new knowledge. It should be negatively related to imitation since it orients the firm and its resource allocations toward discovery.
Hypothesis 1a: R&D capability should be positively related to the number of radical product introductions.
Hypothesis 1b: R&D capability should be positively related to the number of differentiated product introductions.
Hypothesis 1c: R&D capability should be negatively related to the number of generic product introductions.
Product development capability, in contrast, is the firm’s ability to transform concepts, innovative or not, into actual new products. Following Pisano (2017), Hage (1999), and others, we assume product development capability develops as firms learn how to solve the operational problems of producing new-to-firm products. The capability is presumably bundled from resources like efficient production facilities, process engineering, quality assurance, and distribution functions which have contributed to past product introduction activity. All strategies should benefit from stronger capabilities for product development; each strategy may have its own capability. 
Hypothesis 2a: Product development capability should be positively related to the number of radical innovation product introductions.
Hypothesis 2b: Product development capability should be positively related to the number of differentiated product introductions.
Hypothesis 2c: Product development capability should be positively related to the number of generic product introductions.
Cooperative embeddedness and product development outcomes
Cooperative ties are those in which firms and their partners work together, sharing knowledge and integrating capabilities and resources (including information) to co-create value for customers (Choi & Krause, 2006; Hess & Rothaermel, 2014; Kim, Choi & Skilton, 2015; Bernardes, 2010). Alliances can be formal or informal and engage suppliers, rivals, or customers (Autry & Griffith, 2008; Bellamy, Ghosh & Hora, 2014). Some positions in cooperative networks help firms become better at acquiring, sharing, and assimilating knowledge and thus make them more attractive partners (Gomes-Casseres, 2015; Lavie, 2007; Tsai, 2001). In cooperative relationships where trust has developed, partners are more likely to share knowledge of new concepts, technologies, and market needs (Borgatti & Foster, 2003; Sydöw, 2017; Zhang, Zhao & Lyles, 2018). As knowledge is transmitted within an alliance network, firms in favored positions are more likely to access it. This can trigger a virtuous cycle: better performance allows firms to attract better partners and co-create innovative products, which in turn can lead to better position (Blome, Schoenherr & Rexhausen, 2013; Capaldo, 2007; Fawcett et al., 2007; Hess & Rothaermel, 2014; Menguc, Auh & Yannopoulos, 2015; Pisano, 2017). 
In reaction to this positive take, Kale and Singh (2009) argued that alliances often fail to deliver innovation results, an argument supported by the empirical results of Fernald and his co-authors (2017). They showed that increasing alliance activity by large pharmaceutical companies produces more new products only when combined with internal investments in research and development that enable absorptive capacity. One conclusion of this research is that a firm can have too many alliances. While having many partners may indicate superior absorptive capacity or alliance capability, any capability can become overloaded, which may explain negative results. These negative findings generally fail to link network position to innovation outcomes. 
The type of position most often discussed in innovation research is network centrality. Central positions in alliance networks have frequently been shown to facilitate knowledge flows and outcomes such as patents that are precursors to innovation-based product introduction (Grigoriou & Rothaermel, 2016; Guedri & McGuire, 2011; Hess & Rothaermel, 2011; Liebeskind et al., 1996; Paruchuri, 2010; Rothaermel & Deeds, 2004). Whittington, Owen-Smith, and Powell (2009) demonstrate a strong correlation between central positions in networks of partnerships and innovative output, particularly in research-intensive industries where networks are argued to be the locus of innovation. Central positions have also been associated with increased product introductions (Jensen, 2003). Centrality has been associated with relational capabilities for forming and managing alliances (Cassiman & Veugelers, 2006; Fernald et al., 2017; Gomes-Casseres, 2015; Whittington, Owen-Smith & Powell, 2009). Some forms of centrality have been evaluated as indicators of status and social capital that increase access to information and other resources (Hsieh & Vermeulen, 2013; Kogut, 1988; Paruchuri, 2010).
Given these strong associations between network centrality and innovation, firms in central alliance network positions should be able to introduce more radical products and differentiated products. Radical innovation is promoted when firms enter alliances in support of discovery and knowledge acquisition (Kogut, 1988; Pisano, 2017; Zhang, Zhao & Lyles, 2018). Differentiation may be promoted if knowledge flows lead to new ideas for product configurations. Network position may be subject to capacity constraints – a firm can be too exposed to rich information flows. This insight suggests that the relationship between alliance network centrality and product introductions will be subject to diminishing returns. The number of product introductions should increase at a decreasing rate as firms become more central in their alliance networks. Imitation may benefit from cooperative embeddedness that provides access to functional capabilities like manufacturing or marketing. However, it is unlikely to benefit from the kinds of embeddedness that bring knowledge about new ideas and new technologies into the firm. Because imitation involves already-defined products it should not be influenced by alliance network positions that enable access to, and assimilation of, novel ideas. 
Hypothesis 3a: The number of radical innovation product introductions increases at a decreasing rate as alliance network centrality increases. 
Hypothesis 3b: The number of differentiated innovation product introductions increases at a decreasing rate as alliance network centrality increases.
Competitive embeddedness and product development outcomes.
Research has also shown that firms’ success in different product development strategies can be enhanced by how they are positioned relative to competitors. Competitive positions that expose firms to more markets create more chances to scan for and acquire knowledge of opportunities for differentiation and imitation. Skilton and Bernardes (2015) found that firms introduced more products as the number and diversity of competitors increased. Gao, Xie, and Zhou (2015) found that the technological diversity of a firm’s suppliers increased innovative product introduction rates and that the competitive intensity moderated this effect in the ego network. Hsieh and Vermeulen (2013) showed how constraints in competitive networks influenced the number of imitative products developed. Each of these suggests that competitive position influences product development by facilitating knowledge acquisition.
We conceptualize competitive embeddedness as position in competition networks, which were defined by Skilton and Bernardes (2015) as “…structures of interdependence between rivals that emerge from direct competition” (p. 1688). Competition creates an affiliation between firms through their participation in shared markets. Affiliation networks are bipartite, meaning that every relation is between members of disjoint sets of entities; in this case, firms and markets (Borgatti & Halgin, 2011). Interfirm interdependencies are created when firms pay attention to each other’s market actions (Baum & Korn, 1999; Chen 1996; Skilton & Bernardes, 2015). Market rivalry directs attention to competitors, while observation of non-competitors is argued to be more casual (Ocasio, 1997; Srinivasan, Haunschild & Grewal, 2007). Chen (1996) and his collaborators (Chen, Su & Tsai, 2007; Tsai, Su & Chen, 2011) have proposed that as market commonality and resource similarity increase, competitors are more motivated to pay attention to each other. Competition focuses managers’ attention on what competitors are doing, who they are doing it to, how they do it, and why (Gimeno, 2004; Hsieh & Vermeulen, 2013).
We propose that competition leads firms to pay attention to opportunities in their markets, as illustrated in Figure 1. Each firm (shown as squares) is affiliated with the products (shown as circles) that compete in markets (shown as ovals) (Borgatti & Halgin, 2011). Our insight is that if firm A competes in a market with B and C, its awareness will be directed toward the range of competing products that it does not produce. Firms that compete in more markets or markets with more competing products will be exposed to more opportunities for imitation and differentiation. 
INSERT FIGURE 1 ABOUT HERE
We call the range of opportunities revealed in a firm’s existing markets competitive exposure. Competitive exposure can further be understood as an indicator of rival diversity since it depends on product portfolio asymmetry between a firm and its competitors. Imitation benefits from scanning the environment for opportunities to copy rather than for opportunities to do something new (Helfat & Lieberman, 2002; Lieberman & Asaba, 2006).
Competitive exposure does not merely provide firms with opportunities for imitation. Differentiation depends less on the discovery of new knowledge and more on the recombination of existing knowledge (Ketchen & Hult, 2007; Kristal, Huang & Roth, 2007). As a result, it may be more likely to benefit from competitive embeddedness that helps firms scan for underserved segments that the firm can serve with its know-how. Within the concept, we expect firms to recognize opportunities for differentiation in the gaps and omissions they find in markets (Li & Greenwood, 2004). We propose that when exposed to a variety of competing products, firms can learn to identify conditions that signal differentiation opportunities (Xie & O’Neill, 2014). 
This relationship should not apply to radical innovation, which we have argued is more focused on creating markets than competing in established ones. Knowing what products competitors offer seems unlikely to help firms develop radically new products and would be more likely to inhibit such development by directing attention and resources away from genuinely novel opportunities.
Hypothesis 4a: Competitive exposure is negatively related to the number of radical innovation product introductions.
Hypothesis 4b: Competitive exposure is positively related to the number of differentiated product introductions.
Hypothesis 4c: Competitive exposure is positively related to the number of generic product introductions.
Figure 2 represents our model of how these elements of absorptive capacity are related to three kinds of product introductions. Product development capability is theorized to drive all three strategies, while R&D capability should be positively related to radical innovation and differentiation, but negatively to imitation success. Alliance network position and competitive exposure create differential access to knowledge of opportunities that facilitate new product introductions.
Insert Figure 2 about here.
Data and Methods
Our principal source of data is the Food and Drug Administration’s (FDA) databases of approved drugs, Drugs@FDA, and the FDA Orange Book (Food and Drug Administration, 2017). Drugs@FDA is the master listing of drug approval applications, while the Orange Book lists all approved drugs and indicates whether they are discontinued or currently manufactured and distributed at the time of publication. We also used New Molecular Entity (NME) reports from the FDA’s Center for Drug Evaluation and Research for years between 1998 and 2017. They list applications for approval of active ingredients not previously approved in any form. 
To account for mergers, acquisitions, and alliances, we obtained SDC Platinum (SDC Platinum, 2018) data on the pharmaceutical industry. We used data from the World Health Organization’s Anatomical Therapeutic Classification (ATC) (World Health Organization, 2019) in combination with formularies from prescription benefits management organizations, as described below, to identify markets and competitors. We used a variety of online resources to develop controls, also as described below.
Sample
We selected the period from 2000 to 2017 for this study because it represents a stable regulatory regime during which clinical trial data was published at clinicaltrials.gov. We used the years from 2008 to 2017 as outcome periods and constructed a five-year leading period separated by a three-year lag for each outcome year. For example, the leading period for the 2017 outcome year is from 2010 to 2014. The lag allows time for firms to act on capabilities and knowledge accessed in the leading period. We use a three-year lag because the effects of leading variables should take time to develop. The underlying processes are complex and uncertain, meaning that results will lag initiation. 
We used the 2017 Orange Book to identify 583 firms that introduced at least one prescription pharmaceutical product from 1998 to 2017. We reason that firms that introduced and continued to produce products were the most likely to have the relevant capabilities for at least one of the outcome years. Twenty firms whose full product lines were discontinued as of 2017 were omitted because they were not going concerns. We also excluded the U.S. Army’s Walter Reed Hospital, three university cyclotrons producing radiation therapy products, and nineteen companies where we could not identify the number of employees. The average number of products controlled by the companies without employee data is 1.33, nearly all of which are generics. The resulting data set is an unbalanced panel in which 540 firms participate in 4,996 firm/year combinations. The panels are unbalanced because some firms were founded during the study period and others were combined with an acquiring firm.
Measures
We used FDA application data to classify product introductions and create the three dependent variables. We follow the example of Guedri and McGuire (2014) and use the inclusion of active ingredients in New Molecular Entity (NME) reports to classify products as radical innovations. We use variations in dosage form, route of administration and strength to identify differentiated products based on known molecular entities. Differentiated products use the FDA’s New Drug Application (NDA) system but are not NMEs. We classify product introductions using the Abbreviated New Drug Application (ANDA) as generic drugs (Grabowski & Kyle, 2007; Morton, 1999; Xie & O’Neill, 2014). Generics are copies of existing products, and thus fit a direct imitation strategy. The dependent variables are counts of products of each type introduced during outcome periods.
To measure R&D capability we counted the unique patents that each firm applied to its product introductions during the leading periods. In absorptive capacity theory, patent production is often linked with knowledge assimilation; here we link patent use to assimilation and exploitation. We recognize that R&D spending has frequently been used to measure innovation capability but our inclusion of privately owned firms in the data ruled out that measure. Of the firms in our sample, 189 used patents to protect products in at least one leading period.
We used a count of prescription drug approvals of each type during the leading periods to measure strategy-specific product development capabilities. In terms of absorptive capacity theory, these represent operational capabilities for executing product development strategies. The count of leading period ANDA approvals is used to measure generic capability; the count of leading non-NME NDA approvals is the measure for differentiation capability; and the count of leading NME approvals is the measure for radical product capability. 
We obtained SDC Platinum (SDC Platinum, 2018) data on 3,560 mergers and acquisitions involving SIC codes 2833-2836 for the years from the end of 1998 through 2014. Our mergers and acquisition search retrieved all deals with at least one participant in SIC codes 2833-2836 during the period 1997-2017. When an acquirer obtained more than 50% ownership, we treated the target as a subsidiary of the acquirer as of the year of the transaction and combined the product portfolios. Joint ventures are treated as stand-alone entities. We supplemented this data by searching the SDC database for alliances and joint ventures with at least one participant in the same SIC codes in the same period. This search produced network data on 10,365 alliances between 8,427 organizations. This data identifies alliance partners and includes descriptions of alliance purposes, a joint venture flag, and coding for alliance activities that allow us to differentiate between various kinds of alliances. 
We hypothesize that central positions in alliance networks facilitate knowledge acquisition but that the effect of this on product introduction is non-linear. We measure alliance network centrality as centrality in the network that was formed by alliances that firms entered in each five-year leading period. We used this approach to develop centrality measures because alliances, in theory, have enduring effects. During an outcome year, a firm can be reasonably expected to benefit from alliances started during the leading period. Although every subsequent alliance will alter centrality, we question how quickly new alliances produce knowledge flows. New alliances should take time to create knowledge flows and work out integration or assimilation challenges. Because alliances take time to develop, more recent alliances are less likely to influence the outcome period. We therefore do not model change in network position. 
We calculated three ego-oriented flow centrality measures using the multiple measures function in UCINET 6.0 (Borgatti, Everett & Johnson, 2013): degree, two step reach, and beta centrality. Degree is the number of alliance partners. Two step reach counts partners and partners of partners and is thus the simplest form of centrality that includes indirect connections. Beta centrality is a generalized method for calculating flow centrality. If the beta parameter is set to zero, the result is degree centrality; if the beta parameter is set close to 1/λ, where λ is the largest eigenvalue in the network, it produces Bonacich power centrality (Bonacich, 1987), with the centrality of a focal firm recursively defined by the sum of the centrality of its immediate partners. We prefer the beta centrality method to conventional eigenvector centrality because it allows for separated components in the network (Borgatti, Everett & Johnson, 2013). We created a squared term for each alliance centrality measure.
Two hundred and thirty-three firms in the sample had alliances in at least one leading period. Ninety-two of these are firms with strategies emphasizing generic product introductions. Generics-oriented and non-generics firms are about equally represented in the sample but non-generics firms are substantially more likely to have alliances, as expected. More tellingly, two-thirds of the firms with alliances are publicly traded, while only 44% of firms in the sample are public. Sixty-eight percent of firms in the data are based in the United States, accounting for 64% of firms with alliances. The broad mix of firms in our population explains the relative scarcity of alliances in our data. Following Schilling (2009), we searched for information on alliances for a random selection of fifty firms from our sample and found that the SDC search correctly identified more than 90% of alliances. This suggests that the SDC data provide an adequate representation of alliance network position. 
Studies of pharmaceutical market entry (Guedri & McGuire, 2011; Morton, 1999; Xie & O’Neill, 2014) have defined product markets by linking ingredients to therapeutic categorization systems, such as the World Health Organization’s Anatomical Therapeutic Classification (ATC) (World Health Organization, 2019) or the system of the Chinese State Food and Drug Administration (Hsieh & Vermeulen, 2013). Because these systems have many hierarchically nested categories, choosing a classification level is problematic. To avoid this problem, we used formularies created by U.S. prescription benefit organizations to simplify the process of assigning products to markets. We combined formularies from three organizations (Tufts, Blue Cross/Blue Shield and Humana) into a single set of categories with 15 top level categories closely related to the Chinese FDA and ATC first level (Hsieh & Vermeulen, 2013) and 99 market level categories. We linked the products listed in the combined formulary to combinations and/or trade names found in the December 2017 Orange Book. 
To create a measure of competitive exposure, we identified the market level categories each firm competed in during the leading period. Our measure of exposure is the number of products in those categories that the focal firm did not produce. The three-year lag between competitive exposure and the outcome period allows time for firms to implement reactions to competitor actions. Ninety firms had leading periods with zero exposure; no firm was free of competition in every period. Sixty-five of these were firms that had alliances but no products yet; five were firms with products with no competitors; the remaining twenty were firms that had discontinued products but had not yet introduced a new one.
Controls
[bookmark: _Hlk23357891]The data includes factor variables for each panel and for firms. Because the FDA is an American agency, we control for whether or not firms are US-based. Many non-US firms seek FDA approval of their products. Non-US firms are coded as ‘Foreign’ and U.S. firms are coded as ‘US’. Many pharmaceutical firms follow generic product strategies. We created a control that takes a value of ‘Generic’ if a firm identified itself on its websites as wholly or partly following a generics strategy and ‘Discovery’ otherwise. Many pharmaceutical firms are privately held. We created a control that takes a value of ‘Private’ if a firm is privately held and ‘Public’ otherwise. We included controls for firm age as of 2017 and firm size, measured as the natural log of number of employees reported in company websites or Bloomberg and Hoovers online business directories as of 2019. For many of these size estimates it was difficult to tell when the data was generated. We therefore include this control cautiously, assuming that company size is relatively stable over time and that a point estimate thus has some value as a control. 
Endogeneity
Many scholars (Borgatti, Brass & Halgin, 2014; Hage, 1999; Hess & Rothaermel, 2011) have shown that innovation and the emergence of network relationships are endogenous processes. Path dependent capabilities, enduring relationships, and competitive interdependence co-evolve. Taking cross-sections of this cycle exposes our analysis to the three potential sources of bias identified by Roberts and Whited (2013): omitted variables, simultaneity, and measurement error. We respond to the threat of omitted variables by avoiding placing limits on the sample and through our use of mixed model estimation. If we limited our study to publicly traded companies or U.S. firms or firms with alliances, we would create bias by excluding relevant firms from the population. Our selection of firms with product introductions between 1998 and 2017 avoids these biases; however, it omits firms that could have applied for product approvals but failed to do so. Our parameters otherwise fit the definition of the relevant population: firms with the potential to introduce new products. Simultaneity is addressed by the design of our data, with outcomes separated in time from explanatory measures and repeatedly measured across panels. Measurement error is the most challenging of the threats, but by relying on audited archives, we think we have reduced it. Finally, we could discover no valid instrumental variables that we could justify as causing the explanatory measures but not influencing outcomes. Roberts and Whited (2013) point out that using weak instruments introduces yet another set of biases. We address endogeneity by specifying the data and model as fully as we can, and by designing the data set to partially address simultaneity. 
Analyses and Results
To analyze our unbalanced panel data, we adopted a generalized linear mixed model (GLMM) approach to analysis. The assumptions of GLMM are that the conditional means of the response variables (the product introduction outcomes) are explained by the fixed effects, given the random effects (Wichmann et al., 2016). GLMM models allow us to control for heterogeneity due to unobserved differences between firms with the random effects component of the models (Modi & Mishra, 2011).
Given the difficulty of new product development in pharmaceuticals, it is common for capable firms to have zero product introductions in an outcome year. In the 4496 data points, 96% of firm/panels had zero radical product introductions; 91% of firm/panels had zero differentiated product introductions; and 80% of firm/panels had zero generic product introductions. 70% of firm/panels had zero product introductions of any kind. 
Following studies of patent production and other studies with count outcomes characterized by greater than expected variability, we used the negative binomial distribution to analyze our models (Carnovale & Yeniyurt, 2015; Baum & Korn 1999; Whittington, Owen-Smith, & Powell 2009). Negative binomial regression (Hilbe, 2011) relaxes the Poisson assumption that conditional means are equal to conditional variances. 
Because firms with discovery-oriented rather than generic-oriented strategies are substantially less likely to introduce generic products, and firms with generic-oriented strategy may innovate less, choice of strategy may generate excess zeros for some outcomes (Hilbe, 2011). This suggests that our process should also account for zero-inflation defined as an excess of observed zero counts relative to the expected zero counts arising under negative binomial processes (Alexandre et al., 2018; Carnovale & Yeniyurt, 2015). 
We used a recently developed package for R, glmmTMB (Bolker, 2016), to estimate our models. GlmmTMB implements generalized linear mixed models for the negative binomial (NB2) and zero-inflated negative binomial families. Using a zero-inflated negative binomial (ZINB) generalized linear mixed model, we constructed a model of generic product introductions that models zero-inflation as an intercept and as a function of the generic strategy factor, using the logit link function in a negative binomial GLMM. We included firm ID as a group-level (random) intercept term in our mixed models, because estimating random intercepts for firms will help us detect the presence of firm-level unobserved variables and, thus, help us evaluate the extent of our endogeneity problem. Our estimation procedure produces one random effect for each level of the grouping factor; in our case one intercept per firm, regardless of panel. Fixed effect coefficients were estimated via maximum likelihood. We evaluated model fit by model comparisons via Akaike’s information criterion (Alexandre et al., 2018; Bolker, 2016; Hilbe, 2011; Modi & Mishra, 2011). 
We took a similar approach for the radical product introduction and differentiated product introduction models, but found that ZINB estimation produced worse fit for these outcomes. We tested for the over dispersion that characterizes the negative binomial distribution by using likelihood ratio tests to compare Poisson models to the NB models we report below (Hilbe, 2011). In every instance the NB models provided significantly better fit. 
Table 1 provides the results of these procedures. We present only the fully specified models, although hierarchical entry results are available on request. The non-factor variables are standardized to present measures on comparable scales. The coefficients reported in the tables are incidence rate ratios (IRR) following Carnovale and Yeniyurt (2015), who describe IRR in relation to ordinary MLE regression coefficients: “Interpretation of the IRR values is much clearer, as the IRR values describe how changes in the independent variable affect the rate at which the dependent variable occurs, while holding other predictor variables constant” (p. 34). An IRR coefficient less than one represents a decreasing rate; a coefficient greater than one is an increasing rate. 
Insert Table 1 about here
The tables omit the fixed effects coefficients for the years, which showed no interesting patterns. The control variables exhibit most of the anticipated relationships with the outcomes. Having a generic strategy greatly decreases the rate of radical and differentiated introductions and greatly increases the rate of generic introductions. Being publicly traded increases the rate of radical product introductions and decreases the rate of generics. Firm size is positively related to the rate of all product introductions.
Hypothesis 1a is weakly supported as stronger R&D capability positively influences the rate of radical product introductions at p=.064. Hypothesis 1b, that R&D capability would positively influence differentiated product introductions, is supported. Hypothesis 1c, that stronger R&D capability negatively influences the rate of generic product introductions, is also supported.
Hypotheses 2a, 2b, and 2c are not supported in the mixed models. Product development capability in the form of prior experience does not increase the rate of radical and differentiated product introductions, and significantly decreases the rate of generic product introductions. Since this challenges the widely accepted belief that firms continue to do what they have learned to do (Hage, 1999), we present a set of fixed effects models in Table 2. In Table 2, the product development capability measures are strongly and positively related to the rate of introductions, appearing to support Hypotheses 2a, 2b, and 2c. The generic strategy control is no longer significantly related to generic product introductions. As comparison of Tables 1 and 2 shows, the mixed models have better fit based on comparison of AIC. 
Insert Table 2 about here 
Our conclusion is that as expected, endogeneity plays a role in our results. The influence of unobserved variables is detected when we model firms as having random intercepts (Modi & Mishra, 2011). As Shaver (1998) found when assessing the survival of foreign direct investment projects, designing procedures to account for unobserved variables can greatly alter the conclusions drawn from analyses. Comparing Tables 1 and 2 leads us to conclude that these unobserved variables are related to capabilities that are derived from experience. The considerable change in the coefficient and standard error of the generic strategy factor on the rate of generic and differentiated introductions between tables further links these unobserved variables to strategic choice. In particular, having a generic strategy has a much greater impact than experience introducing generic products. Results for Hypotheses 1b and 1c are unchanged in Table 2.
Tables 1 and 2 both provide evidence of support for Hypothesis 3a, as greater alliance network centrality in the form of two step reach positively influences the rate of radical product introductions, while the squared term reduces the rate. The number of radical product introductions increases at a decreasing rate as alliance network centrality increases. Hypothesis 3b – that the number of differentiated product introductions increases at a decreasing rate as alliance network centrality increases – is not supported. Counter to expectations, alliance network centrality has a weak, but significant inverted-U shaped relation to the rate of generic product introductions. This unexpected result is counter to our expectation that alliance network position would have different relationships with imitation and innovation.
Hypothesis 4a, that greater competitive exposure would negatively influence the rate of radical product introductions, is not supported because the coefficient is positive. Hypotheses 4b and 4c, that greater competitive exposure would positively influence the rate of differentiated and generic product introductions, are supported. Competitive exposure positively influences the rate of success for all three types of product introductions.
In summary, the analyses produce evidence of three configurations of absorptive capacity, as summarized in Table 3. The realized configurations are not as distinct as we hypothesized, primarily because competitive exposure is positively related to all three outcomes, and alliance centrality has the same form of relationship to radical and generic product introductions. Each configuration includes a significant strategic choice and other firm level characteristics. There is a positive role for R&D capability in radical and differentiated product introductions, and a negative role for R&D capability in generic product introductions. Competitive exposure plays a positive role in all three strategies and alliance network centrality plays a similar role in radical and generic strategies. If we accept the proposition that the unobserved variables contributing to these outcomes via the firm level random intercepts are related to experience-based product development capability, each configuration has all the components of absorptive capacity. 
Insert Table 3 about here 
Robustness Tests
Using generalized linear mixed models has a significant impact on the results of our analyses. Comparison with the fixed effects models shown in Table 2 leads us to infer that the unobserved variables behind these outcomes are related to experience-based capabilities and to strategic choice. One obvious question prompted by this inference is whether other specifications of random effects produce similar results. We therefore made similar comparisons to mixed models with random effects based on panel, generic strategy and public/private ownership, and on combinations of these factors. All of these models had higher (worse fitting) AIC scores than the fixed effects models and all reproduced the patterns of results in Table 2. Since only models with random effects at the firm level alter our results, and since the only results they alter are related to product development capability, the nature of those unobserved variables is disclosed at least in part. Product development capabilities develop with experience but are idiosyncratic, rather than consistent, across firms. 
As a robustness check, we tested our mixed models in alternative data sets with one and two-year lags, with results summarized in Table 4. We constructed this comparison data set to use the same leading periods to predict different outcome years depending on the lag structure. The major differences are that Hypotheses 1a, 1b and 1c (R&D capability) are never supported with shorter lags, and that Hypotheses 2a, 2b, and 2c (product development capability) are supported with shorter lags.
Insert Table 4 about here
[bookmark: _Hlk6049568]As we noted earlier, we tested three versions of alliance network centrality that are conceptually linked to information flows. The measure in Tables 1 and 2 is two step reach. We found that Hypothesis 3b was supported for two and three- year lags when degree was the network centrality measure. Bonacich power centrality (Whittington, Owen-Smith & Powell, 2009) was never significantly related to the outcomes.
Our approach to alliances is very general. Several recent studies have described joint ventures as significantly different from other forms of alliances (Carnovale & Yeniyurt, 2015; Kogut, 1988). We therefore created an alternative set of network centrality measures using only joint ventures and ran models using it. We also tested measures of participation in joint ventures. Centrality and participation in the joint venture network were never significantly related to the rate of product introductions.
Our models may be underspecified because we did not test interactions between the elements of absorptive capacity. We tested all possible two-way interactions for the four independent variables. None of these interactions contributed significantly to model fit, making it unlikely that the unobserved variables influencing our results stem from untested interactions. 
Discussion and Conclusion
Supply chain managers and scholars should be interested in the configuration of absorptive capacity for several reasons. The most critical is that absorptive capacity theory generalizes a core concept in contemporary supply chain management research, which is that firms and their capabilities are embedded in networks of suppliers and other partners (Choi & Krause, 2006). The resources, capabilities, and knowledge available to managers are not limited by the boundaries of the firm. This study therefore extends an ongoing trend in supply chain management that conceives of firms as embedded in networks of relationships (Autry & Griffith, 2008; Bellamy, Ghosh & Hora, 2014; Carnovale & Yeniyurt, 2015; Choi & Krause, 2006; Kim, Chen & Linderman, 2015; Kim et al., 2011; Modi & Mishra, 2011; Narasimhan & Narayanan, 2013; Nair et al., 2016; Skilton, 2014; Wagner, 2012; Wichmann et al., 2016). 
The ability of firms to acquire, assimilate and transform knowledge into different outcomes depends on their embeddedness in cooperative and competitive relationships, and on capabilities for assimilating knowledge and putting it to work. Developing and controlling positions and capabilities is central to supply chain management theory and practice. Supply chain scholars and managers should also be interested, because our comparison of cooperative and competitive embeddedness challenges the accepted wisdom that cooperative partnerships are critical to absorptive capacity. Cooperative relationships are expensive and difficult to manage, and there is growing evidence that they frequently do not produce the intended results (Fernald et al., 2017; Kale & Singh, 2009). Our results suggest that there are diminishing returns to cooperative relationships even in radical innovation, where they are most critical. 
This break with accepted wisdom can be partly explained by the fact that we consider a wider variety of outcomes than normal. For supply chain managers in the large numbers of firms where radical innovation is not the goal, conventional wisdom about the value of cooperative alliances in product development may be misleading. We found little evidence that differentiation, a moderate, more common form of innovation, benefits from alliance network centrality. Our unexpected finding that alliance network centrality has weak positive returns to generic product introductions calls for additional research. It may well be that this result is driven by centrality in networks of functional partnerships for marketing and manufacturing rather than product development. Future research should seek to explain how outcomes other than radical innovation are supported by different kinds of alliances and alliance network positions.
Our inclusion of competition as a form of embeddedness that influences strategic action also breaks with accepted supply chain management wisdom. Borrowing from the competitive dynamics literature (Chen, 1996), our study suggests that competitive exposure provides information about opportunities for all kinds of product development. Competitive exposure thus plays a major role in absorptive capacity. The idea that competitive exposure can help explain product development choices expands the range of explanations available to supply chain scholars for behavior in buyer-supplier relationships. This view of absorptive capacity supplements the relational school of supply chain relationship management by pointing out that managers maintain relationships with partners while simultaneously responding to competitors. Does competitive exposure change how supply relationships are managed? There are implications for transaction cost economics as well, where it would be interesting to ask how competition driven absorptive capacity alters the likelihood that supply chain partners will behave opportunistically. 
Our results also suggest new insights into which capabilities matter. We found that R&D capability matters for radical innovation and differentiation, presumably because it facilitates the assimilation and transformation of new knowledge. In our mixed models, experience based product development capabilities were rendered not significant by the inclusion of random firm level effects attributable to unobserved variables. A further discovery derived from our robustness tests provides insight into this result. As shown in Table 4, we found that product development capabilities are significantly related to the outcome variables when the lag in the mixed models is reduced from three to one or two years. This suggests that experience based capabilities become obsolete fairly quickly. “What have you done lately?” may be a better question than asking about more distant experience. The reverse is true for our measure of R&D capability, which is not significant with shorter lags. R&D capability can take a long time to convert novel ideas into product introductions (Cohen & Levinthal, 1990). These findings could be critical to managers choosing partners or investors profiling pharmaceutical firms, because it could help them assess the timing of future outcomes. The timing of performance effects associated with different capabilities may be a promising area for future research.
The most general contribution of this study is that we found evidence of two, and perhaps three, configurations of absorptive capacity that support alternative product development strategies. This extends and generalizes absorptive capacity theory to settings where radical innovation is not the goal. If absorptive capacity plays a role in the imitation of commodity products, then it may also play a role in other outcomes of buyer-supplier relationships, like sustainability or continuous improvement. It may be that strong commitments to outcomes like sustainability call for different configurations of absorptive capacity than weak ones. We anticipated that this study would identify boundary conditions where competitive exposure is critical. Instead, we find that competitive embeddedness plays a role in all three strategies, and that that there are boundaries outside of which cooperative embeddedness has limited effects. By expanding the conception of absorptive capacity to include new outcomes and competitive embeddedness, we enable more encompassing studies of problems in product innovation, alliance network composition, and supply chain structures.
Although Table 3 suggests that radical product development and differentiation overlap everywhere except in reliance on alliance network positions, we could not definitively lump them together. Future research is required to determine if differentiated product development is a phenomenon distinct from more radical forms of product innovation. It is worth noting that most firms execute more than one kind of strategy, which might help explain the results for experience based capabilities. Each firm’s unique blend of experience should shape its behavior, as our mixed model results suggested. Future research is called for to determine how much difference there is between supply networks for radical innovation and differentiation.
This study makes a further contribution by introducing a novel treatment of position in competition networks. Our competitive exposure construct helps us conceptualize and measure information-driven relationships between competition network position and the number and kind of products introduced. The construct describes the array of product development opportunities that competition directs suppliers’ attention toward. The construct is both an extension of bipartite degree and an alternative measure of competitor diversity, because it incorporates the asymmetry of market portfolios between firms and their competitors. 
Our use of GLMM negative binomial models that incorporate zero inflation where necessary points toward a future in which it will become easier to develop and test more complex explanations for supply chain phenomena. While we are not the first to use GLMM models in supply chain management research (e.g., Modi & Mishra, 2011; Wichmann et al., 2016), the method helped us make novel comparisons between outcomes and models. Being able to compare mixed models to their fixed effect model counterparts, while simultaneously comparing related outcomes, has helped us to develop a richer understanding of the absorptive capacity phenomenon. 
As any research, our study has limitations, which may also constitute opportunities for future inquiry. We chose to analyze archival data instead of surveying firms. This provides us with a valid, replicable set of measures and allows us to study whole networks. Faced with the choice between studying non-financial outcomes in a whole industry or the financial performance of publicly owned firms, we chose to study the whole industry and not to consider financial performance. This choice prevents us from measuring R&D spending, since a large part of our data consists of privately held firms. Along with our decision not to limit our data to North American firms, these choices avoid a number of sources of bias and give us a much richer take on the range of players that introduce new products in U.S. pharmaceuticals markets. 
Readers who are familiar with the supply chain management literature will have noticed that this study is not buyer or supplier centered. Our rationale is that we firmly believe that researchers and practitioners should work with knowledge originating outside of current buyer-supplier relationships. Only by looking beyond current buyer-supplier relationships can the field develop a more complete understanding of how cooperative and competitive embeddedness shape the potential for supply chain transformation.
The regulatory system in the pharmaceutical industry creates contexts for the three product development strategies we study. This raises the possibility that our results are artifacts of the regulatory regime. In response we note that innovation, differentiation, and imitation are alive and well in industries where regulation does not structure the market. Markets for innovative products have seen “Red Queen” races (Barnett & Pontikes, 2008) where innovative product development has accelerated to keep ahead of differentiation and imitation. Formerly innovative markets have also seen the development of oligopoly and the onset of mutual forbearance (Baum & Korn, 1999; Chen, 1996; Gimeno, 2004) that suppresses innovation. Both outcomes reflect the importance of competitive exposure and create opportunities to study the dynamics of innovation and competition within and between supply chains. 
Our theory and results suggest that managers need to embrace a cautious view of which cooperative relationships matter, how to manage them, and why their partners enter them. For all but radical product strategies, it appears that competitive positions matter as much or more than alliances. Supply managers and executives should be conscious of all of the elements of absorptive capacity: cooperative access to knowledge, opportunities revealed by competitors, long term innovation capabilities, and firm specific operational capabilities derived from recent experience. Absorptive capacity is not a one-size-fits-all phenomenon nor is it a phenomenon that should only concern firms trying to create new markets with radically new products. Even the most mundane imitator can benefit from structuring themselves for absorptive capacity.
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Figures and Tables 
FIGURE 1
Conceptual Map of Competitive Exposure
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FIGURE 2
Theoretical Model
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TABLE 1
Unbalanced Panel Negative Binomial Mixed Models – Ten annual outcome periods, three year lag
[image: ]

N = 4996; Coefficients are incidence rate ratios. Bold p values, <.05, Italic p values <.10
Annual panel factors are omitted from the table.
Independent variables are standardized.
σ2 is within group (residual) variance; τ00 is between group variance. Adjusted ICC only considers the random effects, while conditional ICC also takes the fixed effects variances into account. 
Pseudo R2s are calculated following Nakagawa, Johnson & Schielzeth (2017). Marginal R2 is the proportion of variance explained by the fixed effects; conditional R2 is the proportion of variance explained by both fixed and random effects.
TABLE 2
Unbalanced Panel Negative Binomial Fixed Effects Models – Ten annual outcome periods, three year lag
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N = 4996; Coefficients are incidence rate ratios.  Bold p values, <.05, Italic p values <.10
Annual panel factors are omitted from the table.  Independent variables are standardized.
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TABLE 3
Summary of absorptive capacity profiles for product development strategies
	
	Radical product introductions
	Differentiated Product Introductions
	Generic Product Introductions

	Generic strategy
	Negative
	Negative
	Positive

	Publicly traded
	Positive
	N/S
	N/S

	R&D capability
	Positive (marginal)
	Positive
	Negative

	Competitive exposure
	Positive
	Positive
	Positive

	Alliance Network Centrality
	Positive ꓵ
	N/S
	Positive ꓵ



TABLE 4
Summary Comparison of Results with Alternative Lag Structures, mixed models with ten annual panels
	
	One year lag structure
	Two year lag structure

	
	Radical product introductions
	Differentiated Product Introductions
	Generic Product Introductions
	Radical product introductions
	Differentiated Product Introductions
	Generic Product Introductions

	Product Development Capability
	+
	+
	+
	+
	+
	+

	R&D
capability
	ns
	ns
	ns
	ns
	ns
	ns

	Competitive exposure
	+
	+
	+
	+
	+
	ns

	Alliance Network Centrality
	+
(Degree)
	ns
	ns
	+
(Degree)
	+
(Degree)
	ns
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