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Abstract 

The firms that comprise the prepackaged software industry form a complex system engaged 
in systems-based competition. This complex system survives and grows because it follows 
emergent design principles notably articulated by Herbert Simon. In particular, complex systems 
form stable subsystems – clusters – that represent the underlying architecture of the industry. In 
the software industry this architecture is often referred to as a stack. 

These stable subsystems can be statically or normatively defined a priori or computed 
dynamically based on firms introducing products that interact with other products in the 
marketplace ex ante. We refer to the statically defined architecture as the espoused stack and the 
dynamically computed architecture as the emergent stack. 

In this research, we study the decomposition of the software industry using 13 years (1990-
2002) of data on packaged software development firms selling into functional markets. The 
results suggest that firms that exploit complementarities perform better than those that do not, 
and that firms that exploit complementarities based on the emergent stack/architecture 
outperform competitors that use complementarities based on the espoused architecture/stack and 
competitors that use complementarities without regard for architecture.  

1 Introduction 

Technology Strategy Researchers are generally interested in the interplay between the 

evolution of technologies and their impact on firm and industry performance [1-5]. 

Technological evolution both influences and is influenced by industry structure. Firms that 

incorporate an understanding of industry structure into their decision making processes often 

outperform firms that don’t [6]. One dimension of industry structure is the interdependencies 

between market segments. As a result, understanding the pattern of interdependencies within an 

industry – its architecture – is an important element in managerial decision making.  

In general, architecture can be espoused – as viewed by a designer – or emergent – the 

architecture “as is.” In complex, emergent systems lacking central control, the notion of an 

espoused design is tenuous. We substitute the “industry analyst” for the designer and his or her 

abstract description of market segments for the espoused design. Understanding the emergent 

architecture is far more difficult because it requires examining the individual components (i.e., 

firms) and the links between them (i.e., interdependencies) in order to infer the architecture.  

The managerial question is three-fold: is there a non-random structure within the industry 

and, if so, should the decision maker adopt the emergent or espoused view of it. If the analyst’s 

perspective is as valuable as an understanding of the emergent architecture, then the manager can 

dispense with the effort of detailed analysis to identify the emergent architecture and defer to the 

industry analysts. If, however, the emergent architecture is sufficiently more nuanced than the 
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analyst’s abstraction, and enables the identification of additional performance opportunities, its 

discovery may be worth the effort. 

We are led to believe that any sufficiently complex industry will have an architecture worth 

understanding due to the insights of Simon [7] who argues that complex systems are built of 

stable subsystems. These stable subsystems are the modular clusters [8] that give rise to value 

opportunities [2]. It is these stable subsystems and the nature of their emergent interconnections, 

and associated behaviors, that form the structure that strategists are interested in and that are the 

subject of our interest. 

We consider an industry to be an example of a complex system that has many subsystems 

and no single point of control - its leadership is often divided [9]. Industries, like many complex 

systems, have structure and emergent behaviors. In this work we explore one aspect of an 

industry’s structure – its modular decomposition – and one of its behaviors – the strategic 

product offerings made by firms. We evaluate the quality of the imputed strategic product 

offering decision by measuring the firm’s financial performance.  

In this work, industry structure is a state description of the trading relationships among firms 

and their customers. The structure is maintained and changed as a result of firms’ decisions to 

introduce and withdraw products from markets. The position of a firm within this structure is a 

result of the firm’s specific product introduction decisions and reflects the firm’s joint position in 

multiple markets. The unique position of the firm may influence its financial performance above 

and beyond the benefit conferred by the individual product markets. This study joins other 

studies that have looked at industry structure and a firm’s position within it in order to predict the 

firm’s financial performance [10-13].  

In constructing our industry structure we started by examining the role of complementarities 

and network effects in strategy development [14-16]. We use the trading relationships among 

firms and their customers to deduce complementary product markets. The firm-specific question 

is when should the firm “stick to its knitting” and when should it diversify. If the firm diversifies, 

it must then decide whether or not to enter into complementary markets, and how it should 

evaluate potential complementary markets. 

In this paper we explore the impact of product complementarities on firm performance in the 

software industry. Software products are often complementary because they are used together 

and form the basis of systems-based competition [9]. The complementarities lead to market 
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interdependencies, which are the basis for the emergent industry architecture. We measure 

complementarity between two products as the degree to which they are purchased in tandem. We 

find that product complementarities based on the emergent industry architecture is a better 

predictor of firm performance than complementarities based on the espoused architecture, which 

is better than assuming no industry architecture (i.e., a random architecture). We find that while 

complementarity is good in general, it has a diminishing marginal return. 

The rest of our paper is organized as follows. We begin with an overview of how 

complementarities have influenced the software industry. In section 3 and 4 we describe 

espoused and emergent architecture. Section 5 shows how we use market boundaries to identify 

architecture. Subsequently, we describe our methods – including data, measures and modeling 

specifications – and present our results. 

2 Complementarities in software 

In markets characterized by systems-based competition in which customers must purchase 

bundles of products, often from multiple vendors, value is derived from complementary 

products. In simple terms, a complementary product is one that enhances the value of another 

product when the two of them are used together by end-users [17]. For example, in the software 

industry database products and operating systems are complementary. A database product cannot 

even be used without an operating system; thus, the existence of operating systems increases the 

value of the database product. Similarly, the existence of database products drives the sales of 

hardware and operating systems. 

In systems-based industries two or more components made by different manufacturers using 

different technologies may have to be interoperable. This need for interoperability leads to the 

creation of standards, which facilitates the creation of additional complementary products. 

Network effects across markets [14-16] result in higher valuation for products with larger 

complementary markets and create incentives for producers of a particular good to enter the 

markets for complements.  

The desire to exploit complementarities to derive competitive advantages and create and 

appropriate value motivates a number of managerial decisions. These decisions include those 

that lead to mergers and acquisitions, alliance formation, standards creation, and product 

introductions. Companies that produce highly complementary components may want to merge or 

vertically integrate if customers value a more reliable systems integration supplied by a single 
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provider [18] or if they want to quickly gain market share in the complementary market. 

Companies also make acquisitions in a complementary market with the purpose of foreclosing 

competitors in that market. The “winner takes all” nature of software economics gives firms that 

achieve major platform status massive profit pools from which to invest in adjacent software 

categories.  

Companies can form alliances and standards committees to facilitate tighter integration at a 

strategic or technological level. Interoperability among products occurs when the products can 

utilize each others’ published interfaces (APIs). The interfaces are the result of negotiations 

among companies. These negotiations are sometimes public and are conducted in standards 

committees and are sometimes private. Both public and private negotiations involve the sharing 

of varying levels of company confidential information, which leads to the formation of alliances. 

Companies can also use either their installed base, or the installed base of complementary 

components, to leverage and promote growth through product introductions. Firms developing 

products can choose to participate in developing and marketing complementary products or they 

may allow third-party developers to provide them. Firms can actively engage in making sure that 

complementary products are interoperable, or they can rely upon their customers to do that. 

Historically, large firms have developed complementary products in-house to ensure that the 

product interfaces are properly utilized and incremental profits appropriated [19].  

Based on the resource-based views of the firm [20, 21], the use of complementary factors of 

production across multiple business units should lead to production-side synergies, economies of 

scope and improved firm performance [22]. For example, software firms that reuse the same 

software code in multiple software products should gain economies of scope in software 

development and perform better than software firms that write new code for each new product. 

Moreover, the firm can leverage their complementary assets - sales force, customer support 

departments, installed base, and their understanding of customer requirements [23, 24]. 

Related products can also exploit consumption side synergies. When a set of products serve 

the needs of the same customer base, and the value of the set of products to the consumer is 

greater than the sum of the value of each product in isolation, the set is said to offer 

consumption-side synergies. There are three types of consumption-side synergies: shopping cart 

and search cost savings, demand variance reduction [25], and product value in-learning and in-

use [2]. 
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Search and shopping cart costs refer to the costs borne by the consumer in locating 

compatible products, selecting the right product, and making the software purchase. A firm 

offering more than one product can reduce these costs to the consumer and share in the cost 

savings. This type of synergy allows the producer to reduce customer acquisition costs by cross-

selling products to the same customer base. However, the costs of developing, supporting, and 

coordinating the delivery of multiple products is high. Therefore, firms may utilize a more 

nuanced diversification strategy than one that is solely intended to capture search and shopping 

cart savings. By limiting the firm’s product diversification to compatible, complementary 

products, the firm increases the likelihood that a consumer will select more than one product in 

order to realize the potential product synergies. This increases the value to the firm of offering a 

diversified product portfolio. 

Demand variance reduction refers to the reduction in uncertainty that a specific second 

product, B, will be purchased if a first product, A, is purchased [25]. If two products are not 

complements, the estimated probability that product B will be purchased is unchanged with the 

knowledge that product A is purchased.  However, if the two products are complements, then the 

knowledge of a purchase of product A increases the probability that product B will also be 

purchased. By providing complementary products, the firm not only increases the odds of the 

consumer making a subsequent purchase, but also increases the odds that the subsequent 

purchase will be one of a specific set of complementary products. 

Product value in-learning and in-use refer to the additional value that the consumer receives 

in using complementary products together. Customers benefit by a set of interoperable products 

with familiar user interfaces [26], trained and supported by a single vendor that understands the 

task environment in which the set of compatible products will be deployed. Firms that provide a 

set of complementary products can appropriate some of the value created and better weather 

competitive price pressures in the markets for the individual products. 

Our core assertion is that firms that have the necessary assets, resources and skills to develop 

and market complementary products will outperform those that don’t. They will take advantage 

of production-side and consumption-side synergies to improve their performance. More 

formally: 

Hypothesis-1a: Complementarity of a firm’s products has a positive effect on firm 

performance. 
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Any pair of products can range from not complementary, in which case the demand for one 

product provides no information regarding demand for the other product, to perfectly 

complementary, in which demand for one product provides perfect information regarding 

demand for the other product. We argued previously that firms selling complementary products 

would outperform those that either sold only one product or sold multiple, non-complementary 

products. From the perspective of value appropriation; however, too much complementarity can 

be as bad as not enough. 

Two products that are highly complementary are those in which the purchase of one always 

occurs with the purchase of the other. When the two products are always purchased in tandem, 

one product is just extension of the other. From a packaging perspective the two products may be 

separable, but from the consumer’s purchasing perspective they are not. As a result, the ability of 

the firm to use one product to extend the market share of the other may be eroded. The ability of 

the firm to support higher price levels for the products independently may be diminished. The 

firm may be forced to expend energy in the production, sales, and support of both products 

without a commensurate increase in sales volume or revenue. The firm may not have a choice in 

supporting both products. Firms that sell only one will be at a competitive disadvantage. 

The production-side and consumption-side synergies still exist for highly complementary 

products. Search and selling costs will be even lower for highly complementary products than for 

moderately complementary products. Demand uncertainty for the complementary products drops 

to zero. The two products may always be used together, increases the in-use synergies. The 

significant change to the firm as products become highly complementary is that the ability of the 

firm to appropriate the value created is reduced. Competitive pressures ensure that the value is 

appropriated by the consumer and not the producer. More formally: 

Hypothesis-1b: Complementarity of a firm’s products has a diminishing marginal impact on 

firm performance. 

3 Espoused stack complementarity 

The espoused industry architecture is often presented as an analog of the software stack. 

Industry analysts from firms such as IDC and Gartner publish reports describing the industry 

stack. In the early days of the software industry, a set of vertically integrated companies 

producing everything that a consumer needed (e,g., DEC, IBM and Wang) delivered the entire 

stack. As described by Andy Grove [27], somewhere around the late 80’s a transition from 
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vertical integration to horizontal layers occurred. As a result of this transition, the industry 

moved from single firms offering end-to-end services to modular clusters [2] or stacks populated 

by specialist firms. 

The industry stack (see figure 1) divides activities into layers that are complementary to each 

other [18, 23, 28, 29]. Today, just as was the case during the era of vertical integration, firms can 

deliver products that support most (if not all) layers of the stack. For example, consumers can 

buy chipsets, assembled computers, operating systems (AIX), middleware (Websphere), 

applications (CRM) or services (Global consulting) from IBM.  

 
Figure 1: IT industry stack 

The main difference in the era of stacks today is that IBM provides these products with 

looser coupling and with open interfaces between them. As a result, consumers of these services 

have the option to mix and match IBM’s products with those provided by other vendors. In the 

earlier era this was not possible – a consumer had to pick a vendor and buy all required services 

from them.  

According to Lou Gerstner, former CEO of IBM, most companies specialize in one or a few 

layers and rely on other companies to offer complementary components. Each of these 

components is layered above or below the other, and communicates through more or less 

standard interfaces, with closer layers being more related to each other than layers that are 

further apart in the stack. Each layer is dependent on the layer below to deliver the promised 

functionality. This arrangement works well for vendors as they have to simply focus on what 

they do best and leave the rest to other product vendors.  

Hardware

Application software

Systems Software

Middleware software

Service
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Lower layers and their components such as hardware and network services are often referred 

to as operating platforms and are fast becoming commodities. They have well defined interfaces 

with well defined terms of trade (prices). Firms build competencies on top of these lower layers 

by carefully selecting application packages and middleware packages and then launch business 

services on top of the application layer.  

The idea of stacks is really just a simplification of the idea of modular systems. Modularity is 

a technique for managing complexity [2] long used by designers of many types of systems. 

However, modularity is not just a normative goal; Simon theorizes that modular systems are 

natures way of managing complexity by using nearly decomposable, stable subsystems [30]. 

This suggests that modularity in software systems was inevitable. It follows that, absent 

significant efforts by dominant firms, the industry would follow accordingly [1, 31]. The 

espoused industry stack as diagrammed above (Figure 1) is an abstraction of the modular system 

Simon anticipated. 

The products within a cluster (i.e., module or stack layer) are either highly complementary or 

substitutes. When analysts consider the products that constitute the layers of the stack, they will 

group like things together (e.g., all database products) and often include those highly 

complementary products always purchased with the database product (e.g., database utilities). If 

we consider complementary products being linked together, we would anticipate no direct links 

between competing products within a cluster, but indirect links would embed all products within 

the cluster as complementary products interoperated with competing products. 

The products in adjacent layers of the espoused architecture are interoperable and 

complementary, but less so than products within the same layer. The products are 

complementary by definition: it is the fact that the products are complementary that determines 

the ordering of the layers. Products more than one layer away from each other may still be 

complementary, but will be less so than those in adjacent layers. Database management systems 

and database applications are highly complementary. Database applications and operating 

systems are assumed to be less so. 

Firms choosing to provide complementary products can provide products within a single 

stack layer, in adjacent stack layers, or in non-adjacent stack layers. This is a choice between 

providing highly complementary products, medium complementary products, or low or non 

complementary products. The logic explaining why the firm would choose to provide products in 
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adjacent stack layers based upon product complementarity considerations is presented in the 

previous section. However, there are some additional issues the firm must wrestle with in making 

its choice. 

Products are in the same stack layer because they are directly and indirectly associated 

(bound or linked) to the other products in the layer. Each product may be highly complementary 

to one or more other products. So, even if two products are not highly complementary to each 

other, they may belong together in the layer because their complements are highly 

complementary to each other. As a result, the firm selling multiple products within the same 

layer may not have pricing flexibility, due to competitive pressure, to appropriate a significant 

part of the value generated by the complementarities. 

Firms selling products in complementary layers, however, have more flexibility to adjust 

pricing, product features, and the other elements of the product offering so as to appropriate this 

value than firms selling into a single layer. Complementary layers represent a combination of 

complementary products, which increases value, and fewer constraints, which lessens the 

difficulty in appropriating that value. Formally: 

Hypothesis-2a: Espoused stack complementarity of a firm’s products has a positive effect on 

firm performance. 

Excessive complementarity can also have negative consequences. The argument against 

highly complementary products was presented for hypothesis-1b. To the extent that highly 

complementary stack layers consist of highly complementary products, the firms selling these 

highly complementary products may have diminished flexibility to set pricing levels and adjust 

packaging to appropriate the super-additive value produced by the complementary products. 

More formally: 

Hypothesis-2b: Espoused stack complementarity of a firm’s products has a diminishing 

marginal impact on firm performance. 

4 Emergent stack complementarity 

In the previous section we argued that the espoused stack – an abstraction of the underlying 

complexity of the industry – would help predict which pairs of products would be 

complementary and offer the possibility of superior returns. The espoused stack is a simpler, 

more aggregated view of the industry than the actual, emergent structure of the industry. In this 

section we continue with the actual complex system – the software industry – and suggest that 
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understanding its emergent structure will give the firm a better understanding of the industry’s 

behavior and enable it to select a more appropriate strategy than the one it would pick examining 

the espoused stack.  

The espoused stack hides the imperfect modularity and interdependency between products 

that leads to interdependencies between firms as they cope with emerging technology. The 

espoused stack also hides the relationships between firms that may give rise to the specific 

organizational and industrial designs that are created [32]. There is a close relationship between 

the structure of designs and the economic structures – firms and markets – that emerge to realize 

them [2]. A set of firms and markets that support the evolution of a modular design is called a 

modular cluster [2]. The modular clusters are not, however, designed. They arise do to the 

interactions between the firms in the industry. 

Each firm in the marketplace learns to huddle together as an industry and take cues from their 

fellow producers who face the same uncertainty of buyers and who need to offer differentiated 

products filling distinct niches. As these firms create and operate as actors, they socially 

construct their markets in response to uncertainty [33]. Since each firm within the industry will 

try to find a niche for itself by satisfying needs of particular sets of customers and differentiating 

from the rest, the architecture of the system will be reflected in the market structure of the 

industry [2, 33, 34]. We refer to this architecture as the emergent stack, even though a diagram of 

it would look like a network graph and not the linear abstraction presented earlier (see Figure 1).  

The emergent stack is a dynamic abstraction that changes as new products are introduced and 

as product-use and purchase patterns shift. It is less a pedagogical abstraction and more an 

analytic artifact. Although the emergent and espoused stacks may differ considerably, the logic 

of complementarities, and their calculations, that drive our hypotheses is the same.  

Hypothesis-3a: Emergent stack complementarity of a firm’s products has a positive effect on 

firm performance 

Hypothesis-3b: Emergent stack complementarity of a firm’s products has a diminishing 

marginal impact on firm performance . 

The emergent industry architecture is potentially more nuanced and intricate than the 

espoused, abstracted architecture. It reflects the actual behavior of producers and consumers. As 

a result, we expect greater predictive value when using the emergent stack in our analysis. More 

formally: 
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Hypothesis-4: Emergent stack complementarity of a firm's products is a better determinant of 

firm performance than the espoused stack complementarity of a firm's products. 

5 Markets, Layers, and Market Boundaries 

The task of identifying architecture in the software industry requires that we come up with a 

fine-grained definition of market segments (modular clusters) and the relationships between 

them. The challenge is coming up with a basis for deciding which transactions constitute one 

market segment and not another. 

In order to meet this challenge we adopt the approach taken in highly related research on 

market definition and market boundaries. A market is a social structure resulting from complex 

and dynamic patterns of selling and buying among firms and customers, respectively [34-37]. 

Not only can markets and the boundaries that separate them be differentiated and determined by 

identifying differences in buying and selling patterns [36] but “to the extent that the producers of 

one commodity and producers of another have identical suppliers and identical consumers, they 

are competitors in the same market” [34] (p. 358). Competition among firms in a market exists 

because they have common consumers. 

Researchers have since extended these concepts by emphasizing the bounded rationality of 

the actors that interact in a market. The search for competitive advantage on the part of a firm is 

the result of the actions of people in firms. Decision makers form models of the market system, 

with special attention to the actions of competitors and consumers, and (re)act accordingly [38, 

39]. Simon [39, 40] has argued that: 

“The bounded rationality of humans does not allow us to grasp the complex situations that 

provide the environments for our actions in their entirety. The first step in rational action is to 

focus attention on some specific (strategic) aspects of the total situation and to form a model of 

the situation in terms of the aspects that lie in that focus of attention (p. 37)” 

In other words, markets should be defined with respect to the focus of attention of the actors 

and the models they use to compete [38, 39]. One result of incorporating bounded rationality into 

the definition of a market and determination of its boundary is that a market may span product, 

service, geographic, and other pertinent spaces [39]. Firms are not atomistic, single product 

actors that compete in a single niche. Firms may, in fact, compete in multiple markets. Moreover, 

as firms repeatedly interact with other firms and customers, a shared definition of what 

constitutes a market, among the markets’ constituent parts and competitive relationships, 
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emerges. It is this shared model of markets that defines the boundaries of a market and not an 

exogenous static definition per se [38]. 

For example, Burt and Carlton [36] conclude from their analysis of the network boundaries 

of 77 American markets that some of them can be combined into 7 classes. Brooks [39] analyzed 

patient flows to 97 hospitals from the zip codes contained within a 10 county area of San 

Francisco Bay area. Results indicate a firm’s market did not coincide with their espoused 

markets - statutory boundaries such as cities or counties. Similar results are echoed by other 

researchers in a wide range of industries [41, 42]. 

Therefore, we base the identification of the software industry’s emergent architecture on 

market segments that are defined by the pattern of company-specific product sales. Markets are 

not defined by the mere existence of products. Critical to market definition is knowledge of 

which companies sell which products and in what quantity. It is the shared attention by multiple 

actors (firms) on specific collections of products that defines markets. The specifics of how we 

did this in the software industry are the subject of the next section. 

6 Methods 

6.1 Sample and Data 

The data for this study were collected and assembled by International Data Corporation 

(IDC). IDC data has been used extensively in academic research (e.g., [2, 43]), by industry 

analysts, and by the US Department of Justice’s litigation with Microsoft. Consequently, IDC 

data are arguably one of the most exhaustive and complete data of the software industry. These 

data meet the general requirement in that they are at a finer level of granularity than the 

eventually defined markets [39]. 

The database tracks the sales of independent software vendors (ISV) that sell software 

products to consumers (i.e., people and other companies). Specifically, the IDC database 

contains over 260,000 unique ISV / operating system (OS) / product / geographic 

region/year/sales combinations spanning the years 1990 to 2002.  

Overall, IDC tracks about 1200 ISVs, 10 operating systems (e.g., Windows and Unix), and 

90 product categories (e.g., accounting, content management, database management), and 6 

geographic regions (e.g., North America) as of 2002. Each ISV / OS / functional product offering 

/ year / sales represents a unique transaction between ISV and customers. Each observation, with 
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its associated sales, represents a competitive outcome stemming from the actions and reactions of 

firms to each other and with respect to consumers and their needs. Table 1 summarizes the 

number of firms, operating systems, and products in the sample. 

--Insert Table 1 about here-- 

Within the subsequent sections, we refer to functional product categories simply as products. 

For example, two firms may sell different applications (e.g., Oracle and SQL Server), but for the 

purpose of this paper the firms sell the same product (i.e., database management). Because 

competitive applications are grouped together by IDC in the same product category, and we only 

examine product categories, the issue of competitive versus complementary products is avoided.  

6.2 Dependent variable 

We use sales growth to measure firm performance. Sales growth is a financial measure 

commonly used to assess firm performance in management studies [44]. Industry analysts also 

use sales growth as a key metric in valuing software firms [45]. We introduce a one-year lag in 

the performance measure to assess how the independent variables and controls in year t impact 

firm performance in year t+1. The range of the time variable t is 1991 to 2001 – we omit 1990 

and 2002 from the sample because they are needed for control and dependent variables. 

Firm sales growthi,t+1. Firm i’s sales growth is computed as the sum of the natural logarithm 

of the ratio of firm i’s t+1 and t sales of product j weighted by the firm’s percentage of sales in 

product j: ( )∑ +
j

tijtijtij xxp ,1,, ln  where xij,t is firm i’s sales in product j for year t and pij is the 

proportion of firm i’s sales from product j. Although firm growth can be computed differently, it 

is best denoted by the log of year t+1 and year t revenue ratio [46]. 

6.3 Independent variables 

A key set of measures in this paper are the extent to which pairs of products are 

complementary. We argue that to the extent two products are highly complementary, firms that 

sell one product will also sell the other. To the extent that complementarity between a pair of 

products is low, a firm that sells one product may not necessarily sell the other. Table 2 

summarizes the three complementarity operationalizations used in this paper. We also calculate 

two measures of stack complementarity in order to test for the existence of layers (modular 

clusters) and to test their predictive value on firm performance. 
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--Insert Table 2 about here-- 

Firm product complementarityi,t. This variable measures the extent to which a firm offers 

complementary products. Firm product complementarityi,t considers all products as being 

distinct, as opposed to belonging to groups like the products in the espoused and emergent 

stacks. Computing this variable is a two step process. First, the complementarity for all product 

pairs is computed. Second, a specific firm’s product complementarity is computed, based on the 

subset of the products offered by the firm, using the all-pairs product complementarities 

computed in the first step. 

To compute complementarity for all product pairs, we reference recent studies that focus on 

within-industry diversification [47-49]. We compute similarity coefficients rjj′ for every pair of 

products j and j′, over all firms and all OS, in year t using the Sohn [13] similarity metric. 

Specifically, rjj′ is 
( )

.
,min

2
,
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∑


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xxx
pr  where xijk,t denotes firm i’s sales of 

product j, on OS k, in year t. The term pjk,t represents the proportion of product j’s sales on OS k 

in year t. The range of rjj′,t is zero to one. The metric is zero if two products exhibit no 

complementarities and one if they are perfectly complementary. 

This approach has been used to infer underlying resource similarities and complementarities 

of industries or products from the sales distributions of populations of firms across industries or 

products [34, 36, 39]. Lemelin [50] argues that complementary in use of products is one way to 

recognize the relatedness of products and markets. Full details regarding the computation of the 

similarity metric tjjr ,′ can be found in Appendix A. 

A specific firm’s product complementarity is the normalized sum of the similarity between 

every pair of firm i’s products weighted by the firm’s proportion of sales in those products or 

1
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,

|
,,,

−

+∑
′≠′

′′

product
ti

jjjj
tjitijtjj

N

ppr
, where rjj′,t is described above, pij,t is the proportion of firm i’s sales from 

product j, and Ni,t
product is the number of products offered by the firm in year t. We divide by 

Ni,t
product to normalize and remove double-counting bias [21].  

Firm emergent stack complementarityi,t. This variable measures the extent to which a firm 

offers products across complementary layers (clusters) of the emergent stack. The previous 
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variable, Firm product complementarityi,t, ignores industry decomposition. However, our 

argument is that industries self-organize into non-random typologies in order to manage 

complexity. Through the collective behaviors of firms, industries form stacks – interdependent 

clusters or layers that contain highly complementary products. Computing this variable is a two 

step process. First, the products are grouped into layers by using a clustering algorithm. These 

clusters represent the emergent, actual layering of products (note, these layers may not be 

linearly organized as shown in Figure 1). This step also results in a set of values tjj ,′ω  that 

denotes the degree of emergent complementarity between layers. Second, a specific firm’s 

emergent stack complementarity is computed, based on the subset of the products offered by the 

firm, using the all-pairs emergent complementarities computed in the first step. 

To group products into layers and compute complementarity between layers, we create a 

graph formed from the set of products offered by all firms in year t (i.e., nodes) and the rjj′,t 

defined previously as the arcs between the nodes. We transform this directed graph into an 

undirected graph by first summing the parallel arcs and then renormalizing edge weights. 

A goal of grouping is to find a partition of the nodes that maximizes between subgroup 

differences and minimizes within subgroup differences. Grouping N elements into M (≤N) 

disjoint groups is NP-hard [51]. The computation to find the best partition quickly becomes 

intractable. Other methods involves spectral methods (e.g., [52]), semi-definite programming 

relaxations (e.g., [53]), and non-deterministic approximation methods such as genetic algorithms 

and neural networks. 

To create the emergent stack layer definitions we use recent advances in graph partitioning to 

arrive at a dynamic clustering of products. Recently, interest has been renewed in flow-based cut 

clustering methods. These algorithms have enjoyed success at grouping similar search terms for 

use in internet search engines. These partitioning algorithms are defined for undirected graphs; 

hence the need to transform our weighted directed graph into a weighted undirected graph. The 

partitioning algorithm is based on Gomory-Hu [54] min-cut spanning trees and is described by 

Flake [55]. 

To summarize, an artificial sink node is added to the graph, the min-cut tree is computed, the 

artificial node and its associated edges are removed from the min-cut tree, and the remaining 

disconnected sub-graphs, if any, correspond to the distinct groups or layers [55]. This 

partitioning algorithm requires as input a weight α, that depending on its value, determines the 
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number of distinct sub-groups that the graph will be partitioned into. The number of sub-groups 

is between 1 and N where N is the number of distinct products in year t. Our custom algorithm 

generates all the partition structures (e.g., {1,2 | 3, 4}, {1| 2,3 |4}, and {1,2,3 | 4}) that can be 

generated by varying α, and for the purposes of arriving at a partition for use in our computation, 

we chose the one that maximizes between subgroup differences and minimizes within subgroup 

differences. Our partitioning “goodness” criterion is similar to the one described in Freidman 

[56]. 

Once we have the groupings, the complementarity or tjj ,′ω between layers j and j′ in year t is 

calculated by computing the average of the edges between the products contained in the two 

layers. Table 3 presents the partitioning results for the sample years. Figure 2 depicts the product 

groupings for the products offered by in year 1991 and the complementarity between the layers. 

In the figure all the relational database management products and the object relational database 

management product are grouped with the third generation languages used to create applications. 

Since they represent databases and tools to create applications, the grouping makes sense. 

Similarly, operating systems and utilities are grouped together. According to the figure there is 

high complementarity (0.79) between the two groups. The high complementarity is expected 

because database management systems work directly with the operating systems. On the other 

hand, accounting systems, human resource systems and inventory management tools do not 

interact with the operating systems directly and hence have a low complementarity score (0.03) 

with the OS layer.  

--Insert Table 3 and Figure 2 about here-- 

A firm’s emergent stack complementarity is calculated in an analogous fashion to the Firm 

product complementarityi,t variable. However, we compute complementarity with respect to the 

layers, and the products contained within them, instead of discrete products. A firm’s emergent 

stack complementarity is the normalized sum of the similarity between every pair of firm i’s 

supported layers weighted by the firm’s proportion of sales from the layer or 
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and control for double counting bias. All of the firm’s products that are identified as belonging to 

a stack layer are combined by summing their sales. 

Firm espoused stack complementarityi,t. This variable measures the extent to which a firm 

offers products across complementary layers of the espoused stack. This variable is computed in 

two steps. First, the products are grouped into layers by a panel of experts. As is evident, the key 

difference between this measure of stack complementarity and the previous measure is the 

method used to create disjoint product groups. In addition to the product groupings, this step 

results in a set of values tjj ,′τ  that denote the degree of espoused complementarity between layers. 

Second, a firm’s specific espoused stack complementarity is computed, based on the subset of 

products offered by the firm, using the all-pairs espoused stacks complementarity computed in 

the first step. 

To reiterate, the key difference between the two stack complementarity measures is the 

method used to identify the layers. For the espoused stack layers we used a panel of experts to 

put different products into layers. Each expert was provided with a list of products found in the 

IDC database. They were then asked to group products into layers. The experts grouped the 

products into nine distinct groups (layers). We then used these nine layers to compute the firm i’s 

sales by layer j in time period t.  

The complementarity or tjj ,′τ between layers j and j′ in year t is calculated by computing the 

average of the tjjr ,′  between the products contained in the two layers. Table 4 shows the results of 

this espoused stack complementarity product grouping.  

--Insert Table 4 about here-- 

A firm’s espoused stack complementarity is the normalized sum of the similarity between 

every pair of firm i’s supported layers weighted by the firm’s proportion of sales from the layer 

or 
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. The variable pij,t denotes the proportion of firm i’s sales from layer j, 

and Ni,t
layer is the number of layers supported by the firm in year t. We divide by Ni,t

layer to 

normalize and control for double counting bias. All of the firm’s products that are identified as 

belonging to a stack layer by the experts are combined by summing their sales. 
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6.4 Control variables 

To address alternative explanations for our findings, we include key controls that are likely to 

have a bearing on the dependent variable. To minimize potential endogeneity concerns, we also 

include controls that are likely to influence both independent and dependent variables of the 

study. 

The diversity of a firm’s operations (i.e., the extent to which a firm’s products are spread 

across distinct OS and geographic regions) may impact firm performance [57]. We control for 

diversity by computing the entropy measure of diversification across platforms and geographic 

regions. Platform diversityi,t for firm i in year t is ∑kpik,tln(1/pik,t) where pik,t is the proportion of a 

firm i’s sales in platform k in year t. Geographic diversityi,t for firm i in year t is ∑lpil,t ln(1/pil,t) 

where pil,t is the proportion of a firm i’s sales in geographic region l in year t. 

A firm’s dominance in products, OS, or geographic regions may impact its growth. Dominant 

firms may also have more resources to offer more products, support more stacks layers, or both. 

Platform dominancei,t for firm i in year t is the weighted sum of a firm’s proportion of OS k or 

∑kpik,t(xik,t/∑ixik,t). The term pik,t denotes the proportion of a firm i’s sales in OS k in year t, xik,t 

denotes the firm’s total sales in OS k, and the sum ∑ixik,t denotes the total sales in OS k for all 

firms. Product dominancei,t for firm i in year t is the weighted sum of a firm’s proportion of 

product j or ∑jpij,t(xij,t/∑ixij,t). The term pij,t denotes the proportion of a firm i’s sales in product j 

in year t, xij,t denotes the firm’s total sales in product j, and the sum ∑ixij,t denotes the total sales 

in product j for all firms. Geographic dominancei,t for firm i in year t is the weighted sum of a 

firm’s proportion its sales in region l or ∑lplj,t(xil,t/∑ixil,t). The term pil,t denotes the proportion of a 

firm i’s sales in region l in year t, xil,t denotes the firm’s total sales in region l, and the sum ∑ixil,t 

denotes the total sales in region l for all firms. 

Positioning across growing or declining markets, platforms, and geographic regions can 

influence the sales growth of a firm. Thus, we control for sales growth in the platforms, markets, 

and geographic regions supported by the firm. Platform growthi,t for firm i in year t is the sum, 

over all platforms, of the growth of platform k (i.e., Growthk,t) between year t-1 and t multiplied 

by the firm’s proportion of sales in that platform (i.e., ∑kpik,t Growthk,t) where pik,t is the 

proportion of firm i’s sales in platform k in year t, Growthk,t = ln(xk,t / xk,t-1), and xk,t is the total 

sales of platform k. Similarly, Product Growthi,t for firm i in year t is the sum, over all markets,  

of the growth of product market j (i.e., Growthj,t) multiplied by the firm’s proportion of sales in 
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that product market (i.e., ∑jpij,t Growthj,t). Finally, Geographic Growthi,t for firm i in year t is the 

sum, over all geographic regions, of the growth of region l (i.e., Growthl,t) multiplied by the 

firm’s proportion of sales in that region (i.e., ∑lpil,t Growthl,t). 

Firm size can influence the performance of firms. Large firms offer more products [58], have 

more synergy exploitation opportunities, and suffer more from managerial diseconomies [59]. 

We control for firm i’s size in year t by taking the natural logarithm of the firm’s total sales. 

Firm age is associated with within-industry diversification strategies and the performance of 

firms [49]. Thus, we control firm i’s age in year t. We measure firm age by counting the number 

of years since the firm’s founding or the first year in which the firm generated sales in the 

software industry. We compute the natural logarithm of this measure. 

A firm’s initial performance advantages can influence subsequent performance of the firm as 

well. Thus, we control for a firm’s growth, as well as other unobserved firm heterogeneity, by 

including a lagged dependent variable, Firm sales growthi,t, in the model. Finally, we include a 

set of indictor variables to control for industry and period specific effects. Summary statistics of 

our sample can be found in Table 5. 

--Insert Table 5 about here-- 

6.5 Statistical Method and Analysis 

We test the hypotheses using a cross sectional time series or panel design. The sample 

contains 4,392 distinct firm-years with approximately 5.0 observation years per firm. The design 

repeatedly measures firm performance and covariates, which includes a lagged performance 

measure. Under these conditions, ordinary least squares (OLS) may result in biased and 

inefficient estimates [60]. 

We thus use the generalized estimating equations (GEE) approach [61, 62] that has been used 

in prior studies [60, 63]. GEE is a flexible estimation procedure that addresses within firm 

correlation and heterogeneity and thus results in more efficient and unbiased parameters than 

OLS. Specifically, GEE estimators are asymptotically normal and consistent given an arbitrary 

correlation among observations [61, 62]. Because of its flexibility, a set of options must be 

specified prior to performing estimations. We use a Gaussian distribution for the dependent 

variable, an identity link function and an unstructured working correlation matrix. We also 

performed estimations using an exchangeable working correlation matrix, which denotes an 
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equal correlation model and is equivalent to a random effects estimation with consistent results. 

We report the more conservative results obtained from the unstructured working matrix; we use a 

sandwich variance estimator for correcting standard errors. 

7 Results 

Tables 6 and 7 present Stata coefficient estimations from the GEE regression for sales 

growth. We estimate twelve models. Model 1 is the baseline model and only contains controls. 

Models 2, 3, and 4 build upon Model 1 and independently add the three main effects firm 

complementarity variables. Models 5, 6, and 7 add the curvilinear quadratic effects to Models 2 

through 4. Models 8 and 9 add in tandem two of the three firm product complementarity 

variables to the baseline Model 1. Models 10 and 11 build upon Models 8 and 9 and add in 

tandem the two of the three complementarity main effects and associated quadratic effects. 

Model 12 in the final model estimated in this paper. It contains all the main and quadratic 

complementarity operationalizations. 

--Insert Tables 6 and 7 about here-- 

All twelve models are individually significant. With the exception of Model 2, the additional 

main or quadratic effects variables significantly increase model fit. H1 hypothesizes that a firm’s 

product complementarity will positively impact firm performance. The coefficients in Model 5 

for the direct effect (0.258, p<0.01) is significant, suggesting support for H1a. H1b hypothesizes a 

curvilinear relationship between a firm’s product complementarity and firm performance. The 

directionality of the quadratic term in Model 5 (-0.317, p<0.05) supports H1b. The significance of 

both coefficients is lost in Models 10 and 12, suggesting that understanding complementarities 

based on the emergent stack is superior to looking only at product complementarities and that 

understanding stack-based complementarities is not improved by also understanding product 

complementarities. 

H2 hypothesizes that a firm’s espoused stack complementarity will positively impact firm 

performance. The coefficient in Model 3 (0.110, p<.01) is significant but only weakly significant 

in Model 6 (0.170, p<.10). Hence, the results suggest weak support for H2a. H2b hypothesizes a 

curvilinear relationship between a firm’s espoused product complementarity and firm 

performance. The directionality of the quadratic term in Model 6 (-0.115) is appropriate but it is 
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not significant. Furthermore, the quadratic effect coefficient is also not significant in Models 11 

or 12. Hence, the results suggest no support for H2b. 

H3 hypothesizes that a firm’s emergent stack complementarity will positively impact firm 

performance. The coefficient in Model 4 (0.123, p<.01) is significant and positive. With the 

exception of Model 9, the coefficients for emergent stack complementarity remains similar in 

magnitude and constant in direction even in the presence of other main and quadratic effect 

variables. The addition of emergent stack complementarity also increases overall model fit at 

p<.10 or better. The results thus suggest support for H3a. H3b hypothesizes a curvilinear 

relationship between a firm’s emergent product complementarity and firm performance. The 

quadratic term in Model 7 (-0.551) is significant (p<.01). The quadratic term is significant in all 

models and increases overall model fit. This coefficient remains similar in magnitude and 

constant in direction. Based on the pattern of the results among the twelve models, the joint 

impact of main and quadratic emergent stack complementarity on firm performance is robust and 

consistent. The results thus suggest support for H3b. 

We finally test the greater explanatory power of emergent stack complementarity (H4) over 

espoused stack complementarity. In Model 12, emergent stack complementary is significant, 

similar in magnitude to the coefficients in Model 7, 10, and 11, and in the expected direction. In 

fact, the coefficients for product and espoused complementarity are not significant in Model 12. 

Overall, the addition of product and espoused complementarity covariates do not increase the fit 

(cf. Model 7 and Model 10, and Model 7 and Model 11) while the opposite assertion can be 

made. Furthermore, the main and quadratic emergent stack complementarity is consistently 

significant while the other measures of complementarity are not significant. These results 

suggest support for (H4). 

Figure 3 is a plot of emergent stack complementarity and firm sales growth using the 

estimated coefficients from Model 12. Firm sales growth is expressed as the ratio of sales in 

period t+1 to sales in period t. The baseline is equal to 1.0 or no change in firm sales for two 

consecutive years. The positive impact of firm emergent stack complementarity increases but 

after a critical value begins to decrease. In fact, for high degrees of emergent stack 

complementarity, the impact on firm growth is negative. 

--Insert Figure 3 about here-- 
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8 Contributions and Limitations 

This study makes a contribution by synthesizing the economic theory of complementarities 

with the resource-based view of diversification and design science computational methods. 

While the resource-based view of diversification recognizes production and consumption-side 

synergies, it does not use the theory of complementarities [26]. In addition to introducing 

complementarities, we also distinguish between espoused and emergent complementarity and 

confirm the existence and importance of emergent industry architecture - stacks.  

However there are limitations to this work. We have summarized these under two headings: 

complementarity and clustering techniques. 

Operationalization of complementarity  

Complementarity can be based upon espoused (e.g., design-time) or emergent (e.g., customer 

buying patterns or hedonic measures) characteristics. We operationalize complementarity based 

on customer buying behavior. If customers purchase a couple of products together we assume 

that they are part of a cluster of complementary products. This notion of complementarity is 

based on usage and not based on design or hedonic measures.  

If complementarity were based on design, we would identify complementors for each 

product based on other products that work on top of it (using the stack analogy). For example, 

we would look at the database management system from Oracle and see which report writers 

actually work on top of it. If BusinessObjects has built in application program interfaces that 

work with Oracle, we would declare the two products to interoperate, which we take as a 

precondition for producing super-additive value. Going from a level of interoperation to a level 

of complementarity, however, is very difficult because it requires us to base a market valuation 

on a specific design feature. This data is also very hard to collect for two reasons. One, for every 

product we have to talk to the developer/engineering team to find out if they have specific hooks 

built for exchanging data and functionality with other products. Second, most companies would 

claim that their products could be made interoperable with any other product given sufficient 

time.  

Hedonic measures might offer different insights than the analysis we performed. The result 

of such an analysis would help value interoperability among combinations of products. In order 

to calculate the value of interoperability one would collect data on the prices of different 

combinations of goods with differing levels of interoperability. One would then perform 
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regressions in order to estimate the value of interoperability without having recourse to a market 

price. 

Clustering algorithm  

In our analysis, we treat the dependencies between firms as a network, with the nodes and 

links representing firms and dependencies, respectively. The problem of finding a grouping of 

nodes, such that all nodes within a group are powerfully connected (homogeneity) and weakly 

connected to others (separation), remains an NP-complete problem since Karp [51] identified it 

as such. Social network analysis methods have provided polynomial-like algorithms, mostly 

applicable to boolean graphs (e.g., LS sets: Lawler (1973), Lambda sets: [64]), that have been 

implemented in various software packages (e.g., Ucinet)1. Freeman [66], however, has argued 

that linkages are mostly valued although many studies dichotomize them. When a grouping 

needs to be performed on weighted graphs, much of the research to date has been directed 

towards finding appropriate relaxations of this NP-hard optimization problem [67]. For example, 

Goemans and Williamson [53] provide a relaxation and with the use of semidefinite 

programming solve the problem of findings two groupings of vertices (i.e., MAXCUT and MAX 

DICUT). Other related methods include spectral methods and algorithms, such as eigenvalue 

optimization (e.g., [68]) and approximations based on neural networks and its variants.  

We use in this study the clustering algorithm proposed by Zhou [69, 70]. This method is 

applicable to the problem of identifying markets and market boundaries because the algorithm: 

(1) is decisive [65], permitting a hierarchical decomposition that is indicative of competitive 

markets [38, 39], (2) incorporates a decomposition stopping criteria such that clusters are not 

decomposed to individual vertices, (3) is applicable to directed weighted graphs, (4) is an 

appropriate relaxation, (5) is computationally tractable, and (6) provides acceptable groups with 

quantifiable behaviors [69, 70]. While the technique that we used is robust, it is still an 

approximation and not the optimal clustering. 

                                                 
 
1 An introduction to clustering methods can be found in 65. Everitt, B.S., S. Landau, and M. Leese, Cluster 
Analysis. 2001: Arnold Publishers. 
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9 Discussion and Conclusions 

The concept of complementarity has been used in the academic literature as a way to explain 

strategic initiatives and firm performance. However, very little has been done to measure it. In 

this paper we introduced recent developments in computational methods to measure 

complementarity.  

We used the same computational methods to identify modular clusters, the structure of the 

software industry, and associate a value for doing so – firm performance. In doing so, we 

confirm Simon’s theorizing [7] and provide statistical support for the insights of Baldwin and 

Clark [2]. Complex systems seem to self-organize into nearly decomposable, stable subsystems, 

which have emergent properties. Understanding this structure – the architecture – may not be 

required in order to succeed, but operating in accordance with it seems to be a worthwhile 

endeavor [1, 31]. 

We looked at the structure of the prepackaged software industry. We argued that because 

software is an example of systems based competition, with significant costs and benefits 

associated with providing complementary products, firms that offered complementary products 

would benefit over those firms that didn’t. We also argued that offering complementary products 

across market cluster boundaries would enable the firm to more readily appropriate the value 

created by complementary products. The implication is that firms need to understand both the 

nature of complementary products and the emergent the structure of the industry. 

We used consumer purchasing behavior to determine complementary products and two 

different mechanisms for describing the clustering of firms that form the software industry. The 

first mechanism used a panel of experts to create an espoused stack. The second mechanism used 

dynamic clustering to create an emergent stack. 

We showed that the industry does cluster, that firms that sell complementary products 

perform better than those that don’t, and those that sell to complementary stack layers (modular 

clusters) benefit even more. There is, however, a threshold to the benefits. Beyond a certain limit 

the returns from complementarity begin to show diminishing returns. This is because the benefits 

of complementarity can be competed away most easily when the products are within the same 

modular cluster or when two modular clusters are about to merge. 
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While the setting that was used in the study was the packaged software industry, we believe 

that our findings would apply to other settings where complementarities are present. Some 

examples are the video game, computer, and the automotive industries. 

In our work we infer architecture through market boundaries. In future work we will collect 

data on investments that a firm makes in making sure that the different products interoperate. For 

example, do they invest in the development of application program interfaces (API), or allocate 

resources to manage technology alliance relationships.  
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TABLE 1: IDC descriptors 

Year Number  
(Firms) 

Number 
 (Platforms) 

Number 
(Products) 

1990 1.00 1.00 1.00 
1991 1.13 1.00 1.00 
1992 1.85 1.00 1.11 
1993 2.55 1.20 1.95 
1994 3.11 1.20 2.32 
1995 4.04 1.20 2.79 
1996 5.62 1.60 3.26 
1997 7.85 1.60 3.74 
1998 10.23 1.80 4.11 
1999 12.61 1.80 4.26 
2000 14.25 1.80 4.47 
2001 16.00 1.80 4.47 
2002 16.06 1.80 4.47 

Scaled with respect to 1990 numbers. 
 
TABLE 2: Complementarity operationalization 

Type Symbol Key characteristics 

Product tjjr ,′  

Products are distinct. The complementarity for products j and j′ (j ≠ j′), computed 

over all firms i and all platforms k in year t, is 
( )

.
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High tjjr ,′ denotes high complementarity between products. 

Emergent tjj ,′ω  

Products are related and are grouped into disjoint clusters or layers. Layers for 
year t are formed by using a min-cut spanning tree algorithm on the graph based 
on the tllr ,′  (i.e., arcs for all products l ≠ l′) between products (i.e., nodes). The 

complementarity for layers j and j′ (j ≠ j′) in year t is the average of tllr ,′ between 

the nodes in each layer. Like tjjr ,′ , high tjj ,′ω  denotes high complementarity. 

Espoused tjj ,′τ  
Products are related and grouped into disjoint layers by an expert panel. The 
complementarity for layers j and j′ (j ≠ j′) in year t is the average of tllr ,′ between 

the products in each layer. High tjj ,′τ  denotes high complementarity. 
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TABLE 3 Emergent stack descriptors 

Year 
N 

(Stack  
Layers) 

Average 
(Products 

per 
 layer) 

S.D. 
(N 

products / 
layer) 

Max 
(products  

per 
layer) 

1991 5 3.80 1.72 6 
1992 5 4.20 1.38 6 
1993 8 4.63 2.89 11 
1994 11 4.00 1.67 6 
1995 16 3.31 1.93 8 
1996 20 3.10 2.38 8 
1997 25 2.84 2.52 10 
1998 23 3.39 4.29 14 
1999 22 3.68 2.48 10 
2000 28 3.04 1.77 7 
2001 21 4.05 2.82 12 

     
 
TABLE 4: Espoused stack descriptors 

 Products Operating Systems 
 Avg. σ Max Avg. σ Max 

1990 2.915 3.004 16 2.437 1.156 5 
1991 2.863 2.954 16 2.375 1.129 5 
1992 2.382 2.627 17 2.321 1.104 5 
1993 3.260 4.308 28 2.680 1.389 6 
1994 3.109 4.316 29 2.692 1.400 6 
1995 3.272 5.094 41 2.937 1.398 6 
1996 2.992 4.834 49 2.885 1.323 6 
1997 2.634 4.551 57 2.715 1.319 7 
1998 2.372 4.041 54 2.481 1.270 7 
1999 2.245 3.726 54 2.356 1.257 8 
2000 2.303 3.744 56 2.289 1.244 8 
2001 2.289 3.649 58 2.246 1.250 8 
2002 2.294 3.639 58 2.256 1.225 8 
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TABLE 5: Means, standard deviations, and zero-order correlationsa 
 1 2 3 4 5 6 7 8 9 10 11 12 13 14 

1.Emergent stack complementarityi,t 1.000              
2.Espoused stack complementarityi,t 0.463 1.000             
3.Product complementarityi,t 0.496 0.396 1.000            
4.Platform diversityi,t 0.108 0.123 0.107 1.000           
5.Geographic diversityi,t 0.171 0.267 0.134 0.185 1.000          
6.Platform dominancei,t 0.099 0.175 0.057 0.013 0.165 1.000         
7.Product dominancei,t 0.084 0.192 0.046 0.073 0.255 0.401 1.000        
8.Geographic dominancei,t 0.098 0.161 0.048 0.093 0.150 0.413 0.354 1.000       
9.Platform growthi,t 0.079 0.076 0.034 -0.036 0.098 0.118 0.085 0.032 1.000      

10.Product growthi,t 0.077 0.095 0.088 -0.047 0.008 0.024 0.139 0.010 0.284 1.000     
11.Geographic growthi,t 0.179 0.166 0.110 -0.006 0.124 0.103 0.081 0.099 0.451 0.424 1.000    
12.ln(Firm sizei,t) 0.268 0.337 0.264 0.249 0.395 0.394 0.498 0.434 0.008 0.030 0.113 1.000   
13.ln(Firm agei,t) 0.260 0.312 0.240 0.248 0.334 0.248 0.172 0.297 -0.106 -0.079 0.066 0.516 1.000  
14.Firm sales growthi,t -0.040 -0.016 -0.044 -0.114 -0.108 0.013 0.061 -0.014 0.170 0.283 0.118 0.005 -0.237 1.000
               
Mean 0.070 0.101 0.116 0.581 0.685 0.006 0.035 0.002 0.083 0.072 0.138 3.243 1.628 0.221
S.D. 0.134 0.179 0.176 0.408 0.414 0.028 0.074 0.012 0.081 0.060 0.119 1.775 0.810 0.247
N=4392; 884 panels; aDue to large sample, italicized number denote p>0.05 
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TABLE 6: GEE regression results    
 Model 1 Model 2 Model 3 Model 4 Model 5 Model 6 Model 7 
 Coef. S.E. Coef. S.E. Coef. S.E. Coef. S.E. Coef. S.E. Coef. S.E. Coef. S.E.
Emergent stack complementarityi,t       0.123** 0.046     0.408*** 0.110
Emergent stack complementarityi,t

2             -0.551** 0.192
Espoused stack complementarityi,t     0.110** 0.033     0.170† 0.101   
Espoused stack complementarityi,t

2           -0.115 0.177   
Product complementarityi,t   0.080** 0.031     0.258** 0.084     
Product complementarityi,t

2         -0.317* 0.127     
Platform diversityi,t -0.013 0.014 -0.014 0.014 -0.014 0.014 -0.014 0.014 -0.015 0.014 -0.014 0.014 -0.015 0.014
Geographic diversityi,t -0.032* 0.015 -0.032* 0.015 -0.037* 0.015 -0.033* 0.015 -0.032* 0.015 -0.037* 0.015 -0.032* 0.015
Platform dominancei,t 0.280† 0.145 0.274* 0.140 0.244† 0.131 0.265† 0.142 0.258† 0.137 0.249† 0.134 0.237 0.145
Product dominancei,t 0.165* 0.084 0.184* 0.084 0.158† 0.085 0.178* 0.083 0.194* 0.084 0.160† 0.085 0.189* 0.084
Geographic dominancei,t 0.808* 0.361 0.920* 0.374 0.917** 0.338 0.900* 0.369 0.978** 0.377 0.875** 0.338 0.912* 0.370
Platform growthi,t 0.098* 0.041 0.099* 0.041 0.100* 0.041 0.101* 0.041 0.098* 0.041 0.100* 0.041 0.101* 0.041
Product growthi,t 0.104*** 0.025 0.100*** 0.025 0.100*** 0.025 0.102*** 0.025 0.100*** 0.025 0.101*** 0.025 0.101*** 0.025
Geographic growthi,t 0.718** 0.270 0.763** 0.270 0.721** 0.270 0.738** 0.269 0.802** 0.271 0.724** 0.270 0.758** 0.270
ln(Firm sizei,t) -0.023*** 0.005 -0.025*** 0.005 -0.025*** 0.005 -0.025*** 0.005 -0.028*** 0.005 -0.026*** 0.005 -0.028*** 0.005
ln(Firm agei,t) -0.024** 0.008 -0.026** 0.008 -0.028** 0.009 -0.026** 0.009 -0.028** 0.009 -0.028*** 0.009 -0.029** 0.008
Firm sales growthi,t 0.164*** 0.020 0.165*** 0.020 0.162*** 0.020 0.164*** 0.020 0.166*** 0.020 0.162*** 0.020 0.163*** 0.020
Year 1991 0.052 0.045 0.041 0.045 0.041 0.045 0.046 0.045 0.035 0.045 0.041 0.045 0.050 0.045
Year 1992 -0.165 0.162 -0.192 0.162 -0.168 0.161 -0.184 0.161 -0.214 0.162 -0.169 0.161 -0.191 0.162
Year 1993 -0.384* 0.169 -0.415* 0.169 -0.396* 0.168 -0.410* 0.168 -0.440** 0.169 -0.397* 0.168 -0.419* 0.169
Year 1994 0.188*** 0.046 0.176*** 0.046 0.183*** 0.046 0.177*** 0.046 0.169*** 0.046 0.182*** 0.046 0.169*** 0.046
Year 1995 0.020 0.064 0.006 0.064 0.013 0.064 0.007 0.064 -0.002 0.064 0.013 0.064 -0.001 0.064
Year 1996 0.094* 0.043 0.086* 0.043 0.090* 0.043 0.085† 0.043 0.079† 0.043 0.089* 0.043 0.081† 0.044
Year 1997 0.089† 0.048 0.080† 0.048 0.083† 0.048 0.081† 0.048 0.073 0.049 0.082† 0.048 0.076 0.049
Year 1998 0.059 0.043 0.053 0.043 0.056 0.043 0.058 0.043 0.046 0.043 0.056 0.043 0.055 0.043
Year 1999 0.106* 0.042 0.100* 0.042 0.102* 0.042 0.103* 0.042 0.095* 0.042 0.101* 0.042 0.101* 0.042
Year 2000 -0.078* 0.034 -0.083* 0.035 -0.078* 0.034 -0.082* 0.034 -0.088* 0.035 -0.079* 0.034 -0.085* 0.035
Constant 0.077*** 0.019 0.079*** 0.019 0.088*** 0.019 0.081*** 0.019 0.085*** 0.019 0.089*** 0.019 0.088*** 0.019
df 21 22 22 22 23 23 23 
Wald χ2 831.40 833.34 835.45 841.01 857.52 848.38 871.18 
Difference calculation  (2)-(1) (3)-(1) (4)-(1) (5)-(2) (6)-(3) (7)-(4) 
∆χ2  1.94  4.05*   9.61**    24.18***    12.93***   30.17*** 
N=4392; 884 panels; Semi-robust standard errors; †<.10,*<.05,**<.01,***<.001     
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TABLE 7: GEE regression results         
 Model 8 Model 9 Model 10 Model 11 Model 12 
 Coef. S.E. Coef. S.E. Coef. S.E. Coef. S.E. Coef. S.E.
Emergent stack complementarityi,t 0.094† 0.050 0.079 0.050 0.340** 0.132 0.341** 0.123 0.299* 0.137
Emergent stack complementarityi,t

2     -0.483* 0.208 -0.486* 0.202 -0.446* 0.213
Espoused stack complementarityi,t   0.086* 0.035   0.063 0.111 0.054 0.113
Espoused stack complementarityi,t

2       0.007 0.183 0.013 0.186
Product complementarityi,t 0.049 0.033   0.098 0.105   0.070 0.108
Product complementarityi,t

2     -0.101 0.149   -0.069 0.151
Platform diversityi,t -0.014 0.014 -0.015 0.014 -0.015 0.014 -0.015 0.014 -0.015 0.014
Geographic diversityi,t -0.033* 0.015 -0.037* 0.015 -0.032* 0.015 -0.035* 0.015 -0.035* 0.015
Platform dominancei,t 0.265† 0.140 0.243† 0.132 0.236† 0.142 0.223 0.136 0.223† 0.134
Product dominancei,t 0.187* 0.083 0.168* 0.084 0.197* 0.084 0.179* 0.085 0.186* 0.085
Geographic dominancei,t 0.949* 0.377 0.954** 0.349 0.965* 0.379 0.959** 0.360 0.995** 0.372
Platform growthi,t 0.101* 0.041 0.101* 0.041 0.101* 0.041 0.101* 0.041 0.101* 0.041
Product growthi,t 0.100*** 0.025 0.100*** 0.025 0.100*** 0.025 0.100*** 0.025 0.099*** 0.025
Geographic growthi,t 0.761** 0.269 0.733** 0.269 0.786** 0.272 0.752** 0.270 0.772** 0.272
ln(Firm sizei,t) -0.026*** 0.005 -0.026*** 0.005 -0.029*** 0.005 -0.028*** 0.005 -0.029*** 0.005
ln(Firm agei,t) -0.027** 0.009 -0.029** 0.009 -0.030*** 0.009 -0.031*** 0.009 -0.031*** 0.009
Firm sales growthi,t 0.165*** 0.020 0.162*** 0.020 0.164*** 0.020 0.161*** 0.020 0.162*** 0.020
Year 1991 0.040 0.045 0.039 0.045 0.044 0.045 0.045 0.045 0.041 0.045
Year 1992 -0.196 0.161 -0.179 0.161 -0.206 0.163 -0.187 0.162 -0.198 0.163
Year 1993 -0.423* 0.168 -0.410* 0.168 -0.435** 0.169 -0.418* 0.169 -0.429* 0.169
Year 1994 0.172*** 0.046 0.177*** 0.046 0.165*** 0.046 0.170*** 0.046 0.167*** 0.046
Year 1995 0.001 0.064 0.007 0.064 -0.006 0.064 0.000 0.064 -0.004 0.064
Year 1996 0.082† 0.043 0.085† 0.043 0.078† 0.043 0.082† 0.044 0.079† 0.043
Year 1997 0.078 0.048 0.080† 0.048 0.072 0.049 0.075 0.049 0.073 0.049
Year 1998 0.054 0.043 0.056 0.043 0.051 0.043 0.055 0.043 0.051 0.043
Year 1999 0.100* 0.042 0.101* 0.042 0.098* 0.042 0.100* 0.042 0.098* 0.042
Year 2000 -0.084* 0.034 -0.080* 0.034 -0.088* 0.035 -0.084* 0.035 -0.086* 0.035
Constant 0.081*** 0.019 0.088*** 0.019 0.089*** 0.019 0.093*** 0.020 0.093*** 0.020
df 23 23 25 25 27 
Wald χ2 857.78 838.49 864.50 860.65 876.52 
Difference calculation (8)-(2) (9)-(3) (10)-(5) (11)-(6) (12)-(7) 
∆χ2   24.44*** 3.04† 6.98*  12.27** 5.34 
N=4392; 884 panels; Semi-robust standard errors; †<.10,*<.05,**<.01,***<.001 
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FIGURE 2: Product, layers, selected complementarity for year 1991. 
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N equals the total number of products in a layer. 
 
FIGURE 3: Impact of emergent stack complementarity on firm growth 
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APPENDIX A: Similarity metric computations 

We use the structural equivalence approach [34, 36, 37], based on the sales patterns of ISV 

across products and operating systems, to determine similarity between two products. Two 

products are structurally equivalent “to the extent that they have identical relations with every 

other element [34].” Formally, let xijk,t denote the sales that firm i generated from selling its 

product j for OS k in year t. The number of firms, products, and operating systems varies from 

year to year as the software industry evolves. The number of ISV changes as they enter or exit. 

The number of OS changes as new ones are introduced and demand by consumers, and ISV port 

their products to the new platforms. Finally, the number of products that ISV offer changes as 

consumer needs change. 

The structural equivalence method requires using a “projecting” transformation of which the 

Euclidean distance, proportional [34] and marginal [36] are the most common. Another 

transformation, used in empirical studies (e.g., [38]), is to calculate the correlation coefficient 

between every pair of functions [71]. Most of the transformations used in prior studies have been 

symmetric in that the structural equivalence between products j and j′  is equal to the structural 

equivalence between functions j and j′ . 

Recently, Sohn [13] has extended the specifications of Burt [34] and Burt and Carlton [36] 

by explicitly incorporating the ability to accommodate size differences. Sohn’s [13] specification 

for structural equivalence between two functions j and j′  is an asymmetric cosine metric first 

proposed by Pianka [72] and given by: 
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where pjk,t is the proportion or importance of operating system k for product j in year t. We 

subtract one from the Sohn [13] metric because in the original specification, the Sohn [13] metric 

is bounded between 1.0 and 0.0 with the former denoting perfect similarity or equivalence. In 

general, tjjr ,′ ≠ tjjr ,′ but tjjr ,′ > 0 if tjjr ,′ > 0. A very usefully property of this metric is that it is ratio. 

For example, twice the value of the metric denotes a two-fold increase in the distance of two 

products j and j′ . Two products j and j′ are structurally equivalent if there exist software firms 

that offered and generated from functions j and j′ . 
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Figure A.1 represents four stylized situations, adapted from Sohn [13], between two products 

(j and j′ ) and two ISV (i and i′) that help to illustrate the properties of the similarity metric. The 

vertical axis in each figure denotes the sales of the ISV. For expositional clarity, this figure 

assumes a single OS permitting one to drop the outer summation over all OS k. Figure A.1a 

depicts a situation of no distance between two products. Firms i and i′ generated sales form both 

products at equal levels 1 and ½, respectively resulting in tjjr ,′ = tjjr ,′ = 0. Figure A.1b depicts a 

situation of maximum distance. Firm i generated sales from function j but did not generate sales 

from function j′ . Firm i′ generated sales from function j′  but did not generate sales from 

function j. Because no ISV exists that generated sales from both functions tjjr ,′ = tjjr ,′ = 1. 

Firm i′Firm i

Product j Product j′ Product j Product j′
(c) (d)

rjj′,t = 0.25; rj′j,t = 0.00 rjj′,t = 0.10; rj′j,t = 0.00

0.5

1.0

Product j Product j′ Product j Product j′
(a) (b)

rjj′,t = rj′j,t = 0.00 rjj′,t = rj′j,t = 1.00

 
Figure A.1c depicts an asymmetric situation. Firms i and i′ generated sales from both 

products. However, firm i generated equals levels of sales from both products while firm i′ 

generated sales from function j and j′ at levels 1 and ½, respectively. Function j’s distance from 

function j′  is tjjr ,′ = ¼ because the total sales by the two ISV for markets j and j′ are 2 and 1½, 

respectively. Because firm i′ emphasizes function j′  less than function j, the distance is 

asymmetric. Interestingly, function j′ ’s distance from function j is tjjr ,′ = 0. The asymmetry 

results because the ISV sales function j′  is “included” in the ISV sales profile for function j. 

Figure A.1c illustrates that the distance metric used in this study is sensitive to the sales 

distributions of ISV. Figure A.1d also illustrates an asymmetrical situation but further illustrates 

the impact of overall market size. Note that Figure A.1d is identical to Figure A.1a except that 

firm i′ generates sales from market j′  at level ¼ instead of ½. As in Figure A.1c, the ISV sales 

profile in Figure A.1d for market j′  is “included” in the ISV sales profile for market j. More 

interesting is the observation that for function j, ISV i‘s sales is twice as “important” as ISV i′ 

because the latter generated sales from market j at twice the level. Hence, any decrease in ISV i′ 
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sales from market j′  in Figure A.1d from Figure A.1c should be attenuated even though the sales 

dropped by 50%. However, when the entire sales profile is considered and given the ratio scale 

property of the metric, one indeed finds that the function j’s distance with function j′ increases 

by 10% to 0.10 given a 50% decrease in ISV i′ sales from function j′  thus illustrating the 

sensitively of the structural equivalence measure to overall size. 


