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Abstract of Praxis 

 

 

The Effects of Dynamic Ecosystem Variables on the Adoption of New Technology 

Products - Case Studies on Portable Audio and Infotainment Industries 

 

The adoption of new technologies increases the pace of innovation and at the same 

time presents new challenges to forecasting demand for new products with an evolving 

set of decision variables.  Engineering managers often face this problem early-on in the 

new product development process.  The successful adoption of technology products is not 

just contingent on novelty, pricing and marketing but also on the existence of a 

supporting ecosystem to drive the adoption.  In this research we consider one such 

challenge of forecasting, where, in certain instances, the ecosystem variables necessary 

for the functionality of the new product are themselves undergoing rapid market 

adoption.  A significant contribution to adoption would originate from customers who are 

already invested in one or more ecosystem variables.  We reviewed several published 

adoption models to find evidence of such an influence and concluded that developing a 

new model is appropriate to help capture the contribution of dynamic ecosystem variables 

toward the overall adoption of a new product.  This research contributes to the 

engineering management body of knowledge by providing a methodology and an 

adoption model.  The applicability of the model is demonstrated using the case studies on 

portable audio and infotainment systems that have witnessed rapid growth supported by 

simultaneous growth in dependent factors like wireless adoption, availability of 

streaming media, and internet-connectedness.  Principles of system dynamics were used 

in model formulation and validation namely the causal loop diagrams and simulation.  

The methodology and simulation model proposed in our research can be adapted to 
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forecast demand for other systems that are impacted by one or more ecosystem variables.  

Engineering managers, product designers and policy makers can utilize the methodology 

and adapt the model presented here to study similar products, particularly in the areas of 

consumer electronics, home automation and Internet of Things (IoT). 
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Chapter 1 – Introduction 

 

 

Over the past two decades, there have been several examples of highly successful 

products that have transformed the technology and consumer electronics landscape.  At 

the same time there have been many products that featured new technologies, offered 

unique solutions to consumers‘ problems and yet failed to achieve rapid adoption. 

One of the many reasons that may lead to failure in achieving rapid adoption is that of 

inaccuracies in forecasting the demand for a new product.  Sometimes, these forecasts 

overestimate the demand based on the novelty or perceived customer interest only to 

realize later that the actual demand for the product is far lower than estimated.  Also, they 

may underestimate the demand resulting in failure to meet customer demand.  The area of 

forecasting the demand for new products and ways to improve the accuracy has been 

vastly researched over the past few decades.  However, in our technology-driven 

economy, organizations are in a constant race to innovate to maintain or capture market 

share.  This presents a new set of challenges in forecasting the demand for new products, 

with an evolving set of decision variables.  In the area of new product development, 

inaccuracies in forecasting stem from the uncertainty involved during the product 

conceptualization and design phase.  Particularly, these uncertainties are related to 

product features, design challenges and cost estimations (Shah & Nowocin, 2015).  In a 

technical enterprise, engineering managers are responsible for the new product 

development and face these challenges early-on during the product development stage.  

Engineering managers are responsible for the design and integration of technical, 

operational, marketing and organizational aspects in a technological enterprise (Omurtag, 

2009).  In this praxis, we consider one such challenge that engineering managers face in 
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forecasting.  Forecasting the demand for a new product where the ecosystem variables 

necessary for the functionality of the product are themselves undergoing rapid market 

adoption is the focus of our present research.   

To provide a historical perspective, we present an example of evolution of portable 

audio players.  There have been several portable digital music players that were available 

from different manufacturers prior to the introduction of iPod music player by Apple Inc., 

in 2001(Schlender, 2001).  Most of these devices required that users first obtain the 

digital music files they would like to play on these devices from compact discs (CDs) or 

other physical media and then transfer the music files to these devices.  Prior to 2001, the 

concept of creating an ecosystem to support and drive adoption in the portable audio 

industry was all but non-existent.  Apple Inc., championed the cause of creation of such 

an ecosystem by investing in an online repository for music called iTunes Store and 

providing its customers with an easier option to purchase, manage and transfer music 

files to the iPod device seamlessly.  Using their desktop software and/or by means of 

Over-The-Air (OTA) transfer using the wireless internet connection consumers could 

easily download music on the iPod.  Many online music providers have since adopted 

this model to drive sales of portable audio players.  Examples of enormous successes of 

consumer products like iPod music players and most recently that of Tablet computing 

devices (Tablets) from several manufacturers and corresponding rapid growth in 

supporting ecosystem factors like Wireless Adoption, Availability of Streaming Media, 

and Internet Connectedness forms the basis for our study.  

Earlier generations of consumer products were based on wired and hardware designs 

whereas the current generation technology products are increasingly software-driven; 



3 

 

highly complex designs based on technological innovations such as (a) wireless 

connectivity, (b) streaming media, (c) internet-connectedness, and (d) social-media 

(Peltola & Makinen, 2014). 

Based on the above examples it is clear that the current generation of technology 

products depend on one or more ecosystem variables for their functionality and that their 

adoption rates are increasingly dependent on the presence and magnitude of ecosystem 

support they receive from these variables.  Also, it should be noted that ecosystem 

variables like wireless adoption, availability of streaming media and internet-

connectedness are themselves undergoing rapid adoption and growth.  Under these 

conditions it is necessary to study how the adoption and growth patterns of these 

ecosystem variables affect the adoption patterns of new technology products. 

Engineering managers play a key role in the new product development phase (Shah  

& Nowocin, 2015).  During the feasibility study phase of a new product, engineering 

managers work with marketing teams and look to market research for initial guidance on 

the demand for the new product (Lynn, Morone, & Paulson, 1996; Lynn, Valentine, & 

Wright, 1996).  The forecasting models used by the market research firms typically use 

market data on analogous products with adjustments for growth potential of new 

technologies (Chambers, Mullick, & Smith, 1971).  Sodhi and Lee (2007) indicate that 

the nature of conducting business involving new technologies in consumer products is 

associated with risk and businesses rarely make decisions based on forecasting-data from 

a single source.  This necessitates that the engineering managers, particularly those 

involved in high-technology products, perform due-diligence by obtaining forecast-data 

from multiple external sources and where possible augment the data with their own 
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internal forecasting techniques (Lynn, Gary & Green, 1998).  This research work intends 

to provide engineering managers and marketing teams with a methodology and a model 

that can be adapted to their situations; to gain additional insights into the effects of 

ecosystem variables on the adoption of new products. 

Today it is not uncommon to notice several new technology products around in the 

home, office and mobile environments where the products tend to depend on existing 

ecosystem parameters like wireless connectivity, shared multi-user resources, centralized 

monitoring etc. As new technology products are developed to make use of and benefit 

from existing ecosystem variables and infrastructure, traditional adoption models are not 

sufficiently equipped to take into account the contribution of dynamic ecosystem 

variables towards new product adoption.  

In this scenario it is important to study direct and indirect impacts of these dynamic 

ecosystem variables on the adoption of the new technology products. It then becomes 

necessary to evaluate and enhance traditional adoption models and paradigms to include 

the contributions of dynamic ecosystem variables to better predict adoption patterns and 

market dynamics. In some cases, ecosystem variables are essential for the primary 

functionality of the product whereas in other cases ecosystem variables may not affect the 

primary functionality of the product but are required for the functionality of the 

secondary or accessory to the functionality of the primary product. 

The literature survey indicated that researchers broadly agree that for rapid adoption 

of new technology products a supporting ecosystem is required. However, current 

generation of new technology products depend on one or more ecosystem variables that 

are in themselves witnessing technological revolution and rapid adoption. The ecosystem 
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variables like wireless adoption, internet connectivity and availability of streaming media 

are examples of such variables that are dynamic in nature and are witnessing rapid 

adoption. 

We examined several published empirical and system dynamics based adoption 

models and could not find evidence of a generic methodology or adoption model that 

considered the contribution of dynamic ecosystem variables toward the adoption of new 

technology products.  Therefore, the focus of the current research is to develop a generic 

methodology and an adoption model to capture this influence.  Based on the original Bass 

adoption model a new methodology and adoption model were developed (Bass, 1969).  

They were then extended to cover cases where ecosystem variables support the primary 

functionality of the product and cases where ecosystem variables do not directly affect 

the primary functionality but are required for the functionality of an accessory or sub-

component of the product.  This research attempts to develop an extensible model that 

can be used to combine the contributions of multiple ecosystem variables into a single-

factor contribution rate that can be applied toward estimating adoption rates of new 

technology products. 

In this research, we propose that when the consumer is already invested in the 

ecosystem variables then the original Bass adoption model can be modified to include the 

contributive effects of the ecosystem variables as part of the coefficient of innovation.  

As customers get invested in an ecosystem they have a natural tendency to further invest 

in the ecosystem to maximize the benefits of being invested in the ecosystem.  To provide 

an example, currently consumers who are already invested in Apple Inc.‘s and Google 

Inc.‘s product lines show a tendency to further invest in their respective ecosystems by 
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adopting mobile phone, tablets, computers, music subscription services and automotive 

solutions from these manufacturers to maximize the benefit of belonging to an 

ecosystem.  Another example of customers invested in an ecosystem is that of home 

automation.  In the home- automation ecosystem consumers normally connect and 

control all sensors and appliances in a home using a control-hub unit.  These hub units 

are available from several manufacturers and once the customers are in a manufacturers‘ 

product-line they will continue to invest in adding new appliances and sensors from the 

same manufacturer so they can benefit from the existing investment. 

Focus of the current research is to develop a generic methodology to identify and 

study the impact of ecosystem variables on new technology adoption into traditional 

products. We propose a research methodology to study the contributions of ecosystem 

factors towards the adoption patterns for new technology products. A modified Bass-

Adoption Model was then developed based on principles of the proposed methodology. 

Systems Dynamics models were then developed based on the modified Bass adoption 

model to facilitate performing simulation studies to evaluate the viability of the proposed 

methodology and the viability and accuracy of the simulation results.  

We have identified two such industries that sufficiently satisfy the condition of 

dependency on multiple dynamic ecosystem variables. The applicability of our proposed 

model is demonstrated using case studies in the portable audio and infotainment 

industries.  These industries have witnessed a technological transformation and rapid 

growth over the past years and are projected to grow at a double-digit Compound Annual 

Growth Rate (CAGR) over the next decade (Gibbons, 2015). 
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Portable audio products in the traditional form existed in the form of CD and cassette 

players both, mobile and stationary while the current generation of the portable audio 

products features wireless connectivity and ability to play streaming media from the 

internet. Portable audio systems fall into the category where the ecosystem variables are 

necessary for the primary functionality of the product. In addition, the case study on 

portable audio systems features the scenario where the ecosystem variables affect the 

primary functionality of the product. 

Automotive infotainment systems in their traditional form featured controls for an 

embedded CD or Cassette player exclusively, where the current generation of 

infotainment systems include digital music players, hands-free telephony, navigation, 

communication and centralized automotive control panels to name a few features. 

Infotainment systems are usually part of automobiles like cars and are considered 

secondary or accessory that enhances the functionality and features of the automotive. 

The case study on infotainment systems features the scenario where the ecosystem 

variables may not affect the primary functionality of the product but have impact on the 

secondary or accessory aiding the primary functionality. 

The proposed methodology was applied to both case studies. System Dynamics 

models were then developed for each of the case studies. Simulation studies were 

performed to validate the proposed methodology and to evaluate the viability of proposed 

modified Bass Adoption model in accurately predicting the adoption patterns under the 

assumptions set forth for the simulation studies.  
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1.1 Research Problem  

In this research we investigate the problem of forecasting the demand for the new 

product, where, in certain instances, the ecosystem variables necessary for the 

functionality of the new product are themselves undergoing rapid market adoption. 

Engineering managers face the problem of forecasting the demand early on in the 

new product development phase during which they closely work with marketing teams 

and look to market research firms for initial analysis and guidance on the demand for the 

new product.  However, the cost involved in obtaining such analysis and guidance is 

often prohibitive to most small and mid-range companies.  In addition, the guidance 

received may not provide a high level of granularity or customizability that businesses 

make seek to make informed decisions ahead of new product development.  Customized 

guidance may in turn incur additional costs.  

This necessitates that the engineering managers, particularly those involved in high-

technology products with dependencies on multiple dynamic ecosystem variables 

perform due-diligence and augment the external analysis and guidance with their own 

internal forecasting methods in a cost effective manner. 

Our literature survey indicated that the current generation of new products depends on 

one or more of ecosystem variables for the functionality of the product and each of those 

ecosystem variables themselves are undergoing a rapid growth and consumer adoption. 

Under these conditions it is important to study how the adoption pattern of new 

technology products are dependent on the adoption and growth patterns of the ecosystem 

variables. We could not find evidence of published studies that provided a clear 

methodology and a generic model in this area. There is no simple equation or a formula 
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that can be applied to calculate individual and net contribution of the ecosystem variables 

towards the adoption rates of the new products.   

We have identified two such industries of portable audio and automotive infotainment 

systems based on author's career engagement to be used as a basis to develop a 

methodology and a model that can be used internally to the company to provide a highly 

granular and cost effective means to augment external analysis and guidance in 

forecasting demand for new technology products. 

The proposed research problem stems from market observations that, while many 

new products featuring latest technologies are constantly introduced, only a few actually 

receive widespread consumer adoption and market success. Our literature survey and 

market observations indicated all the products that had enormous successes in consumer 

adoption often had significantly low barriers of adoption.   

Various forms of adoption barriers were studied including price, repeat or multiple 

purchases and durability among other factors (Meade and Islam, 2006, 1998, 1996). For 

products featuring new technologies primary barriers of adoption for the consumer are 

the necessary basic requirements to realize the functionality of the product. For example, 

a product might require electric power without which the product might not be able to 

function. Once the basic requirements for the functionality of the product were fulfilled 

subsequent dynamics of adoption depended mostly on traditionally studied barriers of 

adoption like price, advertising, repeat purchase etc.. In the rest of our research we refer 

to the basic requirements for the functionality of the product as ecosystem variables.  

Current research thus attempts to corroborate the assumptions that adoption of new 

technology products is affected by the presence and growth of the supporting ecosystem 
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variables and to develop a generic methodology that can be utilized to identify ecosystem 

variables and their contributions to the overall adoption of the new product. 

Methodology and models developed should cover both the cases where ecosystem 

variables are essential for the primary functionality of the product whereas in other cases 

ecosystem variables may not affect the primary functionality of the product but are 

required for the functionality of the secondary or accessory to the functionality of the 

primary product. 

Any methodology developed needs to depend on a solid mathematical model that can 

be validated by appropriate scientific techniques like simulations. This research attempts 

to answer the research problem stated above by developing an extensible mathematical 

model that can be used to combine growth rates of multiple ecosystem variables into a 

single factor net contribution rate that can be applied towards estimating adoption rates of 

the new product. The research presented here uses System Dynamics based simulations 

to validate the methodology and the mathematical model developed. 

1.2 Significance and Interest  

Most businesses depend on market research firms for guidance and forecasts on how 

a new technology under consideration might fare in the near and the long term. 

Businesses then make a calculated decision on investment to develop new products to 

drive technology adoption. Often the methodologies and forecasting models utilized by 

the market research companies to predict the adoption of new products are based on the 

historical market data on analogous products with adjustments for growth potential of 

new technologies.  



11 

 

Forecast data from market research firms provides valuable information and helps in 

decision-making process when the businesses make financial and human capital 

investment to develop a new product or to enhance an existing product by way of 

adopting new technology. The nature of conducting business involving new technology 

products in consumer products is associated with risk (Sodhi and Lee, 2007). Businesses 

seldom make decisions on investments solely based on the forecasting data from a single 

source. This necessitates that the businesses perform due-diligence, e.g., by procuring 

forecast data from multiple market research firms.   

The methodology and simulation model proposed in this research intends to provide a 

model that product designers, engineering managers, systems engineers, and policy 

makers can use in gaining basic understanding on how presence of an existing or 

proposed ecosystem support framework can impact the adoption of the new product or a 

class of products. Further, the model provides a means to measure the impact of each of 

the ecosystem variables on the overall ecosystem support available for new product 

adoption.  

Advances in the areas of Internet, Wireless technologies and Broadband Connectivity 

over the past two decades have resulted in a new generation or a new class of products 

that are in some cases complete replacements of traditional products that partially or 

entirely depend on the new technologies for their functionality. One such example that is 

considered in this research is the new generation of portable audio products whose 

primary function remains as reproduction of sound as the output from a given audio 

media source as the input. Another example considered in this research is the new 

generation of automotive infotainment systems, which traditionally only included a 
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AM/FM radio and/or Cassette or a Compact Disc music player, now includes additional 

capabilities for Hands-free Telephony, Streaming Audio and Video playback, satellite 

navigation, monitoring and guidance.  

1.3 Research Hypothesis 

Based on the proposed model and the methodology we propose the following two 

hypotheses. The adoption of new technological advances to create an entirely new 

product or an enhanced version of a traditional product: 

Hypothesis 1:  could result in a significant increase in the demand for the product 

when the said technologies (ecosystem variables) necessary for the functionality of the 

new product are themselves undergoing rapid market adoption.   

Hypothesis 2:  might not result in a significant increase in the demand for the primary 

product when new technology adoption occurs in a sub-component of a primary product. 

To validate our first hypothesis, we use the case study on the portable audio industry 

and hypothesis that simultaneous growth in the adoption of wireless technologies, 

availability of streaming audio/video resources and internet-connectedness will be 

necessary to result in increased adoption of portable audio devices and lack of support 

from any of these ecosystem variables will negatively affect the adoption rate.  

To validate our second hypothesis, we use the case study on the automotive industry 

where technology adoption occurs in the infotainment sub-system and hypothesis that 

simultaneous growth in the adoption of wireless technologies, availability of streaming 

audio/video resources and internet-connectedness will increase the demand for 

infotainment systems but will not result in a significant increase in the demand for 

consumer vehicles. 
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1.4 Praxis Organization  

Chapter 1 introduces our research topic. We start by providing an example for 

historical perspective on how adoption of new technology products has fared in the past 

and what factors were instrumental in rapid adoption and success of some of the 

products.  We then formulated and presented our research problem that was based on the 

lack of a clear methodology and a mathematical model that takes into account the 

contributions of ecosystem variables towards adoption of the new products. We then 

present the significance and interest for such a methodology and simulation model to the 

business community. We end the chapter with a note on the systems dynamics as our 

methodology of our choice to validate proposed methodology and model. 

Chapter 2 is dedicated to literature survey to gather information on prior research 

around the adoption of new technology products. We paid close attention to research 

in the areas of consumer electronics, semiconductor and communications industry as 

they are more closely related the topics of our case studies and have similarities of 

short life-cycle and rapid innovations characteristic of our case studies. We then 

made a case to use systems dynamics as our methodology of choice to visualize the 

model and perform simulations to validate the methodology. 

In chapter 3, we present a methodology that can be used to estimate a single factor 

net contribution rate from the growth rates of all ecosystem variables and can be applied 

towards estimating adoption rates of the new product. We apply the methodology to the 

case studies on portable audio and infotainment systems and identify ecosystem 

variables. We then present a brief introduction to the basics of systems dynamics and 

its components including causal loop diagrams (CLDs). Moving to next steps of 
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methodology we identify the relationships between the ecosystem variables and setup 

the weight and CAGR maps for both the case studies. In order to validate the 

methodology and the internal structure of the model we make hypotheses that need to 

be validated.  

Chapter 4 focuses on building the foundation for the MBES (Modified Bass for 

Ecosystem Support) model by providing the basis for original Bass adoption model. 

We provide Mathematical representation for the original Bass model and continue 

with detailed simulation framework using stock-and-flow model. We propose our 

modified Bass adoption for ecosystem support (MBES) empirical model that takes 

into account the contributions of ecosystem variables towards the overall adoption 

rate of the product. Subsequently we translate the empirical modal into a visually 

logical representation and continue to develop simulation model. We develop visual 

representations and simulation models for two scenarios of MBES model, one at the 

product level using portable audio as an example and the next at the sub-component 

level using infotainment systems as an example. 

We perform simulations and validate the results in chapter 5. We validate the 

hypotheses put forth in chapter 3. We compare the simulation results from MBES and 

the original Bass model, validate the methodology and the internal structure of the 

MBES model and derive conclusions. We validate the simulation results and the 

hypotheses based on several techniques normally used to validate systems dynamics 

model, Pearl-Reed logistic trend analysis technique and Chi-Square goodness of fit test. 

These techniques are described in chapter 5. 
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In chapter 6, we provide our conclusion on the simulation results; summarize the 

techniques and tools used to validate the methodology and the hypotheses; and discuss 

topics and areas where the model and the methodology can be studied in the future. 
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Chapter 2: Literature Review 

 

The research problem we are trying to solve in this praxis involves two key areas: the 

new product adoption models and system dynamics techniques. Based on the preliminary 

analysis of the research problem we realized that for this research we not only need to 

review existing literature like peer-reviewed journals and textbooks but also require 

historical data from industries in these domains of our case studies. Our literature survey 

is divided into the following focus areas: first, review of adoption models involving new 

technologies; second, review of historical data for domains of the case studies; and third, 

the principles of systems dynamics as they are applied in adoption models. 

2.1 New Product Adoption Models 

The original Bass adoption model was proposed in 1969 to forecast sales of new 

products (Bass, 1969).  The Bass model is generally used to forecast the growth and 

adoption rates under two conditions; (a) when the product or the technology is introduced 

and sales and inventory data are available for a few cycles, and (b) when product or 

technology under consideration has not yet been introduced, in which case the Bass 

model uses historic data available for similar products or technologies.  The factors that 

influence the adoption of new technology products can be classified into two categories; 

(a) direct-factor influencers and (b) indirect or cross-factor influencers.  Factors like 

price, marketing, and durability of the product constitute direct factor influencers.  On the 

other hand, indirect or cross-factor influencers constitute the tendency of customers to 

adopt a technology influenced by external factors such as tax politics and dependency on 

complementary products. There have been several research studies that highlight the use 

of System Dynamics and the Bass Adoption model to study the effect of advertising via 
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traditional media, word of mouth advertising, price and durability of the product (Islam 

and Meade, 2006).  

The diffusion models highlighting the effects of varying price on the attractiveness of 

the product to the customers have been researched extensively (Bass, 1980; Kalish, 1985; 

Bass et al., 2000).  Since then the researchers have added several extensions to the Bass 

model that capture the contributions to adoption from advertising, word of mouth, repeat 

and multiple purchases, multi-generational products and the durability of the product 

(Dodson & Muller, 1978; Kalish, 1985; Bass et al., 1994; Easingwood et al., 1983; 

Dodson & Muller, 1978; Norton & Bass, 1987; Shi, Fernandes, & Chumnumpan, 2014; 

Islam & Meade, 2006, 1998, 1996). 

Researchers have proposed extensions to the Bass model to study the effects of price 

variation on the adoption of new technology products like LCD TVs (Tsai, Li, & Lee, 

2010).  Higuchi and Troutt (2004) researched the short life cycle of consumer electronics 

like portable audio systems.  Chen and Jan (2005) studied the effects of environmental 

interactions between technology, human resources and production capacity in the 

semiconductor industry. 

More recently, researchers have developed complementary product diffusion models 

in other new technology areas including energy-efficient residential building 

environments and hydrogen fuel vehicles and infrastructure diffusion (Groesser et al., 

2010; Meyer & Winebrake, 2009).  Alternatively, researchers have used techniques like 

regression analysis to study the effects of direct and indirect factors on the adoption of a 

product.  For example, in a case study on compact disc players Gandal et al. (2000) used 

regression analysis to indicate that the value of hardware systems depends on a variety of 
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compatible complementary software. In another study Irani et al. (2009) used surveys and 

regression analysis to study the variables that significantly affected consumers‘ 

behavioral intention to adopt broadband internet. 

In our review of the literature, we found that most of the research has been focused on 

consumer adoption of the product in terms of demand for the product and there has been 

little focus on how the supporting ecosystem variables may influence the adoption 

process.  Our literature survey indicated that research papers broadly supported the view 

that existence of a supporting ecosystem is vital to rapid adoption of new technology 

products (Islam & Meade, 2006; Harbich & Matthew, 2009).  However, we did not come 

across any literature that offered a model or generic methodology that considers the 

contribution of ecosystem variables toward the adoption of new technology products, 

which would enable forecasters to breakdown product requirements and build a 

customized adoption model quickly and efficiently. 

Based on the literature survey and market observations, products that had enormous 

success in consumer adoption often had significantly low barriers to consumer adoption 

(Harbich & Matthew, 2009).  Various forms of adoption barriers were studied including 

price, purchasing capacity, and durability, among other factors (Islam & Meade, 2006).  

For products featuring new technologies, the primary barrier to adoption is the 

availability of requirements necessary for the functionality of the product.  In the rest of 

the praxis, we refer to the basic requirements for the functionality of a product as 

ecosystem variables.  We could not find evidence of models that took into account the 

contribution of ecosystem variables particularly when the ecosystem variables themselves 

are dynamic in nature and are undergoing rapid growth.  Also, we could not find 
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evidence of models that considered the scenario where the initial adoption decision was 

motivated by the fact that the adopters were already invested in one or more ecosystem 

variables that were necessary for the functionality of the new product.  In the following 

paragraphs, we elaborate on some models that present the background and arguments 

relevant to our research. 

Meyer and Winebrake (2009) used system dynamics modeling to study the 

technology diffusion of complementary goods.  They used hydrogen vehicles and 

refueling infrastructure as an example of complementary goods.  In their study they 

identify the barriers that need to be overcome before hydrogen vehicles can gain market 

adoption.  They identified hydrogen fuel and refueling stations, fuel price and vehicle 

price as the barriers to market adoption.  The fuel and vehicle price are direct-factor 

influencers and the availability of refueling stations is an indirect-factor influencer.  

These refueling stations can be considered as the ecosystem variables necessary for the 

functionality of the product.   However, these barriers mostly need to be resolved by the 

manufacturers through a coordinated policy approach that incentivizes the customers to 

purchase hydrogen vehicles and at the same time invests in building hydrogen fuel 

infrastructure.  Their model provides a basis in identifying the barriers to adoption and 

using system dynamics modeling to study the effects on adoption. 

Chun and Hahn (2008) studied indirect network externalities, namely the availability 

of complementary products.  Their model considered complementary product adoption 

and classified the products into two broad groups, namely the hardware and the software 

groups.   The focus of their research is on the interactions between the hardware and 

software products.  For example, in the sales of DVD players, an increase in the 
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availability of DVD titles increases and enhances the adoption of DVD players, which in 

turn will increase the demand for DVD titles.  Their study is amongst the earliest studies 

on complementary product diffusion with focus on hardware and software systems and 

provides a foundation to our research.  

Ozan, Sireli, and Kauffmann (2007) studied adoption patterns of technology products 

where the purchase decision of the customer is influenced by the attributes of the 

products.  They studied the sales data of global positioning systems (GPS) where the 

purchase decisions were based on the perceived preferences of the customer.  The 

attributes they considered for the GPS devices were display-size, display-type, price, 

pixel capacity and availability of maps and waypoints.  This study is interesting in the 

fact that it considered product-specific attributes and how each attribute influenced the 

purchase decision of the customer.  Each of the attributes was given a weight and a 

probability of customer appeal.  The GPS unit is a self-contained unit and does not 

depend on availability of other ecosystem variables for the functionality of the unit beside 

the GPS signal and power to operate the unit.  While this study did not study ecosystem 

variables or complementary product diffusion like earlier studies it presents a good 

design for modeling adoption patterns using a breakdown of product attributes and 

assignment of weights to the utility-values of each of the attributes. 

Current research intends to focus on the entire system and includes both consumer 

adoption based on advertising via traditional media, word-of-mouth advertising and 

effects of supporting ecosystem factors.  
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2.2 Historical and Projected Demand Data 

In this research study we use the case studies on wireless-enabled portable audio and 

infotainment industries to demonstrate the suitability of our proposed model in evaluating 

the contributions of ecosystem variables toward the overall adoption of a new product.  

The market research study carried out by IHS Technology focusing on wireless adoption 

in various market segments indicated that the wireless-enabled portable audio and 

infotainment industries would grow at a CAGR of 14.5% and 17% respectively through 

2020 (Gibbons, 2015).  Rapid adoption of these two technology products is made 

possible by the simultaneous growth in the supporting ecosystem parameters; 

specifically, wireless adoption, availability of streaming media, and internet-

connectedness.  This market research study provided actual historical and projected 

demand data in terms of units shipped per year for the portable audio and infotainment 

industries for years 2012 through 2019.  The historical data ranged from 2012 to 2015 

and projected forecast were for the years 2016 through 2019.  The data available and used 

from this market study was limited to the historical data and short-term projections 

through 2019.  Historical demand data was used for calibration purposes explained later 

in the results and discussion section. In the rest of the praxis we refer to the data from this 

market study as IHS model.  The figure shows a very liner growth.   Please explain why 

we do not see saturation and flattening or non-liner initial growth.  Your audience must 

assume that the data presented is from the middle of a long product life cycle. However, 

this technology most likely has a relatively short product life cycle. Please explain 

Wireless-enabled portable audio devices are relative new comers to the scene of 

consumer electronics. However, the market for such devices has witnessed a rapid growth 
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of CAGR of 14.5% projected through 2020.  Table 2-1 below provides actual and 

projected data for the global portable audio device shipments from years 2012 through 

2018 obtained from the market research firm IHS technologies (Gibbons, 2015).  

Explosive growth in wireless audio devices is attributed to the large-scale adoption of 

wireless technologies like Bluetooth and Wi-Fi into home and office environments and 

increase in the availability of media to be played on these devices. Wireless technologies 

like Bluetooth and Wi-Fi have now achieved a 100% penetration with the current 

generation of smartphones. In other words, we can assume that all smartphones that are 

produced include wireless technologies like Bluetooth and Wi-Fi for data connectivity. 

This widespread adoption of wireless technologies into smartphones and other mobile 

devices has increased the ability for the users to be able to connect to the internet.  

In our research we assume the traditional portable audio products to include all audio 

products that are normally used in the home and office environments to organize and 

listen to audio files, to record and play audio files and to receive or transmit audio files. 

By the current generation of portable audio products, we are referring to all the audio 

products that have adopted one or more technological advances namely wireless 

adoption, streaming media and internet connectedness. 

Projected rapid growth in portable audio industry is reflective of rapid pace of 

consumer adoption of wireless technologies and the rate at which consumers are getting 

connected to the internet. With increased connectivity to the internet consumers now 

drives additional demand for data from all data applications whether they run on personal 

computing devices like a computer or a smartphone or it is an embedded device like an 

audio player that can retrieve streaming audio from the internet. 
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Table 2-1: Units of wireless-enabled portable audio device global shipments 

Year Actual and Projected (in Thousands) 

2012 103,684 

2013 138,041 

2014 166,832 

2015 198,558 

2016 225,305 

2017 246,686 

2018 267,631 

 

 

Figure 2-1: Units of wireless-enabled portable audio device global shipments [Gibbons, 2015]  

A graph based on the values from Table 2-1 is shown in Figure 2-1.  Adoption of 

wireless technologies has not only occurred in the home and office environments but also 

in automotive and mobile environments. Table 2-2 below provides actual and projected 

data for wireless-enabled automotive infotainment device shipments from years 2013 

through 2019 with an estimated CAGR of 17% through 2020 (Gibbons, 2015).  
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The traditional automotive infotainment systems were based on a wired and hardware 

design with the primary functionality limited to a music player using physical media 

resources like cassettes and compact discs.  The user interaction with the infotainment 

systems was limited to the basic controls to control the operations of a compact disc (CD) 

or cassette player.  The current generation of infotainment systems is technologically 

advanced complex systems that include multiple functionalities like digital music players, 

hands-free telephony, navigation, communication and centralized automotive control 

panels to name a few features.  Integration of these additional features into infotainment 

systems was made possible by the adoption of wireless technologies and the ability to 

connect to the internet. 

Traditional Automotive infotainment systems were based on wired and hardware 

design with primary functionality limited of being a music player using physical media 

resources like cassettes and Compact Discs. User interaction with the infotainment was 

limited to the basic controls to control CD or Cassette player. Current generation of 

infotainment systems are technologically advanced complex systems that include 

multiple functionalities like digital music players, hands-free telephony, navigation, 

communication and centralized automotive control panels to name a few features. 

Integration of these additional features into infotainment systems was made possible by 

the adoption of wireless technologies and ability to connect to internet.  

Automotive infotainment system market is composed of Original Equipment 

Manufacturers (OEMs) and after-market car-kit makers. OEMs include the current 

generation of infotainment systems in the new vehicles at the time of manufacturing the 

vehicles.  After-market accessory makers provide newer infotainment systems as after-
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market add-ons to the owners of the vehicles which are older or do not yet have the latest 

features of infotainment systems. Market for standalone Personal Navigation Devices 

(PND) has been on the decline as navigation capabilities have been integrated into 

infotainment systems negating the need for standalone PND devices. The three main 

applications that use the wireless connectivity in infotainment systems are hands-free 

calling, audio streaming and navigation. A graph based on the values from Table 2-2 is 

shown in Figure 2-2. 

Table 2-2: Units of wireless-enabled infotainment system global shipments  

Year Actual and Projected (in Thousands) 

2013 62,671 

2014 73,433 

2015 85,333 

2016 96,329 

2017 114,257 

2018 138,504 

2019 162,628 
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Figure 2-2: Units of wireless-enabled infotainment system global shipments [Gibbons, 2015] 

Principles of System Dynamics modeling are used to develop simulation models and 

Causal Loop Diagrams (CLDs) to study relationships among system parameters and how 

the relationships among system elements influence the behavior of the system. 

2.3 Why Systems Dynamics 

System dynamics is a widely chosen methodology to develop models and frameworks 

that can be generalized and adapted to new situations. System Dynamics provides means 

of creating a common frame of reference in capturing the characteristics of a system and 

making the analysis of system variables graphically visible (Forrester, 1961). The system 

dynamics methodology helps to define and explore the system structures (Sternan, 2000; 

Thakker, Sarkani, & Mazzuchi, 2012; Thakker, Eveleigh, Holzer, & Sarkani,2013) and to 

model various relationships between elements of a system, in our case the portable audio 

and automotive infotainment ecosystems, and understand how the relationships between 

each of the elements influence the behavior of the system over time. System dynamics 

modeling provides us with a level of ease with which we can incorporate and study the 

impact of external and internal factors and variables (Jensen, Trill, & Brady, 2002). 
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Stock-and-flow simulation employed in this study allows us to model and analyze the 

effect of ecosystem variables on the overall adoption of the product. Systems Dynamics 

also allows us to study the extreme conditions like limited or restricted availability of 

streaming media and Internet connectedness under certain limiting conditions.  

The system dynamics-based modeling approach is used to develop a simpler, limited 

model to study the effect of ecosystem variables on the technology adoption without 

modeling the entire new technology product adoption model involving a wide range of 

parameters. We propose the current modified version Bass adoption model to include 

support from ecosystem while retaining the simplicity of the original Bass model. 

Because our ecosystem variables are dynamic in nature and might be co-dependent we 

relax the codependency for this study. We start by formulating the methodology and 

continue to develop a mathematical model, which is then translated into a Stock and Flow 

Systems Dynamics model for further research (Fey, 2001). 

2.4 Summary  

We started this chapter with discussion on literature survey on the new technology 

product adoption and focused on bass adoption model that provided the basic frameworks 

for forecasting adoption patterns. We reviewed several adaptations of Bass adoption 

models that included advertising, word-of-mouth, price, repeat purchase and other 

barriers to consumer adoption. Later we presented the research into adoption models for 

the short life cycle consumer electronics which is pertinent to the current research and 

provides an overview of interactions between the technology and social aspects of 

adoption. We laid the foundation for the research in identifying that a supporting 

ecosystem is necessary for adoption of new technology products. We then presented the 
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case studies on portable audio and infotainment industries for this research and provided 

an overview of these industries. We continued our literature review by gathering 

historical and projected demand data for these two industries making sure that the data 

can be verified from multiple sources. Based on the literature survey and broad 

understanding of the adoption models and simulation tools for validating models we 

identified that systems dynamics modeling would be a very important tool to logically 

represent and visualize the model and perform simulations to validate the proposed 

methodology. We then discussed why systems dynamics was chosen for this research. 
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Chapter 3: Methodology 

 

We start this chapter by explaining the theory and techniques used to solve the 

problem stated in the introduction. Later we discuss contribution of our research study.  

The first step in validating our assumptions that adoption rates of a new technology 

product are affected by the presence and growth of ecosystem variables is to identify the 

ecosystem variables. Identification of ecosystem variables starts with first identifying all 

the necessary variables required for the functionality of the product. Among the 

necessary variables those that are significant to the functionality and those that are 

undergoing positive or negative growth are identified as ecosystem variables. The 

ecosystem variables identified generally are dynamic in nature with respect to their 

presence and growth rates. An example of positive-growth rate ecosystem variable is 

availability of streaming media which has been increasing and projected to increase for 

the next decade. On the other hand, an example of an ecosystem variable with negative 

growth rate is the demand for Cassettes and Compact Discs (CDs) which have seen 

diminishing demand over the past few years with corresponding increase in demand for 

streaming media.   

Once the ecosystem variables are identified it is important to understand how they 

affect the overall functionality of the product and if there are any relationships among the 

ecosystem variables. In the case of our research study the ecosystem variables of wireless 

adoption, availability of streaming media and internet connectedness have few notable 

relationships. To elaborate, increase in wireless adoption increases the internet 

connectedness and with an increase in internet connectedness contributes to increase in 

consumption of streaming media thus increasing demand for streaming media.   
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The next step after gaining thorough understanding relationships between the 

ecosystem variables is to estimate and assign appropriate weights to each of the 

ecosystem variables based on their contributions to the overall functionality of the 

product. Individual weights of the ecosystem variables shall be a fraction in the range of 

0 and 1. The sum of weights of all ecosystem variables should be equal to 1. Estimation 

of weights for each of the ecosystem variables is based on perceived impact of the 

ecosystem variable on the function of the product and is left to the judgment of the team 

responsible for the product development. Initial estimates of growth rates for each of the 

ecosystem variables are also gathered from industry estimates and literature survey. 

Starting with rough estimates of weighs and growth rates for ecosystem variables 

users can then perform simulations and sensitivity analysis by varying the weights and 

the growth rates of ecosystem variables to arrive at a single factor contribution growth 

rate that can then be used toward estimation of adoption rates of the new product. By 

varying both weights and the growth rates for each of ecosystem variables users can gain 

deeper understanding into possible demand and growth patterns in the adoption of the 

new product and possibly translate the understanding into manufacturing, supply-chain 

and product life-cycle procedures.  

To summarize we propose the following methodology to include the contributions of 

dynamic ecosystem variables towards the overall adoption of new products. The 

methodology developed has the following steps:  

1.  Start by identifying ecosystem variables on which the product depends for 

functionality;  
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2.  Confirm that the ecosystem variables identified are dynamic in nature and are 

witnessing change independent of the product and then arrive at a consensus on CAGRs 

for each of the ecosystem variables;  

3.  Look for dependencies and understand the relationships between the ecosystems 

variables;  

4.  Estimate appropriate weights for each of the ecosystem variables based on their 

assessed contribution to the functionality of the product;  

5.  Perform simulations and sensitivity analysis by varying the weights and growth 

rates of individual ecosystem variables; and 

6.  Understand the qualitative and quantitative effects of each ecosystem variable on 

the overall adoption pattern of the product or on the class of products under 

consideration. 

We start by identifying the ecosystem variables for both the case studies that are a 

part of this research.  For each of the products, we define the demand for the product 

measured in units shipped per year as the dependent or response variable.  The 

independent or predictor variables are defined as ones on which the product depends for 

its functionality.   

We follow the methodology outlined above step-by-step in this research study. We 

start by identifying the ecosystem variables for both the case studies part of this research. 

3.1 Dependent Variables  

For each of the product studied we define demand for the product as the dependent 

variable and ecosystem variables on which the product depends for its functionality as 

independent variables. For both portable audio and automotive infotainment industries, 
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the dependent variable is the demand for the products and the independent ecosystem 

variables on which the products depend are wireless technology adoption, availability of 

streaming media and internet connectedness. In general market terminology, demand is 

defined as the quantity of a commodity or service that people are willing to buy at a 

certain price. Adapted to our new product adoption scenario, demand of the new product 

is the quantity of new product that is required for consumption by the collective group or 

potential adopters.  For our research study, demand for the product is measured in 

number of unit shipments in any given year. Since we are referring to the entire class of 

wireless-enabled portable audio devices we assume that the price is uniform across all 

individual portable audio products and therefore does not have any impact on the 

adoption pattern analysis.  

3.2 Independent Variables  

We elaborate on each of the independent variables below. 

3.2.1 Wireless Technology Adoption 

The first ecosystem variable we considered is the adoption of wireless technologies to 

develop new internet-connected products.  There are several wireless technologies that 

are being adopted into portable audio devices and infotainment systems of which Wi-Fi 

and Bluetooth are the most prominent technologies.  These wireless technologies connect 

the devices to the internet either directly or through an intermediate device like a mobile 

phone that has access to the internet.  The wireless technology adoption is expected to 

grow at a CAGR of 14% over the next decade (Gibbons, 2015). 
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3.2.2 Availability of Streaming Media:  

Second ecosystem variable we consider is availability of streaming media. Audio 

content played on portable audio and automotive infotainment devices is obtained 

wirelessly predominately in the form of streaming digital media either directly from 

online content providers or an intermediate device such as a mobile phone or a storage 

device. Traditional media resources were in the form of physical media like Compact 

Disc, DVD, Blue Ray discs, Cassettes etc. Availability of large collection of CDs dictated 

the proliferation of the music players in the two decades before 2005. Proliferation of 

digital media in the form of downloadable media files and streaming media that is 

available instantly on-demand have shifted the media from physical to digital resources. 

Availability of streaming media content and the number of content providers has rapidly 

increased over the past decade. It is estimated that the streaming media industry is 

expected to grow at a CAGR of 10% through 2020 (Cisco, 2016). 

3.2.3 Internet-Connectedness 

Another vital ecosystem variable necessary for the functionality of these internet-

connected devices is the internet connectivity itself.  Internet-connectedness is a measure 

that indicates the percentage of population that is connected to the internet. Since internet 

connectivity is required for proper functioning of these products, it is required that the 

consumer using these products has a means to connect to the internet, in other words 

consumer has internet connectivity. Also, the degree to which the consumer is connected 

to the internet determines the ability of these devices to connect to the internet to obtain 

online media resources. Internet connectivity is available to the consumers from many 

Internet Service Providers (ISPs). Most common ISPs are home utility companies, 
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cellular network operators and satellite network operators. It is estimated that the 

internet-connectedness is expected to grow at a CAGR of 15% through 2020 (Cisco, 

2016).  

We summarize the response and predictor variables for both the case studies on 

portable audio and automotive infotainment systems in the Table 3-1 below. 

Table 3-1: Predictor and Response variables  

Response Variables Predictor Variables 

Demand and Growth of 

Portable Audio / Automotive 

Infotainment industry 

Adoption rate of Wireless Technology 

Availability of Streaming Media (Audio & Video) 

Internet / Data connectivity 

 

3.3 Causal Loop Diagrams and Relationships 

To better understand the relationships between ecosystem variables and how they 

interact with each other and how these interactions contribute to the overall adoption rate 

of the product we introduce the basic elements of Systems dynamics.  As the first step 

towards creating a valid Systems Dynamics model it is essential that all relationships in a 

system between the variables are logically and diagrammatically represented and system 

structure is validated (Sterman, 2000; Kirkwood, 1986).  Upon satisfactorily validating 

the structure of the model with adequate iteration and examination the diagrammatic 

model is translated to a simulation model. For the purpose of the simulations we used 

iThink software by isee systems and for data analysis we used Minitab software. 

System dynamics modeling is based on evaluating the cause and effect relationships 

between the variables normally referred to as causation.  Much of the Systems Dynamics 
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is about identifying and representing the various relationships between the system 

variables, feedback processes which along with stock and flow determine the dynamics 

of the system. (Sterman, 2000). There are two kinds of feedback loops that we will 

discuss below. The first is a positive feedback or a self-reinforcing loop and the second is 

a negative feedback or a self-correcting or balancing loop. Positive feedbacks tend to 

amplify the current event or progression within the system. Positive feedback loops are 

sometimes referred to as snowballing effect whereas the time progresses, the 

accumulation of the system state increases exponentially. Negative feedback loops on the 

other hand tend to self-correcting and they resist the change and limit the growth 

(Sterman, 2000).  The causal links between two variables is shown by an arrow starting 

from the variable that is initiator or the cause of the change to the variable that is the 

effect or the reflector the change.  We explain positive and negative feedback loops using 

variables 1 and 2 as shown in the Figure 3-1 below.  In a positive causal relationship, 

effect is positively related to the cause, in other words an increase in the value of variable 

1 causes an increase in variables 2, the effect and corresponding a decrease in the value 

of variable 1 cause a decrease in the value of variable 2. Positive causal relationships are 

indicated by a ‗+‘ sign at the arrowhead. In a negative causal link, the cause and effect 

are negatively related which means that an increase in the value of variable1 would cause 

a decrease in the value of variable2 and correspondingly a decrease in the value of 

variable 1 causes and increase in the value of variable 2. Negative causal relationships are 

represented by a ‗-‗ sign at the arrowhead. 

In case of positive feedback loop, an increase in variable1 causes variable2 to 

increase and any increase in variable2 causes an increase in variable1 thus generating a 
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snowballing effect. Positive feedbacks results in exponential growth as shown in Figure 

3-2 where both variables 1 and 2 continue to grow exponentially until all resources are 

consumed or a limiting external influence brings about a change in the growth cycle. 

Positive feedback loops are also called reinforcing loops and is denoted by a letter ‗R‘ 

within the loop. On the other hand, negative feedback loops are self-correcting and 

limiting to growth and in the absence of any other positive feedback loop in the system 

will tend to exponentially decrease the values of both variable 1 and 2 as shown in the 

Figure 3-3. Negative feedback loops are also called balancing loops and are denoted by a 

letter ‗B‘ within the loop. 

 

Figure 3-1 Positive and Negative feedback loops (Based on Sterman, 2000) 
 

 

Figure 3-2: Exponential growth in positive feedback loops (Based on Sterman, 2000) 
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Figure 3-3: Exponential decline in negative feedback loops (Based on Sterman, 2000) 

3.3.1 Portable Audio Industry 

Once ecosystem variables are identified next step is to look for relationships between 

ecosystem variables. For the case study on portable audio systems the ecosystem 

variables that we identified are wireless adoption, internet connectedness and availability 

of streaming media. We examine each of the variables and their relationships with other 

variables.  

 

Figure 3-4: Causal loop diagram for portable audio industry 

Demand for the portable audio devices is the dependent variable and is the focus of 

the causal loop diagram in Figure 3-4. We start with the potential adopters of the portable 

audio products. As the number of potential adopters increases, the demand for the 
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portable audio products increases.  Increase in the demand for audio products drives the 

increase in the wireless adoption in the audio products. As adopters get invested in the 

wireless infrastructure it increases the tendency to add more wireless devices to an 

existing infrastructure. This indirectly increases demand for all wireless devices including 

portable audio devices becoming a reinforcing loop represented by symbol R1. With the 

increase in wireless adoption into devices the ability to the users to connect to internet for 

data connectivity increases which correspondingly increases the data consumption. As 

internet connectedness increases users will tend to leverage existing internet connectivity 

and add more devices to the network. This reinforcing loop is represented by R2 in 

Figure 3-4. As more devices adopt wireless technology and have increased internet 

connectedness demand for data from the internet continues to increase which also 

includes the streaming data requirements for the audio devices. This constitutes another 

reinforcing loop R3. Based on the historical and forecast data we can assume that 

availability of streaming media continues to increase as the demand for more streaming 

resources continues to increase driven by the consumers‘ usage. While all the loops 

mentioned before are reinforcing loops, no growth can continue forever and generally is 

limited by a balancing loop. In this case the limiting effects to the growth comes in the 

form of a limited number of potential adopter that is determined by the maximum number 

of potential adopters at any given time for that specific class of products. 

3.3.2 Infotainment Industry 

For the case study on automotive infotainment systems the ecosystem variables that 

we identified are wireless adoption, internet connectedness and availability of streaming 

media. We examine each of the variables and their relationships with other variables. It 
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should be noted that in the case of automotive infotainment systems, the infotainment 

system is a sub-component within a vehicle and the vehicle is considered the primary 

product. Demand for infotainment systems comes in two forms. In the first form, 

infotainment systems are built-in into every new vehicle that is manufactured by the 

OEMs and in the second, infotainment systems are purchased as after-market units by the 

consumers to be installed into existing vehicles to add, replace or upgrade to a newer 

infotainment system to devices the benefits of new technological features. Therefore, the 

potential adopters for infotainment systems include both adopters that seek new vehicles 

with built-in systems and also adopters that seek after-market units. The maximum 

number of adopters is therefore the sum of adopters for new vehicles and adopters of 

after-market units. As the demand for new vehicles and the demand for after-market units 

increases, there is a corresponding increase in the number of potential adopters. As the 

number of potential adopters increases, the demand for infotainment systems increases. 

As potential adopters continue to adopt infotainment systems the overall number of 

potential adopters decreases which in turn decreases the demand for infotainment 

systems. This can be viewed in the balancing loops represented by B1 and B2 in the 

Figure 3-5 below. Reinforcing loops R1, R2 and R3 however follows the same reasoning 

as provided for the portable audio systems in Figure 3-4.  
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Figure 3-5: Causal loop diagram for automotive infotainment industry 

3.4 Weights and CAGRs 

Based on the causal loop diagrams, we observed several feedback loops and pair-wise 

interactions between the variables.  For the purpose of this study, in lieu of data on pair-

wise interactions, we propose to capture the contributions of ecosystem variables into a 

single-factor contribution rate using CAGR for each variable.  However, it is still 

important to understand the relationships between the variables so that the methodology 

and the model developed here can be extended in the future. 

We assume that all three ecosystem variables are equally important for the primary 

function of portable audio and infotainment system and therefore have equal weights of 

0.333 and sum of all weights is equal to 1. We use CAGRs of 14% for Wireless adoption, 

15% for rate of increase of availability of streaming media and 10% for rate of increase in 

internet connectedness and assume these CAGRs to be valid through 2020 (Gibbons, 

2015; Cisco, 2016).  Table 3-2 below lists the weights and CAGRs for all ecosystem 

variables under consideration. Weight and CAGR map representing the methodology for 

portable audio industry is shown in the figure 3-6. 

Table 3-2: Weights and CAGRs for portable audio industry 
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Ecosystem Variables Weight 

Growth Rates 

(CAGR) 

Adoption of Wireless Technologies 0.3333 14 % 

Availability of Streaming Media 0.3333 15 % 

Internet Connectedness 0.3333 10 % 

Sum of all weights ~ 1.0  

 

In the case study on automotive infotainment system, the primary product class under 

consideration is an automotive like a car or a truck with the primary function of 

transporting the users from one location to the other. Infotainment systems take a 

secondary or accessory role that aid in improving the convenience for the consumer 

during transportation.  

 

Figure 3-6: Weight and CAGR map for portable audio industry 

In systems engineering terminology, todays‘ consumer automotive vehicles like cars 

and trucks can be considered as complex systems that include several sub-systems that 
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work together to enable the successful function of the vehicle.  Some of the critical 

components of an automobile are internal combustion and power generation system, 

electrical sub-system, infotainment and communication sub-system, mechanical and 

motion sub-systems, climate control sub-system and occupant safety sub-system.  Each 

of the sub-systems mentioned above might depend on several other ecosystem variables. 

Few examples are, internal combustion and power generation system depends on the 

availability of fuel-supply management, oxygen sensors, and other timing sub-systems 

and infotainment system depends on the hands-free telephony, wireless connectivity, 

streaming media availability, Internet connectedness and navigational sub-systems might 

depend on availability of GPS signal. Our methodology proposes that each sub-

component depending on a set of ecosystem variables contributes to the overall adoption 

rate of the primary product. We explain the method of computation of contributions in 

the model formulation section in the next chapter. Table 3-3 below lists the weights and 

CAGRs for all ecosystem variables for the case study on automotive infotainment 

systems (Gibbons, 2015; Cisco, 2016).  We assume an overall average growth rate of 5% 

for all other components within the automotive based on the automotive industry 

development trends.  The assumption of weights and growth rates for other ecosystem 

variables is based on perceived impact of the ecosystem variables towards the 

functionality of the automobile and is based on the judgment and opinion gathered from 

the industry experts.  The contribution from the infotainment system is calculated from 

the weights and CAGRs of its dependent ecosystem variables. 

Table 3-3: Weights and CAGRs for infotainment industry  

Level Ecosystem Variables Weight Growth Rates (CAGR) 

1 All other systems 0.90 5 % 
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1 Infotainment System 0.10 Calculated from Level 2 

1 Sum of all weights ~ 1.0  

2 Adoption of Wireless Technologies 0.3333 14 % 

2 Availability of Streaming Media 0.3333 15 % 

2 Internet Connectedness 0.3333 10 % 

2 Sum of all weights ~ 1.0  

 

3.5 Research Methodology 

The following section describes the actions and procedures employed in the 

investigation of the research problem. The research methodology we used broadly 

consisted of the following steps a) Identification of independent and dependent variables 

and data collection b) Development of conceptual model using principles of system 

dynamics c) Creation of system dynamics model to represent the proposed model d) 

Simulation and e) Validation of results using data analysis techniques. The overall 

approach that we adopted in this investigation is summarized in Figure 3-7. 

We used system dynamics and data analysis techniques to investigate the research 

problem.  By analyzing the research problem we identified the independent and 

dependent variables for each of the case studies.  The next step was to gather existing 

data available for the each of the dynamic variables and historic and projected demand 

data.  We gathered this data from various published resources including market reports, 

journal articles and whitepapers.  The data collected was put together in a spreadsheet 

and analyzed using basic data analysis and graphical representation.  Our choice of 

system dynamics was based on the requirement that we needed to develop an extensible 
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adoption model for new technology products that considers the contributions of dynamic 

ecosystem variables.  In addition to the ability to perform simulations, system dynamics 

based model provides an intuition visual means to understand the behavior and 

relationships between the components of a complex system. We started by creating a 

conceptual model based on the principles of system dynamics and CLDs for each of the 

case study scenarios. CLDs enable us to understand the relationships between the 

ecosystem variables. We then continued to build stock-and-flow model that used input 

parameters and feedback loops as described in the MBES model in the section 4.  

Simulations were then using the iThink simulation software and results were tabulated 

and represented graphical formats for further analysis.  

 

Figure 3-7: An overview of the research methodology 
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3.6 Summary  

In this chapter we covered a lot of ground starting with proposing a methodology that 

was iteratively refined based on discussion, feedback and reasoning making sure that 

each step of the methodology presents a logical step forward and logically and 

convincingly depends on the prior step. A generic methodology was proposed that can be 

applied to study any new product adoption scenario given that the new product under 

consideration depends on the ecosystem variables that are dynamic in nature and are 

witnessing a growth or decline trend of their own. The proposed methodology was then 

applied step-by-step to the portable audio and infotainment industries to identify relevant 

ecosystem variables. We then presented the independent and dependent variables and 

provided background on each of the variables.  

We discussed the cumulative average growth rates (CAGRs) for each of the 

ecosystem variables and how it is relevant to our research. To be able to translate a 

theoretical model to an empirical model and then to continue to a simulation model 

presented in the next chapter we first started by proposing causal loop diagrams (CLDs) 

to transform theoretical model to a visually logical representation of the model. We 

explained the basic elements and behavior of CLDs. Next, we proceeded to apply the 

methodology and principles of CLDs to identify relationships between the system 

variables and how interactions between the variables affect the state of the system. We 

then applied the methodology to both the case studies and proposed weights associated 

with each of the ecosystem variables. For this study, in lieu of data on pair-wise 

interactions, we propose to capture the contributions of ecosystem variables into a single-
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factor contribution rate using CAGR for each variable and assumed that all ecosystem 

variables are equally important for the functionality of the product.  

We presented our research hypothesis in section 3.5 and subsequently in section 3.6 

we presented the methodology that we will follow to validate that the methodology and 

the internal structure of the proposed model.  In the next chapter we will present the 

model formulation and perform simulation studies based on methodology proposed here.  
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Chapter 4 – Simulation Models and Equations 

 

In this research, we propose that the original Bass Adoption model can be modified to 

include the dynamic contributive effects of the ecosystem variables, particularly when the 

consumer is already invested in the ecosystem parameters, as part of the coefficient of 

innovation. As customers get invested in an ecosystem they have a natural tendency to 

further invest in the ecosystem to maximize the benefits of being invested in the 

ecosystem. To provide an example, currently consumers who are invested in either of two 

major mobile phone ecosystems namely Apple Inc.‘s iOS and Google Inc.‘s Android 

products like mobile phone, tablets, computers and music subscription services will show 

a tendency to invest in automobiles that have integrated either or Apple Inc.‘s or Google 

Inc.‘s automotive solutions into their automotive infotainment systems. This is already 

gaining momentum as more auto manufacturers are integrating either Apple Inc.‘s 

CarPlay or Google Inc.‘s Android Auto platforms into automotive infotainment systems.  

Another example of customers invested in an ecosystem is one that of home automation. 

In home automation, consumers normally would connect and control all sensors and 

appliances in a home using a control hub unit. These hub units are available from several 

manufacturers and they either use open or proprietary standards for communication and 

networking. Customers once invested in open or proprietary ecosystems will continue to 

invest in adding new appliances and sensors into those same ecosystems so they can 

benefit from the existing investment. 

  



48 

 

In our model, we assume the motivation of consumers to adopt the product is based 

on the fact that the consumer is already invested in the ecosystem parameters necessary 

for the functionality of the product and the consumer has not already adopted the product 

under consideration. Therefore, the contribution to the adoption rate from ecosystem 

system support is to be considered an external influence and thus part of the coefficient of 

innovation (p).  The original Bass Adoption model is described below to provide 

contextual foundation for our Modified Bass with Ecosystem Support (MBES) model 

presented later. 

4.1 Original Bass Adoption Model 

The Bass model provides a good starting point to quantitatively forecast long-term 

adoption patterns of new technologies and products. The Bass model defines the number 

of adopters as the product of rate of adoption and the size of potential adopters. The Bass 

model assumes a fixed market size (m) or in other words the initial number of potential 

adopters. As the adoption progresses the number of potential adopters decreases and the 

net active adopters increases. Let A(t) represent the number of adopters for the new 

product at any t
th

 time interval and Y(t) represent the total number who have adopted the 

new product up to and including the t
th

 interval. The rate of adoption comprises of two 

components i) coefficient of innovation (p) and ii) coefficient of imitation (q). Upon 

introduction of a new product some consumers adopt the product on their own without 

any influence from other consumers and purely because they are aware of the 

introduction of the product from some form of advertising, these initial adopters are 

called ―innovators‖.  This external influence is measured using coefficient of innovation 

or coefficient of external influence (p). Subsequently, the next wave of consumers adopts 
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the product because they have come in contact with initial adopters and have thus made a 

decision to adopt the product, this constitutes a contagion or word-of-mouth influence as 

referred to by the Bass model. The new consumers are called ―imitators‖ (Bass, 1969; 

Sternman. 2000).  This contagion or internal influence is a product of coefficient of 

imitation or coefficient of internal influence q and the number of consumers who have 

already adopted the product Y(t). 

4.2 Mathematical Representation of Original Bass Model 

A(t) = [ p + qY(t) ] * [ m - Y(t) ]              (4-1) 

A(t) = the number adopters of the new product in the t
th

 interval 

Y(t) = the total number who have adopted the new product up to and including the t
th

 

interval  

p - Coefficient of innovation (or coefficient of external influence) 

q - Coefficient of imitation (or coefficient of internal influence). 

m - Total number of potential adopters 

qY(t) - the rate of adoption as a percent of those that have not yet adopted (imitation 

effect) 

p + qY(t) = total rate of adoption.  

The Bass model provides a good starting point to quantitatively forecast adoption 

patterns of new products.  However, the original Bass model did not explicitly consider 

the effects of feedback between the variables and broadly classified the operational 

processes as innovation and imitation (Sterman, 2000).  We therefore introduce the 

system dynamics formulation of the Bass model popularized by Sterman (2000), to 

address the above concerns, depicted in the stock-and-flow model in figure 4-1. 
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The system dynamics modeling and numerical simulations have been used to study a 

wide variety of complex systems (Azar, 2012).  This model considers the feedback loops 

and provides a mathematical basis to compute the adoption rates from both internal and 

external influences. In the next section we start with a brief description of the building 

blocks of system dynamics model before we introduce the system dynamics formulation 

of the Bass model. 

4.3 Stock-and-Flow for Original Bass Model  

Primary components of a Stock-and-Flow model are stocks, flows, valves and 

influences. Stocks represent the state of a system or a variable capable of accumulation. 

Stocks introduce inertia in a system thereby providing generating and providing 

information about the state of the system. Accumulation in the stock is a result of 

differential between the inflow and outflow.  A difference in the rate of inflow and 

outflow results in the accumulation. Flows represent the rate which the state of the 

system is changing and they typically lead into a stock as inflows and out of the stock as 

outflows.  Valves typically play a role in regulating the flow and act as flow controls. 

Influences are feedback effects between the parameters like stocks, flows and valves that 

change the state of the system.  

Stock-and-flow model to implement original bass model is shown in the figure 4-1.  
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Figure 4-1:  Stock-and-flow model for original Bass diffusion model (Sterman, 2000) 

The Bass model assumes a fixed market size N or in other words the initial number of 

potential adopters.  As the adoption progresses the number of potential adopters P 

decreases and the net active adopters A increases.  Let AR represent the adoption rate 

defined as the number of adopters for the new product at any time and A represent the 

total number who have adopted the new product.  The rate of adoption comprises of two 

components; (a) coefficient of innovation, and (b) coefficient of imitation.  Upon 

introduction of a new product some consumers adopt the product on their own without 

any influence from other consumers, purely because they become aware of the 

introduction of the product from some form of advertising.  These initial adopters are 

called ―innovators‖.  This external influence is measured using the coefficient of 

innovation (a).  Subsequently, the next wave of consumers adopts the product based on 

the fact that they have come in contact with initial adopters and have thus made a 

decision to adopt the product.  This constitutes a ―contagion‖ or word-of-mouth 

influence, as referenced by the Bass model. These new consumers are called ―imitators.‖  

This contagion or internal influence is a product of the coefficient of imitation and the 

number of consumers who have already adopted the product A. 
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To utilize the Bass model to effectively forecast adoption patterns we need to 

estimate the three parameters in the model (market size, coefficients of innovation and 

imitation), based on the market research data.  More commonly used approaches to 

estimate the values of coefficient of innovation and coefficient of imitation are based on 

the values of analogous products, customer surveys that evaluate the intention of 

adoption and regression or maximum-likelihood models, if enough sales history data is 

available (Bass, 1969).  The total adoption rate is a combination of adoptions resulting 

from both internal and external influences. The word of mouth or internal influences 

originating from the population of adopters provide reinforcing or positive feedbacks to 

the adoption process thereby speeding up the adoption process. On the other hand, 

external influences such as advertising provide a balancing feedback to the adoption 

process.  

We continue to use the original assumptions of the Bass model and assume that in 

each period the number potential adopters who will adopt the product because of 

exposure to advertising and/or other external influences is constant.  Based on the model 

proposed by Sterman (2000) the adoption rate AR is defined as in equation 4-2. 

 

AR = Adoption from Advertising + Adoption from Word of Mouth         (4-2) 

Adoption from Advertising = a * P                 (4-3) 

Adoption from Word of Mouth = c * i * P * (A / N)             (4-4)  

The advertising effectiveness a, is defined as the adoption rate from advertising in a 

given period and represents the external influence or coefficient of innovation.  The 

contact rate c, is the rate at which people in a population come into contact with each 
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other, measured in the number of people per person per day.  Therefore, the rate at which 

the contact between the potential adopters and the adopters occurs is given by the product 

of c, the contact rate, and P, the number of potential adopters, in other words cP.  The 

ratio of adopters A to the total population N is given by A / N, and it represents the 

fraction that can provide word of mouth information about the product.  The adoption 

fraction i, represents the probability that adoption occurs as a result of a contact with an 

adopter.  Equation 4-5 represents the net adoption rate.by combining both sources of 

adoption from equations 4-3 and 4-4 (Sterman, 2000). 

 

AR = a * P + c * i * P * (A / N)             (4-5) 

  

An important characteristic of bass models is that adoption patterns forecasted by the 

Bass models typically represent an S-shaped growth pattern as shown in the figure 4-2 

below.  

4.3.1 Stocks 

Potential Adopter (P): This stock contains all the people who could potentially be the 

adopters of the new product. It is important to note that while the total population in a 

community might be large, potential adopters might only be a small fraction. 

Adopters (A): This is the stock that represents those people who have already adopted 

the new product. As the number of adopters increases the amount of increase is 

decremented from the total population resulting in decrease in number of potential 

adopters. 
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Figure 4-2:  S-shaped growth pattern (Sterman, 2000) 

4.3.2 Flows 

We have two flows in the Bass Model, first is the outflow from the potential adopters 

(P) and the other is the inflow to the adopters (A) regulated by adoption rate (AR) that 

acts as a valve regulating the flow. The rate of flow is given by equation 4-5.  

4.3.3 Auxiliary Variables 

In addition to the stocks and flows the Bass model uses auxiliary variables which 

represent various other parameters of the stock and flow model. They provide additional 

information, parametric constrains and state values. Auxiliary variables used in the 

original Bass model are c, the contact rate, i, the adoption fraction and a, the advertising 

effectiveness as defined earlier. 

4.3.4 Equations 

The following are the differential equations used in the simulation for the stock and 

flow model of the original bass model (Sterman, 2000). 

Adopters_A(t) = Adopters_A(t - dt) + (Adoption_Rate_AR) * dt     (4-6) 
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Adoption_Rate_AR = Adoption_rate _from_Advertising + 

Adoption_rate_from_Word_of_Mouth (4-7) 

Potential_Adopters_P(t) = Potential_Adopters_P(t - dt) + (-Adoption_Rate_AR) * dt 

                      (4-8) 

Adoption_rate_from_Advertising = Potential_Adopters_P * 

Advertising_Effectiveness_a 

                      (4-9) 

Adoption_rate_from_Word_of_Mouth = 

Contact_Rate_c*Adoption_Fraction_i*Potential_Adopters_P*Adopters_A/Total_Popu

lation_N                      (4-10) 

4.4 Modified Bass Model for Ecosystem Support (MBES) 

The following modified Bass model for ecosystem support is based on the 

methodology proposed in the chapter 3. We start by defining Ei as an ecosystem variable 

that is necessary for the functionality of the new product and the presence of which 

supports the overall adoption of new technology or a new product under consideration. 

Let αi  be the Compounded Annual Growth Rate (CAGR) of Ecosystem variable Ei  , we 

represent this as shown below in equations (4-11) and (4-12). 

   

  
                       (4-11) 

Ei (t) = Ei-1 + αi t                  (4-12) 

Ei (t) - State of ecosystem variable i at t
th

 time interval 

Ei0 – Initial value of the ecosystem variable i at time zero (0) 

t – time 

αi - Compounded Annual Growth Rate (CAGR) of ecosystem variable i 
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When αi value is zero, it means that ecosystem variable does not have any growth 

year over year but is stagnant at the initial value of the ecosystem variable. Let wi be the 

contribution of ecosystem variable Ei toward the functionality of the new product or 

technology. Contribution is expressed as the fractional weight between 0 and 1, as shown 

in equation (4-13), with 0 indicating that the ecosystem variable is not necessary for the 

functionality of the product and 1 indicating that it is the only ecosystem variable 

necessary for the functionality of the product.  

Often any product under consideration will depend on more than one necessary 

ecosystem variables to be fully operational and sum of all individual weights of the 

ecosystem variables shall therefore be equal to 1 as shown in equation (4-14). For 

example, in our study on portable audio systems we identify three ecosystem variables i) 

Wireless Adoption ii) Availability of streaming media and iii) Internet connectivity and 

assume all three ecosystem variables have equal weights of 0.3333 to a total of 1.  

10  iw                          (4-13) 
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We define the weighted growth rate of individual ecosystem variable as the product 

of weight of the ecosystem variable and the rate at which the ecosystem variable is 

growing. Next, we define E as the Net Favorable Ecosystem Support to represent the 

single-factor growth rate derived from all the ecosystem variables and its corresponding 

growth rate dE/dt as an entity to represent growth rate of combined net ecosystem support 

equal to the weighted average of the growth rates of all of individual ecosystem variables 

as defined below in equation (4-15) 
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       (4-15) 

Since not all consumers currently invested in the ecosystem will choose to be among 

initial adopters for the new product, we introduce Af as the fraction of times an adoption 

comes from potential adopters who are already invested in the ecosystem. The value of 

Af ranges between 0 and 1. Next, we define the coefficient of influence based on the 

ecosystem support aecosystem as below in equation (4-16) 

             
  

  
                    (4-16) 

For our research we assume that advertising is the only contributor to the coefficient 

of innovation in the original bass model. As the ecosystem support increases the adoption 

rate increases however on the balancing side as the adoption rate increases the number of 

potential adopters decrease in turn resulting in a decrease in the adoption rate. Ecosystem 

support thus has a balancing feedback to the adoption rate like that of advertising. 

Ecosystem support can be considered as an external influence and additive to the 

coefficient of innovation p, represented in the Bass Adoption model as shown below in 

equation (4-17) 

                                         (4-17) 

4.5 Ecosystem Support at the Product Level 

In this research, we identify two scenarios of technological adoption. In the first 

scenario the technological adoption introduces a significant change in the way the 

primary functionality of the product is made possible or delivered by the creation of a 

new product class, which might augment or eventually replace existing products in that 

class. These enhancements that result in creation of a new product class that have a larger 
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impact on the demand and growth of primary product class.  We use the example of 

portable audio systems where introduction of wireless technologies like Wi-Fi and 

Bluetooth has created a new class of Internet-connected portable audio systems that 

depend entirely on wireless connectivity to the internet to obtain digital media and have 

already taken substantial share away from traditional portable audio systems. A generic 

System Dynamics Stock and Flow representation of the proposed MBES model for this 

scenario is shown in Figure 4-3. 

 

Figure 4-3:  Generic MBES model for ecosystem support at the product level 
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4.5.1 Simulation Model for Portable Audio Industry 

System Dynamics Stock and Flow representation of the proposed MBES model 

adapted for the portable audio industry is shown in the Figure 4-4 below. 

 

Figure 4-4:  Stock and Flow for MBES model for Portable Audio systems 
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4.5.2 Equations for Simulation Model for Portable Audio Industry 

We arrive at the governing equations for the simulations based on the stock-and-flow 

model presented above. 

Adopters_A(t) = Adopters_A(t - dt) + (Adoption_Rate_AR) * dt (4-18) 

Potential_Adopters_P(t) = Potential_Adopters_P(t - dt) + (-Adoption_Rate_AR) * dt 

                     (4-19) 

Adoption_Rate_AR = 

Adoption_rate_from_Advertising+Adoption_rate_from_Word_of_Mouth+Adoption_rate

_Support_from_ecosystem (4-20) 

Adoption_rate_from_Advertising = Potential_Adopters_P * Advertising_Effectiveness_a

 (4-21) 

Adoption_rate_from_Word_of_Mouth = 

Contact_Rate_c*Adoption_Fraction_i*Potential_Adopters_P*Adopters_A/Total_Popula

tion_N  (4-22)  

Adoption_rate_Support_from_ecosystem = 

Net_Favorable_Ecosystem_Support*Potential_Adopters_P (4-23) 

Net_Favorable_Ecosystem_Support = 

(Weighted_Wireless_Adoption_Rate+Weighted_Availability_of_Streaming_Media+Weig

hted_Data_Connectivity_Rate)*Adoption_Fraction_of_already_invested_in_Ecosystem

 (4-24) 

4.6 Ecosystem Support at Sub-Component Level 

In the second scenario, technological advancements are adopted into sub-components 

of the products whose primary functionality might or might not require the presence of 
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sub-component. These enhancements to sub-components of a product have less impact on 

the demand and growth of the primary product class. In our second case study, we choose 

Cars / Automobiles as the primary product, and the infotainment systems present in the 

automobiles as the secondary sub-components. Demand for automobiles continues to be 

impacted largely by traditional factors like price, repeat or multiple purchase rates and 

durability among other factors. Here we extended the modified bass model presented 

above by introducing nested weighted average contributions to predict and analyze the 

effects of introducing new technology into sub-components on the demand and growth of 

a primary product. In other words, every product depends on the ecosystem support of the 

components that it is made of and each component might be dependent on several other 

sub-components. Net ecosystem growth rate for each component is a sum of weighted 

average of its sub-components. In case of an automobile, several components work 

together to produce a fully functional automotive system.  Few critical components of an 

automobile are internal combustion and power generation system, electrical sub-system, 

infotainment and communication sub-system, mechanical and motion sub-systems, 

climate control sub-system and occupant safety sub-system.  And each of the sub-systems 

mentioned above might depend on several other ecosystem variables. Few examples are, 

internal combustion and power generation system depends on the availability of fuel-

supply management, oxygen sensors, and other timing sub-systems. The infotainment 

system depends on the hands-free telephony, wireless integration, audio and video media 

availability, internet connectedness and navigational sub-systems among others. Based on 

the nested approach, the closer the level of the sub-component, at which technology 

adoption occurs, to the top-level hierarchy of the product the greater the impact on the 
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demand and adoption of the product. However, when the sub-component is considered in 

its own category it becomes a primary product and therefore its demand and growth 

might follow the pattern of scenario one presented above.  A generic System Dynamics 

model for this scenario is shown in Figure 4-5. This leads us to further elaborate that 

when a new sub-component is added to a product the demand for the product will 

change as the weights associated for all sub-components at that level are redistributed 

along with the introduction of the growth rate variable for the new sub-component. 

 

Figure 4-5:  Generic MBES model for ecosystem support at sub-component level 

4.6.1 Simulation Model for Infotainment Industry 

System Dynamics Stock and Flow representation of the proposed MBES model 

adapted for the infotainment industry is shown in the Figure 4-6 below. 
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Figure 4-6: Stock and Flow for MBES model for infotainment systems 

4.6.2 Equations for Simulation Model for Infotainment Industry 

Equations for the stock-and-flow model for the automotive infotainment system 

where the contribution from the infotainment systems is included as well as excluded are 

provided in Appendix C. 

4.7 Summary  

 We started this chapter by presenting the basic element of systems dynamic 

models. We discussed stocks, flows, valves and influences. We then discussed the 

original Bass adoption model in its mathematical form and continued to present the 

simulation model for this model. We identified key elements of this model like 
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stocks, flows, and influences and presented governing equations for the model. The 

original Bass adoption model forms the basis our modified Bass adoption model for 

ecosystem support (MBES).  We then present the mathematical basis for our MBES 

model in section 4.4. Since we wish to validate the hypotheses put forward for 

MBES model in chapter 3 we develop and present MBES model at the product level 

using portable audio systems industry and MBES model at the sub-component level 

using infotainment systems industry. Both these case studies provide different 

insights into the applicability of the MBES model to study adoption patterns of new 

technology products. We present generic multi-level MBES structure and apply it to 

both the case studies. Subsequently, we discussed the translation of empirical and 

logical versions of MBES models to simulation environment using iThink software 

and conducted simulation studies. In the next chapter we will discuss the results of 

simulation runs and the model validation techniques used to validate the hypotheses 

proposed in chapter 3.   
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Chapter 5: Model Validation and Simulation Results 

 

5.1 Model Validation and Discussion  

The focus of this research is to demonstrate the suitability of the proposed model in 

evaluating the contribution of dynamic ecosystem variables toward the adoption of a new 

product.  We demonstrate the suitability by estimating the demand forecasts for portable 

audio and infotainment systems and comparing the results with the original Bass and IHS 

models. 

Validation of the simulation results is crucial for acceptance of the MBES systems 

dynamics model developed here as a viable model to augment technology adoption 

studies. System dynamic models are causal mathematical models that are in general 

suitable for qualitative validation and provide theoretical explanation of the system 

behavior.  More formal tests gaining popularity for validation of system dynamic models 

are behavior reproduction, historical data validation, graphical validation, and pattern 

prediction tests (Balci and Sargent, 1984). System dynamics models inherently generate 

correlated data while statistical validation tests to validate a model assumes that data is 

serially independent and not cross-correlated.  This forms the basis for a more qualitative 

validation approach to validating system dynamics models by validating the internal 

structure and behavior of the entire model as discussed in detail in a paper by Barlas 

(Barlas, 1996).  General order of validation of system dynamics models is to first test the 

validity and reasoning behind the formulation of the internal structure of the model and 

then continue to the model for behavior accuracy.   

We note that the structure of the proposed model is based on the original Bass model 

and the addition of a new external influence aecosystem to the existing parameter for 
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external influence aadvertising does not affect structural and dimensional validity of the 

model (Barlas, 1996).  Based on the model formulation mathematically for any given 

distribution of weights for the ecosystem variables (the value of E), the Net Favorable 

Ecosystem Support is proportional to values of growth rates for ecosystem variables. In 

other words, the highest value of Net Favorable Ecosystem Support will occur when the 

growth rates for ecosystem variables are at their highest values.  

Behavior validation of the model would entail that by using reasonably accurate 

parameters, derived from historical data, for the coefficients of innovation and imitation 

and by making valid assumptions on the distribution of weights and the CAGRs for the 

ecosystem variables we can arrive at demand forecasts that are comparable or superior to 

other models while providing the ability to measure the contribution of each ecosystem 

variable toward the demand for the new product. 

One major difficulty in implementing this model is estimating the parameters for 

coefficients of innovation and imitation to fit the real data.  Based on our literature survey 

of values used for the coefficients of innovation and imitation for several consumer 

products, we assumed the initial values of the coefficients and later calibrated the 

parameters using the historical data for demand of portable audio and infotainment 

systems (Golder & Tellis, 1998).  The method of obtaining parametric values based on 

the actual historical demand data of existing products provides us with more accurate 

values than relying on the range of values from the literature, which is more appropriate 

for new products that have not been introduced (Shi, Fernandes, & Chumnumpan, 2014).  

Another assumption that is implicit when obtaining parametric values based on the actual 

historical data is that the estimated values represent all possible internal and external 
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influences.  In other words, the estimated parameter for external influence would already 

factor-in the contribution from ecosystem support toward the adoption of the product.  

The next task then is to calculate the contribution of ecosystem variables toward the 

estimated parameters and study the effects of varying the contribution of each ecosystem 

variable on the overall demand.  Using this approach, we can evaluate the contribution of 

each of the ecosystem variable toward the adoption of a new product more accurately in 

the future.   

For the purpose of parameter estimation, we used the growth rate values for 

ecosystem variables gathered in our literature survey and actual historical data from 2012 

to 2015.  We used the IHS model primarily to compare the projected short-term forecasts 

from 2016 through 2019 as IHS data is proprietary and did not provide any additional 

information regarding the parameters used to arrive at their projections.  

Based on the assumptions and the parameter estimation the values for adoption 

fraction Af , contact rate c, advertising effectiveness a, total population N, and adoption 

fraction for word-of-mouth i were 0.05, 3, 1%, 400 million, and 5% respectively for 

portable audio systems, and 1, 3, 1%, 200 million, and 3% respectively for infotainment 

systems.  In addition, we assume that the values of parameters a, c, N, i, and Af are 

constant throughout the forecasting period.   

Another limitation that we had to overcome was that the forecast data available from 

the IHS model for both the case studies was limited to a few years from 2016 to 2019.  

To validate the model over a longer period we needed additional forecast data points after 

2019.  We performed trend analysis on the IHS data to extrapolate and obtain forecast 

data for four more years.  Trend analysis is a simple forecasting and smoothing method 
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based on the idea that reliable short term forecasting can be achieved by modeling the 

patterns in the data that are usually visible in time series data and then extrapolating the 

patterns into near future. While short term forecasts might be reliable to certain degree of 

error, longer term forecasts may not be reliable. The method of modeling used to perform 

trend analysis depends on the characteristics of the data under consideration. In general, 

modeling techniques used depend on the patterns clearly visible in the data, dynamic 

behavior of the data, periodicity or seasonality of data and the boundary conditions 

applicable to the data.  We chose to use the Pearl-Reed logistic trend analysis model as it 

is well-suited for the series where data generally follows an S-shaped curve characteristic 

of Bass models and exhibits a trend but not seasonality (Kang, Han, & Yim, 1996; 

Minitab, 2010).  Trend analysis techniques do not have any knowledge about the data at 

hand, its purpose or behavior, and therefore caution should be exercised when relying on 

long-term forecasts (Black, 2009). We performed Trend analysis using Minitab software 

for each of the case studies. 

We then performed the simulations using the estimated parameters to arrive at the 

forecasts for the next several years and the results obtained from the simulation model 

were compared against the forecast data from the IHS model.  The factors considered 

here to model the adoption pattern are limited to the technological factors and do not 

include all possible factors that affect adoption patterns. Other factors that affect the 

adoption patterns are marketing, pricing, social-economic, demographics factors. 

Therefore, a variance in the forecast data from simulation results and that available from 

the market analysis firms is expected, as our simulation model considers a rather 

restrictive set of external influence variables and contributors to the adoption process 
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whereas IHS model takes marketing conditions, pricing, socio-economic, geographical 

and demographical factors into consideration.  

5.2 Simulation Results – Portable Audio Industry  

 To validate that simultaneous growth in ecosystem variables is necessary for rapid 

adoption of portable audio devices (Hypothesis 1) we considered the case study on 

portable audio systems.  The ecosystem variables of wireless adoption (E1), availability 

of streaming media (E2) and internet-connectedness (E3) were assumed to have an equal 

contribution of 0.333 each toward the functionality of portable audio systems and 

CAGRs of 14%, 10% and 15% respectively.  To validate our model several iterations of 

simulation were performed to study the effects of independent variables wireless 

adoption, availability of streaming media and internet connectedness on demand for the 

products, the dependent variable. We iteratively varied each variable from zero growth 

rate to the maximum projected growth rate as shown in table 3-2 to study the effect of 

growth rates on the overall adoption of portable audio systems.  Since we assumed equal 

weights for all ecosystem variables the net favorable ecosystem support then is 

proportional to the values of the growth rates used.  The greater the values of the growth 

rates the greater was the contribution from the ecosystem support.  While the higher 

growth rates of ecosystem variables would increase the speed of adoption it also speeds 

up the saturation of the market and causes the balancing feedback loop to become 

significant, which subsequently decreases the adoption rate. The simulation results 

indicated that overall demand was highest only when all the ecosystem variables had the 

highest possible growth rates.  On the other hand, when the ecosystem variables were 

assumed to be stagnant with zero growth rates, the contribution from the net ecosystem 
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support was equal to zero and the model became equivalent to the Bass model resulting 

in a much lower demand; deviating significantly from the historical and projected 

forecasts. 

Under the assumptions previously mentioned, we noticed that the simulation results 

indicated higher demand for portable audio systems than the forecast data from the IHS 

model for years 2016 through 2018, as shown in figure 5-1.   

We observed that demand for the audio products closely tracked the historical and 

projected data when highest growth rates were used for three ecosystem variables and 

deviated significantly from historical data when other combinations of growth rates were 

used. In the figure below, we compare the demand data for portable audio devices 

generated in our simulation to that of bass model and historical and projected data from 

IHS model. Under the assumptions previously described, we noticed that the simulation 

results were closely in agreement with the actual historical and projected data (Table 5-1) 

and projects more demand than the projected data from IHS model, as shown in Figure 5-

1.  When the contribution from the ecosystem support was not considered the model 

becomes basic bass model and the resulting demand data varied significantly from the 

IHS model. The simulation results presented in the Figure 5-1 indicate that the adoption 

trend of the simulation results matches that of adoption trend of traditional bass models 

and provides an improved estimate for the demand when ecosystem support is 

considered. Our simulation results indicate that overall demand is higher only when all 

the ecosystem variables offer significant contribution to the value of net favorable 

ecosystem support E indicating the hypothesis 1 is strongly supported. Time series graphs 
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depicting the adoption rate, potential adopters, adopters and adoption from ecosystem 

support for portable audio industry as shown in the Figure 5-2.   

Table 5-1: Model comparison for wireless portable audio demand data 

Year Actual and Projected 

Modified Bass 

Simulation 

Bass 

Adoption 

Support from 

ecosystem 

2012 103684000 103684000 103684000 19067935 

2013 138041000 137117655 118492203 16916479 

2014 166832000 169756278 134092548 14816184 

2015 198558000 200840957 150339813 12815884 

2016 225305000 229750410 167058883 10955561 

2017 246686000 256043632 184051285 9263592 

2018 267631000 279472727 201104056 7755930 

 

 



72 

 

Figure 5-1: Model comparison for wireless portable audio demand data 

 

 

Figure 5-2: Adoption parameters for portable audio 

Trend analysis was performed on the actual and projected data for portable audio 

industry and additional short-term forecasts were obtained as represented in Table 5-1 

and Figure 5-3.  Then we continued with the time series trend plot comparison using the 

entire data set in Table 5-2 as shown in the Figure 5-4.  We then compared the simulation 

results with the extended forecast data obtained from trend analysis for the years 2018-

2023 as shown in figure 5-4.  The comparison of extended forecasts indicated that the 

contribution from ecosystem variables sped up the adoption process resulting in early 

saturation and much greater demand for portable audio systems than that which was 

projected by the IHS model.   

To verify the fit between the proposed model and the IHS model we evaluated the 

chi-square statistic for short-term forecast through 2018 and found that at the significance 

level of 0.05 the chi-square, χ2 was 5.806 with a critical chi-square, χ2 value of 18.307.  

Since the calculated value of the chi-square statistic is less than the critical value we can 
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conclude that simulation results are a good fit with the trend of the forecast data from the 

IHS model.  However, when considering the extended forecasts through 2023 we found 

that forecast data from the proposed model significantly differed from that of IHS model.  

The simulation results predicted a higher demand for portable audio products than the 

IHS model owing to the contribution from customers already invested in the ecosystem.  

This variance in the forecast data between the proposed model and the IHS model is 

expected as our model considers a limited set of technology related factors and assumes 

that the estimated parameters do not change for the period of forecasting.  On the other 

hand, the IHS model may consider market conditions, pricing, socio-economic, 

manufacturing, and geographical factors, which are outside the focus of this study.  Based 

on the simulation results and observations we can suggest that when considering the 

contribution of ecosystem variables alone simultaneous growth in the ecosystem 

variables provides a significant contribution to the adoption of the new technology 

product. Based on the strength of results from both trend analysis and goodness of fit 

evaluation we can posit that the methodology and the model structure are further 

validated.  

Table 5-2: Trend forecast data for portable audio demand 

Year 

Actual and 

Projected 

Simulation 

2012 103684000 103684000 

2013 138041000 137117655 

2014 166832000 169756278 

2015 198558000 200840957 
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2016 225305000 229750410 

2017 246686000 256043632 

2018 267631000 279472727 

2019 279431039 299969104 

2020 289221758 317611403 

2021 296164193 332585110 

2022 300997937 345142281 

2023 304320874 355566928 

 

 

Figure 5-3: Trend forecast data for portable audio demand  
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Figure 5-4: Model comparison with trend forecasts for portable audio data 

5.3 Simulation Results – Automotive Infotainment Industry  

 To validate that there might not be a significant increase in the demand for the 

primary product because of technology adoption in one of the sub-components 

(Hypothesis 2), we used the case study on infotainment systems.  In this case study we 

evaluated the demand for automobiles and the contribution to the demand that can be 

attributed to technology adoption in the infotainment systems.  We assumed that all 

automobiles produced during the period of consideration for this simulation have a built-

in infotainment system.  At level 1, we assumed that infotainment systems have a 

functional contribution of 10% toward the primary function of the automotive and the 

remaining components of the automotive have a combined contribution of 90%.  The 

weighted values are based on the perceived importance or contribution to the primary 

functionality of the product.  At level 2, in the infotainment sub-system ecosystem, the 

three variables of wireless adoption (E1), availability of streaming media (E2) and 
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internet-connectedness (E3) were assumed to have equal weights of 0.333 and 

corresponding CAGRs of 14%, 10% and 15% respectively. 

Based on the model formulation, when technology adoption occurs in the sub-

component of a product the contribution to the demand for the primary product is directly 

proportional to the weighted contribution from the sub-components.  The simulation 

results indicated that the contribution from the infotainment sub-component to the overall 

demand of automobiles increased when the higher growth rates for the ecosystem 

variables were used and higher weight was assigned to the infotainment systems. 

The effect of technology adoption in a sub-component that is further down in the 

component hierarchy is diminished by the weight value assigned at each level.  As shown 

in figure 4-6, the rate of infotainment adoption is computed at level 2 and carried forward 

to level 1 and multiplied with the weight of the infotainment system at level 1 to calculate 

the weighted infotainment adoption rate.  Using the weight value of 10% for the 

infotainment systems significantly decreases the overall contribution of the rate of 

infotainment adoption thus decreasing the contribution to the net favorable ecosystem, 

which is then carried forward to compute adoption support from the ecosystem to the 

primary product. 

 When the contribution from the infotainment sub-component was not considered 

toward the computation of net favorable ecosystem support E we noticed an average drop 

of 2% in the overall demand for the automobiles.  This finding supports our second 

hypothesis that the technology adoption at the sub-component level may not significantly 

increase the demand for the primary product.  Also, when the contribution from the net 

favorable ecosystem support E was not considered, the model becomes equivalent to the 
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Bass model resulting in a much lower demand and deviating significantly from the 

historical and projected forecasts.  Thus, it validates our first hypothesis that the 

ecosystem support plays a significant role in the demand forecasts for the product. 

Table 5-3: Model comparison for infotainment industry 

Year 

Actual and 

Projected 

Modified 

Bass 

Simulation 

Adoption 

support from 

ecosystem 

Bass 

Modified Bass 

Simulation 

without 

Infotainment 

2013 62671000 62671000 7947229 62671000 62671000 

2014 73433000 75679032 7194454 67961100 74643480 

2015 85333000 88118261 6474596 73354682 86193745 

2016 96329000 99878828 5794012 78827331 97219848 

2017 114257000 110878128 5157483 84353069 107639765 

2018 138504000 121061441 4568174 89904830 117392881 

2019 162628000 130400672 4027713 95454981 126440014 
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Figure 5-5: Model comparison for infotainment systems demand data 

We assumed that all automobiles produced in the past decade and those that will be 

produced going forward have a built-in infotainment system. In the figure 5-5 we 

compare the demand data for infotainment systems generated in our simulation to that of 

bass model and historical and projected data from IHS market analysis model.  Under the 

assumptions previously described, we noticed that simulation results were closely in 

agreement with the actual historical and projected data (Table 5-3).  However, we noticed 

that IHS model projects much larger demand for automobiles after 2017, as shown in 

Figure 5-5. This discrepancy can be explained by the fact that our model is strictly 

considering the impact of growth in the ecosystem variables because of technological 

advances while IHS model also includes factors like opening up of the new world 

markets for car manufacturers, increasing mean buying power of consumers in emerging 

markets, lower prices as a result of increasing competition from among manufacturers. 
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When the contribution from the infotainment sub-component was not considered for the 

computation of net favorable ecosystem support we did not notice significant drop in 

overall demand for the automobiles, thus supporting hypothesis 2 that introduction of 

new technologies at a sub-component level might not have a significant impact on the 

overall demand of the primary product. However, when contribution from all ecosystem 

variables was not considered the model becomes the basic bass model resulting in 

demand data significantly different from that of IHS model thus confirming our 

hypothesis that ecosystem support plays a significant role in demand for the primary 

product.   In figure 5-5 we compare the demand forecast data for automobiles from our 

simulation to that of the Bass and IHS models through 2019.  The simulation results 

indicated that forecast for the demand of automobiles was slightly but not significantly 

larger than the forecast data from the IHS model.  

Time series graphs depicting the adoption rate, potential adopters, adopters and 

adoption from ecosystem support for infotainment industry as shown in the Figure 5-6 

indicate that the trend of simulation results match to that of traditional bass models and 

provide improved estimated when ecosystem support is considered.  
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Figure 5-6: Adoption parameters for infotainment system 

We next performed trend analysis on the actual and projected data for infotainment 

industry. Additional short-term forecasts were obtained as represented in the table 5-4 

and Figure 5-7.  We then continued with the time series plots for trend comparison using 

the entire data set in the table 5-4 as shown in the figure 5-8.  Based on the trend analysis 

we can observe the near term forecasts closely follow the simulation results however the 

forecasts longer than 3 years were significantly out of range for the trend observations to 

be valid. This is an issue that normally arises in trend analysis as the trend model used 

does not have any knowledge of the data origins and behavior. However, based on the 

limited short-term comparison and taking into the account the limitations of trend 

analysis of data we can posit that the methodology and the model structure as applied to 

the infotainment industry are further validated.  We noticed that the IHS model forecasts 

much larger demand for automobiles after 2017.  The IHS model attributed the sharp 

increase in the forecast to the opening-up of the new world markets for car 
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manufacturers, increasing mean buying power of consumers in the emerging markets and 

the lower prices as a result of increasing competition among manufacturers. 

In the case of infotainment systems, we found that at the significance level α of 0.05 

the chi-square, χ
2
 was 191.042 with a critical chi-square, χ

2
 value of 16.919.  Since the 

calculated value of the chi-square statistic is much greater than the critical value we can 

conclude that there is a significant difference between the forecast data from the 

simulation results of our model and the IHS model.  This difference is notable in figure 5-

8 for the period between 2017 and 2019 as forecast data from the IHS model predicted a 

much larger adoption of consumer vehicles during that period owing to the opening-up of 

emerging markets in Asia and the increased buying power of consumers. This finding 

suggests that our model may be used in conjunction with other models when 

understanding the contribution of the ecosystem variables is important. 

Table 5-4: Trend forecast data for infotainment systems demand 

Year 

Actual and 

Projected 

Simulation 

2013 62671000 62671000 

2014 73433000 75679032 

2015 85333000 88118261 

2016 96329000 99878828 

2017 114257000 110878128 

2018 138504000 121061441 

2019 162628000 130400672 

2020 214981845 138891635 
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2021 297514339 146550379 

2022 472296295 153409058 

 

 

 

Figure 5-7: Trend forecast data for infotainment systems demand 
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Figure 5-8: Model comparison with trend forecasts for infotainment 

5.4 Summary  

In this chapter we analyzed the simulation results obtained from the simulations of 

MBES and original Bass model for both portable audio and infotainment systems case 

studies. We compared and plotted the results from MBES and original Bass model under 

the assumptions set forth in the beginning of the simulation runs and found that MBES 

model convincingly produced results that closely track the trends represented by the 

actual and projected data from the industry sources. We validated the simulation results 

and the hypotheses based on several techniques used for validation of systems dynamics 

model in addition to validation based on the Pearl-Reed logistic trend model. This is 

critical in validating the methodology and the internal structure of the model. However, it 

should not be assumed to provide a quantitatively accurate forecast as several 

assumptions were made in setting up the simulation models and they can significantly 

differ from the real-world results where the systems are affected by other dynamic 

ecosystem variables like market, political and sociological conditions. Also, the use of 

system dynamics inherently provides a means to qualitatively understand the internal 

structure and provides an extensible model should the user wish to include new variables 

to the dynamics. In the next chapter we present our conclusions based on the proposed 

methodology, simulation results and the validation of the hypotheses. 

In summary, based on the model formulation and simulation results, we emphasize 

the importance of considering and evaluating the impact of ecosystem variables toward 

the adoption of the new technology product early-on in the new product development 

process.  When the ecosystem variables are non-existent, engineering managers and 

policy makers may need to make decisions to invest in promoting the adoption of 
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ecosystem variables ahead of time or simultaneously, to kick-start the adoption of the 

new product.  We saw such efforts in the case of introduction of the iTunes store from 

Apple Inc., to drive the adoption of iPod devices.  Also, an investment in the refueling 

infrastructure to promote the adoption of hydrogen fuel vehicles has been evidenced.  In 

the cases where ecosystem variables have a positive growth, enterprises can leverage the 

growth in these variables to develop new products that benefit from such growth.  When 

the ecosystem variables have a decline in adoption rate or are near saturation, engineering 

managers may make decisions on whether to invest in newer technologies or leverage the 

saturation of the existing ecosystem variables.  We believe that the proposed model 

provides a means to evaluate the effects of the ecosystem variables based on their 

contribution to the product functionality. Our model provides a basis to make such 

decisions, based on both qualitative and quantitative conclusions.  In the next section we 

present our conclusions and practical implications to the engineering managers. 

Chapter 6: Conclusion 

 

6.1 Conclusions  

The objective of this research was to validate the notion that a significant contribution 

to the adoption of the new technology products comes from the customers who are 

already invested in one or more ecosystem variables necessary for the functionality of the 

product.   

The author acknowledges that the current model is in a formative stage and the study 

has some limitations. Intent of this research was to arrive at a single-factor contribution 

factor that represents the adoption contribution from ecosystem variables. 
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In this research we answered the research problem stated earlier which points to the 

absence of a published generic methodology and modeling framework that includes the 

contribution of ecosystem variables to the adoption pattern of new technology products. 

We proposed a methodology to identify and study the impact of ecosystem factors on 

technology adoption into traditional products and developed a modified Bass-Adoption 

Model that considers the contributions of ecosystem factors towards the adoption of new 

technology products.  To validate that the proposed methodology and the internal 

structure of the model we made the following hypotheses that the adoption of new 

technological advances to enhance traditional product or class of products 1) Could result 

in a significant increase in the demand for the product or class of products when the 

dependent ecosystem variables provide significant support to reinforce the rationale in 

the adoption of the said technologies. 2) Might not result in a significant increase in the 

demand for the primary product or class of product when new technology adoption 

occurs in a sub-component of a primary product. We then developed simulation models 

based on the methodology. We used the case study on portable audio industry to validate 

our hypothesis 1, and used the case study on automotive infotainment industry to validate 

hypothesis 2. Based on the simulation results and validation techniques for system 

dynamics models we validated both the model formulation and the research hypotheses 

presented above.  The simulation results support our hypothesis that new technology 

products that depend on dynamic ecosystem variables benefit from adoption from 

customers who are already invested in one or more ecosystem variables.  

Using case studies on portable audio systems and automotive infotainment systems 

we validated the proposed methodology and the model to indicate that consumer 
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investments in an ecosystem can have significant impact on their decision to adopt 

products that maximize the benefit on their investment in the ecosystem. Methodology 

and model developed here can be extended to more complex models to include 

interactions among the ecosystem variables.   

This study has several implications for the theory and practice of engineering 

management.  First, as the new decision variables constantly evolve, it is important to 

recognize and understand the influence of these variables and then develop models to 

capture their contributions to accurately forecast the demand for the new products. 

Based on the literature survey of both empirical and systems-dynamics based 

forecasting models, we concluded that the previous models did not clearly consider the 

influence of the customers‘ prior investment in one or more ecosystem variables as 

significantly contributing toward the adoption of the new products.  We proposed a 

methodology to identify and study the effect of ecosystem variables and developed an 

adoption model that helps to capture the contributions of ecosystem variables towards the 

adoption of new technology products into a single-factor contribution rate. 

Second, the proposed model is presented in an empirical form making it suitable for 

inclusion in other empirical models as part of the external influence component to the 

adoption.  The empirical form was then used to formulate the system dynamics models 

for simulation purposes.  We used the examples of the portable audio and infotainment 

systems to demonstrate the suitability of the proposed methodology and model in 

evaluating the contribution of dynamic ecosystem variables toward the adoption of the 

new products. 
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Third, the methodology provides step-by-step instructions that allow policy makers 

and researchers to quickly and efficiently develop adoption models for new technology 

products.  

Fourth, the methodology and the model allow for modeling the effects of ecosystem 

variables on both the primary products and accessories or sub-components of the 

products.  This encourages engineering managers and policy makers to think in terms of 

the primary and sub-component roles of the product and allows them to visualize a 

hierarchical tree of components for a complex technology product, thus gaining insights 

into how ecosystem variables affect each of the components. 

The large spike observed in figure 5-8 for the period between 2019 and 2023 occurred 

as a result of steep increase in the demand forecasted by the IHS model between 2017 

and 2019, representative of rapid opening-up of emerging markets in Asia and increase in 

the buying power of consumers. Our model did not consider this contribution in 

estimating the demand data resulting in a significant difference between the simulation 

results and the projected values from the IHS model. This finding suggests that our model 

may need to be used in conjunction with other models when understanding the 

contribution of the ecosystem variables is important. 

6.2 Takeaways and Impact on New Product Development strategies  

The methodology and the model formulation provide several policy insights to 

engineering managers and decision makers in their role in new product development by 

allowing them to:  

a) estimate the spread in the demand for the new product by using a range of values 

for Af, the adoption fraction of customers who are already invested in the ecosystem; 
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b) estimate the effect on the demand for the new product based on adoption of 

technologies in the sub-components; 

c) make decisions on product life-cycles based on the availability and growth rates of 

the ecosystem variables; 

d) decide which of the competing technologies has a higher adopted user base and 

growth rate and choose the one that is more suited for inclusion in the new product based 

on the estimates for the demand.  For example, choose between Wi-Fi and Bluetooth 

connectivity when either of them will satisfy the functional requirements of the new 

product. 

e) handle new product development life-cycles under declining growth rates of 

ecosystem variables.  For example, when the growth rate of ecosystem variable is 

reaching a saturation level or the technology is becoming obsolete. 

Depending on the applicability to the new technology product, the proposed model 

can be used to evaluate the influence of ecosystem variables and come up with better 

forecasts for the demand of the product.  We are hopeful that the methodology and model 

developed here can be adapted to other new technology products that depend on one or 

more dynamic ecosystem variables. 

Last but not the least, we believe that the methodology and model developed here can 

be a valuable tool that can be used within our company and business units to provide a 

highly granular and cost effective means to augment external analysis and guidance in 

forecasting demand for new technology products. 
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6.3 Future Research  

The model currently assumes that there are no interactions between the ecosystem 

variables and that they are mutually exclusive in their contributions towards the overall 

ecosystem. However, in the real world the ecosystem variables might have a co-

dependency and therefore might necessitate a more complex model that considers the 

interactions between the variables before arriving at a single-factor contribution rate.   

Currently the model assumes equal weights to all ecosystem variables necessary for 

the functionality of the product. In the future simulations can be performed with varying 

weights appropriately based on more detailed information regarding the assessed 

contribution of the ecosystem variables to the primary functionality. The model also 

assumes the values for several auxiliary variables as part of setting up the simulation 

models. While the values used were based on good judgment based on the literature 

review more appropriate values may be arrived at by the users with extensive knowledge 

and data regarding product and market conditions. Nevertheless, the proposed model will 

be useful to Systems Engineers, Engineering managers and product designers to perform 

initial in-house forecasting assessments that include contributions from ecosystem 

variables in addition to other traditional parameters.  Future research could enhance the 

models further to includes interactions between the ecosystem variables and extend 

ecosystem support variables outside of technology areas to subscription and customer 

retention methods, market conditions, purchase patterns, customer preferences.  
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Appendix A – Mathematical Equations for MBES Model for Portable Audio 

Industry 

Adopters_A(t) = Adopters_A(t - dt) + (Adoption_Rate_AR) * dt 

INIT Adopters_A = 103684000 

INFLOWS: Adoption_Rate_AR = 

Adoption_from_Advertising+Adoption_from__Word_of_Mouth+Adoption_Support_fro

m_ecosystem 

Potential_Adopters_P(t) = Potential_Adopters_P(t - dt) + (-Adoption_Rate_AR) * dt 

INIT Potential_Adopters_P = Total_Population_N-Adopters_A 

OUTFLOWS: Adoption_Rate_AR = 

Adoption_from_Advertising+Adoption_from__Word_of_Mouth+Adoption_Support_fro

m_ecosystem 

Adoption_Fraction_i = .05 

Adoption_Fraction_of_already_invested_in_Ecosystem = .50 

Adoption_from_Advertising = Potential_Adopters_P*Advertising_Effectiveness_a 

Adoption_from__Word_of_Mouth = 

Contact_Rate_c*Adoption_Fraction_i*Potential_Adopters_P*Adopters_A/Total_Populat

ion_N 

Adoption_Support_from_ecosystem = 

Net_Favorable_Ecosystem_Support*Potential_Adopters_P 

Advertising_Effectiveness_a = .01 

Availability_of_Streaming_Media = 0.15 

Contact_Rate_c = 3 

Data_Connectivity_Rate = 0.10 
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Net_Favorable_Ecosystem_Support = 

(Weighted_Wireless_Adoption_Rate+Weighted_Availability_of_Streaming_Media+Wei

ghted_Data_Connectivity_Rate)*Adoption_Fraction_of_already_invested_in_Ecosystem 

Total_Population_N = 400000000 

Weighted_Availability_of_Streaming_Media = 

weight_of_streaming_data*Availability_of_Streaming_Media 

Weighted_Data_Connectivity_Rate = 

weight_of_data_conectivity*Data_Connectivity_Rate 

Weighted_Wireless_Adoption_Rate = 

weight_of_wireless_adoption_rate*Wireless_Adoption_Rate 

weight_of_data_conectivity = 0.33 

weight_of_streaming_data = 0.33 

weight_of_wireless_adoption_rate = 0.33 

Wireless_Adoption_Rate = 0.14 
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Appendix B – Mathematical Equations for Original Bass Model for Portable 

Audio Industry 

Adopters_A(t) = Adopters_A(t - dt) + (Adoption_Rate_AR) * dt 

INIT Adopters_A = 103684000 

INFLOWS: Adoption_Rate_AR = 

Adoption_from_Advertising+Adoption_from_Word_of_Mouth 

Potential_Adopters_P(t) = Potential_Adopters_P(t - dt) + (-Adoption_Rate_AR) * dt 

INIT Potential_Adopters_P = Total_Population_N-Adopters_A 

OUTFLOWS: Adoption_Rate_AR = 

Adoption_from_Advertising+Adoption_from_Word_of_Mouth 

Adoption_Fraction_i = .05 

Adoption_Fraction_of_already_invested_in_Ecosystem = .50 

Adoption_from_Advertising = Potential_Adopters_P*Advertising_Effectiveness_a 

Adoption_from_Word_of_Mouth = 

Contact_Rate_c*Adoption_Fraction_i*Potential_Adopters_P*Adopters_A/Total_Populat

ion_N 

Advertising_Effectiveness_a = .01 

Contact_Rate_c = 3 

Total_Population_N = 400000000  
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Appendix C – Mathematical Equations for MBES Model for Infotainment 

Industry 

Adopters_A(t) = Adopters_A(t - dt) + (Adoption_Rate_AR) * dt 

INIT Adopters_A = 62671000 

INFLOWS: Adoption_Rate_AR = 

Adoption_from_Advertising+Adoption_from_Word_of_Mouth+Adoption_Support_from

_ecosystem 

Potential_Adopters_P(t) = Potential_Adopters_P(t - dt) + (-Adoption_Rate_AR) * dt 

INIT Potential_Adopters_P = Total_Population_N-Adopters_A 

OUTFLOWS: 

Adoption_Rate_AR = 

Adoption_from_Advertising+Adoption_from_Word_of_Mouth+Adoption_Support_from

_ecosystem 

Adoption_Fraction_i = .03 

Adoption_Fraction_of_already_invested_in_Automotive_Ecosystem = 1 

Adoption_Fraction_of_already_invested_in_Infotainment_Ecosystem = 1 

Adoption_from_Advertising = Potential_Adopters_P*Advertising_Effectiveness_a 

Adoption_from_Word_of_Mouth = 

Contact_Rate_c*Adoption_Fraction_i*Potential_Adopters_P*Adopters_A/Total_Populat

ion_N 

Adoption_Support_from_ecosystem = 

Net_Favorable_Ecosystem_Support*Potential_Adopters_P 

Advertising_Effectiveness_a = .01 

Availability_of_Streaming_Media = 0.15 
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Average_Growth_Rate_of_Other_Components = 0.05 

Contact_Rate_c = 3 

Data_Connectivity_Rate = 0.10 

Net_Favorable_Ecosystem_Support = 

(Weighted_Other_Component__Growth_Rate+Weighted_Infotainment_Adoption_Rate)

*Adoption_Fraction_of_already_invested_in_Automotive_Ecosystem 

Net_Favorable_Infotainment_Ecosystem_Support = 

(Weighted_Wireless_Adoption_Rate+Weighted_Availability_of_Streaming_Media+Wei

ghted_Data_Connectivity_Rate)*Adoption_Fraction_of_already_invested_in_Infotainme

nt_Ecosystem 

Rate_of_Infotainment_Adoption = Net_Favorable_Infotainment_Ecosystem_Support 

Total_Population_N = 200000000 

Weighted_Availability_of_Streaming_Media = 

weight_of_streaming_data*Availability_of_Streaming_Media 

Weighted_Data_Connectivity_Rate = 

weight_of_data_conectivity*Data_Connectivity_Rate 

Weighted_Infotainment_Adoption_Rate = 

Weight_of_Infotainment*Rate_of_Infotainment_Adoption 

Weighted_Other_Component__Growth_Rate = 

Weight_of_Other_Components*Average_Growth_Rate_of_Other_Components 

Weighted_Wireless_Adoption_Rate = 

weight_of_wireless_adoption_rate*Wireless_Adoption_Rate 

weight_of_data_conectivity = 0.33 
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Weight_of_Infotainment = 0.10 

Weight_of_Other_Components = 0.9 

weight_of_streaming_data = 0.33 

weight_of_wireless_adoption_rate = 0.33 

Wireless_Adoption_Rate = 0.14 
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Appendix D – Mathematical Equations for Original Bass Model for Infotainment 

Industry 

 

Adopters_A(t) = Adopters_A(t - dt) + (Adoption_Rate_AR) * dt 

INIT Adopters_A = 62671000 

INFLOWS: Adoption_Rate_AR = 

Adoption_from_Advertising+Adoption_from_Word_of_Mouth 

Potential_Adopters_P(t) = Potential_Adopters_P(t - dt) + (-Adoption_Rate_AR) * dt 

INIT Potential_Adopters_P = Total_Population_N-Adopters_A 

OUTFLOWS: 

Adoption_Rate_AR = Adoption_from_Advertising+Adoption_from_Word_of_Mouth 

Adoption_Fraction_i = .03 

Adoption_from_Advertising = Potential_Adopters_P*Advertising_Effectiveness_a 

Adoption_from__Word_of_Mouth = 

Contact_Rate_c*Adoption_Fraction_i*Potential_Adopters_P*Adopters_A/Total_Populat

ion_N 

Advertising_Effectiveness_a = .01 

Contact_Rate_c = 3 

Total_Population_N = 200000000 
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Appendix E – Mathematical Equations for MBES Model for Infotainment 

Industry without contribution from Infotainment ecosystem  

 

Adopters_A(t) = Adopters_A(t - dt) + (Adoption_Rate_AR) * dt 

INIT Adopters_A = 62671000 

INFLOWS: Adoption_Rate_AR = 

Adoption_from_Advertising+Adoption_from__Word_of_Mouth+Adoption_Support_fro

m_ecosystem 

Potential_Adopters_P(t) = Potential_Adopters_P(t - dt) + (-Adoption_Rate_AR) * dt 

INIT Potential_Adopters_P = Total_Population_N-Adopters_A 

OUTFLOWS: 

Adoption_Rate_AR = 

Adoption_from_Advertising+Adoption_from__Word_of_Mouth+Adoption_Support_fro

m_ecosystem 

Adoption_Fraction_i = .03 

Adoption_Fraction_of_already_invested_in_Automotive_Ecosystem = 1 

Adoption_from_Advertising = Potential_Adopters_P*Advertising_Effectiveness_a 

Adoption_from_Word_of_Mouth = 

Contact_Rate_c*Adoption_Fraction_i*Potential_Adopters_P*Adopters_A/Total_Populat

ion_N 

Adoption_Support_from_ecosystem = 

Net_Favorable_Ecosystem_Support*Potential_Adopters_P 

Advertising_Effectiveness_a = .01 

Average_Growth_Rate_of_Other_Components = 0.05 
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Contact_Rate_c = 3 

Net_Favorable_Ecosystem_Support = 

(Weighted_Other_Component__Growth_Rate)*Adoption_Fraction_of_already_invested

_in_Automotive_Ecosystem 

Total_Population_N = 200000000 

Weighted_Other_Component_Growth_Rate = 

Weight_of_Other_Components*Average_Growth_Rate_of_Other_Components 

Weight_of_Other_Components = 1.0 
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Appendix F – Mathematical Equations for Generic Multi-Level MBES Model 

 

In the generic version of simulation code provided below for multi-level MBES 

model the values of the variables have no meaning and are provided only as 

placeholders. Numerical values for simulations for specific cases studies are valid for 

their respective simulation runs. 

Adopters_A(t) = Adopters_A(t - dt) + (Adoption_Rate_AR) * dt 

INIT Adopters_A = 103000000 

INFLOWS: 

Adoption_Rate_AR = 

Adoption_from_Advertising+Adoption_from__Word_of_Mouth+Adoption_Support

__from_ecosystem 

Potential_Adopters_P(t) = Potential_Adopters_P(t - dt) + (-Adoption_Rate_AR) * dt 

INIT Potential_Adopters_P = Total_Population_N-Adopters_A 

OUTFLOWS: 

Adoption_Rate_AR = 

Adoption_from_Advertising+Adoption_from__Word_of_Mouth+Adoption_Support

__from_ecosystem 

Adoption_Fraction_i = .05 

Adoption_Fraction_of_already_invested_in_Ecosystem_LEVEL_1 = .50 

Adoption_Fraction_of_already_invested_in_Ecosystem_LEVEL_2 = .50 

Adoption_from_Advertising = Potential_Adopters_P*Advertising_Effectiveness_a 
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Adoption_from__Word_of_Mouth = 

Contact_Rate_c*Adoption_Fraction_i*Potential_Adopters_P*Adopters_A/Total_Po

pulation_N 

Adoption_Support__from_ecosystem = 

Net_Favorable_Ecosystem_Support_LEVEL_1*Potential_Adopters_P 

Advertising_Effectiveness_a = .01 

Contact_Rate_c = 3 

Net_Favorable_Ecosystem_Support_LEVEL_1 = 

(Weighted_contribution_ecosystem_variable_LEVEL_1_1+Weighted_contribution_

ecosystem_variable_LEVEL_1_2+Weighted_contribution_ecosystem_variable_LEV

EL_1_3+Weighted_contribution_ecosystem_variable_LEVEL_1_N)*Adoption_Frac

tion_of_already_invested_in_Ecosystem_LEVEL_1 

Net_Favorable_Ecosystem_Support_LEVEL_2 = 

(Weighted_contribution_ecosystem_variable_LEVEL_2_1+Weighted_contribution_

ecosystem_variable_LEVEL_2_2+Weighted_contribution_ecosystem_variable_LEV

EL_2_3+Weighted_contribution_ecosystem_variable_LEVEL_2_N)*Adoption_Frac

tion_of_already_invested_in_Ecosystem_LEVEL_2 

Rate_of_change_Ecosystem_Variable_LEVEL_1_1 = 0.142 

Rate_of_change_Ecosystem_Variable_LEVEL_1_2 = 

Net_Favorable_Ecosystem_Support_LEVEL_2 

Rate_of_change_Ecosystem_Variable_LEVEL_1_3 = 0.142 

Rate_of_change_Ecosystem_Variable_LEVEL_1_N = 0.142 

Rate_of_change_Ecosystem_Variable_LEVEL_2_1 = 0.142 
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Rate_of_change_Ecosystem_Variable_LEVEL_2_2 = 0.142 

Rate_of_change_Ecosystem_Variable_LEVEL_2_3 = 0.142 

Rate_of_change_Ecosystem_Variable_LEVEL_2_N = 0.142 

Total_Population_N = 400000000 

Weighted_contribution_ecosystem_variable_LEVEL_1_1 = 

Weight_LEVEL_1_1*Rate_of_change_Ecosystem_Variable_LEVEL_1_1 

Weighted_contribution_ecosystem_variable_LEVEL_1_2 = 

Weight_LEVEL_1_2*Rate_of_change_Ecosystem_Variable_LEVEL_1_2 

Weighted_contribution_ecosystem_variable_LEVEL_1_3 = 

Weight_LEVEL_1_3*Rate_of_change_Ecosystem_Variable_LEVEL_1_3 

Weighted_contribution_ecosystem_variable_LEVEL_1_N = 

Weight_LEVEL_1_N*Rate_of_change_Ecosystem_Variable_LEVEL_1_N 

Weighted_contribution_ecosystem_variable_LEVEL_2_1 = 

Weight_LEVEL_2_1*Rate_of_change_Ecosystem_Variable_LEVEL_2_1 

Weighted_contribution_ecosystem_variable_LEVEL_2_2 = 

Weight_LEVEL_2_2*Rate_of_change_Ecosystem_Variable_LEVEL_2_2 

Weighted_contribution_ecosystem_variable_LEVEL_2_3 = 

Weight_LEVEL_2_3*Rate_of_change_Ecosystem_Variable_LEVEL_2_3 

Weighted_contribution_ecosystem_variable_LEVEL_2_N = 

Weight_LEVEL_2_N*Rate_of_change_Ecosystem_Variable_LEVEL_2_N 

Weight_LEVEL_1_1 = 0.33 

Weight_LEVEL_1_2 = 0.33 

Weight_LEVEL_1_3 = 0.33 
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Weight_LEVEL_1_N = 0.33 

Weight_LEVEL_2_1 = 0.33 

Weight_LEVEL_2_2 = 0.33 

Weight_LEVEL_2_3 = 0.33 

Weight_LEVEL_2_N = 0.33  
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Appendix G– Trademark and Copyright Disclaimers 

 

Apple®, iPad™, iPhone™, and the iPod™ are trademarks of Apple Inc., registered in 

the U.S. and other countries. BLUETOOTH® word mark and logos are owned by the 

Bluetooth SIG. Wi-Fi® is registered mark of the Wi-Fi Alliance. Third-party product and 

brand names may be trademarks or registered trademarks of their respective owners. 

 

 

 


