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ABSTRACT 

The question of the paper is: “How does governmental funded projects influence the demand forecast for 
semiconductor manufacturing”. For Semiconductor Manufacturing an accurate demand is of paramount 
advantage due to the challenges arising from a mix of high capital cost and short product life cycles. We 
consider the Bass Model for new technology and product introduction as the most sophisticated model for 
supporting demand forecast for new products and technologies. In this paper it is described how the boost 
from governmental funded projects can be parameterized in the Bass Model from a theoretical and practical 
point of view. From a practical point of view the model is applied for the German funded projects 
GeniusTex and Productive4.0 on the example of a selected pressure sensor. A perspective is given on how 
this model can be validated in future research once actual data are available.      

1 INTRODUCTION 

A project initiated by the German government, called “Industry 4.0” is aimed to strengthen cooperation 
between companies all along the value chain in order to link production and processes among industrial 
players (BMWI 2019). This is how a common language is established that allows for the collaborative push 
towards a digitalized and connected industry. Semiconductor manufacturers take an important part in the 
transformation towards the Industry 4.0 since they connect the industry through the use of sensors (Deloitte 
2018). With this initiative, the opportunity of collaborating on B2B platforms arises (BMWI 2019). 
Nevertheless, many companies nowadays are aware of the digital transformation but still shy away from 
the idea of implementing it into their business model (Deloitte 2018). This is why until now, B2C platforms 
are at the forefront and even constitute a potential threat towards companies of the B2B sector. Amazon, 
for instance, has recently started to enter the B2B market and is able to benefit from its strong expertise in 
platform sales (Intershop Communications AG 2015; Lässig et al. 2015). Hence, if B2B actors do not 
countervail these developments, they could lose important share of the market (Lässig et al. 2015). Due to 
the named reasons, it can be concluded that there will be potential growth opportunities for semiconductor 
markets within the upcoming years. Nevertheless, this potential can only be exploited if semiconductor 
manufacturers are able to promote and offer their products through digital platforms, so that information 
and products can easily be accessed and reached. This is especially true for semiconductor products since 
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they differ in product characteristics, such as accuracy and energy consumption, which leads to a certain 
complexity in the buying process (Infineon Technologies AG 2019; Productive4.0 Consortium 2018b). As 
a response to the depicted aspects, several projects initiated and co-funded by the European Commission 
H2020 and the ECSEL Joint Undertaking have recently started to evolve (Fraunhofer Institute for Applied 
Information Technology FIT 2019; Infineon Technologies Austria 2019; Productive 4.0 Consortium 2019). 
Infineon Technologies AG is part of several of these projects. It is believed that the participation opens up 
opportunities for the company to promote their products through B2B platforms. Amongst others, the smart 
textile industry will be a new targeted market segment. One product category that could especially benefit 
from these developments is the digital pressure sensor family offered by Infineon. The question arises, how 
demand growth can be quantified for innovative semiconductor products, such as digital pressure sensors,  
and how EU funded projects impact this demand evolution within future. 

The remainder of this paper is structured as follows. Section 2 will provide an elaborated overview for 
the Bass Diffusion Model and one modified model which allows for the consideration of successive product 
generations. Section 3 will give insight to the digital pressure sensor portfolio at Infineon, where the Norton 
& Bass model will be applied to. It will also describe selected EU funded projects at Infineon, which could 
have an impact on the demand evolution for the digital pressure sensors. The paper closes with a final 
conclusion. 

2 LITERATURE REVIEW 

Since this paper is dealing with a situation where the demand of an innovative product is aimed to be 
forecasted, it is inevitable to provide an elaborated overview of related literature in this field. Therefore, an 
overview of the Bass Diffusion Model will be presented in order to depict why it is suitable for the scope 
of this paper. 

2.1 Bass Diffusion Model 

Until the beginning of the 20th century, diffusion models have been frequently applied in different fields 
such as epidemiology, sociology or biology (Jaakkola 1996). There are different approaches to forecast 
demand of innovative technology products, such as the leading indicator method (Uzsoy et al. 2018). In 
1969, Frank Bass introduced the Bass Diffusion Model by using three parameters to describe demand 
effects (Kurawarwala and Matsuo 1998). Bass integrates internal as well as external influences as demand 
driving factors (Mahajan et al. 1990). The model is based on the principles of innovation diffusion and 
product life cycle patterns. According to Rogers, adopters of innovations can be categorized into five 
groups: innovators, early adopters, early majority, late majority and laggards (Bass 1969). The subsumption 
of one adopter into a group is based on the timing of the adoption. Based on this, Bass conducts a 
classification of adopters into two groups: innovators and imitators. Innovators (which would be group one 
according to Roger’s classification) are externally motivated by mass media communication to purchase 
any innovative product or service (Bass 1969; Massiani and Gohs 2015). For instance, this could be the 
promotion of a product through the medium TV, radio or newspaper (Sahin 2006). On the other hand, there 
are imitators (that equal adopter classes two to five according to Roger’s classification), that only adopt the 
innovation due to communication to persons that have already adopted the product or service (Bass 1969; 
Horsky and Simon 1983). Hence, reasons for an imitator to purchase the product could result from social 
pressure or positive feedback about the product from prior adopters. Over time, due to increasing WoM 
effects, the number of imitators is getting bigger, while the number of innovators is decreasing (Ismail and 
Abu 2013). In order to express the demand evolution in a mathematical manner, Bass uses three parameters: 
p, q and m (Bass 1969). Parameter p reflects the coefficient of innovation, whilst q declares the coefficient 
of imitation. The third parameter – m – represents the market potential and equals the maximum number of 
potential adopters that will be reached over time (Decker and Gnibba-Yukawa 2010). The cumulative 
adoptions, which will follow the shape of an S-Curve, can be described as follows (Bass 1969): 
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Figure 1: Bass diffusion model as a forecasting tool (own illustration). 

 The model assumes that one adoption equals to one sales unit (Bass 1969). Thus, when it is used for 
forecasting reasons, sales figures can be derived from the number of adoptions at time t. In literature, 
different estimation methods for three parameters are applied and discussed (Hong et al. 2016; Massiani 
and Gohs 2015; Srinivasan and Mason 1986). One of the simplest methods is making use of the Ordinary 
Least Squares (OLS) estimation (Hong et al. 2016). Bass applies the OLS estimation by constructing a 
discrete equation that represents sales at time t, which can be seen in Equation (2) (Bass 1969).  

       𝑦(𝑡) = 𝑝𝑚 + (𝑞 − 𝑝)𝑌(𝑡 − 1) −
𝑞

𝑚
𝑌²(𝑡 − 1)                                    (2) 

 
 Hence, in order to allow using discrete, historical sales data as input for the subsequent OLS parameter 
estimation, Equation (2) is reformulated as shown below: 

 
                                             𝑦(𝑡) = a1 + a2𝑌(𝑡 − 1) + a3𝑌²(𝑡 − 1)                                                  (3) 

 
 In Equation (3), 𝑎1 = 𝑝𝑚, 𝑎2 = 𝑞 − 𝑝 and 𝑎3 = −𝑞/𝑚 denote the parameters to be estimated. This 
can easily be done with the help of linear regression (Ganjeizadeh et al. 2017). Nevertheless, this method 
entails some drawbacks (Hong et al. 2016; Mahajan and Sharma 1986; Schmittlein and Mahajan 1982).  
For instance, the problem of multi-collinearity occurs for 𝑌(𝑡 − 1) and 𝑌²(𝑡 − 1),  standard errors are not 
appropriately considered and the continuous model is derived from a discrete function, which will lead to 
time biased results. This is how the Nonlinear Least Squares (NLS) procedure has become the most 
preferred one to use (Mahajan et al. 1990). Here, parameters can directly be calculated from Equation (1) 
(Srinivasan and Mason 1986). In addition, it includes an error term that captures both, sampling as well as 
other errors (Srinivasan and Mason 1986). 

2.2 Model Extensions and Modifications 

One important model extension of the classical Bass Diffusion Model is the Norton & Bass model. The 
basic assumption of the model is that new technological generations, such as in the semiconductor industry, 
will be introduced before the former one has been fully diffused within the social system (Norton and Bass 
1987). Consequentially, part of the sales that would have gone to the previous generation will be “stolen” 
by the newer one. Moreover, they assume that with the introduction of a new generation, additional market 
potential will unfold. That is, due to technological advancement, products might enter new markets or will 
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be applied in devices that have not been aimed at in the beginning. Nevertheless, some customers might 
still decide to adopt the older technology. For three generations, for instance, shipments 𝑆𝑖(𝑡) at time t can 
be reflected within the following equations:  

 
𝑆1(𝑡) = 𝐹(𝑡)𝑚1[1 − 𝐹(𝑡 − 𝜏2)] 

𝑆2(𝑡) = 𝐹(𝑡 − 𝜏2)[𝑚2 + 𝐹(𝑡)𝑚1[1 − 𝐹(𝑡 − 𝜏3)] 

𝑆3(𝑡) = 𝐹(𝑡 − 𝜏3)[𝑚3 + 𝐹(𝑡 − 𝜏2)[𝑚2 + 𝐹(𝑡)𝑚1]] 

 
where 𝐹(𝑡) corresponds to the cumulative density function and 𝑚𝑖  denotes the market potential solely 
related to the respective generation, being caused by the additional use cases and markets. Furthermore,𝜏2, 
for instance, represents the introduction point of time for the second generation and parameters p and q are 
kept constant throughout the whole life cycle. To better understand the equations, the adoption process can 
be described as follows (Bass 2014). Sales for the first generation 𝑆1(𝑡) at time t is determined by 𝑚1, but 
only until the introduction of generation two. Then, generation two is taking over sales from generation 
one. Sales for generation can be expressed by 𝑚1 plus the incremental potential 𝑚2 that comes with the 
second generation. However, with the introduction of the third generation, adopters could also purchase 
this generation instead.   

 
Figure 2: Typical diffusion pattern for different generations (Norton and Bass 1992). 

 Certainly, there are more extensions of the classical Bass Diffusion Model. Study in (Chien et al. 2010) 
proposes a multi generation diffusion model for semiconductor product demand forecast combining 
seasonal factor, price, market growth rate, technology substitution, repeat purchases, in which non-linear 
least square method is used for parameter estimation. Besides the consideration of successive generations, 
the impact of marketing activities has gained significant attention within literature. For instance, the impact 
of marketing and advertising expenditures on the coefficients of innovation and imitation and the market 
potential has been extensively investigated (Bass et al. 1994; Boehner and Gold 2012; Horsky and Simon 
1983). However, these models include marketing activities in terms of quantitative terms, such as 
expenditures. This work differentiates itself by conducting an in-depth analysis of the impact of EU funded 
projects on demand which cannot be found in any other research work.  
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3 CASE STUDY: DEMAND FORECASTING FOR DIGITAL PRESSURE SENSORS AND 

EU FUNDED PROJECTS AT INFINEON TECHNOLOGIES AG 

3.1 Digital Pressure Sensors and EU Funded Projects 

The products under investigation in this work constitute the digital pressure sensor (DPS) portfolio that is 
offered in the PMM department at Infineon. Sensors in this portfolio are able to measure temperature and 
barometric pressure on a highly accurate scale (Infineon Technologies AG 2019). Currently, Infineon lists 
three products in its DPS portfolio: DPS310, DPS368 and DPS422. With its launch in October 2015, the 
DPS310 is the product with the longest life time within the DPS portfolio (Würth 2018). The DPS422 has 
just been introduced to the market, while the DPS368 will only be launched within the first half of 2019. 
Due to the small package, high accuracy and very low energy consumption, the pressure sensors can be 
deployed in several application areas (Infineon Technologies AG 2019). The main target application fields 
are indoor navigation, health and sports, outdoor navigation, weather stations and drones. Hence, pressure 
sensors can mainly be found in smart and wearable devices. This could be, for instance, a smart watch that 
tracks the motion and sports activity of a person (Infineon Technologies AG 2016). In addition, DPS368 
stands out with an environmentally protected package that is robust to water, dust and humidity (Infineon 
Technologies AG 2019). Furthermore, the DPS422 package height is even smaller than the one of the 
DPS310. On the other hand, it offers excellent temperature stability that enables features such as heat 
control and micro weather forecasts. The product has been chosen because it offers innovative product 
characteristics, can be used for IoT solutions and can easily be promoted through EU funded projects. It 
will be assumed that Norton & Bass model can be applied for this case study. For instance, the three 
products that the DPS portfolio offers will be considered as different product generations. This is because 
it is believed that customers could decide to switch from buying the DPS310 to buying the DPS368, for 
instance. Therefore, DPS310 is going to be considered as generation 1, while the DPS368 and DPS422 are 
summarized into one further generation, thus generation 2. This is because they are launched approximately 
at the same time. Additionally, the application of diffusion models has been chosen in this work because 
they are able to represent “contagion” effects that will lead to rapid increasing sales within a market and 
allows for a closer look at demand paths. 
 The selected funded projects being considered in this paper are Productive4.0 and GeniusTex. The 
mission of the Productive4.0 project is the push of the digitalization and IoT within the European industry 
(Productive4.0 Consortium 2019). With more than 100 partners participating in the project, expert 
knowledge from academia and businesses all along the supply chain is brought together. Therefore, 
manufacturers, Original Equipment Manufacturers (OEMs), suppliers, and several SMEs are collaborating 
on the three topics digital production, product life cycle management and supply chain networks. Adding 
to that, several research institutions contribute with their respective domain knowledge. The scope of the 
project comprises the development of the “Solution Finder” which helps customers to find the right 
components for their end products. Several review meetings open up opportunities to get in contact with 
potential new customers. 
 The GeniusTex project brings together players from different industries such as textile, semiconductor 
and health care companies (Fraunhofer Institute of Applied Information Technology FIT 2019). 
Representatives from relevant research institutions are part of the project, as well. The outcome of the 
project will be a network that links several stakeholders in the smart textile industry such as developers, 
manufacturers but also end users in one open innovation platform. With the availability of a B2B platform, 
disruptive innovative ideas can be expressed, discussed and collaboratively developed. With the initiation 
of GeniusTex, innovation in the smart textile industry will be pushed and a “common language” allows for 
an effective collaboration between relevant stakeholders.   
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3.2 Bass Diffusion Model Application at Infineon Technologies AG 

In order to model the demand evolution for the two generations, a nonlinear least squares parameter 
estimation is conducted with the help of the statistical software RStudio. In order to do so, the following 
equations are used: 

𝑀𝑖𝑛 ∑ ∑[𝑠𝑖(𝑡) − 𝑠�̂�(𝑡)]²

𝑙

𝑡=1

𝑛

𝐼=1

 

𝑆1(𝑡) = 𝑚1𝐹1(𝑡) ∗ (1 − 𝐹2(𝑡 − 𝜏2)) 

𝑆2(𝑡) = 𝐹2(𝑡) ∗ (𝑚2 +  𝐹1(𝑡) ∗ 𝑚1) 

𝑓𝑖(𝑡) =  𝐹𝑖(𝑡) −  𝐹𝑖(𝑡 − 1) 

𝐹(𝑡) =  
(1 − ⅇ−(𝑝+𝑞)𝑡)

(1 +
𝑞

𝑝
ⅇ−(𝑝+𝑞)𝑡)

 

  
  Parameter estimation deliver the following outcome: 

Table 1:Parameter Estimation for Norton & Bass model. 

 Estimate Std. Error t value Pr(>|𝑡|) 

p 0.0076 0.0014 5.447 0.0055 ** 
q 0.5661   0.0470 12.035   0.0003 *** 

R²           99.14% 

MAPE                                                                 4.98% 
         Signif. codes:  0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1 

 
The high estimation accuracy (R² = 99.14 %) and forecasting accuracy (MAPE = 4.98%) indicate that 

the Norton & Bass model is suitable to represent the demand evolution for the digital pressure sensors. 

3.3 Impact of Funded Projects on Coefficient of Innovation and Imitation 

Funded projects, such as GeniusTex or Productive 4.0 could impact the demand evolution for innovative 
semiconductor products. Since Infineon has just started to participate in the funded projects, historical data 
that could help to assess their impact is difficult to obtain. This is why factors that might influence the 
respective parameter’s value will be outlined with the help of relevant literature. Finally, it has been decided 
that the potential variation in p and q values will be examined by taking a closer look at the adoption-
decision process, defined by Everett Rogers. There are five stages in this process: knowledge, persuasion, 
decision, implementation and confirmation and they can be described as follows (Rogers 2010).  

 Knowledge: At this stage of the process, the adopting unit learns about the product’s existence and its 
utility (Rogers 2010). Questions about the “what?”, “how?” and “why?” of the innovation will be 
answered at this first stage.  

 Persuasion: At the second stage of the process, adopting units will establish a personal opinion about 
the product (Rogers 2010). Statements made by prior adopters can be influential in this stage.  

 Decision: The following step is characterized by the adoption or rejection act of the decision-making 
unit (Rogers 2010). In this step, similarly to the persuasion stage, the impact of statements from prior 
adopters on the adoption unit’s behavior is believed to be strong.  
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 Implementation and Confirmation: At the last two stages, implementation describes the utilization 
of the innovation, while confirmation reflects the final attitude towards the adoption that could lead to 
further adoptions in future (Rogers 2010). 

 As it has already been mentioned before, the knowledge stage mainly focusses on learning about the 
product. According to Rogers, the use of mass media communication is the most effective way to give 
potential adopters access to knowledge (Rogers 2010). In the end, the awareness or the knowing of a product 
could potentially lead to an adoption decision (Rogers 2010). The Bass Diffusion Model is based upon 
similar assumptions. In this model, innovators are mainly motivated to adopt because they have heard of 
the innovation through mass media communication (Bass 1969). Since the coefficient of innovation 
indicates how likely an innovator-driven adoption is, it can be concluded that the knowledge stage is 
correlated to the coefficient of innovation. Thus it will be investigated in how far the project partners get 
the chance to learn about the product. When analyzing the Productive4.0 homepage, an article about the 
DPS310 can be found (Productive4.0 Consortium 2018a). In this article, the multifaceted range of use for 
the DPS310 due to its high precision is pointed out. This article is not only accessible for project partners, 
but also for other visitors of the Productive4.0 website. In addition, by illustrating the use of the DPS310 
as a virtual racket in a ping pong game at a project meeting last July, the potential use of the sensor in 
different application areas is exemplified. Thus, it can be concluded that project partners are able to learn 
about the product via the Productive4.0 homepage but also at regular meetings.  
 Contrary to the knowledge stage, which is more about getting to know a product, the persuasion stage 
is rather related to developing an attitude. Since in this stage, opinions from other adopters play an important 
role for the decision-maker (Rogers 2010), it can be concluded that there is a connection to the coefficient 
of imitation. There are five product characteristics that can affect the attitude that the adopting unit develops 
about the product (Dodgson et al. 2013). This is why it will be analyzed how strong the respective attributes 
apply to the DPS series and if the participation in funded projects will affect those characteristics.  
 

 Relative Advantage: The relative advantage refers to the additional benefit that is arriving with 
the new product (Rogers 2010). Superior performance for the digital pressure sensors is present in 
terms of low energy consumption, high accuracy and the low price that results from the use of 
capacitive technology (Infineon Technologies 2016). For instance, the DPS310 can reach a 50% 
reduction of energy consumption compared to competitors who use piezo-resistive technology 
(Möhrle 2018). In addition, the DPS368 only constitutes 20% of the usual size of waterproofed 
pressure sensors. Hence, the relative advantage for the DPS portfolio can be stated to be already 
very high. The participation in funded projects provides important support in promoting the high 
performance of the DPS series – for instance, through online articles and product demonstrations. 

 Compatibility: The compatibility describes in how far the new product is in accordance with 
already existing standards (Rogers 2010). Compatibility in the case of the DPS series can be related 
to the ease of integration into end devices. The small size of only few millimeters makes it easy to 
integrate the pressure sensors into end devices such as mobile or wearable device. In addition, 
flexibility concerning the configuration of parameters such as energy consumption and precision 
makes the integration of the sensors into end devices very convenient (Infineon Technologies AG 
2017). The DPS368 even allows for application areas that demand for robustness concerning 
humidity and dust. An initiative of the Porductive4.0 project, the so-called “Solution Finder” allows 
for an online simulation of different product parameters in order to find out if they match with the 
end product’s requirements (Productive4.0 Consortium 2018b). Thus, compatibility can be tested. 

 Complexity: The complexity refers to the ease of comprehension and applicability of the 
innovation (Rogers 2010). Semiconductor product’s complexity is reflected in the huge product 
variety that are offered nowadays (Productive4.0 Consortium 2018b). Thus, when choosing from 
a semiconductor manufacturer’s product portfolio, it is difficult for customers to find the perfect 
matching one to use for their own products. The Solution Finder makes finding the right products 
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for the customers’ individual use cases as easy as possible. Thus, with the help of the Solution 
Finder, the degree of complexity can be decreased.  

 Trialability: The trialability indicates how easy or difficult it will be for potential adopters to test 
and try the innovation in advance (Rogers 2010). Prototyping with the Infineon DPS310 sensor is 
already possible (Infineon Technologies AG 2018). That is, Infineon offers a combination of hard- 
and software that makes it easier for engineers to develop their own tailor-made solutions. This 
prototyping option will also be available for DPS368 and DPS422 and allows for a faster 
assessment of possible solutions (Möhrle 2018). Thus, trialability is already given. In addition to 
that, with the introduction of the GeniusTex platform, an open innovation concept is introduced 
(Fraunhofer Institute for Applied Information Technology FIT 2019). With this platform, it 
becomes possible for stakeholders of the smart textile industry to test and develop new ideas with 
the digital pressure sensors. 

 Observability: The observability characteristic of an innovation states how strong their presence 
can be found in the potential adopter’s environment (Rogers 2010). Promotion for observable 
products such as fashion goods (e.g. UGGS) or electronics (e.g. iPad) is highly effective and leads 
to faster diffusion (Boehner and Gold 2012). On the other hand, there are products that are less 
observable. The slow diffusion of computers, for instance, can to some extent be traced back to 
their low visibility (Rogers 2010). Semiconductor products are mainly components of end user 
products (Gupta et al. 2006). Hence, their observability is rather low. Nevertheless, the 
demonstration of the DPS310 as a ping pong racket can lead to stronger visibility and recognition 
of the product. Moreover, through the visualization of the DPS310 as a virtual racket, the product 
becomes more tangible to potential adopters. 

 
 The strength of the presented product characteristics is a meaningful indicator for determining the rate 
of adoption of a product innovation (Rogers 2010). Accordingly, the coefficients of innovation and 
imitation state how fast a product will be adopted (van den Bulte 2002). At the decision stage, the choice 
between adoption and rejection will be made (Rogers 2010). If a positive attitude towards the product is 
developed within the persuasion stage, an adoption act is likely to occur. 

 
Figure 3: Five stage adoption-decision process (own illustration based on Rogers 2010, p. 163). 
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3.4 Impact of Funded Projects on Market Potential 

Contrary to the coefficients of innovation and imitation, the market potential is a value that is more tangible 
and easier to interpret (Sokele and Moutinho 2018). With the support of EU funded projects, new market 
opportunities might arise. This can be done by determining the market potential in terms of applications 
that incorporate components (Bass 2001). The market potential is therefore defined by multiplying the 
number of ultimate applications times an average purchase rate. In the case of the digital pressure sensor 
portfolio this could be smartphones or smart watches, for instance (Infineon Technologies AG 2019). 
Hence, if the number of feasible application areas grows, the market potential will grow as well. The 
GeniusTex project serves as an example for a possible growing number of applications (Fraunhofer Institute 
for Applied Information Technology FIT 2019). This is owed to the strong focus on enhancing innovation. 
Within the smart textile industry, most product developments are only at an infancy stage. The GeniusTex 
project, however, aims to go beyond this stage in order to strengthen the market position within this 
industry. Thus, the project offers a huge potential for new products that otherwise would not have been 
developed. With the first use case of developing innovative products, such as smart bands or smart orthoses, 
the DPS products are likely to be incorporated. This is based on the fact that Infineon is a close project 
partner and the digital pressure sensors are strongly promoted among project members. 

3.5 Implications from Rising Parameter Values 

With the execution of a meta-analysis, Sultan et al. discovered that the average value of p is at around 0.03 
(Sultan et al. 1990). Compared to that, the coefficient of innovation for the digital pressure sensors (0.0076) 
is low. For that reason, it can be assumed that only few adoptions will be due to mass media communication 
(Norton and Bass 1987). A small value for p also indicates that sales will be rather low within the initial 
stages of the product life cycle (van den Bulte 2002). If the coefficient of innovation increases, sales will 
rise faster at the beginning but will also lead to a stronger decline afterwards. In the case of the digital 
pressure sensors, higher p values for generation 1 mainly leads to an increase in adoptions from fiscal year 
19/20 to fiscal year 22/23, which can be seen at Figure 4. From then on, rising adoptions can only be reached 
on a low scale which even leads to a decline in total adoptions. From a practical perspective, this can be 
interpreted as an indicator for the increasing popularity of generation 2, which slowly takes over sales from 
generation 1 (Islam and Meade 1997). Moreover, generation 2 undergoes rapid growth. Since it will only 
be introduced in fiscal year 18/19, it can strongly benefit from an increase in the coefficient of innovation. 
Thus, marketing activities should be aligned with the respective life cycle stage that the products are 
positioned at within a certain time period (Society for Public Health Education 2016). Horsky and Simon 
(1983) take this assumption up by stating that advertising is mainly successful in early life cycle stages. 
Since generation 1 is situated at an advanced life cycle stage, increasing values of p do not have significant 
impact on demand. Thus, mass media marketing is not that impactful at this stage. However, generation 2 
is only at the introduction stage and can strongly profit from innovator driven adoptions. 
 Moreover, parameter estimation has produced a value of 0.566 for the coefficient of imitation. 
According to a meta-analysis by Sultan et al., the average value of q is at 0.38 (Sultan et al. 1990). Hence, 
imitation effects for the digital pressure sensors are high. Therefore, it can be stated that most adoptions for 
the digital pressure sensors are imitator-driven. Changes in q will lead to steeper demand curves, which has 
also been the case for higher p values. Nevertheless, higher q values indicate that demand increases at a 
much lower scale in the beginning, but then rapidly increase at the take-off phase (van den Bulte 2002). 
Since generation 1 has already been introduced in fiscal year 15/16, it can profit from an increasing 
coefficient of imitation. Despite of its main impact in advanced life cycle stages, higher q values still hold 
strong impact on demand for generation 2. This finding leads back to the fact that imitator effects are much 
higher than innovator effects from the beginning. Moreover, total adoptions in fiscal year 22/23 – which 
means adoptions and disadoptions – decline with higher q values. This decrease indicates that there is still 
potential for adoptions of generation 1, which will nevertheless, migrate to generation 2. In a practical view, 
that would mean that customers or applications that have been adopters of generation 1 so far, will switch 
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to generation 2 (Speece and Maclachlan 1995). With product demonstrations that become possible through 
the participation in the funded projects, observability and trialability for the digital pressure sensors will be 
increased. Moreover, with B2B platforms, such as the Solution Finder, complexity is reduced. Thus, 
digitalization and IoT related topics offer great opportunities for Infineon and its sales. Hence, marketing 
activities such as prototyping, product demonstrations and sampling have been identified to be crucial for 
the digital pressure sensors demand. 
 With regards to a potential increasing market potential, the GeniusTex B2B platform offers valuable 
contribution to the German smart textile industry. With the strong focus on collaborative innovation, 
product ideas can come up that will potentially comprise the use of pressure and temperature sensors. Thus, 
additional customers and applications can be reached, that would not have been thought of when launching 
the DPS series to the market. With the help of GeniusTex, Germany could take over the leading edge in the 
smart textile industry. 

 

 
 
 
 
 
 
 
 
 
 
 

 

Figure 4: Demand curves for changed coefficient of innovation (left) and changed coefficient of imitation 
(right) (own illustration). 

4 CONCLUSION 

In this paper, it has been shown that the use of diffusion models is an appropriate method to conduct a 
demand forecast for innovative semiconductor products. The Norton & Bass model was able to reproduce 
demand paths for successive generations of digital pressure sensors by offering high estimation and 
forecasting accuracy. In addition, it has been found out which role funded projects play for participating 
companies to strengthen their market position. The changing business environment for B2B companies 
constitutes several opportunities within this sector. However, if companies do not keep up with the arising 
chances, they could suffer from the increasing forces that come from the B2C sector. With the participation 
in EU funded projects, such as GeniusTex or Productive4.0, diffusion speed for innovative products, such 
as the digital pressure sensors, is likely to increase. Moreover, we have a model where we can model that 
additional market potential can be created. Hence, it has been shown how governmental support can help 
the industrial players to exploit the potential that arises from the Industry 4.0 and why it is so important for 
them to keep up with this development. Further research could be carried out for selected product families, 
to find appropriate formulation of demand development with the right attributes, e.g., different product 
generations, cannibalism, competition etc., that could influence this demand development. Also, the 
implications of demand development on capacity planning such as ramp up demand, readjustment of 
production flow, and/or linkages between capacity and equipment, could be sought. Idea would be to 
simulate the formulation of the demand development using system dynamics modeling. Moreover, the 
validation of the proposed model should be the objective in a long-term perspective. 
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