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Abstract
The concept of product lifecycle is one of the tools of strategic management and gives a company the
guidelines for marketing their product. It is very important that companies know in which lifecycle
stage their product is. When conceiving a product platform, companies rely on the researches of socioeconomic parameters. These parameters are called influence parameters, because by changing through
time they influence the sales of the product and consequently the lifecycle curve, and require the
company to change its business model, business strategy or their product. The changes of influence
parameters reflect the changes of consumer needs, which is why in most cases the product needs to be
adapted to the new parameters. In order for companies to know in which lifecycle stage the product is
or will be, they often use forecasting methods. In this process, all the socio-economic parameters are
projected that were valid in that specific period. The purpose of the article is to develop a model that
takes into account the changing of influence parameters and gives reliable medium-term forecasts of
the sales of a given product (attached is an example of a built-in oven lifecycle).
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1. INTRODUCTION
A product lifecycle can be defined as demand for the product or the scope of sales in time.
The time of presence of the product on the market depends largely on the factors that impact
the sales of the product. A product’s lifecycle is graphically represented by an “S” curve that
is determined by influence parameters. The latter are different on different markets and
change through time, just like the trends change. In the stage of introducing a product on the
market, the costs are the highest, as companies need to invest in market research, product
conception and development, new production technologies, marketing and the development of
a sales network. Product conception is the first stage in the development process and is of key
significance, having a major impact on whether or not the product will achieve the set
objectives [1]. Therefore, the conception of a platform for a multi-generation product (MGP)
requires clear starting points that are called influence parameters. They change throughout the
lifecycle of the product, so the product needs to be modified through time. In developing a
new generation of a MGP we use starting points, i.e. new influence parameters valid at that
moment. This way the new product placed on the market is contemporary and fits the current
global trends. Companies that prepare and introduce a new generation of MGP early enough
have competitive advantage. That is why they need reliable forecasts of sales fluctuation for a
certain product platform. Companies use diffusion simulation models based on data on the
sales of the past generation of products sold on the market. The models project the sales
patterns of the previous generation to the sales of the future generation. If we want to simulate
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the lifecycle of a new product, we need to compare the influence parameters that we took into
account in developing the original model of the product with the ones that are currently valid.

2. LITERATURE REVIEW
The level of innovation in the world is quite extensive, which is reflected in a large number of
start-up projects. Products that were under laboratory research a decade ago are nowadays
largely represented on the market. An ideal new product is a new invention that has never
been seen before and meets the needs that have never been met yet. However, companies with
a tradition based on good and tested products update them through time and offer their
updated versions to buyers [2, 3]. This strategy is called the multi-generation product strategy.
The same approach is also used in Gorenje Group, where good products are being upgraded
with new characteristics. In articles [4-8] several authors explain the multi-generation product
strategy (MGPS), in accordance with which the company first launches the first generation of
products on the market. After the initial launch, the company gradually introduces new
generations throughout a longer period of time, where the basic features remain the same, and
the product is upgraded with modern technologies, characteristics, design and usability [5-7].
The use of this strategy enables companies to prolong the life span of the product from one
product to a line of products and releasing the necessary time for their development. This way
the companies can better use their resources and technologies to design better products and
acquire better opportunities for long-term success [8].
Nowadays the development of innovations is based on a large feedback loop, where
technological development is interacting with social and market models and requirements.
Constant innovations cyclically generate new social and market needs, new competition and
new technological development. Innovative models try to keep the sales at the desired level of
the “S” form of the lifecycle curve [9].
The existing quantitative models of MGP can be roughly divided into two types:
behavioural models and competition dynamic models. Behavioural models attempt to
simulate or explain the behaviour of MGP. One of the first behaviour models is based on the
use of the Bass diffusion model. Norton and Bass [10] used the Bass diffusion model to study
the sales behaviour of high-technology MGP. The authors suggest a model that takes into
account that requirements are diffused through time and that a new, next generation of
products irrevocably replaces the existing one. The model can be used for forecasting future
changes in the demand for the entire sales of MGP. All these models are usually based on
previous sales numbers, which makes it very difficult to foresee the diffusion of a new
product merely based on some items of data. So the majority of published models for
forecasting the introduction of new products on the market is focussed on describing the
diffusion pattern or, in the best case, short-term forecasts can be generated [11].
For a long time, researchers have been trying to develop a good forecasting model for
newly developed products. There are many methods for forecasting the lifecycle of a new
product that can be divided into three categories:
1. Analogue approach [12-14], where the forecaster assumes that the new product will behave
very similarly to the comparable products on the market.
2. Subjective approach [14, 15], where past sales experience is used.
3. Market approach [16, 17], where before the launch of the project, the forecaster conducts a
survey among the buyers to receive data that they need to perform a simulation.
Competitive advantage of companies is not merely based on the innovation of products,
based on R&D work, but also on the technical and non-technical (organisational) innovations
with which we want to modernise products and production processes [18, 19]. That is why the
lifecycle curve of products is shortening. The increasing market complexity and the
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increasing product complexity make product sales forecasting difficult [20, 21]. The most
important thing in forecasting is to take into account the buyers’ view on the market and not
the companies’ view [22].
Diffusion models describe the dependency on the sales of new products or services in
relation to time. The Bass model is based on the interaction among the users and potential
users that influence the process of approving new products or services. Bass divides them into
two categories of users:
 Innovators. This category involves users that have a desire for new services or technologies
(without the influence of other users). This category of users is affected by marketing and
advertising intensity. The impact of innovators is marked by innovation parameter p.
 Imitators or copiers. This category represents the basis of expanding the innovation and is
directly dependent on the number of users that have already accepted new services or
technologies. The exchange of experience among users impacts the number of imitators,
whose impact is shown in the imitation parameter q.
Parameters p and q determine the level and form of the curve’s growth, described by F(t).
The Bass model suggests that potential buyers are influenced by two types of advertising
communication: mass media and interpersonal communications. One group of buyers decides
to buy a certain product based on advertising in mass media (external influence) and the other
group of buyers decides based on interpersonal communication (internal influence) [23].
Using the Bass model for forecasting that encourages innovation [24], requires the estimation
of three parameters: external influence coefficient (p), internal influence coefficient (q) and
market potential (m). The estimation of these parameters depends on the quantity of available
data. We know the following types of estimation [23]:
 Without previous data: if data is unavailable, parameter estimations can be acquired based
on the diffusion of similar products. These values can simply be determined from previous
comparative technologies.
 Estimation with available data: The Bass model is formed according to the analogy of
historical data of expanding similar technology (older generation). The newest technology
is basically the same as previous technology. If data is available, we need information
about a minimum of three periods. Stable and reliable parameter estimations for the Bass
model are appropriate only if the peak was already reached. The point where the growth
curve slows down needs to have occurred already; otherwise the Bass model cannot be
calculated. When data is available, one of the first procedures for estimating the diffusion
of parameters is the least squares estimate, which was also used to calculate the p, q and m
parameters. This procedure includes the estimation of parameters by using regression
analysis.
The Bass model is designed based on the assumption that the potential possibility that a
randomly selected individual will start using a service in time t is linearly dependent on the
number of individuals that have already decided to use the service. These linear coefficients
are related to the characteristics of innovation and imitation. The probability that someone
might accept a new product or service in time t with the assumption that the user has not yet
accepted the product or service, can be expressed with the following formula [25]:
𝑓(𝑡)
𝑞
= 𝑝 + 𝑌(𝑡)
1 − 𝐹(𝑡)
𝑚

f(t)
F(t)
p
q
m
Y(t)

– percentage of users that decide to use a service in the moment t,
– cumulative percentage of users that have already accepted a service by the time t,
– innovation coefficient,
– imitation coefficient,
– number of individuals that will accept the service in the long term,
– number of individuals that have already decided to use the service by the moment t.
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The rate of adoption S(t) in time t can be calculated using the following formula [25]:
𝑆(𝑡) = 𝑝𝑚 + (𝑞 − 𝑝)𝑌(𝑡) −

𝑞
𝑌(𝑡)2
𝑚

(2)

The adoption rate can be explained as the number of individuals that at a certain point
decide to use a service. The Eq. (2) can be adjusted [25]:
𝑆(𝑡) = 𝑎 + 𝑏𝑌(𝑡 − 1) + 𝑐[𝑌(𝑡 − 1)]2

where:
𝑎 = 𝑝𝑚; 𝑏 = 𝑝 − 𝑞; 𝑐 = −

(3)

𝑞
𝑚

(4)

In such a form, we can use it to estimate parameters a, b and c with regression analysis
according to the least squares method. The parameters of Bass model m, p and q can be
acquired by solving [25]:
−𝑏±√𝑏 2 −4𝑎𝑐
𝑎
(5)
𝑚=
; 𝑝 = ; 𝑞 = −𝑚𝑐
2𝑐

𝑚

Time when the highest rate of adoption occurs S(t), can be calculated with the following
formula [25]:
1
𝑞
(6)
𝑡∗ =
𝑙𝑛
𝑝+𝑞

𝑝

Using the Eq. (2) we then calculate the values for each time period separately and show
them in the form of a diagram, where they form a curve that simulates the product’s lifecycle.

3. SYSTEM INDICATORS THAT IMPACT THE LIFECYCLE CURVE
With single-generation products (SGP), companies adapt or add new characteristics and
technologies to the products, while the products remain more or less the same. In the case of
MGP they launch new product that has completely new features and technologies and is also
differently designed or adapted to the situation and needs of the market. Already in the
conception stage of the new product or platform, it is extremely important for a company to
have correct data on the economic, market and social situation on the market. New products
on a new platform are conceived for a longer period of time or for a specific quantity of
products that economically justifies the new platform. That is why it is very important to
know what the starting point of the company is in the platform conception stage. It is
important for a company to acquire as many influence parameters as possible that impact the
product sales and, as a consequence, the lifecycle curve. Influence parameters change through
time, so the new platforms must be conceived in such a way that the parameter changes do not
influence the change of platform during the amortisation period.
3.1 Influence parameters
Influence parameters include the values of statistical data, socio-economic data and marketing
activities. Influence parameters are very interconnected and interdependent. If we see the
world as a global market, we can find influence parameters that are the same for all markets.
Due to different socio-economic situations on different markets, the influence parameter
values also differ. Parameters that impact the lifecycle curve are very varied and can be
divided according to impact areas. Thus we distinguish market parameters, buyer parameters,
product parameters, function parameters, marketing parameters and company parameters.
They are described more into detail in chapter 6. If influence parameters are valid for the local
level, we can potentially project these parameters to larger areas, such as countries and
regions. So we can use the same parameters to describe the impacts on the lifecycle curve on
the local as well as the global level.
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3.2 Influence factor
Influence factor is a piece of information that tells us how great the difference is between the
current and initial state of an individual group of influence parameters (Fig. 1). Influence
parameters represent variables that impact the function of the product lifecycle curve.

Influence
parameter

Influence
parameter
(criterion t1)
=

Influence
parameter
(criterion t0)

Index

*

Weight

=

Influence
factor

Figure 1: Flowchart – calculating the influence factor.

If we compare the same influence parameters in time t0 (time of platform conception) and
in time t1 (now), we can see that the influence parameters differ. We will make the
comparison with relative numbers, i.e. indexes. The index is calculated by dividing the
current influence parameter at t1 with the initial, i.e. basic influence parameter at t0, formula
(7). Thusly calculated index will be called the influence index:
𝐼𝑣 =

𝑃(𝑡1 )
𝑃(𝑡0 )

(7)

where:
Iv
– influence index,
P(t0) – influence parameter at t0,
P(t1) – influence parameter at t1.
As not all influence factors have the same influence on the lifecycle curve, we need to
determine the weights that are equivalent to their impact. This is how we acquire weighted
influence indexes.
𝐼 𝑢𝑡 = 𝐼𝑣 ∗ 𝑈
(8)
where:
Iut – weighted influence index,
Iv – influence index,
U – weight.
All influence indexes together form the influence factor. Influence factors are calculated
using the following formula (9):
𝐹𝑣 =

∑ 𝐼𝑢𝑡
∑ 𝑈𝑖

(9)

where:
Fv – influence factor,
Iut – weighted influence index,
Ui – weight.
3.3 Factor upgrade of the Bass model
Bass’s model assumes that innovators buy a product under the influence of marketing and are
also those that inspire imitators to buy the same product. The Bass model requires past data
for the calculation of the diffusion factor, based on which it is possible to use the model
formula to calculate the movement of the lifecycle curve. Due to using the past data, we
project also the economic, social and market situation from the past into the model for
lifecycle curve forecasting. These are transferred into diffusion factors which we can use to
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simulate the movement of the lifecycle curve for a new product in the coming years. This is
why we upgraded the Bass model with factors that take into account the changes of influence
parameters through time.
Influence factors correct the result of the Bass model and take into account the changes of
socio-economic and other parameters that impact the lifecycle curve. The new formula is:
∑ 𝐹𝑖 ∗ 𝑈𝑖
(10)
𝑆(𝑡1 )′ = (𝑎 + 𝑏𝑌(𝑡 − 1) + 𝑐[𝑌(𝑡 − 1)]2 ) ∗ (
)
∑ 𝑈𝑖
where:
S(t1) – rate of adoption in time t1,
Fi
– influence factor,
Ui – weight of the influence factor.
Eq. (10) for the simulation of the lifecycle curve was tested on the NG3 platform. To
simulate the lifecycle curve for the sales of the NG3 ovens stage 2 (NG3 F2) the sales data for
the NG3 ovens stage 1 (NG3 F 1) was used (Table I), corrected with influence factors. The
calculated curve of the lifecycle was compared to the real data from 2015 and 2016. Based on
the findings we can give recommendations about whether the existing platform is still
interesting for the buyers and when it is advisable to start introducing a new platform.

4. CASE: NG3 PLATFORM
In Gorenje we have been producing ovens and stoves ever since the company was established.
They are one of the company’s most important products. To meet the need for mid-price
ovens we developed the NG3 platform in 2007. The platform can be defined as the basis that
enables the production of a family of products with certain common features. Products made
on the same platform share the same basic components, but can completely differ and have
different user characteristics. Companies use this very often, as adapting the products to the
buyers makes them become very flexible and able to use the same platform to adjust the
products at a small cost and with great speed to the needs on the market. This ensures a high
level of automatization of the basic key product components, improving the price efficiency
of the entire platform. Built-in ovens of the NG3 platform (Fig. 2) represent 85 % of all builtin ovens produced by Gorenje.

Figure 2: Built-in oven NG3.

4.1 Sales of built-in ovens NG3
Built-in ovens NG3 are global products, as they are being sold in over 70 countries in the
world. The main market is still Europe, as over 60 % of all the appliances produced on the
NG3 platform is sold there. The second largest market is the Asian market, where we have,
especially due to the immense population, great potential that we haven’t taken advantage of
yet.
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The data on the sales of appliances are of key importance for the simulation, because they
are the basis for calculating m, p and q. The data on the sales of built-in ovens NG3 were
acquired from the marketing service.
In 2014 the NG3 platform was upgraded with new improvements, features and
technologies. For the needs of the simulation of the lifecycle curve of the NG3 F2 appliances,
we wanted to know how many NG3 F1 and how many NG3 F2 appliances have already been
sold and where. The transition between the two stages is still in progress, as can be seen in
Fig. 3. NG3 F2 is gradually replacing NG3 F1. It appears that due to price policy and design,
F1 will not be completely replaced – the production of F1 will continue, but in very small
quantities. Table I show the sales of NG3 appliances on the Slovenian market.

Figure 3: NG3 sales from 2007 to 2016.
Table I: Data on the sales of NG3 2007-2015.
Year
2007
2008
2009
2010
2011
2012
2013
2014
2015
2016

Sales of NG3 F1 [pcs.]
0
23
3030
11175
10450
9030
10337
8537
2613
1315

Sales of NG3 F2 [pcs.]

78
11386
10557

Total [pcs.]
0
23
3030
11175
10450
9030
10337
8615
13999
11872

Cumulative [pcs.]
0
23
3053
14228
24678
33708
44045
52660
66659
78531

Based on the sales data from Table I the Microsoft Excel programme was used to model a
lifecycle curve for the NG3 product.
4.2 Determining the values of influence parameters, indexation and calculating the
influence
Indexation of influence parameters can only be carried out after sorting the data on values of
influence parameters according to criteria. Eq. (7) is used. In Tables II and III we collected 40
influence parameters of the market, buyer, product, function, marketing and influence
parameters of the company. After calculating the values of indexes, we must determine the
level of influence on the product lifecycle curve for each influence parameter. Weights for
individual families of influence parameters are calculated using an online programme for
calculating weights using the analytical hierarchy process or AHP [26]. For each influence
parameter in the family of parameters, we need to make a pair comparison to determine which
parameter has a bigger impact on the sales of the NG3 products. Based on a decision matrix,
the programme calculates the rank and weight that each influence parameter has on the sales
of the products. The weights of individual indexes are given in Table II.
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Table II: Calculation of indexes and weights of influence parameters.
Market influence parameter
Country’s purchasing power – GDP [€]
Size of country [km2]
Number of citizens [106]
Economic growth [%]
Inflation rate [%]
Average monthly net salary [€]
Level of unemployment [%]
Average population age [years]
Prices of electric energy [€]
Buyer influence parameter
Average age [years]
Gender [% women]
Demanding in terms of details
Brand recognition on the market
Experience in using the products of the
brand
Brand trust
Product influence parameter
Technological sophistication of the product
Materials used
Design
Price
Level of recall on the market [%]
Ergonomics
Simplicity of use
Function influence parameter
Function reliability
Number of programmes
Smart connection with other appliances
Useful value of the product
Marketing influence parameter
Intensity of advertising [€]
Advertising channels
Sponsorships
Success of sponsored groups
Brand value [106 €]
'Packaging' – marketing story
Competition
Target group
Company influence parameter
Share value [€]
Turnover [€]
EBIT [106 €]
EBITDA [106 €]
EBITDA margin [%]
Net profit or loss for the period [106 €]

Value in 2008 (t0)
18769
20273
2,021
3,3
5,7
938
4,9
41,1
114,07

Value in 2015 (t1)
18693
20273
2,063
2,3
0,2
1035,58
9,8
42,5
155,16

Index
0,9960
1,0000
1,0208
0,6970
0,0351
1,1040
2,0000
1,0341
1,36

Weight
0,326
0,02
0,095
0,124
0,119
0,157
0,056
0,057
0,045

41
51
2
5

43
50
4
5

1,0488
0,9804
2,0000
1,0000

0,076
0,102
0,364
0,178

4

4

1,0000

0,134

4

3

0,7500

0,146

2
3
3
2
0,1
3
3

3
3
2
3
0,04
4
4

1,5000
1,0000
0,6667
1,5000
0,6000
1,3333
1,3333

0,04
0,059
0,163
0,276
0,302
0,062
0,098

2
6
1
3

3
10
1
4

1,5000
1,6667
1,0000
1,3333

0,487
0,219
0,037
0,257

250.000
2
150000
3
445
3
3
3

400.000
4
250000
5
530
3
1
3

1,6000
2,0000
1,6667
1,6667
1,19
1,00
0,33
1,00

0,202
0,098
0,129
0,245
0,045
0,151
0,029
0,037

22,47
1.330.753.000
36,90
94,00
7,10
10,10

4,60
1.225.029.000
34,40
80,10
6,40
-8,00

0,2047
0,9206
0,9322
0,8521
0,9014
-0,7921

0,026
0,444
0,077
0,081
0,081
0,291
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Influence factors were calculated using the Eq. (9). The values of factors are given in
Table III. They speak volumes about the conditions that impact the sales of NG3 products. If
we look at the market factor, we can see that the situation has deteriorated and that the
number of buyers has decreased compared to 2008, which was considered the initial time.
Additionally, buyers have become more demanding and want more sophisticated and quality
appliances. They want more for their money and expect the product to justify their decision to
purchase it.
Table III: Results of calculating influence factors.
Influence factor
Market factor
Buyer factor
Function factor
Product factor
Marketing factor
Company factor

Value
0,948
1,329
1,475
1,036
1,449
0,397

Moreover, the function factor shows that the buyers find it important how the product
performs its function and that the useful value of the product is at a high level. The product
factor shows that the product’s quality has remained the same as in the initial time, with some
minor improvements. It is very obvious that the company invests in marketing, as the
marketing factor is very high. But somehow this is not reflected in the company’s business, as
the company factor is very low. This means that the company’s performance has dropped
drastically since 2008.
4.3 Modelling the lifecycle curve for NG3 F2 appliances
The basis for forecasting the lifecycle curve for NG3 F2 appliances is the curve for NG3 F1.
From Table I we can see how the users adapted/adjusted to the novelty. If we want to use or
project the sales characteristics from NG3 F1 to NG3 F2 and keep the same patterns for
adopting new products, we need to take a look at the transition between the generations. As it
is evident from Table I or Fig. 3, the transition occurred very quickly. In practically one year,
the average annual sales quantity of NG3 was reached. That is why the level of adopting from
the beginnings of NG3 F1 will not be correct. Considering the fact that the top of the sales
curve was achieved somewhere in 2013, we can calculate the parameters by means of the
regression analysis and use the period between 2009 and 2014, Table IV. With regression
analysis we can calculate the necessary parameters, Table V.
Table IV: Basis for calculating regression analysis.
Year t
2009
2010
2011
2012
2013
2014

Sales of NG3 Cumulative sales by
F1: S(t)
years: N(t)
0
0
11175
14228
10430
24658
9030
33688
10337
44025
8537
52562

N(t-1)

N(t-1)2

0
0
14228
24658
33688
44025

0
0
202435984
608016964
1134881344
1938200625

The results of regression analysis necessary for calculating the factors m, p and q are
shaded in Table V. These values are: Intercept (hereinafter: a), X Variable 1 (b), X Variable 2
(c).
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According to Eqs. (5) we can calculate the parameters of the Bass model m, p and q.
𝑎 5736,513223
𝑝= =
= 0,085
𝑚
67294,2

𝑚=

−𝑏 ± √𝑏 2 − 4𝑎𝑐
= 67294,2
2𝑐

𝑞 = −𝑚𝑐 = −67294,2 ∗ (−6,31593E − 06) = 0,4250

Regression Statistics
Multiple R
R Square
Adjusted R Square
Standard Error
Observations

Table V: Results of regression analysis.
ANOVA
df
Regression
2
0,49270
Residual
3
0,24276
Total
5
-0,26207
4670,42346
Coefficients
6
5736,513223
Intercept
X Variable 1 0,339780552
X Variable 2 -6,31593E-06

SS
20978283,55
65438565,95
86416849,5
Standard Error
3248,801031
0,396979752
9,30933E-06

5. SIMULATION OF THE LIFECYCLE CURVE OF NG3 F2 BUILT-IN
OVENS
Using parameters m, p and q we first solve Eq. (2). The set of solutions for Eq. (2) for each
year defines a curve that best describes the course of sales of the NG3 F1 appliances in the
years in question. As forecasting the lifecycle curve of the NG3 F2 appliances is based on the
parameters of the previous generation, the parameters m, p, q were used in Eq. (10). The
weights of influence factors (determined using the AHP method) are shown in Table VI.
From the weights we can see that marketing and buyer are very interconnected and
interdependent.
When we determine the weights of influence factors, we have all the data necessary for
calculating the simulation of the lifecycle curve of NG3 F2 appliances. In Eq. (10) we use the
parameters m, p, and q and the values of influence factors and their weights. Based on these
parameters we calculate the level of adoption by taking into account the socio-economic
situation on the market. The results of the calculation of simulation of the sales of NG3 F2
appliances, using Eq. (10) are shown in Table VII.
Table VI: Results of the calculation of
influence factors.

Table VII: Results of the calculation of simulation
of the sales of NG3 F2 appliances.

Influence factor

Value

Weight

Year

Market factor
Buyer factor
Function factor
Product factor
Marketing factor
Company factor

0,948
1,329
1,475
1,036
1,449
0,397

0,202
0,294
0,082
0,113
0,277
0,032

2014
2015
2016
2017
2018
2019
2020
2021
2022

Sales of NG3 F2 simulation
0
7.080
9.659
11.916
12.696
11.092
7.634
4.139
1.865

Total sales simulation
0
7.080
16.739
28.655
41.351
52.443
60.077
64.216
66.081

The results of simulation of the sales of NG2 F2 appliances from Table VII are also
shown in the form of a sales curve or lifecycle curve.
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Figure 4: Simulation of the fluctuation of sales of NG3 F2 appliances between 2014 and 2022.

Fig. 4 shows the simulated sales of NG3 F2 appliances by years, from its introduction in
2014 to 2022 when the life span of the appliances is expected to come to an end. According to
the simulation, we are currently in a growth stage that should last for another one or two
years. In 2018 the sales are supposed to peak, and after 2019 the sales are gradually going to
decrease.

Figure 5: Comparison of real sales quantities with simulated sales quantities for NG3 F2.

Fig. 5 shows the comparison of real sales in 2015 and 2016. We can see that real sales in
2016 deviated significantly from the simulation results. The reason was the accelerated
transition between the two generations and increased demand for the new generation
appliances (F2), due to the marketing activities that took place on the market. If we look at the
results of the simulation for 2016, we can see that the real sales curve came much closer to the
simulation of sales and the difference between the values was merely 8 per cent.

7. CONCLUSION
Nowadays almost all companies build their brand strength on multi-generation products. It
is the task of strategic management to launch new products on time and make sure that the
new products achieve the set financial goals. The key role in this is played by different
models that can be used to forecast the sales of the products, which is the basis for creating
the development strategies of a company. Strategic management must have a clear vision of
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product development. The original model demonstrated in the article and the simulation
results are a tool that can help in planning the development strategy.
The results of the simulation of forecasting the lifecycle curve for the NG3 F2 appliances
show that the appliances will reach the maturity stage in 2018 and that the platform is still
interesting for the buyers. The review of new products that were launched by competition
shows that we will need to start development activities on a completely new platform, which
will enable new, innovative and interesting solutions for the user. Based on the simulation and
the review of the market situation we can make a recommendation that the company should
include in its 2017 projects plan the beginning of a conception stage for a new generation of
built-in ovens. Due to long-lasting and demanding processes of conception and introduction
of a new platform on the market, timely planning of projects is of key importance in the
development strategy. It is important that the company’s strategic management makes timely
and adequate plans for projects and resources in order for the company to maintain or increase
its competitive advantage in relation to others in the industry. This is the only way it can
ensure a constant cash flow, which is crucial for a company’s viability.
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