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Abstract 
In this paper the authors analyse a double problem: the sales forecast in new foreign markets in the 
next five years by an Italian SME and the consequent dynamic production system redesign having the 
goal to maximize the Gross Margin. 

Due to the high uncertainty of the variables involved, the authors approached the study in 
stochastic regime. The methodology is based on Monte Carlo and Discrete Event Simulation, on new 
Pure Experimental Error control techniques and on Response Surface Methodology Designs as the 
Two Level Factorial Design and the Central Composite Design. 
(Received in November 2014, accepted in March 2015. This paper was with the authors 1 month for 1 revision.) 
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1. INTRODUCTION 
 
The sales forecasting in a consolidated market is a difficult activity that can lead to significant 
discrepancies compared with actual values even if traditional forecasting models are used. 
Considering the sales forecasting in new foreign markets where the product is not yet sold, the 
problem becomes even more complex and there is no available helping literature. The authors 
consider the problem of supporting the growth of an Italian manufacturing SME. To face this 
problem, the paper presents an approach based on stochastic evaluations about the sales in the 
different countries, which can be, then, converted into annual production thanks to the 
application of the Monte Carlo techniques combined with original pure experimental error 
management methodologies [1-3]. Starting from this first step and using the Discrete Event 
Simulation (DES) and the Response Surface Methodology (RSM) techniques [4-6], it is then 
possible to obtain a dynamic production system redesign. The proposed methodology is 
applied to a single case but it is easily generalized and applied to other similar situations. The 
paper is organized as follows. In section 2 a full literature review is provided, highlighting the 
originality of the proposed approach. Section 3 shows the case study. Section 4 shows the 
development of a sales forecast in a stochastic regime and in section 5 a dynamic redesign of 
the production system is proposed. Finally, section 6 provides conclusive considerations. 
 
2. LITERATURE REVIEW 
 
The forecasting is a problem that arises in many economic and managerial contexts, and 
hundreds of forecasting procedures have been developed over the years for many different 
purposes, both in business enterprises and elsewhere. The importance of sales forecasting for 
a firm has often been stressed and is best expressed by what happens when it is absent: [sic] 
‘‘without a sales forecast, in the short term, operations can respond only retroactively, leading 
to lost orders, inadequate service and poorly utilized production resources. In the longer term, 
financial and market decision making misallocate resources so that the organization’s 
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continuing existence may be brought into question’’[7]. Given that forecasts are used for a 
number of purposes in the firm, including production planning and personnel planning, the 
factors that contribute to sound forecasting practice have long been a concern in the literature 
[8, 9]. 

Previous forecasting studies relied on qualitative methods can be quite useful for other 
forecasting problems but seem inappropriate for industrial business development forecasting 
[10, 11]. Recently, both theoretical and empirical results have suggested that combining 
forecasting methods can be an effective way to achieve better predictive performance over 
individual models [12, 13]. Contributions from many researchers have improved the quality 
of the predictions and provided combined forecasting models for decision makers [14-18]. As 
a result, there have been profound changes in the forecasting field. The integration of linear 
and nonlinear models offers solutions that can be applied in real-world situations such as 
forecasting macroeconomic time series [19], tourist demand [20], and exchange rates [21]. A 
large number of empirical studies have focused on forecasting in general or sales forecasting, 
while the role of forecasting for the penetration into completely new markets has received 
only scant attention to date. The literature about domestic sales forecasting is deep and wide 
and sometimes it also concerns the case of the introduction of new products [22, 23]. 
However, to consider new products doesn’t mean to consider new markets: this is the main 
topic the authors want to discuss in this work. There is a part of the forecasting literature that 
seems to go to this direction taking into account the forecasting role in export planning [24]. 
However, it differs from the research discussed in this paper because of the approaches used. 
In fact there is a big difference between export and introduction in new markets with the 
whole organizational structure. The only works about the introduction in new markets use a 
quite conventional, traditional and deterministic approach to the problem; for example [25] 
combines linear and nonlinear forecasting models. The purpose of this work is to show how to 
approach sales forecasting in new markets using alternative methods, such as the Monte Carlo 
simulation, which works in a stochastic regime. 
 
3. THE CASE STUDY 
 
3.1  Company profile and market 
 
The company is an Italian SME employing 52 people that has been operating for over 40 
years. The market opportunities have changed and they evolve ceaselessly, the purchasing 
logics are more rigid than in the past and alternatives are sought. Therefore it is important to 
develop sales in new markets. 

The Company’s brand and product must be shown to the dealers, appreciated and their 
advantage demonstrated. The barrier to change must be overcome, approved, proposed as an 
alternative to the clients, tried by the clients and replaced by them (a progressive growth until 
stability is achieved). Each year therefore it is necessary to consolidate the sales of the 
previous one and to lay the basis for the following one. 

This requires time, but it leads to a sound and gradual growth, each year even more 
credible for the new approached markets, because it has the successful experience achieved in 
the countries already colonized. 
 
3.2  The strategic plan 
 
The proposed strategy consists in adding Regions until the EMEA (Europe, Middle East and 
Africa) & LATAM (Latin Americas) areas are covered, through a progressive, diversified and 
global growth plan (2015: EMEA + EU + BRAZIL; 2016: EMEA + LATAM; 2017: USA + 
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CANADA East Coast; 2018: USA + CANADA West Coast). Sales projections for the future 
years are estimated in order to have the manufacturing capacity of each line of the factory. 
Such projections are obtained from an accurate market research that allows the creation of 
three scenarios: the most likely hypothesis, the lower and the upper bound. 
 
3.3  Projection of sales in a deterministic regime 
 
Referring to the case study, in this section the sales forecasting based on a deterministic 
approach are shown. Table I shows the sales forecast obtained in 2014. The same is done for 
the following years considering the newly available information. 
 

Table I: Sales expected in the years, joining in 2015. 
 

 

 
 
3.4  Limits of the deterministic regime 
 
As it has already been evidenced in the previous sections, the study of the operational reality 
in deterministic regime leads to construction of models whose results are different from those 
generated by the real system. Even this application case could not be different, since the 
turnover of the different years originate from the combination of a minimum of 21 up to a 
maximum of over 60 probability density distributions. The deterministic approach, even if 
carefully weighted and based on scenarios, does not allow the pure error assessment which 
could give the authors the necessary confidence in recommending the Company the 
investments needed to proceed. It is therefore absolutely necessary to use models that can 
evolve in a stochastic regime to carry out an analysis that can produce reliable results. The 
literature has recently seen, with specific reference to problems of forecasting, works based on 
Markovian chains. However, the authors prefer to work on the operationally more reliable 
ground of the Monte Carlo simulation [26]. 
 
 

2020 2019 2017 2016 2018 2015 Forecast 2014 
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4. DEVELOPMENT OF A SALES FORECAST IN A STOCHASTIC 
REGIME 

 
In the case under examination, the authors want to develop the sales forecasting of the six 
future years in a stochastic regime, starting from the assumed probabilistic scenarios, in order 
to get forecasts more faithful to the evolution of the real business system. Such forecasts will 
be known as mean value, confidence interval and tolerance interval on the punctual response 
of the simulator. These are necessary elements for a correct interpretation of the obtained 
result by the Management. 
 
4.1  Procedural steps 
 
To this purpose, it is evaluated the variability of the total turnover in the geographical areas 
(called Regions) taken into consideration between 2015 and 2020. The Regions are made up 
by one or more countries. The analysis implies a turnover forecast, year by year, on the basis 
of the data previously estimated by the buyers, for each individual country, in terms of sales 
volumes. These latter ones are expressed in the shape of triangular probability distributions 
represented by the “Lower”, “Most like” and “Upper” values. As it can be easily noticed from 
Table I, each country is defined by a distribution of the sales volume that increases by a 
constant growth factor over the previous year. Each Region is defined by a distribution of the 
sales volumes represented by the sum of the distributions of the individual countries. 
Furthermore, in relation to the value assumed by the distribution, a variation is considered in 
the sale price. The distribution of each individual sales volume produces, therefore, an 
expected turnover still distributed according to a triangular probability density function. 
Having decided to use the Monte Carlo simulation as the tool to treat the stochasticity, the 
critical point of the study refers to the determination of the simulation runs length using the 
evolution curve of the pure experimental error of the mean and of the standard deviation [27]. 
Taking into consideration that the experimental error, in the Monte Carlo simulation, 
decreases with the increase of the replicated runs number until reaching zero, the task of the 
experimenter becomes to search for the best ratio, in a stabilized curve, between the run time 
length and minimization of the intervals width. Following these considerations, the variability 
of the expected turnover is studied, year by year, to determine the most appropriate number of 
runs to maximize the relation between the experimentation computational effort and the 
accuracy of the result. 
 
4.2  MSPE evaluation 
 
It is precisely the population variance that is destined to grow over the years. This as a 
consequence of the inevitable growth of the uncertainty margin linked to events that are 
continuously translated to the future. Just for this reason, considering the Company’s 
turnover, the authors have thought, before proceeding to the setup of the entire experimental 
campaign, to carry out a preliminary trial test to evaluate the possible stabilization of the two 
Mean Square Pure Error (MSPE) curves. From the analysis of the graphs of the MSPE of the 
mean and the MSPE of the standard deviation (Figs. 1 and 2), it is immediately evident that in 
some cases (the first years) 20.000 runs are sufficient for the curves stabilization while, for 
the following years, 20.000 runs are insufficient to carry out a correct analysis on the model. 
This is due to the fact that both MSPE curves show clear signs of an unachieved stabilization. 
As a consequence, the horizon of the replicated runs has been progressively increased, first to 
30.000 and later to 50.000, with a noticeable increase of the computational effort which grows 
more rapidly than linearly. Further possible increases in the number of runs, absolutely 
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necessary to reduce the MSPE of the standard deviation, are not really necessary since they 
are unable to produce significant reductions in the width of the tolerance intervals (Fig. 3). 

 
 

Figure 1: MSPE of the mean. 
 

 
 

Figure 2: MSPE of the standard deviation. 
 

It is useful to remark that the tolerance interval is a necessary element to evaluate the 
oscillation width of the response, distributed, according to theory, as a Normal Distribution 
probability density function under the chosen number of replications. 
 
4.3  Lessons learned 
 
Some interesting considerations, both under a managerial and under a methodological point of 
view, are: 

1) the MSPE methodology, by allowing estimating the variance of the experimental error, 
permits evaluating the width of the tolerance interval (that is of the value limits of the 
turnover). Within it is possible to be confident, with a probability of over 99 % that the true 
value of the turnover will fall if, obviously, the starting hypothesis is correct. From the 
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construction, instead, of the 90 % confidence interval it is possible to obtain the interval 
inside which being confident that, for 90 times out of 100, the mean value of the turnover will 
fall. Compared to a precise mean value of a deterministic regime, the obtained result 
(proceeding from the analysis of 66 frequency distributions of the expected sales) represents a 
fundamental step for the determination of a forecast. Consequently, it also allows studying a 
correct dimensioning of the production system. Starting, in fact, from the data obtained for 
2020, it is possible for the management, under the viewpoint of a five-year planning, to 
determine, again through a DES simulation, the dimensioning, both physical of the productive 
site (no. of machines, no. of operators, etc.) and economical-financial of the entire Company. 
 

 
 

Figure 3: Tolerance intervals of revenues as function of the runs number. 
 

 
 

Figure 4: Mean value and tolerance interval of revenues per year. 

                 2015           2016           2017           2018           2019           2020 
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Table II: Summary of parameters in function of replicated runs. 

 

Run 
length 

Mean 
turnovers 

Interval 
width 

Higher 
limit 

Lower 
limit 

MSPE 
mean 

Variance 
turnover 

Standard 
deviation 

MSPE 
stdev 

2015 20.000 284.955 82.527 367.482 202.428 156 756.030.016 27.496 13.220 
2016 20.000 723.969 182.167 906.136 541.802 109 3.685.946.944 60.712 122 
2017 30.000 1.582.343 377.950 1.960.293 1.204.393 145 15.868.692.841 125.971 115.969 
2018 30.000 2.201.365 502.152 2.703.517 1.699.213 47 28.014.725.376 167.376 231.336 
2019 50.000 2.845.047 635.214 3.498.261 2.191.833 6 47.713.412.356 217.735 139.801 
2020 50.000 3.680.434 851.275 4.531.709 2.829.159 0 80.517.467.536 283.756 1.160.788 

 
As it can be seen from Table II, the turnover mean value grows, as expected, over time 

according to the precise values. The tolerance intervals, in conformity with the uncertainty 
level that grows over time, result growing as shown in Fig. 4. 

2) From the comparative analysis of the different years (Table II) it is possible, 
furthermore, to observe how, as the dimension of the 5 samples used to calculate the MSPE, 
grows from 20.000 to 50.000 runs. According to theory, the mean MSPE tends to 0 and the 
mean value of the model responses, obtained from the distribution of the mean of the means, 
tends to converge to the mean value of the population distribution. The growing width of the 
variance (VAR) is, obviously, linked to the growth of the uncertainty imposed by the forecast 
data in the future years. It may be observed how, even if the MSPE standard deviation 
(MSPEstdev) in 2020 has a value around 106 , actually its capacity to influence the tolerance 
interval is nearly negligible. This is because this value, translated in terms of standard 
deviation of the distribution of the mean of the variances, is just around one thousand Euros. 
To realize this, it is sufficient to observe the half width tolerance interval structure (1): 

3√MSPEMED +  3√VAR̅̅ ̅̅ ̅̅ + MSPESTDEV            (1) 
The half width tolerance interval in 2020 is: 

3√0,05 +  3√80517467536 + 1160788 = 851275      (2) 
Vice versa, the explanation of the width of the confidence intervals must be ascribed 

totally to the VAR. The confidence intervals can be obtained following (3): 

𝑚𝑒𝑎𝑛 𝑡𝑢𝑟𝑛𝑜𝑣𝑒𝑟 ± 𝑡ἀ/2(
𝑠𝑡𝑑𝑒𝑣

√𝑛
)      (3) 

The confidence interval in 2020 is: 

3680434 ± 2,132(
283756

√5
) = 270550        (4) 

3) As may be easily inferred, the value of MSPE of the standard deviation may be reduced 
by increasing the number of replicated runs. Vice versa, a computational effort would be 
necessary and it is not justified by the significance of the result that can be obtained. 
 
5. DYNAMIC REDESIGN OF THE PRODUCTION SYSTEM 
 
In order to satisfy the increasing sale volumes defined in the strategic plan, another study is 
made to determine the optimum size of the production line for each year. 

The production model is made of two parallel production lines, each one with different 
operations in sequence, that then join into one single line until the end of the process as shown 
in Fig. 5. The Discrete Event Simulation model is realized using the tool Flexsim, developed 
by Flexsim Software Products. Starting from Work Breakdown Structure (WBS), the whole 
production system is recreated and simultaneously the time statistical distributions of the 
different processing phases are identified. At this point, thanks to the use of a stochastic 
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discrete event simulator [28], combined with Design of Experiments (DoE) and RSM 
techniques, it is possible to obtain statistically reliable results of the supposed production 
model [29, 30] and to verify the different layout and organizational options. 
 

 
 

Figure 5: Production system. 
 
5.1  MSPE calculation 
 
The first important phase in the simulative approach is the MSPE calculation, necessary to 
determine the optimal length of the simulation run. The methodology is similar to the one 
used in the first part of the paper, for the run-evolving systems. 

However, in the first part the goal is to determine the sample size which allows extending 
the considerations on mean and standard deviation to the whole population, while, in a time-
evolving system, the study regards the curve stabilization on the error which represents the 
stochasticity of the real system. Since the data are referred to a cumulative variable (the 
production), it is necessary to normalize the responses to obtain the production per shift. 

These values are averaged and then the MSPE is calculated. 
 

 
 

Figure 6: Production MSPE (pieces2/shift). 
 

As shown in Fig. 6, the MSPE curve settles at shift 200 and so this is the optimal run 
length (about 5.760.000 s). Now the tolerance interval can be obtained using the mean 
production (163,52 piece/shift) and the MSPE corresponding to the chosen run length (0,498 
piece/shift). 

163,52 – 3 √0,498    ≤    y   ≤  163,52  +3√0,498   (5) 
The production is organized in team work so it is necessary to define the optimum teams 

number needed in the new working configuration. 
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5.2  Teams number calculation 
 
Thanks to the simulation results, the optimal teams number needed to meet the forecasts can 
be obtained by calculating the number of needed shifts. Considering a representative year 
forecast, the minimum and maximum shift number can be calculated dividing the total 
production by, respectively, the maximum (161,4 pcs/shift) and minimum (165,6 pcs/shift) 
shift output (Table III). Then, considering 1760 hours per year for each team, the minimum 
and maximum teams number is calculated (Table III). In the following part of the paper the 
authors always consider the maximum teams number to guarantee the needed production level 
even in negative situations. 

 
Table III: Teams number calculation. 

Year Total 
production 

Minimum 
shift number 

Maximum 
shift number 

Minimum 
number of hours 

Maximum 
number of hours 

Minimum 
teams 

number 

Maximum 
teams 

number 
2016 36000,00 217,39 223,05 1739,13 1784,39 1 2 
2017 42000,00 253,62 260,22 2028,99 2081,78 2 2 
2018 45600,00 275,36 282,53 2202,90 2260,22 2 2 
2019 50280,00 303,62 311,52 2428,99 2492,19 2 2 
2020 56364,00 340,36 349,22 2722,90 2793,75 2 2 

 
It can be noticed that an increase in production does not necessarily mean an increase in 

the teams number. A more detailed analysis on the production level may be conducted by 
analysing the influence of some factors on the objective function. In the case study the 
objective function identified is the Gross Margin while the investigated factors are the worker 
ability and the stock level. These factors are considered as the main factors because: 
 an unskilled operator has a lower return, and therefore leads to a decrease in production and 

consequently in the margin. With experienced operators, the opposite effect occurs instead. 
 a high stock level allows to always satisfy the request, but also causes high inventory costs. 

A low stock level instead allows to have lower inventory costs but it causes different costs 
generated by non-sale. 

To approach this kind of problem it is necessary to use a DoE analysis. 
 
5.3  DoE and RSM analysis 
 
DoE is one of the mathematical and statistical methods used by the RSM [30] to optimize an 
objective function. 

Using the DoE techniques the influence of the worker ability and of the stock level on the 
Gross Margin can be investigated. The used methodology is the 2k (in particular a 22) factorial 
design which requires the minimum number of levels studying k factors. Fig. 7 represents the 
experimental points that a 22 factorial design needs: 4 design points on the vertices and 3 to 5 
central points. 
 

 
 

Figure 7: 22 factorial design. 
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For the first factor (worker ability), named factor A, the two considered levels are: 
 high level: 115 % efficiency, 
 low level: 85 % efficiency. 

For the second factor (stock level), named factor B, the two considered levels are: 
 high level: 100 % total production, 
 low level: 30 % total production. 

In order to evaluate the stock performance during the year, the monthly production 
variation is considered. For each month the authors consider all the possible combinations of 
the factor levels (also considering the average levels of 100 % efficiency for the worker 
ability and 60 % of production for the stock level). If all factors are considered at the central 
level, the replications become five (corresponding to the five central points) as already shown 
in Fig. 7. 

RSM procedural steps: 
 calculate the margin concerning the worker level: 

 
𝑡𝑢𝑟𝑛𝑜𝑣𝑒𝑟−𝑑𝑖𝑟𝑒𝑐𝑡 𝑐𝑜𝑠𝑡𝑠−𝑑𝑖𝑟𝑒𝑐𝑡𝑖𝑧𝑒𝑑 𝑐𝑜𝑠𝑡𝑠−𝑖𝑛𝑑𝑖𝑟𝑒𝑐𝑡 𝑐𝑜𝑠𝑡𝑠

𝑡𝑜𝑡𝑎𝑙 𝑝𝑟𝑜𝑑𝑢𝑐𝑡𝑖𝑜𝑛
            (6) 

where directized costs stands for the part of the indirect costs which can be related directly on 
the production. The worker level affects the total production and the manpower costs, 
included in the direct costs, as the hourly cost of a low-level worker is 13 €/h, the medium 
level is 17 €/h and the high-level is 20 €/h. 
 calculate the average stock starting from the data normalization obtained from Flexsim, 
 calculate the unit material costs: 

𝑑𝑖𝑟𝑒𝑐𝑡 𝑐𝑜𝑠𝑡𝑠−𝑚𝑎𝑛𝑝𝑜𝑤𝑒𝑟 𝑐𝑜𝑠𝑡𝑠

𝑡𝑜𝑡𝑎𝑙 𝑝𝑟𝑜𝑑𝑢𝑐𝑡𝑖𝑜𝑛
             (7) 

 calculate the inventory cost as (average stock × unit material cost × i) where i = 0.3 is the 
storage cost, 

 calculate the gross margin as (margin concerning the worker level × monthly production – 
stock cost), 

 calculate the total Gross Margin related to each scenario as the sum of the individual 
monthly margins. 

 
Table IV: CCD ANOVA. 

 

 
 

The Gross Margins are then used as input data for DoE. The ANOVA table shows that a 
first-order model does not fit the reality since the Lack of Fit Test is “significant”. For this 
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reason it is necessary to switch to a Central Composite Design (CCD) to try to fit with a 
second-order model [31, 32]. This time the Lack of Fit Test is not significant so the second-
order model fits the real model. The ANOVA and the response surface resulting from the new 
approach are shown in Table IV and in Fig. 8. 
 

 
 

Figure 8: CCD response surface. 
 

As shown in Table IV the significant factors are: A; B; AB; B2; A2; A2B. So the regressive 
model expression is [33]: 

Gross Margin = 384400 + 21718 A + 66024 B + 5230 AB +11577 A2
 + 39465 B2

 + 6967 A2B  (8) 
Moreover analysing the vertices of Fig. 8 it can be noticed that when both factors are at 

the low level, the minimum Gross Margin is obtained because the worker low level involves a 
lower production and the low stock level involves a large number of stops. 

The situation does not improve if only the worker level is increased because, although the 
worker is more efficient, the low stocks do not allow an adequate supply. Instead, the stock 
level has the greatest impact on the system because, keeping down the worker level and 
increasing the stocks, the Gross Margin grows. 

To find the optimum, however, it is necessary to vary the worker level, bringing it to the 
high level, to ensure a better efficiency. The optimal solution is then obtained setting the 
worker level to 115 % and the stock level to 100 %. The gross margin is about 466.451 €/year 
(considering a typical year). 
 
5.4  Cost analysis 
 
After having defined the production for the new market and identified the production system 
redesign, it is necessary to look at the sustainability of the internationalization process. This 
can be done by evaluating the Gross Margin, being aware of the sales forecast. The Gross 
Margin concerning 2016 can be directly evaluated using eq. (6), since all the needed data are 
known. For the following years, the formula is applied after calculating the new direct costs 
and the directized cost, using the economy of scale (Table V). 

Economies of scale are the cost advantages that enterprises obtain due to size, output, or 
scale of operation, with cost per unit of output generally decreasing with increasing scale as 
fixed costs are spread out over more units of output. Often operational efficiency is also 
greater with increasing scale, leading to lower variable cost as well. As far as indirect costs 
are concerned, they are fixed and do not change. 

Direct costs include: manpower costs (calculated on the basis of the number of people in a 
team and of their cost, depending on their specialization level) and material costs (calculated 
through the economy of scale). Finally, we calculate the turnovers and then the margins, using 
again eq. (6). 
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Table V: Economy of scale. 

Year 2016 2017 2018 2019 2020 
Production 36.000 42.000 45.600 50.280 56.364 
Manpower costs 176.821 176.821 176.821 176.821 176.821 
Unit material costs 12,83 5,77 5,90 6,03 6,16 
Material costs 461.831 242.461 269.093 303.161 347.075 
Indirect costs 638.652 419.282 445.915 479.982 523.896 

 
For 2016, all the data are known while for the following years the production is known 

and manpower costs are calculated as (number of persons × hourly cost concerning efficiency 
× number of hours) bearing in mind that 15 % of the manpower is highly specialized. 

In addition to the cost recalculation, the prices have to be defined considering some 
discounts. The list price is 99,7 €/pcs and the applied reductions are 45 % in Italy and 60-70 % 
abroad. The Gross margin increase (Table VI) confirms the internationalization project 
feasibility. 
 

Table VI: Gross margins. 

Year 2016 2017 2018 2019 2020 
Production 36.000 42.000 45.600 50.280 56.364 
Foreign price  30 30 30 30 
Turnover 1.798.563 1.708.920 1.816.596 1.956.575 2.138.547 
Direct costs 638.652 419.282 445.915 479.982 523.896 
Directized costs 145.786 170.100 184.680 203.634 228.274 
Indirect costs 455.769 455.769 455.769 455.769 455.769 
Gross margin 15,51 15,80 16,01 16,25 16,51 

 
6. CONCLUSIONS 
 
The problem considered by the authors can be conceptually divided into two independent but 
strongly interconnected parts. This is due to the fact that the sales forecast values of the first 
part are the input data for the Production Redesign. It can be easily noticed that stochasticity 
is widely present in both phases and that for the forecast phase a survey of the literature does 
not produce sufficient elements to identify a correct methodology for the case study. For these 
reasons the authors decide to define a methodology able to reduce the risk of finding results 
that do not fit the real system behaviour. So, since the problem studied is stochastic, the 
adopted models have to be able to face the stochastic regime with known statistical efficiency 
and reliability. Starting from these considerations the authors use the Monte Carlo simulation 
which allows to make the forecast information dynamic and to add to the mean sales their 
tolerance intervals whose amplitude increases as the time increases. The subsequent use of the 
DES allows the authors to redesign the production system considering a variable 
configuration as the sales increase. Finally, using the RSM technique, the authors analyse how 
the objective function, represented by the Gross margin, evolves as the described conditions 
change, highlighting the advantages in terms of economy of scale. The proposed approach 
allows providing decision managers an effective view on the possible future developments 
keeping, however, the awareness of a high stochasticity level. Finally the authors wish to 
remark that the identified methodology is easily replicable in the study of production systems 
similar to the one presented in the paper. 
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