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Multidimensional linear performance pricing analysis, also known as cost or price regression 

analysis, was conducted for a sample of over one hundred gear forgings with varying steel 

grades and geometrical characteristics supplied by AGCO. Additionally, some of the 

analysed products had been pre-machined, whereas the remainder were raw forgings.  The 

hypothesis that material weight was the most significant value driver was confirmed, 

additionally geometrical characteristics had substantially less influence. It was also 

established that whether a purchased forging was pre-machined or a raw forging was of 

moderate significance and economically favourable for parts with low technical values. 

Inclusion of material weight and pre-machining indicators as value drivers led to the 

development of a highly robust statistical model which was further supported qualitatively 

by interviews with experts, both internal and external to AGCO, as well as examined 

quantitatively and calibrated using cost-based price models. Finally, clear cost savings could 

be reached on the basis of the produced model.
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1  Introduction 

Gears are an essential component of almost all machinery, be they vehicles, manufacturing 

machines, or harvesting tools. Some are derived from gear forgings (Figure 1) into which 

teeth may be cut. They are a critical part of many machines’ supply chains. Hence, it is of 

substantial importance to many businesses to develop an understanding of gear forgings and 

the factors affecting their cost. This is typically done through the production of cost models, 

which allow them to not only validate supplier quotations, but to also estimate the costs of 

products they design, and thereby identify economic improvements to their designs. Thus, 

improving the overall economic performance of their products. In this research a 

multidimensional linear performance pricing (MLPP) analysis of gear forgings is performed 

and validated. 

 

 

Figure 1. Steel gear forgings (Jiangsu Weirun Forging Co., ltd., 2022). 

 

1.1  Background 

Topics such as cost estimation, cost-regression analysis, statistical indicators, and gear 

manufacturing processes are all integral to the development of gear forging cost models. The 

background information pertaining to each is introduced in the following subsections. 
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1.1.1  Cost Estimation 

In industry various cost estimation methods are used. They aim to evaluate the quality of 

quoted prices on the basis of price assumptions and production data. (VDI 2817 - Part 1, 

2018, p.2). One such method is cost-based price modelling, which involves bottom-up 

calculations of the costs of each value-adding stage for a given product (Schuh, 2017, p.169). 

This is time consuming and requires significant insight into suppliers’ production process in 

order to achieve a reasonable level of accuracy. Purchasers and suppliers have diametrically 

opposed interests. Purchasers aim to negotiate the lowest possible price, whereas suppliers 

aim to negotiate the highest possible price. Consequently, suppliers are often unwilling to 

provide detailed information about their production process, which would enable purchasers 

to estimate the true production cost and advantage them in negotiations. Hence, there is often 

an asymmetry of information between suppliers and producers. Sometimes this asymmetry 

is so great that it is not possible to generate reliable cost estimates. Alternatively, the quantity 

and diversity of supplied goods may be so large that it isn’t practical to build a cost-based 

price model for each purchased product. To surmount this, purchasers often perform cost-

regression analysis utilising internal data. This typically consists of commercial data such as 

price, volume rebates, and payment terms and technical data such as the weight, dimensions 

and material type for a given part. (Schuh, 2017, p.172-173). It is, however, necessary to 

consider the limitations of such statistical analyses as well as to consider the results in 

practical terms with reference to the properties of the product. 

1.1.2  Cost-Regression Analysis 

Regression is a statistical method used to estimate the relationship between a dependent 

variable and independent variables. In the case of cost-regression analysis, product price is 

the dependent variable, which is in turn affected by independent variables, in this case 

predictors, such as the technical characteristics of a product. Usually, in purchasing these are 

linear dependencies, hence, the mathematical relationship is defined in Equation 1 thusly: 

 𝑝 = 𝑎0 + 𝑎1𝑥1 + 𝑎2𝑥2+. . . +𝑎𝑚𝑥𝑚 + 𝑒 (1) 

Where 𝑝 is price, 𝑎𝑖 is a weighting coefficient, 𝑥𝑖 is a predictor, 𝑚 is the number of different 

parameters and, and 𝑒 is the error of the model. (Schuh, 2017, p.173). Predictors of price are 
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also commonly referred to as value drivers and the error is commonly referred to as a 

residual. 

The most typical approach to estimating the unknown weighting coefficients is the least 

squares method. This involves choosing the weighting coefficients in such a way that the 

sum of the squares of the error for each data point is minimised. If multiple predictors are 

analysed, this is made possible by considering multiple dimensions. (Figure 2). (Chatterjee 

& Simonoff, 2013, p.5-6). 

 

 

Figure 2. ‘Least squares estimation for the multiple linear regression model with two 

predictors. The plane corresponds to the fitted least squares relationship, and the lengths of 

the vertical lines correspond to the residuals. The sum of the squared values of the lengths 

of the vertical lines is minimised by the plane.’ (Chatterjee & Simonoff, 2013, p.7). 

In addition to the least squares estimation method, the partial least squares method is a 

method used in some multilinear regression software, such as analycess procurement. The 

partial least squares method similarly aims to minimise the residual but additionally 

minimises the collinearity of value drivers, allowing for the selection of non-independent 

variables, for-example ‘capacity’ and ‘volume,’ to be simultaneously analysed as value 

drivers. This is achieved by projecting multidimensional data points (data points with 
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multiple value drivers) into a lower dimension latent vector space as latent variables in such 

a way that as much information is retained as possible. This is illustrated in analycess 

procurement’s used manual, wherein the shape of a Rubik’s cube is analogous to a three-

dimensional data point and its shadow is analogous to a two-dimensional latent vector space 

(Figure 3). Furthermore, the Rubik’s cube is rotated until the area of the shadow is 

maximised. Analysis of the data points is then performed, before it is converted back to the 

original higher dimension data points. (Processbench, 2020). 

 

 

Figure 3. Illustration of partial least squares analogy (Processbench, 2020). 

 

Moreover, cost-regression analysis differs from other regression analyses in that no 

assumptions about weighting factors of value drivers are made. Instead, the weighting 

factors are the result of the analysis. The procedure is also known as the performance pricing. 

(VDI 2817 - Part 1, 2018, p.3). In the case of multidimensional data sets, it is also referred 

to as ‘multidimensional linear performance pricing’ or MLPP, especially at AGCO. 

The MLPP model is often presented with price on the vertical axis and technical value, 

alternatively known as the price function, on the horizontal axis as a ‘value graph’ (example 

in Figure 4). The technical value refers to the formula consisting of the sum of the product 

of the weighting factors arrived at in the analysis and the value drivers similar to Equation 1 

(with the notable exception of the error term), which is used to calculate the expected price. 

(Processbench, 2020). This effectively projects the multidimensional analysis (as in Figure 
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2) onto a two-dimensional plane. A practical example of a technical value formula is given 

in Figure 5. The value graph provides insight into the nature of the products analysed. For 

example, the ‘average’ line depicted in Figure 4 corresponds to the partial least squares 

estimate and the data points falling above the line, marked as ‘UNFAVORABLE,’ are the 

comparatively expensive products, whereas those falling below the line, marked as 

‘FAVORABLE,’ are the comparatively cheaper products. (www.processbench.com, n.d.). 

Throughout this work the numerical labels of the value graphs have been hidden in order to 

conform with AGCO’s confidentiality requirements. They never start from a negative value 

and increase linearly. 

 

 

Figure 4. Value graph example (www.processbench.com, n.d.). 

 

 

Figure 5. Practical example of technical value (Processbench, 2020). 
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1.1.3  Statistical Indicators 

In order to validate a cost-regression model it is necessary to consider certain statistical 

indicators. Those used in the development of MLPP models are presented here. 

• Coefficient of determination. 

o Defined in Equation 2 (Chatterjee & Simonoff, 2013, p. 10-11): 

 
𝑅2 = 1 −

𝑅𝑒𝑠𝑖𝑑𝑢𝑎𝑙 𝑆𝑆

𝐶𝑜𝑟𝑟𝑒𝑐𝑡𝑒𝑑 𝑇𝑜𝑡𝑎𝑙 𝑆𝑆
 

(2) 

Where 𝑅2 is the coefficient of determination, where 𝐶𝑜𝑟𝑟𝑒𝑐𝑡𝑒𝑑 𝑇𝑜𝑡𝑎𝑙 𝑆𝑆 is 

the corrected total sum of squares (the variability of the target variable), and 

where 𝑅𝑒𝑠𝑖𝑑𝑢𝑎𝑙 𝑆𝑆 is the residual sum of squares (the variability left over 

after doing the regression). 

o Essentially, the coefficient of determination measures the proportion of 

variability left over after the regression, relative to the total variability. 

o Ranges from zero to one. Values closer to one indicate a good deal of 

correlation between the predictors and the dependent variable, whereas 

values closer to zero indicate little correlation. (Chatterjee & Simonoff, 2013, 

p. 11). 

o ‘For performance pricing, values of greater than 0.6 should be achieved in 

order to draw valid conclusions’ (Processbench, 2020). 

• Adjusted R2. 

o Defined in Equation 3 (Chatterjee & Simonoff, 2013, p. 11): 

 𝐴𝑑𝑗𝑢𝑠𝑡𝑒𝑑 𝑅2 = 𝑅2 −
𝑛𝑣𝑑

𝑛 − 𝑛𝑣𝑑 − 1
∙ (1 − 𝑅2) (3) 

Where 𝑛𝑣𝑑 is the number of value drivers and where 𝑛 is the sample size. 

o Unless the number of value drivers is large relative to the sample size, then 

𝐴𝑑𝑗𝑢𝑠𝑡𝑒𝑑 𝑅2 ≈ 𝑅2 3 (Chatterjee & Simonoff, 2013, p. 11). Hence, in cases 

with a significant number of value drivers and a low sample size it is 

necessary to additionally consider the 𝐴𝑑𝑗𝑢𝑠𝑡𝑒𝑑 𝑅2. However, in cases with 

a large sample size and a small number of value drivers, it is less necessary. 
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• F-statistic. 

o Defined in Equation 4 (Chatterjee & Simonoff, 2013, p. 11-12): 

 

𝐹 =

𝑅𝑒𝑔𝑟𝑒𝑠𝑠𝑖𝑜𝑛 𝑆𝑆
𝑛𝑣𝑑

𝑅𝑒𝑠𝑖𝑑𝑢𝑎𝑙 𝑆𝑆
𝑛 − 𝑛𝑣𝑑 − 1

 

(4) 

Where 𝐹 is the F-statistic, and where the 𝑅𝑒𝑔𝑟𝑒𝑠𝑠𝑖𝑜𝑛 𝑆𝑆 is the regression 

sum of squares (the variability accounted for by doing the regression). 

o The F-statistic effectively compares the proportion of explained variance and 

the proportion of unexplained variance. Unlike the coefficient of 

determination, the F-statistic reveals whether the technical value formula 

developed is representative and significant, as opposed to solely measuring 

correlation. (Backhaus et al., 2008, p. 70). 

o The F-statistic ranges from zero to infinity. ‘The greater the F-statistic, the 

more likely it is that the right value drivers were used in the price function. 

In practice, the F-statistic is therefore used as an indicator for how realistic 

the price function is.’ (VDI 2817 - Part 1, 2018, p.22). 

• The Stone-Geisser criterion, Q2. 

o The Stone-Geisser criterion is calculated by removing and re-entering each 

data point in the model one at a time. The technical value formula will 

consequently change each time a data point is removed, until it is readded. 

The extent of this change is measured and recorded using the Stone-Geisser 

criterion. (VDI 2817 - Part 1, 2018, p.22). Effectively the dependence of the 

model on individual data points is measured. 

o The Stone-Geisser criterion ranges from negative values to one. Positive 

values indicate a robust model, whereas negative values indicate an unstable 

model. (VDI 2817 - Part 1, 2018, p.23). 

1.1.4  Gear Manufacturing Processes 

Current information on the manufacture of gear forgings is generally unavailable, due to 

competition between suppliers incentivising a level of secrecy surrounding the 

manufacturing processes they use as well as suppliers’ desire for asymmetry of information 
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between them and purchasers. Furthermore, due to protracted publishing schedules, 

literature detailing manufacturing techniques is often outdated by the time it is published. 

Hence, it is necessary to later verify the information presented in this subsection as part of 

this research - by interviewing forging experts for example. 

Although it is possible to produce gear blanks (uncut gears) through casting and forming 

(Davis, 2005, p.14), forging is the focus of this research. Forging of gear blanks is carried 

out in hot conditions (temperatures higher than the recrystallisation temperature, 1000-

1250℃ in the case of steel (Doege and Behrens, 2010, p.8) with preheated metal placed 

under intense pressure until it fills the die cavity. This produces grain flows that follow gear 

contours (even into the teeth), making forged gears stronger than those made by other 

processes. Consequently, near-net shape and net shape gear are increasingly produced to 

fulfil demand for high strength and durability gears in addition to forged blanks. (Davis, 

2005, p.15). 

Closed die forging is a common gear forging technique that involves the total enclosure of 

the work piece by dies. Hence it is essential to ensure that the forging blank is sufficiently 

dimensioned to prevent damage to the die, which is highly expensive due to its complex 

geometry and high durability requirements. (Kalpakijan & Schmid, 2023, p.316-317). 

Forging pressure is applied to the forging blank in the die through the utilisation of a variety 

of equipment. Two of particular relevance to gear forgings are mechanical presses 

(specifically crank presses) and screw presses. Crank presses (Figure 6) are capable of 

exerting forces of up to 107 MN in the case of the largest specimens, screw presses (Figure 

7) are limited to 280 MN but offer greater precision. (Kalpakijan & Schmid, 2023, p.326). 

 

 

Figure 6. Simplified crank press schematic (Kalpakijan & Schmid, 2023, p.326). 
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Figure 7. Simplified screw press schematic (Kalpakijan & Schmid, 2023, p.326). 

 

Heat treatment is another critical step, in the gear manufacturing process making up almost 

one third of typical gear manufacturing costs. Several heat treatments are performed 

throughout the forging process. (Davis, 2005, p.16-17). After forging it is necessary to pre-

machine the forging, before moving on to the main cutting process. This usually entails the 

production of bevelled edges and removal of surface are in a CNC machine. Both increasing 

as the weight of the gear forging increases. However, this is not always done at the forging 

facility and may instead be done at the cutting facility.  

Finally, inspection is also an integral stage of the gear manufacturing process. Since gears 

have irregular shapes, this can be somewhat complicated and time consuming, requiring 

special tools, such as gear tooth vernier callipers. However, it is increasingly common to 

utilise specialised machines. (Davis, 2005, p.15). 

1.2  Motivation 

The research is conducted on behalf of AGCO Power Oy, a subsidiary of AGCO Corporation 

an American agricultural machinery manufacturer and owner of brands such as Challenger, 

Fendt, Massey Fergusson, and Valtra. 

1.2.1  Significance to AGCO 

Gear forgings are later cut into gears, which are components in a wide variety of AGCO’s 

products such as tractors, combines, and tillage equipment. Each year AGCO orders 
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hundreds of different gear forgings, with the quantities ordered ranging in the thousands. 

Hence, it is not practical to develop bottom-up cost-based price models for each gear forging 

ordered, necessitating the development of a top-down cost-regression analysis. Doing so will 

enable AGCO’s purchasers to identify which suppliers price their products most 

aggressively and the analysis’ results may be further used during negotiations. Furthermore, 

the cost-regression analysis may be used to quickly estimate the costs of new products 

featuring forged gears.  

Cost-regression analysis has been used by AGCO’s supplier cost analysts for several years 

for a variety of products. A cost-regression analysis has previously been developed in the 

first quarter of 2017 for two of AGCO’s European manufacturing sites to which gear 

forgings are delivered and are then cut into gears. Around one hundred different products 

were included in the old model. However, many are no longer actively purchased, some are 

produced by a new supplier, and the commercial data of each product has changed. Due to 

the significant market changes over the past seven years, particularly the European energy 

crisis beginning in 2022 and disruptions to supply chains brought about by COVID-19. 

Furthermore, AGCO’s demand for forged gears has changed to reflect changes to the 

demand for AGCO’s products from consumers, particularly due to changes in global 

agricultural markets. Hence, the model developed in 2017 is deemed to be no longer 

applicable to present conditions.  

Currently AGCO orders roughly one hundred different gear forging products annually, with 

a total annual quantity of almost 563,000 and an annual purchasing spend of almost ten 

million euros.  Moreover, less than a third of the gear forgings ordered by AGCO have cost-

based price models, many of which are outdated or are lacking in detail, furthering the need 

for the development of a new cost-regression model. 

1.2.2  General Significance 

More generally, the cost-regression analysis will provide insight surrounding the influence 

of different technical characteristics on product cost. Hence, it will provide designers of gear 

systems utilising forged gears with an evaluation of which technical characteristics of gear 

forgings are most associated with product price. Moreover, the research serves as a general 
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methodology for the conduction and validation of cost-regression analyses, which may be 

applied to other products in other companies. 

1.3  Research Problem 

AGCO lacks current information about the value drivers most heavily associated with the 

product price of gear forgings. The commercial data available dates back to 2017, which is 

no longer relevant in the wake of the significant market changes over the last seven years as 

suppliers’ prices have changed in addition to changes AGCO’s purchasing spend. 

Furthermore, the technical data AGCO possesses is incomplete, as many of the products 

included in the old model have been replaced with different products. Moreover, AGCO 

lacks a sufficient density of current and detailed cost-based price models to solely rely on 

them for the purpose of analysing their gear forging spend. Finally, current information about 

which gear forging technical characteristics are significant is unavailable. 

1.4  Research Goal 

The research aims to develop a MLPP model and thereby identify the value drivers 

associated with cost as well as to evaluate their significance. Particularly the significance of 

material value drivers for the used steel grades 15CrNi6, 16MnCr5, 20MnCr5, 20NiCr5Mo2, 

and 42CrMo4 as well as the significance of the pre-machining indicator value driver which 

indicates whether products were ordered as pre-machined gear forgings as opposed to raw-

forgings (for later machining). Furthermore, the research will evaluate and calibrate the 

MLPP model through the development and usage of several cost-based price models. 

Moreover, the research serves as a guiding document for the development of MLPP models 

for other products. 

1.5  Research Question 

The research problem may be addressed, and the research goal may be achieved by 

considering the following research question: ‘Which value drivers are associated with the 

cost of gear forgings and to what extent?’  
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1.5.1  Hypothesis 

In the MLPP model originally produced in 2017 the net weight of the gear forgings alongside 

the material selection were the most significant value drivers. The respective impact varied 

depending on the material in question and it deviated only a small amount from AGCO’s 

price for the respective material in the first quarter of 2017. Other value drivers were of 

substantially lesser impact. Hence, it may be hypothesised that the most significant value 

drivers will continue to be the net weight of the gear forging and the material selection, and 

that the combined value driver will resemble AGCO’s purchasing price for the respective 

material. 

1.6  Research Methods 

The research involves three main methods: interviews, analysis of data using MLPP, and the 

development of cost-based price models. As discussed previously, it is difficult to find 

current literature discussing the production of gear forgings. Consequently, it is necessary to 

conduct interviews with forging experts to qualitatively ascertain the implications of 

different technical characteristics on the production costs of gear forgings. This is then 

further explored quantitatively by developing a MLPP model. Finally, the results of the 

model will be expanded upon quantitatively using cost-based price models. 

1.7  Scope 

The research is limited to gear forgings purchased in only one of AGCO’s global purchasing 

regions, the Europe and Middle East (EME) region. Consequently, economic variations 

between regions are minimised. Further, considered suppliers are broadly located in central-

Europe (Northern Italy, Germany, Poland, and the Czech Republic). Moreover, prices and 

costs are restricted to those of the second fiscal quarter of 2024. Additionally, the research 

does not attempt to account for human factors that affect price, such as the varying 

negotiation skills of different suppliers and purchasers. 
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2  Methods 

A variety of research methods are employed – both qualitative and quantitative. They are 

described subsequently alongside their reliability analysis. Each method will be used to 

evaluate the results of the other methods in order to arrive at a thoroughly researched 

conclusion as discussed in the methodology. 

2.1  Interviews 

Form interviews are conducted with two forging experts with the intention of accumulating 

qualitative results. The first interviewee is selected from within AGCO, due to their practical 

expertise and knowledge about AGCO’s suppliers. The second interviewee is external to 

AGCO, in order to obtain an outsider’s perspective.  

2.1.1  Description 

The interviewees are presented with the following questions and are encouraged to answer 

freely: 

1. What is your background, specifically with reference to the production of forged 

gears or forgings in general? 

2. What do you consider to be the most common forging techniques in central Europe, 

specifically Northern Italy, Germany, Poland, and the Czech Republic? 

3. Which technical characteristics (i.e. outer diameter, thickness, central hole size, etc.) 

of a gear forging or forgings in general do you expect to contribute most to 

production costs? 

4. How does material selection impact forging costs, especially the following steel 

grades: 15CrNi6, 16MnCr5, 20MnCr5, 20NiCr5Mo2, and 42CrMo4. Which steel 

grades tend to be easiest to forge? 

5. Do you consider it to be more economical to conduct pre-machining of gear forgings 

in the same forging site or in a separate, dedicated facility? 
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The interview conducted within AGCO was conducted in an online meeting. The interview 

was recorded, and it was possible to ask clarifying questions. The interview with a source 

external to AGCO was conducted over email. Clarifying questions were deemed 

unnecessary. The results of the two interviews are additionally compared. 

2.1.2  Reliability Analysis 

By first asking the interviewees about their background in the forging industry it is possible 

to verify their level of expertise. Moreover, it is essential that the interviewee from outside 

of AGCO is not currently directly involved with the forging industry, to ensure that their 

responses are unbiased. It should also be noted that the interviewee from within AGCO 

possesses knowledge that is highly specific to AGCO and its suppliers. This should be 

accounted for when generalising the results of the interview.  

2.2  MLPP 

An MLPP model is developed with the intention of using commercial and technical data to 

generate quantitative results. The method largely follows the procedure outlined in Part 1 of 

VDI (Verein Deutscher Ingenieure, English: Association of German Engineers) standard 

2817, published in November 2018 (VDI 2817 - Part 1, 2018, p.6-31) using Processbench’s 

analycess procurement. 

2.2.1  Description 

The overall method is presented in Figure 8. It consists of six steps that require frequent 

reconsideration of prior steps. The key considerations made in each step are detailed in the 

following subsections.  
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Figure 8. The six steps of performance pricing (modified) (VDI 2817 - Part 1, 2018, p.7). 

 

Selection of Products or Services to be Analysed 

It is first necessary to select the products to be analysed (VDI 2817 - Part 1, 2018, p.8). As 

already discussed in the scope and research problem, gear forgings purchased in AGCO’s 

EME global purchasing region are analysed to address the existing knowledge gap brought 

about by the significant market shifts in recent years. Moreover, it is possible to analyse gear 

forgings using objective, reproducible criteria, since neither the commercial data nor the 

technical characteristics are subjective. Furthermore, there are slightly over 100 different 

products within this category, indicating that a statistically significant quantity may be 

analysed. More than double the recommended minimum of forty products (Schuh, 2017, 

p.174-175). 

Value Driver Identification and Discussion 

Secondly it is necessary to identify and discuss the value drivers. Value drivers should relate 

to the cost of production, for example: weight, geometrical characteristics, and material. 

Commercial data, such as overheads, labour costs, and machine costs, are not to be selected. 

(VDI 2817 - Part 1, 2018, p.9).  
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Technical characteristics, such as inner and outer diameter, thickness, net weight, and 

material selection, are available for those products included in the prior model and for new 

products it is possible to obtain the data from their technical drawings. In part 2 of VDI 

standard 2817, published in November 2020, the following value drivers (and units) are 

proposed for forged components: material type, weight (kg), length (mm), internal diameter 

(mm), external diameter (mm), surface area (mm2), and surface treatment (VDI 2817 - Part 

2, 2020, p.82). Since material type, weight, length (in this case thickness), internal diameter, 

and external diameter are already available for some products and easy to access from 

technical drawings from the remainder, they are selected as potential value drivers.  

The surface area is not readily available and is difficult to calculate for more complex 

forgings. Hence, an approximation utilising the top and bottom surfaces as well as the inner 

and outer surfaces is calculated using Equation 7: 

 
𝐴 = 2𝜋 ∙ ((

𝐷𝑒

2
)

2

− (
𝐷𝑖

2
)

2

) + 𝜋 ∙ 𝑡 ∙ (𝐷𝑒 + 𝐷𝑖) 
(5) 

Where 𝐴 is the approximated surface area, where 𝐷𝑒 is the external diameter, where 𝐷𝑖 is 

the internal diameter, and where 𝑡 is the thickness. It should be noted that the approximation 

underestimates the surface area, since the top and bottom surfaces of gear forgings are not 

flat discs. This approximation is also, albeit tentatively, selected as a potential value driver. 

Surface treatment is omitted as a value driver. Since the surface treatment data is incomplete 

it should be omitted (VDI 2817 - Part 1, 2018, p.15). Moreover, of those parts for which 

surface treatment data was available, annealing was the surface treatment method used for 

all but four products. Hence, there is insufficient data to use surface treatment methods as 

value drivers. 

Additionally, the effective number of potential value drivers is reduced by combining the 

categorical material value driver with the numeric weight value driver for each product of a 

given material as in the example presented in Figure 9. Thus, producing a combined purely 

numerical value driver, ‘material weight,’ for each material, with one fewer effective driver 

overall. According to the standard ‘If the numerical and categorical value drivers were used 

directly, the regression would yield a coefficient for the numerical value driver ‘weight,’ 

which applies to all three products considered, irrespective of the categorical value drivers 

(material types). In this specific case, this factor would represent an average basic material 
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price per kg and thus a uniform value for all three materials. In reality, however, the basic 

material prices (€/kg) differ.’ (VDI 2817 - Part 1, 2018, p.12). Hence, it is necessary to 

format the material and weight data as shown in the optimised case in Figure 9. 

  

Figure 9. Weight per component and material type per component example (VDI 2817 - 

Part 1, 2018, p.13). 

 

It is necessary to include a minimum of five data points per value driver alongside an 

additional five (Processbench, 2020). Hence, it is necessary to further omit products 

composed of 42CrMo4 from the analysis, since only two products are composed of it. 

Finally, the categorisation of products into pre-machined products and raw forgings is 

additionally identified as a potential value driver that has not previously been investigated. 

This is represented with a ‘pre-machining indicator,’ with two categories ‘yes’ and ‘no.’ 

Data Collection and Verification 

Thirdly, it is necessary to collect and verify the data. Commercial data such as annual 

purchasing volume is readily available through AGCO’s internal data aggregating tool, 

NOESIS, which centralises data from other commercial tools used at AGCO such as 

Windchill and SAP. Existing technical data is verified by accessing the product’s 

corresponding technical drawings and new data may be added in the same way. Each data 

point was verified at least once, due to the potential for human error when interpreting a 

large volume of technical drawings. It is also critical to ensure that consistent dimensions 

are used for each technical characteristic. Moreover, it is necessary to exclude cases with 

insufficient, missing, or incomplete data, either by removing the products entirely (as was 

done with products composed of 42CrMo4) or by choosing not to consider the entire value 
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driver (as was done with surface treatment). Since the data consists of objective technical 

characteristics, it is not necessary to consider the subjectivity of the data. Finally, the data 

may be checked for duplicates which must subsequently be removed. (Pipino et al., 2002, 

p.211-218). 

Development of a Statistical Model 

The collected data is prepared and uploaded to analycess procurement. The first linear 

independent value drivers may already be selected in the software. They must, however, 

fulfil three conditions. Firstly, they must be linearly correlated with price, evidenced by 

having a coefficient of determination, R2, close to one (‘from experience, however, the visual 

information is sufficient’ (VDI 2817 - Part 1, 2018, p.17)). Secondly, they must be 

independent of one another. Thirdly they must be significant. 

The material weight value drivers are assumed to fulfil these conditions and are thus selected. 

They are assumed to be linear value drivers as the analysed forged gears have relatively low 

weight (the heaviest weighing less than 25 kg), so the material costs can also be assumed to 

be linear. They are known to be independent of one another, as no analysed products are 

composed of a mixture of materials. Finally, they are assumed to be significant, as per the 

hypothesis. Before further developing the model, it is necessary to verify the assumptions 

made, however, by testing each material weight value driver separately (only with each 

material weight value driver’s respective products).  

The benefit of making this assumption is that if correct it is possible to bypass the 

construction of a scatter plot matrix to investigate the relationship of every variable with 

every other variable, namely verifying that the initially selected variables are indeed linearly 

correlated with price and independent of each other. In the case of gear forgings, this is 

relatively promising. However, if the assumption does not hold it is necessary to form a 

scatter plot matrix in order to correctly identify initial value drivers. 

After this initial selection, additional value drivers are iteratively selected in the 

‘mathematically preferred’ (VDI 2817 - Part 1, 2018, p.20) ‘forward selection’ procedure. 

Fewer value drivers, reduces the likelihood of the selection of irrelevant value drivers, and 

is therefore preferred. 
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Statistical Validation of the Model 

After the selection of each new value driver, it is necessary to revalidate the model by 

considering statistical indicators. The general procedure is given in Table 1. Additionally, 

some qualitative checks should be made graphically using the value graph. For example, the 

extent of residuals should not tend to increase or decrease more with rising price and the 

positive and negative residuals should, on the whole, cancel each other out (VDI 2817 - Part 

1, 2018, p.24). Additionally, it is necessary to check for nonlinearity within the model. This 

is typically identified if any technical values are calculated as zero or as negative. 

 

Table 1. Steps and tools for generating and validating a regression model (modified) (VDI 

2817 - Part 1, 2018, p.18). 

Regression model 

step 

Objective Tools selected Statistical 

quality 

indicators 

Checking the 

regression 

function 

Checking the overall model F-test, Stone-

Geisser 

Adjusted R2, F-

statistic, and Q2 

Checking the 

model premises 

Checking whether the mathematical 

premises are fulfilled for the respective 

regression method applied 

Checking for 

nonlinearity 

- 

 

Evaluation of the Model 

The evaluation of the model includes the following considerations (VDI 2817 - Part 1, 2018, 

p.29): 

• Check for extreme values. 

o It is checked that both of the products with the highest and lowest technical 

values lie on (or near to) the average line. If not, they are removed. 

• Check for leverage point. 
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o Data points that have technical values strongly deviating from the rest of the 

data set are to be removed, due to their disproportionate influence. 

• Check for point clouds. 

o When two clearly defined clouds of data points are present, they are instead 

to be split into two models. 

• Qualitative check of the price equation. 

o The technical value equation is logically assessed, from an economical 

perspective. The signs of the weighting factors are the most significant. 

2.2.2  Reliability Analysis 

The MLPP procedure is a largely statistical method which involves little to no subjectivity. 

In this case all considered products are highly standard in nature, so very little subjectivity 

is involved. Additionally, the data can be largely considered accurate, due to the simplistic 

nature of the characteristics drawn from technical drawings as well as the fact that each data 

point was verified at least once. Hence, reducing the potential for human error during data 

collection and verification. However, it is necessary to apply statistical considerations, such 

as sample size considerations, dismissal of incomplete data, and the utilisation of statistical 

indicators in order to ensure the reliability of the model. Furthermore, it is necessary to 

critically evaluate the produced MLPP model as detailed previously. Finally, the utilisation 

of a surface area approximation is necessary to consider before drawing conclusions, if it is 

implemented in an accepted model. 

2.3  Cost-Based Price Modelling 

Cost-based price models are produced in order to produce quantitative results that may be 

used to calibrate the MLPP model. They are based on AGCO’s existing closed-die forging 

process templates in Siemens Teamcenter Product Cost Management (TcPCM). 

2.3.1  Description 

The cost-based price models are based on the following details: 
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• Fiscal quarter two is considered, so the middle of May is selected as the calculation 

date. 

• AGCO’s raw material and scrap prices for the selected steel grades at the two 

examined purchasing sites. 

• Production site and associated data such as local labour and energy costs as detailed 

in TcPCM’s database. 

• Machinery costs, including acquisition costs, maintenance costs, et cetera as detailed 

in TcPCM’s database. 

• Manufacturing process and strategy based on AGCO’s understanding of the suppliers 

studied and the materials used. For example, usage of closed-die forging templates, 

anticipating hot forging at appropriate temperatures, heat treatment techniques, 

inspection methods, et cetera. 

• Production volumes according to AGCO’s commercial data tool, Noesis. 

• Technical characteristics, such as external diameter, mass, and material, of the 

forgings analysed, in order to estimate cycle times and thereby costs for the involved 

processes as well as raw material costs. 

Multiple products are to be selected for modelling across the model. At least one per range 

of 10 € of technical value. The models selected are those most central to the given ranges 

and those as close as possible to the line as suggested in VDI 2817 – Part 1 p.31. Effort is 

additionally made to ensure that there is a diversity of technical characteristics and 

commercial data amongst those models selected. Furthermore, since the data set is roughly 

divided into two (74 raw forgings, 27 pre-machined products), from each technical value 

range one raw forging and one pre-machined product is selected. 

Once all of the selected products have had cost-based price models produced, they are to be 

added to the model as new points with the same technical values but with changed prices 

(VDI 2817 - Part 1, 2018, p.31).  

2.3.2  Reliability Analysis 

As discussed previously there is a considerable amount of asymmetry of information 

between suppliers and purchasers. Hence, it should be noted that the values arrived at using 

cost-based price models are estimates. The calculated costs are based off of the data in 
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TcPCM, which must constantly be assessed critically, and in some cases, manually 

overwritten, due to fluctuations or other inaccuracies in Siemens’ datasets. Furthermore, it 

is advisable to have the models validated by someone highly familiar with the suppliers in 

question and their manufacturing processes. In this case AGCO’s regional forgings and gear 

buyer for the Linnavuori site, Tomasz Walach (introduced in further detail in his interview 

in section 3.1.1) validated the models. Additionally, effort is made to account for price 

fluctuations across the second fiscal quarter by selecting a date in the middle. Moreover, 

cost-based price models only account for what can be quantitatively measured. A human 

factor is involved in reality, as the skill of the negotiators (be they purchasers or suppliers), 

has a substantial impact on price. Finally, it is important to note that the cost-based price 

models are typically done conservatively, in order to avoid erroneously identifying savings. 

Thus, reducing the potential for purchasers to waste time and resources attempting to bridge 

an overestimated cost gap, by either renegotiating or spending time investigating alternative 

suppliers. 

2.4  Methodology 

The three methods are used to attempt to triangulate a result (Figure 10). The results of each 

method are compared with one another, thus allowing for a greater degree of certainty about 

the results of the research, thereby enabling the formulation of a more accurate conclusion. 

 

 

Figure 10. Methodology diagram.  
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3  Results 

The results of the three research methods indicate similar results. Material weight seems to 

be the most significant value driver for gear forgings, with other value drivers having only 

minor effects. Additionally, distinguishing between pre-machined products and raw forgings 

is of significant importance.  

3.1  Interview Reponses 

Interview responses are presented in the following subsections. Answers have been modified 

for clarity, with the content remaining unchanged. 

3.1.1  AGCO Interview 

1. I am Tomasz Walach AGCO’s regional forgings and gear buyer for the Linnavuori 

site. I already began studying forging processes in primary school in the 1990s. A 

major Polish forge, Kuznia Polska’s predecessor (Zaklady Kuznicze Ustron), owned 

the primary school. I later obtained a bachelor’s degree in metallurgy from AGH 

University of Krakow. I have 20 years of experience in Kuznia Polska as a chief of 

production and technical services. I later worked at TIZ Implements as a forgings 

specialist for 2 years where I gave customer support relating to CNC machining of 

forgings. I have since worked as a forgings buyer for AGCO for 12 years. 

Additionally, I have been a member of the Polish Forging Association (part of 

Euroforge) for 20 years and I attend ten meeting annually, both within and outside 

of Europe, to discuss and learn about new forging technologies, skills and industry 

trends.  

2. AGCO previously mainly bought raw forgings, but now frequently buys pre-

machined forgings. Central-Europe is the biggest forging market in the world and all 

of AGCO’s suppliers in the region currently use induction heating. Energy costs 

mainly come from this stage, which has always been the costliest part of the process 

– especially in recent years. AGCO’s suppliers use closed dies with either crank or 
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screw presses. Northern Italian suppliers mainly use screw presses, whereas Polish 

suppliers mainly use crank presses. In Germany and the Czech Republic suppliers 

may use either. The crank press is quicker, and the screw press is better for larger 

parts, since it applies the force directly. This is followed by removal of flash and then 

heat treatment and sand blasting. The last steps are relatively inexpensive, but 

equipment maintenance costs are high and pollution control and waste disposal is 

complicated. 

3. Forging weight is by far the biggest factor followed by heat treatment requirements, 

raw material grade, and forging shape. Of the heat treatment processes available, 

quenching and tempering is the most expensive, and normalisation is the cheapest.  

4. For gear forgings, the mentioned steels grades vary little in forgeability. They all 

need to be heated to above a similar recrystallisation temperature (about 1200℃) at 

which point the materials flow similarly. The price difference can be more directly 

attributed to the material’s cost rather than differences in forgeability between the 

mentioned materials. 

5. Having suppliers do the pre-machining is more economical than buying raw forgings 

and pre-machining them. This avoids double packaging and other logistical issues. 

Additionally, suppliers can better integrate pre-machining into their assembly line. 

3.1.2  External Interview 

1. I am Seppo Kivivuori professor emeritus at Aalto University. I was head of the 

Processing and Heat Treatment of Materials laboratory. My lecture and research 

topics included deformation manufacturing processes such as forging, extrusion and 

sheet metal forming. 

2. The most common forging technique will be closed die forging. Open die forging 

techniques are also used widely. The most developed countries mentioned are Italy 

and Germany. Poland and the Czech Republic have a lower quality level, but the 

salary costs are lower than in western Europe.  

3. In closed die forging, the geometrical aspects do not affect production costs, except 

for the forging area. In open die forging the central hole must be large enough for the 

mandrel. The forging thickness will contribute to forging load needed, thus raising 

production costs.  
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4. All five of the mentioned steel grades are forgeable and perhaps material selection 

must be done on the basis of material properties, tribological aspects, and 

manufacturing methods used. But of course, low alloyed steels are usually more 

ductile and softer, thus allowing lower forging loads. However, low carbon steels 

need higher forging temperatures thus raising production costs. 15CrNi6, 16MnCr5, 

20MnCr5, and 20NiCr5Mo2 can all be surface hardened by carburising but 42CrMo4 

must be hardened and tempered following induction surface hardening and 

tempering. 

5. I believe that if pre-machining is be done in close co-operation with the forging plant, 

the material and transportation costs as well as the production time can be highly 

reduced in the future. 

3.1.3  Comparison of Interviews 

Both interviewees identify closed die forging as the most common forging technique and 

mentioned some regional variations between the manufacturing processes and associated 

costs. Additionally, they both were of the opinion that geometrical characteristics are not 

primary value drivers for gear forgings. Furthermore, both interviewees stated that the 

different steel grades have very little difference in forgeability. Finally, both interviewees 

agreed that it was more economical to conduct pre-machining at or in close co-operation 

with the forging plant. 

3.2  MLPP 

Initially the coefficient of determination, and regression significance of each of the initially 

selected value drivers (first analysed separately) is recorded and presented in Table 2, to 

verify that the assumptions made in ‘2.2.1 Description – Development of a Statistical Model’ 

are correct. For further qualitative assessment, the cost-regression plot for each material 

weight value driver is attached in Appendix 1. 
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Table 2. Coefficients of determination and regression significances for initially selected 

material weight value drivers. 

Value Driver (kg) R2 Significance (%) 

15CrNi6 weight 0.99564 99.98776 % 

16MnCr5 weight 0.79156 100% 

18CrNiMo7-6 weight 0.9975 99.99999 % 

20MnCr5 weight 0.88971 100 % 

20NiCrMo2 weight 0.8141 99.99406 % 

 

The combined initial result using the whole data set with only material weight value drivers 

selected is additionally presented for qualitative assessment in Figure 11. For reference, of 

the other selected potential value drivers, the potential value driver with the highest 

coefficient of determination outside of those detailed in Table 2, was the surface area 

approximation, with a value of only 0.69977. 

 

 

Figure 11. Value graph with only material weight value drivers selected in analycess 

procurement (Initial Model). 
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The overall model has a very high adjusted R2 and Stone-Geisser criteria values (Figure 11). 

Furthermore, it has a relatively high F-statistic of 276.5. Additionally, no data points have 

negative technical values. 

analycess procurement ranks remaining value drivers based on a statistical selection 

algorithm (Processbench, 2020). The highest ranked value driver was the indication of pre-

machining. Selecting this value driver markedly increased the adjusted R2 and Stone-Geisser 

criteria values (Figure 12) as well as significantly raising the F-statistic to 419.35 (a 50% 

increase). Additionally, no data points have negative technical values. This model is 

henceforth referred to as Model A. 

 

 

Figure 12. Value graph with material weight value drivers and the pre-machining indicator 

selected in analycess procurement (Model A). 

 

Subsequently, the most recommended values had mixed or negative influence on statistical 

indicators. The models developed by adding the next three most recommended value drivers 

are presented in Table 3.  
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Table 3. Influence of adding the first three recommended additional value drivers on 

statistical indicators (green indicates a positive change, orange indicating a negative 

change from the prior model). 

Model 

name 

Added value driver Adjusted 

R2 

Q2 F-statistic Negative technical 

values 

Model B Surface area approximation 

(mm2) 

0.97003 0.96335 446.020389 0 

Model C Thickness (mm) 0.96868 0.96589 379.00004 0 

Model D External diameter (mm) 0.96982 0.96884 354.46874 0 

 

Due to the significant decreases to the model’s F-statistic brought about by the addition of 

additional value drivers to Model B, with only marginal, often mixed changes to the 

Adjusted R2 and Stone-Geisser criteria to compensate, subsequent models are rejected. Thus, 

two model candidates are identified. Model B (Figure 13) is noted for its exceptionally high 

F-statistic, whereas its predecessor, Model A, is notable for its non-reliance on 

approximations. 

 

Figure 13. Value graph with material weight value drivers selected alongside the pre-

machining indicator and surface area approximation in analycess procurement (Model B). 
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Both models have extreme values lying on the average line (lowest technical value and 

highest technical value), so there is no need to remove them from the data set. However, the 

extreme with the highest technical value may be considered a leverage point in both models, 

due to its extreme distance from other data points, and is therefore removed from both. Doing 

so does not reduce the number of products made from the same material (18CrNiMo7-6) to 

beneath five, thereby maintaining the statistical integrity of both models. 

In both models, there is a clear grouping of products into two clouds. Those with technical 

values beyond the red line in Figure 13 and those with a lesser technical value. In both 

models only four products belong to the former cloud, so their quantity is insufficient to 

isolate them into their own models. Hence, they are simply removed from consideration. 

Moreover, their removal reduces the number of products composed of 15CrNi6 in both 

models to less than five, so it is necessary to remove all such products from both models, in 

order to maintain statistical validity. After these removals the total number of products 

evaluated is still greater than one hundred, however.  

Finally, the technical value formula for both models (henceforth referred to as Models A2 

and B2, respectively, due to the modifications to the data set): is evaluated qualitatively 

(Figures 14 and 15). Both pass qualitative checks, having positive signs for numerical value 

drivers that increase price with amount and a logical pair of weighting coefficients for the 

categorical pre-machining indicator. 

 

 

Figure 14. Technical value formula for Model A2 in analycess procurement. 

 

 

Figure 15. Technical value formula for Model B2 in analycess procurement. 

 

Additionally, it can be noted that the regression coefficients for the material weight value 

drivers, when arranged by magnitude, follow the same order in both cases (in ascending 

order: 16MnCr5, 20MnCr5, 20NiCrMo2, 18CrNiMo7-6). 
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The updated models are presented graphically in figures 16 and 17. It should be noted that 

although there are no longer such distinct point clouds, the new extreme value with highest 

technical value does not fall directly on the average line, but it is relatively near. Moreover, 

the extent of residuals tends to increase with technical value. This was already the case in 

the previous model, but it is now more pronounced due to the shafted scale. 

 

Figure 16. Value graph for Model A2 in analycess procurement. 

 

 

Figure 17. Value graph for Model B2 in analycess procurement. 
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Due to the visual similarity of Models A2 and B2 it is not reasonable to qualitatively identify 

the superior model. Hence, a quantitative comparison of statistical indicators is presented in 

Table 4. 

 

Table 4. Comparison of statistical indicators. 

Statistical Indicator Model A2 Model B2 

Adjusted R2 0.91844 0.90869 

Q2 0.90939 0.90264 

F-statistic 192.44825 146.01082 

 

Model A2 is clearly superior, so Model B2 is rejected. As before new value drivers are 

assessed for addition to Model A2 and selected in the order recommended by analycess 

procurement’s algorithm. The results are presented in Table 5. 

 

Table 5. Influence of adding the first three recommended additional value drivers on 

statistical indicators (green indicates a positive change, orange indicating a negative 

change from the prior model). 

Model name Added value driver Adjusted R2 Q2 F-statistic Negative technical values 

Model A2A Thickness (mm) 0.91893 0.91032 166.17167 0 

Model A2B Internal diameter (mm) 0.91967 0.90917 146.96139 0 

Model A2C External diameter (mm) 0.92111 0.90732 133.31796 0 

 

Although Models A2A, A2B, and A2C do provide minor improvements to Adjusted R2, they 

have a disproportionately reductive effect on the F-statistic, so they are rejected in favour of 

Model A2. Model A2 is considered fully developed at this stage. 
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3.3  Cost-Based Price Models 

The products selected to have cost-based price models made are selected on the basis of two 

criteria. They are indicated in red and blue in Figure 18. First, the model is divided into three 

ranges based off of technical value (0-10 €, 10-20 €, 20-30 €). From each range two products 

are selected – one that has been pre-machined (pink) and one that is a raw forging (red). 

They are selected on the basis of centredness within their range and proximity to the average 

line, with those nearest selected. In the case of pre-machined products, the latter is difficult 

to achieve, due to a smaller number of products relative to raw forgings (27 v 76). The 

selected products are henceforth referred to by the smallest number in their range, followed 

by P for pre-machined products and R for raw forgings. For example, of those selected the 

pre-machined product with the lowest technical value is referred to as 0P and the raw-forging 

with the highest technical value is referred to as 20R. 

 

 

Figure 18. Model 2A with products selected to have cost-based price models denoted in 

pink if they have been pre-machined and red if they have not in analycess procurement. 
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The Percentage difference between the modelled prices and purchase prices of the selected 

products are presented in Table 6, alongside their purchasing price as well as their technical 

value. 

 

Table 6. Price data of products selected for the development of cost-based price models. 

Product Technical value (€) Percentage difference between modelled price and purchase price 

0P 7.92229 25.5% 

10P 14.58551 -4.6% 

20P 25.22749 -9.1% 

0R 7.515 11.1% 

10R 15.02341 3.5% 

20R 23.5398 4.9% 

 

Clearly in the case of raw forgings the modelled costs are systematically higher across the 

range. In the case of pre-machined products there is no clear systematic relation, likely due 

to the non-linearity of the pre-machining indicator.  

The purchase prices of products that have had cost-based price models developed (included 

in TcPCM) are added to Model A2 with the same technical value. This is demonstrated in 

Figure 19, wherein only those products which have cost-based price models are displayed. 

It should be noted that in the case of all but one (0R), the modelled price is closer to the 

technical value. Hence, the final mode, Model A2X, is produced (Figure 20). 
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Figure 19. Model A2X (products with cost-based price models only) in analycess 

procurement. 

 

 

Figure 20. Model A2X (all values) in analycess procurement. 
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Compared to Model A2, Model A2X has a slightly higher adjusted R2 and a slightly higher 

Stone-Geisser criterion (Figure 20). The F-statistic is also dramatically improved, increasing 

from 192.44825 to 220.06453 – an increase of 14.3 %. The resulting technical value formula 

is presented in Figure 21. From a qualitative perspective, the formula makes economic sense.  

 

Figure 21. Technical value formula for Model A2X in analycess procurement. 

The weighting coefficients of the material weight value drivers follow the same pattern as 

in previous models when accounting for magnitude (ascending order: 16MnCr5, 20MnCr5, 

20NiCrMo2, 18CrNiMo7-6). This is in line with AGCO’s purchasing prices for said 

materials. The technical value formula standard coefficients (standardised version of the 

weighting factor to make comparison of significance easier) and regression significances are 

presented in Table 7. 

 

Table 7. Model A2X technical value formula standard coefficients and regression 

significances. 

Value driver Standard coefficient Regression significance 

16MnCr5 weight 0.66202 100% 

18CrNiMo7-6 weight 0.38965 100% 

20MnCr5 weight 1.16085 100% 

20NiCrMo2 weight 0.52413 100% 

Pre-Machined: Yes 0.1628 99.99956% 

Pre-Machined: No -0.1628 99.99956% 

 

Clearly, all of the selected value drivers are of significance. However, the significance of 

material weight as a value driver is substantially more pronounced than with the pre-

machining indicators. 

Furthermore, the favourability of pre-machined products versus raw forgings may be 

observed using a value graph (Figure 22). 
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Figure 22. Model A2X with pre-machining indicators graphed in analycess procurement. 

It can be observed in Figure 22 that, according to Model A2X, at lower technical values it is 

favourable to purchase pre-machined products for the majority of products but at higher 

technical values (beyond the green line in Figure 22) it ceases to be as favourable. 

Finally, given the statistical validity of the model, it is possible to use it as the basis for the 

identification of savings potentials. 
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4  Discussion 

Across the board, the result of each method seems to indicate that the primary value driver 

of a gear forging is its material weight value, which supports the original hypothesis. Pre-

machining also seems to be a statistically significant value driver, the inclusion of which 

doesn’t reduce the reliability of the model and indicates that purchasing pre-machined 

products is usually advantageous at lower technical values but ceases to be for technical 

values beyond the green line in Figure 22. With material weight being one of the primary 

value drivers, essentially ‘greater technical value’ can largely be interpreted as meaning 

‘greater weight,’ as long as the products being compared have the same material and same 

pre-machining indicator. 

4.1  Discussion of MLPP Model 

The final MLPP model, Model A2X, seems to bear a high level of statistical validity and 

indicates a result that is mostly consistent with the other utilised research methods. However, 

after removing the point cloud of products with technical values beyond the red line in Figure 

13 the statistical indicators worsened across the board, particularly the F-statistic. It is 

uncertain exactly why that is, but it can be qualitatively observed that that point cloud 

happened to have a particularly linear distribution. This likely gave undue weight to the top 

end of the value graph, despite their limited sample size, which had the effect of concealing 

the notably less linear, but of a statistically more significant sample size, technical value 

range beyond the green line in Figure 22 but before the red line in Figure 13. Meaning that, 

although the statistical indicators of Model A2X are not as good as some earlier models, 

given sample size requirements, Model A2X should be more representative of reality than 

earlier models. 

4.1.1  Interview Considerations 

Both interviews revealed that material weight is the most significant value driver. Thus, 

supporting the final MLPP model. They also indicated that it would be more economical to 
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order pre-machined products, which is consistent with the model for technical values before 

the green line in Figure 22. Additionally, the interviews helped inform the cost-based price 

model development, by shedding additional light on forging processes used in central Europe 

and on the relative levels of forgeability of each material considered. 

4.1.2  Cost-Based Price Modelling Considerations 

The cost-based price models were adjusted from their original templates to match the results 

of the interviews. Additionally, the introduction of modelled prices improved the statistical 

validity of the MLPP model. Furthermore, comparing the original technical values, modelled 

prices, and purchasing prices (Figure 19) indicates that the cost-based price models are 

supported by (and support) the MLPP model, as all but one of those selected for modelling 

had a modelled price closer to the technical value than to the purchase price, even before 

addition to the model. 

4.2  Objectivity 

The results vary in objectivity depending on the method used. For interviews, both a source 

inside and outside of AGCO was used, and special care was taken to select an external source 

with limited current industry involvement, in order to reduce bias. However, interviews draw 

upon past experiences, so it is possible that the results of the interview are more reflective 

of the situation of the last few years, than the current situation. The MLPP model, however, 

is based off of objective (and current) data, so that component of the research may be 

considered impartial. The cost-based price models do require a decent number of 

assumptions be made and, as discussed previously, when developing cost-based price 

models, there is a tendency to overestimate costs. This is done in order to avoid erroneously 

underestimating costs and causing purchasers to waste time attempting to negotiate 

unrealistic price decreases. Hence, although the research is highly statistical in nature it is 

necessary to acknowledge these potential sources of partiality. 
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4.3  Reliability 

The statistical validity of Model A2X is relatively high. It has a high Adjusted R2 value as 

well as a high Stone-Geisser criterion. Its F-statistic is relatively large and qualitatively the 

model seems to fulfil most requirements. Furthermore, the value drivers considered all have 

100% or close to 100% regression significance. Moreover, the sample sizes are large enough 

to meet statistical validity criteria. More than forty products are considered, and each 

considered value driver has at least five products associated with it, in addition to another 

five products. Those value drivers with insufficient associated products or incomplete data 

were aggressively pruned and only five value drivers are selected in the final model, meaning 

that all those selected are of high significance. 

Additionally, although the model’s technical value formula passes a cursory qualitative 

check, it should be noted that in reality the cost of pre-machining is not based off a binary 

pre-machined/raw forging indicator but is based off of how much material is removed. In 

reality the amount of material removed increases with increased gear forging weight as the 

perimeter of edges to be bevelled and surface area to be removed increases (exponentially 

in the case of surface area). This increases cutting time and increases tool wear per pre-

machined product, hence increasing costs with increased product weight (and technical 

value). 

The model averages out the cost of pre-machining to a flat value. Since the majority of pre-

machined products analysed have a low technical value (only 11 out of 27 have a technical 

value beyond the green line in Figure 22), their lower pre-machining cost is thus 

overemphasised. This implies that the added technical value of pre-machining is 

underestimated in the case of pre-machined products of higher technical value compared to 

the true cost of pre-machining those products, which would explain why the pre-machined 

products with a higher technical value are located above the model’s average line, as 

observed in Figure 22. Moreover, this implies that the added technical value of pre-

machining is overestimated for lower technical value parts, detracting from the observation 

that it is favourable to purchase pre-machined products with lower-technical values. 

However, this overestimation of the added technical value of pre-machining for lower 

technical value products is less significant than the underestimation of the added technical 
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value of pre-machining for higher technical value products, since the averaged added 

technical value is heavily weighted in favour of lower-technical value products. 

Furthermore, upon visual inspection of Model A2X it is apparent that the extent of the 

residuals increases with increasing technical value, indicating a degree of non-linearity. This 

is of course, representative of the data which features the non-linear pre-machining indicator 

value driver. This should be rectified in future models, but the residuals here are not 

outstandingly large. Additionally, it could be argued that a point cloud exists for technical 

values beyond the green line in Figure 22. However, although they become sparser, theirs 

spacing is still relatively continuous. Moreover, there are not enough products to effectively 

form two separate models, as the existing model would be turned into two models each 

possessing a sample size that either is or borders upon being too small. It should nonetheless 

be noted that the consistency of the results of the interviews, MLPP model, as well as the 

cost-based price models indicate that the overall observations are still valid. 

Overall, Model A2X should still be representative of reality given sample size requirements 

and its statistical indicators, especially for raw forgings, but the results should be applied 

with care to gear forgings with greater weight, especially those that are pre-machined. 

4.4  Key Findings 

The key finding of the study is that the most significant value drivers for forged gears are 

material weight value drivers. Geometrical considerations are of little importance, but pre-

machining is a relatively significant value driver. Additionally, the favourability of pre-

machined products with low technical value is of potential significance. 

4.5  Novelty Value of Results 

The resulting model is of high novel value to AGCO, as it allows for the rapid assessment 

of the cost of gear forgings. Additionally, the model, Model A2X, may be used to ascertain 

which suppliers are favourable and which are not, by labelling products according to supplier 

on the value graph (Figure 23). The suppliers in Figure 23 have been left anonymous and 

are replaced with a number code. 
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Figure 23. Model A2X supplier favourability in analycess procurement. 

 

Similarly, this may be applied to other categorical data, such as the product’s country of 

origin. This may all be reported as potential savings to purchasers and purchasing strategies 

may be thereby improved by using these insights specific to AGCO.  

4.6  Generalisation of Results 

In general, it may be determined that for gear forgings the only value driver of significance 

is the material weight value driver. Other drivers are statistically insignificant. For example, 

a designer may wish to design a particularly thick gear forging. Although, increasing the 

thickness of the gear forging will surely lead to an overall increase in cost, this is dwarfed 

by the increase in cost due to increase material weight. Therefore, in this example, said 

designer can increase the thickness as much as they deem reasonable, as long as they 



48 
 

accordingly reduce the external diameter to maintain the same mass, without incurring 

significant cost increases. It can also be generalised that small gear forgings are more 

economical if purchased as pre-machined products than as raw forgings. It can also be further 

extrapolated that these results may apply to other types of similar forgings – provided that 

the materials are similar to the steels studied here and that the manufacturing process is 

consistent with the ones studied here. 

4.7  Further Research 

As discussed previously, the pre-machining indicator is not truly linear, leading to some 

model limitations. This is furthered by the comparative lack of pre-machined products in the 

model. Hence, it would be of value to linearise the indicator. For example, by recording the 

mass of scrap produced in the pre-machining process and instead using that as a linear 

measure of the cost impact on gear forgings, as opposed to the binary ‘yes/no’ system here.  

Additionally, in 1.1.4 Gear Manufacturing Processes, it was stated that almost one third of a 

gear’s total costs are due to heat treatment costs. This claim was supported by the AGCO 

internal interview. Unfortunately, it was not possible to evaluate the significance of heat 

treatment techniques as value drivers, due to incomplete heat treatment data. More study is 

required to verify that this is indeed still the case. 

Finally, it would be of interest to replace the surface area approximation, with a more 

detailed data set describing the surface area and attempting to repeat the study in order to 

ascertain whether or not the surface area approximation as a value driver is equally 

representative of the associated costs or not. 
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5  Conclusion 

The research supports the initial hypothesis that the most significant value driver for gear 

forgings would be the material weight values and shows that geometrical considerations are 

of substantially lesser significance. This result was arrived at using three different methods, 

which all support the results to some extent. Furthermore, the research indicated that pre-

machined products may be more economical than raw forgings, especially at lower technical 

values. Moreover, the developed model allows for the identification of savings potential, 

which may be used to better inform AGCO’s purchasing strategy. The research, however, 

leaves room for additional investigation namely for research into the linearisation of pre-

machining value drivers, the significance of surface treatments for gear forgings as a value 

driver, and the validity of using approximated surface area as a value driver for gear forgings.  
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Appendix 1. Initial cost-regressions with various material weight value drivers 

 

Figure 24. Initial cost-regressions with only 15CrNi6 in analycess procurement. 

 

Figure 25. Initial cost-regressions with only 16MnCr5 in analycess procurement. 
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Figure 26. Initial cost-regressions with only 18CrNiMo7-6 in analycess procurement. 

 

Figure 27. Initial cost-regressions with only 20MnCr5 in analycess procurement. 
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Figure 28. Initial cost-regressions with only 20NiCrMo2 in analycess procurement. 


