
 
 
 
 
 
 
 
 

 

Flores Saldivar, Alfredo Alan (2018) Predicting potential customer needs and 

wants for agile design and manufacture in an industry 4.0 environment. PhD 

thesis. 

 

 

https://theses.gla.ac.uk/38974/  

 

 

 

Copyright and moral rights for this work are retained by the author  

A copy can be downloaded for personal non-commercial research or study, 

without prior permission or charge  

This work cannot be reproduced or quoted extensively from without first 

obtaining permission in writing from the author  

The content must not be changed in any way or sold commercially in any 

format or medium without the formal permission of the author  

When referring to this work, full bibliographic details including the author, 

title, awarding institution and date of the thesis must be given 

 
 
 
 

 
 
 
 
 
 
 

Enlighten: Theses  

https://theses.gla.ac.uk/ 

research-enlighten@glasgow.ac.uk 
 

https://theses.gla.ac.uk/38974/
https://theses.gla.ac.uk/
mailto:research-enlighten@glasgow.ac.uk


 
 

Predicting Potential Customer Needs and Wants  
for Agile Design and Manufacture  
in an Industry 4.0 Environment 

 
by 

 

Alfredo Alan Flores Saldivar 

 
B. S Industrial and Systems Engineering, Autonomous University of the 

North East, Saltillo, Coahuila, Mexico, 2011 

M. S Advanced Manufacturing Systems, Mexican Corporation of Materials 

Research, Saltillo, Coahuila, Mexico, 2013 

 
Thesis submitted in complete fulfilment of the requirements for the degree of 

Doctor of Philosophy (Ph.D.) to the School of Engineering at the University of 

Glasgow 

Glasgow, United Kingdom. 



i 
 

Abstract 

 
Manufacturing is currently experiencing a paradigm shift in the way that products are 

designed, produced and serviced. Such changes are brought about mainly by the 

extensive use of the Internet and digital technologies. As a result of this shift, a new 

industrial revolution is emerging, termed “Industry 4.0” (i4), which promises to 

accommodate mass customisation at a mass production cost.  For i4 to become a 

reality, however, multiple challenges need to be addressed, highlighting the need for 

design for agile manufacturing and, for this, a framework capable of integrating big 

data analytics arising from the service end, business informatics through the 

manufacturing process, and artificial intelligence (AI) for the entire manufacturing 

value chain.  

This thesis attempts to address these issues, with a focus on the need for design for 

agile manufacturing.  First, the state of the art in this field of research is reviewed 

on combining cutting-edge technologies in digital manufacturing with big data 

analysed to support agile manufacturing. Then, the work is focused on developing an 

AI-based framework to address one of the customisation issues in smart design and 

agile manufacturing, that is, prediction of potential customer needs and wants.  

With this framework, an AI-based approach is developed to predict design attributes 

that would help manufacturers to decide the best virtual designs to meet emerging 

customer needs and wants predictively.  In particular, various machine learning 

approaches are developed to help explain at least 85% of the design variance when 

building a model to predict potential customer needs and wants.  These approaches 

include k-means clustering, self-organizing maps, fuzzy k-means clustering, and 

decision trees, all supporting a vector machine to evaluate and extract conscious and 

subconscious customer needs and wants.  A model capable of accurately predicting 

customer needs and wants for at least 85% of classified design attributes is thus 
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obtained.  Further, an analysis capable of determining the best design attributes and 

features for predicting customer needs and wants is also achieved. 

As the information analysed can be utilized to advise the selection of desired 

attributes, it is fed back in a closed-loop of the manufacturing value chain: design → 

manufacture → management/service →→→ design...  For this, a total of 4 case 

studies are undertaken to test and demonstrate the efficacy and effectiveness of the 

framework developed.  These case studies include: 1) an evaluation model of 

consumer cars with multiple attributes including categorical and numerical ones; 2) 

specifications of automotive vehicles in terms of various characteristics including 

categorical and numerical instances; 3) fuel consumptions of various car models and 

makes, taking into account a desire for low fuel costs and low CO2 emissions; and 4) 

computer parts design for recommending the best design attributes when buying a 

computer.  The results show that the decision trees, as a machine learning approach, 

work best in predicting customer needs and wants for smart design.   

With the tested framework and methodology, this thesis overall presents a holistic 

attempt to addressing the missing gap between manufacture and customisation, that 

is meeting customer needs and wants.  Effective ways of achieving customization for 

i4 and smart manufacturing are identified.  This is achieved through predicting 

potential customer needs and wants and applying the prediction at the product design 

stage for agile manufacturing to meet individual requirements at a mass production 

cost.  Such agility is one key element in realising Industry 4.0. At the end, this thesis 

contributes to improving the process of analysing the data to predict potential 

customer needs and wants to be used as inputs to customizing product designs agilely.  
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Fuzzy c-means Clustering 

Cluster analysis was performed by MATLAB, using the fuzzy logic toolbox for 

pattern identification. The fuzzy c-means updated the cluster centres and 

membership grades of each data point. The clusters obtained were iteratively 

moved from the centre rightward in the dataset. The selected parameters for the 

fuzzy c-means were 3 clusters, exponent = 3, the maximum of iterations = 100, 

and minimum improvement = 1e-05. For this objective function, the iterations are 

based on minimizing an objective function that represents the distance from any 

given data point to a cluster centre weighted by that data point's membership 

grade.  

The obtained membership function plots are presented in Figure 5–25. It is shown 

in this plot the times that each cluster reached the maximum of iterations, or 

when the objective function improvement between two consecutive iterations is 

less than the minimum amount of improvement specified. Figure 5–26 shows the 

identification and partition of 3 clusters, which represent each membership 

function. 
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Figure 5–25 Membership function plots for the fuzzy c-means clustering. From 
top to bottom: cluster 1, 2, and 3. 

 

Figure 5–26 Fuzzy c-means partition of 3 clusters plot. 
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Fuzzy clustering was proved to be helpful to demonstrate the framework proposed 

in chapter 4, section 3 as the classification learner approach for i4 environments. 

As stated in chapter 3, section 1 the fuzzy cluster were applied successfully to a 

mix of categorical and numerical inputs, and the instances were split into 3 

clusters, and the membership function plots in Figure 5–25 show the degree of 

belonging to different clusters, represented by each membership function. In such 

analysis, it can be inferred that cluster 2 has a crisper degree of membership, 

noticed by the peak in the plot reaching more than 0.7 degrees of membership. 

5.3.4 CPU Dataset Results 

The results of the CPU dataset analysis are presented in this section, where we 

used the Matlab classification learner app to train the CPUs dataset. To obtain the 

classification model, as mentioned before, product collection variable was 

selected as a response, and all the other variables were considered predictors. 

Matlab classification learner was mainly used because of the automation feature 

that enables us to run several parallel classifiers and see which can obtain the 

best predictive model, also because of the process-ability of importing the raw 

data without investing too much time making adjustments. Since there were some 

attributes that shown no entries or values, we remove those from the trained 

dataset to give a better adjustment to the classification model. Different to the 

analysis presented in previous sections of this chapter, the CPU dataset 

represented a more complete challenge and is addressed by the framework 

proposed in Figure 4–4 from chapter 4, section 4; in which we implemented a full 

analysis, including the statistical analysis as a way of validation for the obtained 

models. Feature selection is now implemented and added to the closed-loop cycle 

to complete the full automation of bigger datasets since in previous cases 

(applications) was not required to perform a complete automated data mining 

analysis. 

This dataset used to train the classification model encompassed 39 attributes split 

into 9 numerical values, and 30 categorical. The total observations considered in 

this dataset were 2298. 
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Attribute Classification 

In Figure 5–27 to Figure 5–32, the scatter plots showing model predictors, and the 

correct and incorrect instances for the CPUs dataset are depicted, as well as 

interactions between variables. Figure 5–27 presents the corresponding instances 

classified correctly for the ensemble bagged tree classifier, the colours presented 

in this figure correspond to each product collection name (response), and the 

identification of colours vs product name will be presented in detail below. In this 

figure is presented the interaction between recommended price vs processor 

number using the correct model predictor instances. In Figure 5–28, similar to the 

previous figure, the incorrect classified observations are depicted. The incorrect 

instances presented in this plot were: Intel Celeron® Processor 1000 Series, 

Legacy Intel Core Processors, Legacy Intel® Pentium® Processor, and Legacy 

Intel® Xeon® Processors.  

For better visualization purposes we decided to break down same classification 

interaction scatter plots using different product collection names (response 

instance). Following with the identification of classification instances shown in 

scatter plots, in Figure 5–29 is presented the correct model predictors for the 

interaction of recommended customer price variable and number of cores, which 

include: Intel® Atom Processor C Series, Intel Itanium® Processor 9100 Series, 

Intel® Xeon Phi x200 Product Family, Intel® Xeon® Processor D Family, Intel® 

Xeon® Processor E3 v3 Family, Intel® Xeon® Processor E5 Family, Intel® Xeon® 

Processor E5 v2 Family, Intel® Xeon® Processor E5 v3 Family, Intel® Xeon® 

Processor E5 v4 Family, Intel® Xeon® Processor E7 Family, Intel® Xeon® Processor 

E7 v2 Family, Intel® Xeon® Processor E7 v3 Family, Intel® Xeon® Processor E7 v4 

Family, Intel® Xeon® Processor W Family, Intel® Xeon® Scalable Processors, 

Legacy Intel® Celeron® Processor, Legacy Intel® Core Processors, Legacy Intel® 

Pentium® Processor, and Legacy Intel® Xeon® Processors identified as true 

predictors. The incorrect classified instances are depicted in Figure 5–30 for the 

interaction between recommended customer price vs number of cores variable, 

and it was encountered the following product collection names: 5th Generation 

Intel® Core i5 Processors, 7th Generation Intel® Core i3 Processors, 7th 

Generation Intel® Core i3 Processors, Legacy Intel® Celeron® Processor, Legacy 

Intel® Core Processors, Legacy Intel® Pentium® Processor, and Legacy Intel® 

Xeon® Processors. 



 

160 
 

 In Figure 5–31 is shown the scatter plot for the correct instances classification of 

variables recommended customer price and temperature, in which all the classes 

were considered to be depicted. The misclassified variables (recommended 

customer price and temperature) are presented in Figure 5–32, where it was found 

the following classes to have an impact on this interaction: 4th Generation Intel® 

Core i5 Processors, Intel® Xeon® Processor E3 v3 Family, Intel® Xeon® Processor 

E5 v2 Family, Legacy Intel® Core Processors, and Legacy Intel® Xeon® Processors. 

The above-mentioned scatter plots help to investigate patterns, features, and how 

the product collection (response) prediction performs against the selected 

predictors (all the other variables). 

For the scatter plots, the following range of colours was used to identify each 

class or the product collection variable, each name corresponds to different 

processors contained in the dataset: 

 4th Generation IntelÂ® Coreâ„¢ i3 Processors,  4th Generation IntelÂ® 

Coreâ„¢ i5 Processors,  4th Generation IntelÂ® Coreâ„¢ i7 Processors,   5th 

Generation IntelÂ® Coreâ„¢ M Processors,  5th Generation IntelÂ® Coreâ„¢ i3 

Processors,   5th Generation IntelÂ® Coreâ„¢ i5 Processors,  5th Generation 

IntelÂ® Coreâ„¢ i7 Processors,   6th Generation IntelÂ® Coreâ„¢ i3 Processors,  

 6th Generation IntelÂ® Coreâ„¢ i5 Processors,   6th Generation IntelÂ® 

Coreâ„¢ i7 Processors,  6th Generation IntelÂ® Coreâ„¢ m Processors,   7th 

Generation IntelÂ® Coreâ„¢ i3 Processors,  7th Generation IntelÂ® Coreâ„¢ i5 

Processors,  7th Generation IntelÂ® Coreâ„¢ i7 Processors,  7th Generation 

IntelÂ® Coreâ„¢ m Processors,  8th Generation IntelÂ® Coreâ„¢ i5 Processors, 

 8th Generation IntelÂ® Coreâ„¢ i7 Processors,  IntelÂ® Atomâ„¢ Processor 

C Series,  IntelÂ® Atomâ„¢ Processor D Series,  IntelÂ® Atomâ„¢ Processor 

E Series,  IntelÂ® Atomâ„¢ Processor N Series,  IntelÂ® Atomâ„¢ Processor 

S Series,  IntelÂ® Atomâ„¢ Processor X Series,  IntelÂ® Atomâ„¢ Processor 

Z Series,  IntelÂ® CeleronÂ® Processor 1000 Series,  IntelÂ® CeleronÂ® 

Processor 2000 Series,  IntelÂ® CeleronÂ® Processor 3000 Series,  IntelÂ® 

CeleronÂ® Processor G Series,  IntelÂ® CeleronÂ® Processor J Series,  

IntelÂ® CeleronÂ® Processor N Series,  IntelÂ® Coreâ„¢ X-series Processors, 

 IntelÂ® ItaniumÂ® Processor 9000 Series,  IntelÂ® ItaniumÂ® Processor 

9100 Series,  IntelÂ® ItaniumÂ® Processor 9300 Series,  IntelÂ® ItaniumÂ® 
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Processor 9500 Series, IntelÂ® ItaniumÂ® Processor 9700 Series, IntelÂ® 

ItaniumÂ® Processors with 400 MHz FSB,  IntelÂ® ItaniumÂ® Processors with 

533 MHz FSB,  IntelÂ® ItaniumÂ® Processors with 677 MHz FSB,  IntelÂ® 

PentiumÂ® Processor 1000 Series,  IntelÂ® PentiumÂ® Processor 2000 Series, 

 IntelÂ® PentiumÂ® Processor 3000 Series,  IntelÂ® PentiumÂ® Processor 

4000 Series,  IntelÂ® PentiumÂ® Processor D Series,  IntelÂ® PentiumÂ® 

Processor G Series,   IntelÂ® PentiumÂ® Processor J Series, IntelÂ® 

PentiumÂ® Processor N Series,  IntelÂ® Quarkâ„¢ Microcontroller D1000 Series, 

 IntelÂ® Quarkâ„¢ Microcontroller D2000 Series,  IntelÂ® Quarkâ„¢ SE 

C1000 Microcontroller Series,   IntelÂ® Quarkâ„¢ SoC X1000 Series, IntelÂ® 

Xeon Phiâ„¢ x100 Product Family, IntelÂ® Xeon Phiâ„¢ x200 Product Family, 

IntelÂ® XeonÂ® Processor D Family,  IntelÂ® XeonÂ® Processor E3 Family, 

 IntelÂ® XeonÂ® Processor E3 v2 Family, IntelÂ® XeonÂ® Processor E3 v3 

Family,  IntelÂ® XeonÂ® Processor E3 v4 Family,  IntelÂ® XeonÂ® 

Processor E3 v5 Family, IntelÂ® XeonÂ® Processor E3 v6 Family, IntelÂ® 

XeonÂ® Processor E5 Family,  IntelÂ® XeonÂ® Processor E5 v2 Family, 

IntelÂ® XeonÂ® Processor E5 v3 Family, IntelÂ® XeonÂ® Processor E5 v4 

Family, IntelÂ® XeonÂ® Processor E7 Family,  IntelÂ® XeonÂ® Processor E7 

v2 Family,  IntelÂ® XeonÂ® Processor E7 v3 Family,   IntelÂ® XeonÂ® 

Processor E7 v4 Family,   IntelÂ® XeonÂ® Processor W Family,  IntelÂ® 

XeonÂ® Scalable Processors,  Legacy Intel AtomÂ® Processors, Legacy 

IntelÂ® CeleronÂ® Processor,  Legacy IntelÂ® Coreâ„¢ Processors,  Legacy 

IntelÂ® PentiumÂ® Processor, and  Legacy IntelÂ® XeonÂ® Processors. 
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Figure 5–27 Scatter plot for the correct instances using ensemble bagged trees 
classifier of variable “recommended customer price” (measured in $USD) vs 

“processor number” (unit number). All classes included. 
 

 

Figure 5–28 Scatter plot for the incorrect instances using ensemble bagged tree 
classifier of variable “recommended customer price” (measured in $USD) vs 

“processor number” (unit number). Considered instances: Intel Celeron® 
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Processor 1000 Series, Legacy Intel Core Processors, Legacy Intel® Pentium® 
Processor, and Legacy Intel® Xeon® Processors.  

 
Figure 5–29 Scatter plot for the correct instances using ensemble bagged trees 
classifiers of variable “recommended customer price” (measured in $USD) vs 

“number of cores” (unit). Considered instances: Intel® Atom Processor C Series, 
Intel Itanium® Processor 9100 Series, Intel® Xeon Phi x200 Product Family, 

Intel® Xeon® Processor D Family, Intel® Xeon® Processor E3 v3 Family, Intel® 
Xeon® Processor E5 Family, Intel® Xeon® Processor E5 v2 Family, Intel® Xeon® 

Processor E5 v3 Family, Intel® Xeon® Processor E5 v4 Family, Intel® Xeon® 
Processor E7 Family, Intel® Xeon® Processor E7 v2 Family, Intel® Xeon® 

Processor E7 v3 Family, Intel® Xeon® Processor E7 v4 Family, Intel® Xeon® 
Processor W Family, Intel® Xeon® Scalable Processors, Legacy Intel® Celeron® 
Processor, Legacy Intel® Core Processors, Legacy Intel® Pentium® Processor, 

and Legacy Intel® Xeon® Processors. 
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Figure 5–30 Scatter plot for the incorrect instances using ensemble bagged trees 

classifiers of variable “recommended customer price” (measured in $USD) vs 
“number of cores” (unit). Considered instances: 5th Generation Intel® Core i5 

Processors, 7th Generation Intel® Core i3 Processors, 7th Generation Intel® Core 
i3 Processors, Legacy Intel® Celeron® Processor, Legacy Intel® Core Processors, 

Legacy Intel® Pentium® Processor, and Legacy Intel® Xeon® Processors. 
 

 
Figure 5–31 Scatter plot for the correct instances using ensemble bagged trees 
classifiers of variable “recommended customer price” (measured in $USD) vs 

“temperature” (C°). All classes included. 
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Figure 5–32 Scatter plot for the incorrect instances using ensemble bagged trees 

classifiers of variable “recommended customer price” (measured in $USD) vs 
“temperature” (C°). Considered instances: 4th Generation Intel® Core i5 

Processors, Intel® Xeon® Processor E3 v3 Family, Intel® Xeon® Processor E5 v2 
Family, Legacy Intel® Core Processors, and Legacy Intel® Xeon® Processors. 

After analysing the scatter plots for the predictive models, it was necessary to 

assess the classifier performance, in which a confusion matrix was used to 

understand how the currently selected classifiers obtained the desired 

performance in each class. The confusion matrix helps to identify the areas where 

classification was performed poorly. On the plot depicted in Figure 5–33, each row 

shows the true class, and the columns depict predictive class. Diagonally, each 

cell shows where the true class matched with the predictive class. Cells coloured 

green indicate that the classifier performed well, and observations of this true 

class were correct. Cells coloured red indicate that the classifier worked poorly, 

and there was no significance of this predictor in the model. 
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Figure 5–33 Confusion matrix for the ensemble bagged tree classifier showing 
true class vs. predictive class. 

Moving forward with the analysis, one of the benefits of training the dataset in 

parallel is to determine significant features to include or exclude in the predictive 

model, using the parallel coordinates plot. Patterns are displayed in a 2-

dimensional plot but correspond to high-dimensional data. Here the selection 

could be identified, but it also helps to understand relationships between features 

and useful predictors for separating classes. The training data was utilized, and 

misclassified points are depicted as dashed lines in Figure 5–34. The standardized 

values are used to see the distribution of the predictors along the mean 

distribution of the interaction between each feature, for the figure mentioned 

above. We found that predictors such as vertical segment, recommended 

customer price, thermal design power, max memory size, temperature, and 

memory type presented a distribution along the mean for correctly classified 
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instances. For the relationship between the variable number of cores, ECC 

memory support, max memory bandwidth, and the response, the distributions 

were outside the mean and showing misclassification. Therefore, these variables 

are less significant for the classification model. 

In Figure 5–35, the parallel coordinates plot for numerical instances using 

normalized values is presented. This figure shows the normalized values or normal 

distribution of the data, for which the variables recommended customer price, 

processor number, processor base frequency, bus speed, max memory size are 

significant predictors for the classification model. 

The plot presented in Figure 5–36 helps in a different part of the analysis, that is, 

which observations inside the response have poor classification rates.  The 

selected observation is IntelÂ® CeleronÂ® Processor J Series, and show a rate of 

0 %, determined by the current classifier red dot.  This plot refers to the receiver 

operating characteristic (ROC) curve that shows true and false positive rates. And 

the area under the curve measures the overall quality of the classifier. 



 

168 
 

 
Figure 5–34 Standardized values used for the parallel coordinates plot of 

categorical instances of the CPUs data for selection of features. 
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Figure 5–35 Normalized values used for the parallel coordinates plot of 

categorical instances of the CPUs data for selection of features. 
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Figure 5–36 ROC curve plot showing the misclassification of the observation 

IntelÂ® CeleronÂ® Processor J Series. 

Feature Selection Using Genetic Search 

Once obtained the classification model, and compliant with the accuracy of the 

trained model, it was performed the second part of the analysis according to the 

methodology presented in Chapter 4, section 4.4, which is the feature selection 

analysis. Feature selection was performed using Matlab, combining the 

classification learner toolbox with a genetic search code for feature selection and 

clustering, using the code obtained from the trained dataset. The clusters 

obtained were iteratively moved from the centre rightward in the dataset. 

Feature selection using genetic search was performed using the following 

parameters: 1) probability of search = 0.6, 2) maximum of generations = 20, 3) 

mutation probability = 0.033, and 4) population size = 90. In Figure 5–37 the 

population growth for the GA using the trained dataset classified previously are 

presented.  

Table 5—10 presents the results obtained from the feature selection analysis using 

genetic search. Here we present how possible is for an attribute to be selected, 
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based on how relevant each attribute is for the model. In theory, feature selection 

can be considered as a combination of search technique to propose a new subset 

of features (attributes). In this case, GA was used as the evaluator or objective 

function, each possible subset of attributes was tested, and the percentage shown 

in Table 5—10 how each feature minimized the error rate is presented.  

 
Figure 5–37 Population growth using GA for feature selection. 

Table 5—10 Feature selection results using genetic search 

Selection % Order of attribute Attribute 
90 6 Recommended Customer Price 
90 13 Thermal Design Power (W) 
90 17 Memory Types 
90 39 Thermal Monitoring Technologies 
80 7 Nb of Cores 
80 21 Graphics Base Frequency 
80 22 Graphics Max Dynamic Frequency 
80 23 Graphics VideoMax Memory 

80 27 
Max Resolution eDP Integrated Flat 
Panel 

80 29 PCI Express Revision 
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80 34 Intel Virtualization Technology VTx_ 
80 36 Instruction Set 
80 41 Execute Disable Bit 
70 8 Nb of Threads 
70 9 Processor Base Frequency 
70 10 Max Turbo Frequency 
70 19 Max Memory Bandwidth 
70 28 DirectX Support 
70 31 Max nb of PCI Express Lanes 
70 37 Instruction Set Extensions 
70 38 Idle States 
70 40 Secure Key 
60 14 Embedded Options Available 
60 18 Max nb of Memory Channels 
50 35 Intel 64 
40 4 Processor Number 
40 16 Max Memory Size 
40 24 Graphics Output 
30 5 Lithography nm 
30 25 Max Resolution HDMI 
20 3 Vertical Segment 
20 15 Conflict Free 
20 20 ECC Memory Supported 
20 26 Max Resolution DP 
10 11 Cache 
10 12 Bus Speed 
10 30 PCI Express Configurations 
10 32 Temperature 

 

Cluster Analysis 

Cluster analysis was performed after the feature selection analysis as a 

complimentary evaluation for validating the selected attributes. The cluster 

objective function use iterations based on minimizing an objective function that 

represents the distance from any given data point to a cluster centre weighted by 

that data point's membership grade.  

It is shown in this plot the times that each cluster reached the maximum of 

iterations, or when the objective function improvement between two consecutive 

iterations is less than the minimum amount of improvement specified. Results are 

depicted in Figure 5–38, were in part (a) shows the class interaction for the feature 

selected attributes thermal design power, recommended customer price and the 

response product collection; (b) presents the class partition between processor 
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base frequency, the target, and recommended customer price. This clusters 

found, confirm what the feature selection suggests, which is that the significance 

of thermal design power, and recommended customer price attributes against the 

response (product collection). On the other hand, the selected target for pattern 

recognition when interacting with a not significant attribute does not show 

significance.  

 

 

Figure 5–38 Clusters found for the CPUs dataset. Upper (a), lower (b). 

Statistical Analysis 

Finally, we proceed to validate the significance of the selected attributes using 

statistical test of the coefficient of determination (R2). This test helps to 

determine if the used attributes were significant predictors. The interaction 

tested is depicted in Figure 5–39, showing customer recommended price, thermal 

design power, and max number of memory channels. The R2 value obtained was 

0.9574 after excluding some residual values as shown in figure (b), but without 

removing the residuals, the value scored was 0.8454. This test helped also to 
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detect the significance of other interactions that feature selection did not show, 

like considering the attribute max number of memory channels, leading to 

conclude that validation is always necessary, and data analysis can only be 

considered as a recommendation approach.  

 
Figure 5–39 Surface plot for coefficient determination of predictive significant 

values. 

The next section will present a comparison and evaluation of machine learning 

approaches for mining design attributes, where all the approaches applied in this 

chapter will be evaluated in terms of accuracy. 
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5.4 Evaluation of the Cases as a Result of Machine 
Learning Approaches 

The evaluation of the used AI approaches for predicting customer needs and wants 

is presented in this section. In the previous sections were presented four case 

studies for which the results already lead to preliminary conclusions. Different to 

what is presented before, this chapter discusses which machine learning methods 

scored more accurate results. Therefore, the discussion presented here can help 

to make the final conclusions and annotations when predicting customer needs 

and wants for i4 and smart design. This section also represents the evaluation of 

the model for the training dataset, i.e. validate if the obtained model scores 

desired accuracy or predictive value against the original dataset. 

With the inclusion of comparisons and evaluations, we aim at arriving at answers 

to the objectives stated in Chapter 1. Through these evaluations, we shall 

determine how both manufacturers and customers may benefit from such analysis 

and which methodologies lead to an accurate analysis. 

5.4.1 Car Case Evaluation  

The results obtained from this first stage when analysing the car evaluation 

dataset involved the accuracy of cluster and classification models. In Table 5—11 

the accuracy comparison of the machine learning approaches when analysing the 

car evaluation dataset is presented. 

Table 5—11 Model accuracy evaluation of AI approaches for the car evaluation 
dataset 

Classifier Accuracy % Description 

SOM 97.4% 
Average clustering coefficient = 0.833.  
Training time: 21 sec. 
Categorical predictors: explain 97% of variance. 

Simple k-
means 

100% 

1210 clusters were correctly classified into the 
unaccepted class. 
Training time: 28 sec. 
Categorical predictors: explain 100% of variance. 

Ensemble 
bagged 
trees 

90.9% 
Prediction speed: 5700 obs/sec. 
Training time: 5.152 sec 
Categorical predictors: explain 90.9 % of variance. 

SVM 77.1% 
Kernel function: cubic 
Prediction speed: 11000 obs/sec. 
Training time: 8.3974 sec. 
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Constraint level box: 2 
Multiclass method: one vs one 
Categorical predictors: explain 77.1% of variance. 

In the first evaluated dataset the simple k-means approach proved to be an 

effective method for pattern recognition, therefore unsupervised learning turned 

out to be more accurate. When comparing data mining techniques is necessary to 

have in mind what type of analysis is required, which in this case for the 

customized design it was necessary that the obtained model explained the 

variability of the phenomena involved. In this specific case the level of acceptance 

of car models when involved with other variables like buy price, repair price, door, 

person, size, and safety. Both SOM and simple k-means registered a longer training 

time than ensemble trees and SVM, but the accuracy does not reflect the same 

results.  

5.4.2 Automobile Case Evaluation 

For this case study it was implemented the fuzzy c-means clustering and also 

tested ensemble trees and SVM, but not anymore the SOM and simple k-means 

because of the combination of too many categorical instances. For this cases is 

suggested in [131] that when dealing with categorical values that do not represent 

numbers but enumerations (body style, manufacturer, engine type, etc.) is better 

to consider other methods that do not rely on Euclidian cost function that 

penalizes the performance or accuracy of the predictive model. Reason why we 

evaluated the aforementioned approaches presented in Table 5—12. 

Table 5—12 Model accuracy evaluation of AI approaches for the automobile 
dataset 

Classifier Accuracy % Description 

Fuzzy c-
means 

84.4% 
Prediction speed: 160 obs/sec 
Training time: 36.99 sec. 
Categorical predictors: explain 84.4% of variance. 

Ensemble 
bagged 
trees 

81.5% 
Prediction speed: 550 obs/sec. 
Training time: 6.3474 sec 
Categorical predictors: explain 81.5% of variance. 

SVM 80% 

Kernel Function: cubic 
Prediction speed: 1200 obs/sec. 
Training time: 1.6843 sec. 
Constraint level box: 2 
Multiclass method: one vs all 
Categorical predictors: explain 80.0% of variance. 
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The evaluation presented above shows how the combination of categorical and 

numerical instances for the automobile dataset required different techniques to 

obtain the predictive model and analysis. The fuzzy c-means approach reached 

the highest accuracy rate, but the training time was the longest. Ensemble trees, 

on the other hand, had a bit less accuracy percentage but significantly short 

training time. And finally, SVM’s model performance was a bit short in terms of 

desirability with an accuracy of 80% and a training time of 1.6843 seconds, using 

the cubic kernel function.  

5.4.3 Fuel Economy Case Evaluation 

In Table 5—13, the accuracy of each classifier is listed. The dataset encompassed 

52 attributes split into 23 categorical and 29 numerical ones. The total instances 

considered for this dataset was 4655. 

Table 5—13 Model accuracy evaluation of AI approaches for the fuel economy 
dataset. 

Classifier Accuracy % Description 

Decision 
Tree 

94.2% 
Prediction speed: 30000 obs/sec 
Training time: 10.949 sec. 
Categorical predictors: explain 94.2% of variance. 

SVM 14.3% 

Kernel function: Cubic 
Prediction speed: 53000 obs/sec 
Training time: 39.563 sec  
Constraint level box: 2 
Multiclass method: one vs all 
SVM was tested using several kernel functions apart 
from cubic, those include linear, quadratic, and 
fine Gaussian SVM. It was not able to explain most 
of the variance of the predictive model. 

Ensemble 
bagged 
trees 

99.2% 
Prediction speed: 5500 obs/sec 
Training time: 19.159 sec. 
Categorical predictors: explain 99.2% of variance. 

The accuracy evaluation of the machine learning techniques presented above lead 

to conclude that ensemble bagged trees performed excellently above the other 

tested approaches. Still, the training time reached with the ensemble bagged 

trees was not the shortest, but in terms of prediction is a good model. The decision 

trees also scored a good result, and in less time, but the problem that we are 

trying to solve involves prediction, therefore is better to maintain the most 

accurate model. Lastly, the results obtained from the SVM classification model 
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were poor, and even the time scored is the longest. For this specific case study is 

not recommended to use SVM classifier.  

5.4.4 CPU Case Evaluation 

In Table 5—14, the model accuracy of each classifier technique is listed. This 

dataset used to train the classification model encompassed 39 attributes split into 

9 numerical values, and 30 categorical. The total observations considered in this 

dataset were 2298. 

Table 5—14 Model accuracy evaluation of AI approaches for the CPU dataset. 

Classifier Accuracy % Description 
Ensemble 
Boosted 
Tree 

58% 
Prediction speed: 3600 obs/sec 
Training time: 34.416 sec. 
Categorical predictors: explain 58% of variance. 

SVM 16.4% 

Kernel function: Cubic 
Prediction speed: 14000 obs/sec 
Training time: 129.21 sec  
Constraint level box: 2 
Multiclass method: one vs all 
SVM was tested using several kernel functions 
including linear, quadratic, cubic, and fine 
Gaussian SVM. It was not able to explain most of 
the variance of the predictive model. 

Ensemble 
bagged 
trees 

85% 
Prediction speed: 2000 obs/sec 
Training time: 20.368 sec. 
Categorical predictors: explain 85% of variance. 

This dataset or case study in specific involved a more complex process for 

classification, and the only machine learning technique capable of getting an 

accurate result, or at least one that was above the desired rate was the ensemble 

bagged trees. The ensemble bagged trees scored an accuracy value of 85% and a 

reasonable short training time. Then the ensemble boosted trees did not reach a 

desirable accurate value with 58% and this value cannot be used or is not 

recommended for prediction. The lowest value for accuracy was the SVM and also 

took the longest time, so again for this case study is not suitable to use SVM 

approaches.  

5.5 Summary 

From the results presented in this chapter, it can be concluded that many 

approaches tested are able to obtain satisfactory results of predicting customer 
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needs and wants. Of course, every single case study faces particular challenges to 

overcome, and different ways of analysing the inputs lead to improvements. The 

analysis presented in subsection 5.3.1 for the car evaluation shows good results in 

practice, but in this case study we did not focus on the visualization part. There 

exists room for improvement in regards of presenting as part of the analysis, where 

plots could actually help in the decision-making process. In the analysis presented 

in 5.3.2 for the automobile dataset, the implemented visual part as well could 

lead to a more intuitive analysis. Nonetheless, for the automobile dataset, a 

complete analysis has been performed with simple approaches, where feature 

selection analysis was not necessary since the desired results were already 

obtained.  

The fuel economy dataset presented in section 5.3.3 has represented a bigger 

challenge, and part of the analysis there has involved evaluating several 

classification methods to test the effectiveness of each approach. The plots 

helped visualize the phenomena involved in this particular case, and because of 

this analysis, we were able to detect patterns and behaviours and obtain the 

desired prediction. We have found that fuzzy clustering complements well the 

analysis acquired, and both are useful if the case study or application involving 

many attributes to analyse. 

For the last case study, in section 5.3.4, improvements have been considered.  In 

this particular case, more complete analysis was obtained. The focus there was to 

achieve prediction, but as well to be able to recommend a concise number of 

attributes using feature selection in which both customers and designers would 

benefit. It was decided to include the statistical analysis, as part of the feature 

selection process, just to validate the accuracy of the results. This added 

robustness to the whole closed loop cycle, in terms of making the best decision 

when customizing a product according to individual needs. 

In section 5.4 the evaluation results of machine learning techniques were 

presented. The evaluation consists of a comparison in model accuracy from the 

trained dataset against the original data, to determine if the obtained mathematic 

representation is suitable for use in prediction since one of the main objectives in 

this work was to predict customer needs and wants. Every single case study 

presents a specific challenge.  It is seen that the performance of the classifier 
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mainly depends on the characteristics of the dataset. This is the reason why 

empirical tests need to be performed [92]. Therefore, in this chapter, we have 

presented the necessary tests to determine which classification models are more 

suitable for achieving prediction of customer needs and wants. As a result, it can 

be concluded that a common denominator for accurate results and performance 

along the case studies was found in the ensemble decision trees that always scored 

desired values. Although, simple k-means scored good values on prediction, this 

approach can only work with numerical data, as discussed in [133], where the 

mixture of attributes (categorical and numerical) needs a special treatment for 

the algorithm to code the sample data  represented as discrete space and make a 

Euclidean distance representation to make it meaningful. Conversely, the SVM 

approach has never scored a desired percentage of accuracy. Different kernel 

functions were used for the SVM, and the cubic function presented the most 

accurate results for predictive models, but in practice the larger the attribute 

number was, the less accurate the model was. Thus, this technique is not 

recommended when dealing with a dataset that involves a mixture of categorical 

and numerical inputs, or where the dataset presents larger number of attributes. 

Approaches of SOM, cluster k-means, and fuzzy c-means have proved to be reliable 

when dealing with datasets that do not involve a high level of complexity. 

However, as discussed previously, when analysing data it is necessary to have a 

level of visualization, which none of these approaches provide properly. 
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Chapter 6 Conclusions and Future Work 

This chapter presents conclusions and future work in 3 sections. The first section 

is about the discoveries obtained using the machine learning approaches and data 

analysis in general. The second section concludes the connection of the 

hypotheses stated in Chapter 3 to the obtained results, where the questions that 

correspond to the problem statement of Chapter 1 are also answered. Finally, in 

section 3, future directions are analysed. 

6.1 General Conclusion 

Machine learning for data-mining in this work has helped identify, predict, and 

recommend potential customer needs and wants, which manufacturers can 

consider as design elements for customizing products. The importance of this work 

lies in the need that current manufacturing has when moving to what is considered 

agile manufacturing. It is shown relatively efficient to obtain meaningful results 

from big data for mass customization. Using the perspective of i4 in this 

framework, we have developed a methodology that comprises multiple stages for 

addressing customer needs and wants and dealing with the gaps between the 

factories of today and the vision of i4-customized production. 

This methodology has been tested in several applications as case studies, including 

consumer car evaluation, automotive vehicle characteristics, fuel economy, and 

computer parts. These case studies have helped us consolidate and validate the 

analysis. The following results have been obtained:  

1. A classification approach has accurately predicted potential customer 

needs and wants, and this is achieved most consistently by the ensemble 

bagged trees. 

2. Clustering analysis is able to identify partitioning and identification of 

patterns. The results reveal more specific significant attributes, which help 

narrow the features for design for agile manufacturing. 

3. Intelligent search in the design process allows customers’ needs and wants 

to be covered predictively. Virtual prototypes can hence be tuned 
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beforehand by customers when knowing the significant and predicted 

values obtained in the prediction model. 

4. Considering the decision-making process, visualization helps the analysis be 

more appealing and intuitive. The plots presented in therein are not too 

complex to interpret and help accelerate decision making. 

5. This way, manufacturers can make customer-oriented decisions using 

customer-driven informatics, design, AI-based recommended approaches 

and automation. 

6. Data mining and data analytics help identify the influence of product 

characteristics, classification, attribute selection, clustering, and 

interpretation of customers’ needs and wants. 

7. It has been demonstrated that ensemble bagged trees and complex tree 

classifiers work well when trying to predict and select customers’ needs 

and wants. 

8. These analyses can contribute to manufacturing from the management 

perspective as an enabler of innovation according to customers’ needs and 

wants and thus help companies avoid unnecessary product differentiation. 

Conclusions concerning each dataset are detailed as follow. 

6.1.1 Car Evaluation Dataset 

1. SOM clustering reflects the attributes of the car as revealed in the case 

study, where the customer cares less about the “door” attribute. 

2. The results also reveal that for car customization, “very good” and “good” 

cannot be easily met.  Hence, it is predicted that the manufacturer should 

focus on the attributes on car sealing and on offerings of high-security and 

not on other attributes. 
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3. Simple k-means has been able to obtain a more accurate predictive model 

than other approaches do. For this specific case, this approach is seen 

reliable, although its visualization has presented a less complete analysis. 

6.1.2 Automobile Dataset 

1. In the case study, the results reveal that customer behaviour is based on 5 

attributes (number-of-doors, drive-wheels, height, engine-type, number-

of-cylinders). 

2. Fuzzy c-means has performed a good partition on the dataset and has 

identified 3 clusters for classification. 

3. Fuzzy c-means obtained the predictive model with a better percentage of 

accuracy. For practical implementation, this approach is relatively reliable 

and easy to use. 

6.1.3 Fuel Economy Dataset 

1. The model that accurately predicts customers’ potential needs and wants 

has been obtained with ensemble-bagged trees. With this method, an 

accuracy of 99.3% was obtained.  

2. For the fuel economy dataset, the results have confirmed that the method 

is working, i.e., if the customer wants to acquire a car in which fuel 

consumption is relatively low, then he/she should consider mini-compact 

cars based on the number of cylinders, gears, and type of drive 

(manual/automatic). 

3. The car manufacturers that have presented misclassification to the 

predictive model of the fuel economy dataset are revealed as Audi, Bugatti, 

Chrysler Group, FCA Italy, Lamborghini, Mobility Ventures, Paganini 

Automobili, and Volkswagen. 

4. For the clustering analysis, fuzzy c-means has performed a good partition 

and identification of three clusters, where multiple clustering approaches 
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were tested. Neither the simple k-means nor SOM could handle this 

challenge due to multiple variables or complexity of the datasets. 

5. Through analysing this dataset, it is concluded that the ensemble bagged 

trees approach works better with complex datasets, and the fuzzy c-means 

works better for pattern identification for data analysis. 

6.1.4 CPU Dataset 

1. On the CPU dataset, the analysis has shown a recommended set of 

attributes that manufacturers can use to design a computer that reflects 

the customer’s subconscious needs and wants. Significant features include 

system price, thermal power, memory types, thermal monitoring 

technologies, number of cores, and graphic base frequency, among many 

others. 

2. Classification analysis has helped isolate the product collection Intel® 

Celeron® Processor J Series that has scored a misclassification, thus making 

it insignificant for the prediction model. 

3. The classification approach that has accurately predicted customers’ needs 

and wants is the ensemble bagged trees. The accuracy obtained with this 

method was 85%. 

6.2 Reflections on the Hypotheses 

Given the objectives stated in Chapter 1, this section answers the questions posed 

in the hypotheses of Chapter 3. Recapitulating about the questions for each 

hypothesis, conclusions are drawn as follow. 

HI: It is possible to develop a framework capable of automatically predict the 

design attributes that best reflect what customers need and want in a product. 

Q1. How can a generalized framework be developed, which approaches can 

effectively predict the design attributes, and how to design smart products 

effectively to reflect what customers need and want in a product? 
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A1. In Chapter 4 the different stages of the proposed frameworks are presented. 

At each stage, the thesis has made different discoveries, challenges, and 

ways of addressing customer needs and wants. For this, different frameworks 

have been developed. The main focus was to develop a generalized 

framework able to automatically predict customer needs and wants. 

Consequently, turning customer needs and wants into design attributes for 

manufacturing a product. Through this work, we have discovered that it 

would be best to make predictions based on users’ behaviour. Therefore, 

making easier selecting one setting instead of others, classifying the design 

attributes (based on the behaviour analysis already made), and finally 

recommending which set of attributes describe individual needs for a given 

product.  

Results shown in chapter 5 lead to the conclusion that data mining techniques 

are suitable for predicting effectively design attributes. Moreover, in chapter 

5, section 4 the evaluation results made from a combination of machine 

learning approaches proved to reflect desired conclusions when analysing the 

data. In specific ensemble trees, feature selection, and fuzzy clustering are 

effective approaches for classifying, recognizing patterns, and selecting 

features that best matched with customer needs and wants. Chapter 5 shows 

the results obtained when integrating computational intelligence. Efficiency 

needs to be measured accurately, and data mining techniques give the 

opportunity to know in specific how design reflects what customers need and 

want. Here Computer Automated Design plays a pivotal role, since smart 

products require constant development, and the framework proposed in 

chapter 4, section 1 can deal with automation and prediction by continuously 

evolving designs using AI and automating the process. Designs are improved 

from a digital platform that considers the analysis obtained from historical 

data. 

HII: It is possible to obtain a model capable of accurately predict customer needs 

and wants for at least 85% of classified design attributes. 

 

Q2. How can design attributes be used to make predictions, which AI approaches 

can be tested, and how can classification models be reliable when showing 

less than 85 %? 
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A1. Presented in chapter 3, section 3, design attributes are characteristic 

properties of a product, such is that in this work can be changed by an 

individual in order to fulfil his/her desires when customizing a product. This 

behaviour of changing, selecting, and customizing product designs can be 

classified, based on each individual configuration which in turn can provide 

insight of future events. Once this behaviour is modelled, is possible to match 

what customers would need and want in future events, because the design 

attributes are determined by each product and the way it is manufactured. 

Initially, it was decided to test machine learning approached used commonly 

for example, SOM, simple k-means, SVM, and decision trees for supervised 

learning as shown in chapters 5 and 6.  

Moving forward with the complexity of different case studies, it was 

discovered that ensemble trees provide a more accurate representation of 

customer needs and wants. For every mathematical representation that tries 

to explain the given observations, considered as independent variables in a 

model, many indicators can be used to minimize the error when predicting 

possible values of the dependent variable. In this work, is included one case 

study analysis that shows these statistical indicators when validating 

prediction against the known observations. This error can be minimized once 

the used data is trained with sufficient information, allowing to make 

reliable predictions. It is desirable to use mathematical representations that 

present an accuracy above 95%, and literature suggests that validation is 

essential if is decided to use models that score any percentage below 95%. 

HIII: It is possible to identify effective ways of achieving customization for i4 and 

smart manufacturing. 

Q1. What are the identified challenges to be tackled, which methods are 

effective for achieving mass customization, and what particular ways does i4 

deal with mass customization? 

A1. Extracted from the literature review presented in chapter 2, section 5 shows 

that the challenges focus on business models, value-creation network, 

products, and processes. From here it was concluded that how data is 

managed inside a company can lead to effectively satisfy customer needs 
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and wants, since this is the main goal of customization. Therefore, we 

focused on tackling challenges that had to do with data analytics.  i4 and 

smart manufacturing claim to address mass customization at mass production 

costs, but this challenge can never be achieved if a reliable analysis is made 

beforehand. In chapter 3, section 5 are given several examples of companies 

like YouTailor®, Bombsheller® and MyMuesli® where they offer through their 

website products that cannot be found in the store shelves, demonstrating 

that this is not a vision of the future, beyond that, is a necessity from the 

customers.  

In many i4 demonstrations, manufacturers focus on the use of embedded 

systems interconnected to each other. The success of many current cases of 

mass customization relies on making available a virtual platform where the 

customer can interact with the design stage of their desired product. This 

interaction and selection are stored for future purchases, so the system can 

gain information about individual needs of users, and most important having 

models based on customers’ behaviour. Chapter 2, first section presents how 

i4 and smart manufacturing deals with customization that is by making 

extensive use of the IoT, flexible process provided by CPS and cloud services 

that enable users to track the progress of their order. Many companies in the 

last decade proved that customization is possible, but doing it massively 

requires to overcome the aforementioned challenges. 

In this work, it has been highlighted the importance of customization in the coming 

4th Industrial Revolution. A solid framework has been proposed that integrates 

most of the principles of smart technologies to realize i4. Industry 4.0 is 

characterized by bringing the innovation to the shop floor, and the key aspect for 

this is digitalization, where product design plays a decisive role.  It has been 

discovered that in this stage designs can be customized according to individual 

needs without sacrificing manufacturing time and effort.  

6.3 Future Directions 

While the thesis has focused on predicting potential customer needs and wants for 

agile design and manufacture in an Industry 4.0 environment, future work will 

include integrating affective design approaches to a fully integration of 
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customers’ sentiment about product attributes. The affective design approach can 

bring a more clear analysis and identification of customer needs and wants 

because of the integration of sentiment of design elements to the whole value 

chain and therefore, have a direct indicator of how efficient the model can be 

compared to the levels of affection a customer have towards design attributes or 

elements. Intelligence on customers’ feelings can be coded into design elements 

to reduce misunderstanding and make predictions more accurate, which is 

complementary in point 6 of the general conclusions of this chapter. This approach 

could require the development of a questionnaire or survey, as targeted questions 

about individual feelings can improve the mining of customer needs and wants.  

Further, the prediction may be validated and integrated by using virtual or 

augmented reality to collect more data in real time or to perform an exploratory 

test and train an algorithm with individual sentiment about perceived product 

characteristics, helping to improve point number 4 in the general conclusions in 

this chapter, i.e. decision making in real-time. In this regard, descriptive statistics 

may be integrated to facilitate the analysis and further improvements. Including 

more digitally aided technologies can also lead to improvements in, and 

adjustments of, product designs. Thus, this facilitates the process of an enhanced 

customization of products in real time.  

Ways of measuring customer satisfaction are also a future direction, to help 

extending point number 3 in the general conclusions presented in this chapter. 

Retrieving such measurements can be used as indicators for manufacturers and 

businesses to customize their products more individually, a prediction model can 

be obtained easily when considering an indicator of customer needs and wants, in 

terms of weight attributes for the developed model.  

It was discovered in chapter 5 that simple k-means can be useful when performing 

cluster analysis to numerical values, but not when dealing with a mixture of 

categorical and numerical values. A way forward can be exploring other k-means 

algorithms suitable for mixed attributes to see if are more effective than decision 

trees approaches. 

SVM approaches can also be explored with different kernel functions, since the 

common cubic, linear, quadratic, and fine Gaussian functions were not effective 
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when dealing with datasets that involve a mixture of categorical and numerical 

instances and as well for the response. A way forward can to this can be trying 

with different kernel functions like Radial Basis Function or algorithms capable of 

dealing with canonical correlation analysis to replace features or predictors to 

obtain better prediction or know where to adjust the model. 
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