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Abstract.  

The objective of this paper is to  improve a machine learning based methodology 

for recognizing the features of a Generalized Physical Contradictions (GPC) 

before knowing the contradiction itself when the system to be improved can be 

described by a simulated model based on design parameters and performance 

parameters. The paper starts with the background about identifying 

contradictions from data. It focuses on physical contradiction parameters 

identification with quantitative data and machine learning techniques. Although 

previous approaches are promising, they still have several drawbacks that require 

to be fixed. For instance, they do not propose any metric to inform the user about 

the quality of the result, which depends, among others, on the sample size. These 

drawbacks mainly appear in case of imbalanced data or complex relation between 

variables. To address these issues, we first tested different feature importance 

variable provided by decision tree methods (with the XGBOOST library) and 

retain the total gain. Second, we compared the XGBOOST methods with the 

previous proposed SVM based approach to see which one better describes the 

feature importance of variables involved in a GPC. As result XGBOOST was 

more robust to the noise from non-important variables. Third, we defined a set of 

measures for helping the user to know which is the sample size required to get 

good results with the tested methods. 

Keywords: inventive problem solving , feature selection algorithm, generalized 

physical contradiction, XGBOOST 

1. Introduction 

The notion of contradiction is a cornerstone of the TRIZ [1]. Multiple tools and methods 

deal with how to solve invention problems formulated with the help of contradictions 

[2]–[13]. Fewer works attempt to identify the contradictions underlying an invention 

problem. Identifying contradictions is an important, but sometimes tricky step in the 

problem formulation-solving process. The difficulty may be such that one sometimes 

observes in problem-solving seminars the inability of some people to formulate a 
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contradiction. However, more often an inverse situation is observed, i.e. The expression 

of numerous contradictions among which one has to choose the contradiction(s) to be 

dealt with. To respond to this last practical situation, some authors and experts propose 

concepts of classification of contradictions (core contradiction, system contradiction, 

etc.) or classification criteria relating to a set of expressed contradictions. In the vast 

majority of cases, the search for contradictions is a qualitative process carried out by 

experts. The difficulties mentioned above and the increasing complexity of the 

representation and behaviour of certain systems have led us to seek digital alternatives. 

The research presented in this paper is part of a research that aims at improving the 

theoretical and practical continuum between design approaches based on optimization 

and those based on invention [14]. It enriches the work concerning the automated or 

semi-automated expression of a constraint system based on the results of physical 

experiments or numerical simulations whose interest has been validated by previous 

work [15]–[17].In this paper, we focus on the development of numerical tools and 

algorithms facilitating the identification of the design parameters involved the concepts 

and contexts of generalized physical contradictions associated with a system of 

technical contradictions with the aim of constituting a generalized system of 

contradictions. 

In the following at first, we describe how finding the important action parameters 

that are involve in the contradiction helps the expert to understand the problem inside 

of the system and give him a clue to improve the process of the system with add or 

remove the action parameters that are involve in contradiction. Second, we describe the 

algorithms that can helps us to find the most important action parameters. Third, we 

test different feature importance of different algorithm to see which one can give better 

and more robust results to find the important variable. Fourth, by doing some 

experiments, we showed that, how we can get the right number of sample size based on 

the accuracy of the model.  

2. Background 

2.1. TRIZ system of contradictions 

Commonly, the TRIZ identifies 3 types of contradictions: the administrative 

contradiction, the technical contradiction and the physical contradiction. The OTSM-

TRIZ has made explicit a form of link between technical contradictions and a physical 

contradiction which is called a system of contradictions. In the research related to this 

paper, we are interested in the identification of systems of contradictions by using 

numerical tools and experimental or simulation data. To deal with this issue, it was 

necessary to represent the concepts of technical, physical and system of contradictions 

so that these identifications could be made. The following paragraphs recall the 

definitions and representations of the TRIZ contradictions in a data table. 

Consider a system whose performance is evaluated using two evaluation parameters 

(EP) y1 and y2. To do so, 8 experiments or simulations were performed by acting on 

the design parameters x1 to x5 of the considered system, which we will henceforth call 
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Action Parameters (AP) in the remainder of the paper. We give the value 1 to the 

evaluation parameter, for a given experiment if the simulated system meets the 

objectives for the evaluation parameter. Otherwise, the evaluation parameter takes the 

value 0. The result is given in Fig 1 (a) below. When analyzing it, it can be seen that 

sometimes one objective can be satisfied but never both objectives at the same time. 

According to the TRIZ, situations that satisfy y1 but not y2 characterize under these 

conditions a so-called technical contradiction noted TC1 in Fig 1 (b). In the same way, 

situations that satisfy y2 but not y1 have under these conditions a second technical 

contradiction noted TC2 in Fig 1 (b). The situation e9, on the other hand, does not bring 

a contradiction because none of the objectives is achieved; there is no conflict of 

objectives in this "solution".  

To obtain a physical contradiction in the sense of the TRIZ, it is necessary to be able 

to assign to the contradictions TC1 and TC2 an action variable (AP) which allows one 

to move from one technical contradiction to the other by modifying its value as shown 

in the example in Fig 1 (c). In this example, x1=1 characterizes contradiction TC1 and 

x1=0 characterizes contradiction TC2. In the TRIZ the physical contradiction of the 

example is stated: the variable x1 must take both the values 1 and 0 to reach the 

objectives. The system of contradictions described by OTSM-TRIZ is the coherent set 

of the two technical contradictions TC1 and TC2 and the physical contradiction that 

"explains" or "causes" TC1 and TC2.  

 
Fig 1. TRIZ system of contradiction out of experimental data 

2.2. Limitation on Technical contradiction of the TRIZ models 

The example in Fig 2, which deals with a problem where six objectives are to be 

satisfied, illustrates a limitation of the classical TRIZ model of technical contradiction. 

Indeed, it can be seen from this example that two of the six objectives can always be 

met at the same time, but that the six objectives can never be met at the same time. In 

other words, in the sense of the classical TRIZ, there is no contradiction but the problem 

of conflict between objectives exists. It was therefore necessary to find another way of 
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expressing the technical contradiction. Several proposals called generalized technical 

contradictions (GTC) have been made to this effect in the literature. They consider at 

least two or even all objectives simultaneously [18]. We do not elaborate further on this 

point, which is not the subject of this paper. We will retain for our purpose that as for 

the system of contradictions of the classical TRIZ, a system of generalized 

contradictions is composed of two generalized technical contradictions and one 

generalized physical contradiction. The two generalized technical contradictions GTC1 

and GTC2 of a system of contradictions define a partition of the experiments into three 

sets E1, E2, E0 where E1 represents the experiments for which we have the 

contradiction GTC1, E2 represents the set of experiments for which we have the 

contradiction GTC2, and where E0 is constituted by the complementary experiments 

of the partition. The reader interested in the definitions and the methods of identification 

of the GTC from the data can refer to the references [19], [20]. 

 

Fig 2. TC model limitation example 

 

Fig 3. PC model limitation example 

2.3. Physical contradiction model limitation 

To explain the limitations of the TRIZ physical contradiction model consider the 

example in Fig 3, when processing data and look for physical contradictions associated 

with the TC1 and TC2 technical contradictions. We can see that none of the action 

parameters alone can explain the TC1 and TC2 contradictions with a conflict on its 

values. Indeed, for x1, when x1=0 we have the situations of the set E2 which 

characterize TC2 but when x1=1, we have the situations of E1 which are characteristic 

of TC1 and situation of E0 namely e8 where none of the objectives is reached. To get 

around this difficulty two alternative but coherent ways to express the contradiction 

with the action parameters have been proposed. These contradictions are called by their 

authors generalized physical contradictions and contextual physical contradictions [21]. 

2.4. The Generalized physical contradiction  

A first approach consists in determining a logical expression of the action parameters 

C1 which discriminates the situations of E1 from those of E2 and E0 on the one hand, 

and in determining a logical expression C2 which discriminates the situations E2 from 

those of E1 and E0 on the other hand. The two expressions thus obtained are then the 
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equivalent of the conflict between parameters of the physical contradiction of the TRIZ. 

In the case of the example of Fig 3, the expressions C1 and C2 below allow to express 

a generalized physical contradiction (GPC): 

C1: (x1=1).(x2=1).(x3=0).(x4=0) 

C2: (x1=0).(x2=1).(x3=0).(x4=0) 

The generalized physical contradiction can then be expressed with the concepts C1 

and C2: "to achieve objectives y1 and y2, both C1 and C2 must be satisfied, which is 

not possible". The association of a generalized physical contradiction with two 

generalized technical contradictions is called a system of generalized contradictions 

(SGC). 

2.5. Contextual physical contradiction 

The second approach to express the generalized physical contradiction is to add the 

notion of context [21]. To illustrate this notion, let's take the previous example and 

observe the expressions C1 and C2. We see that C1 and C2 are distinguished by the 

value of x1 and share the same values for x2, x3 and x4. Let us then note C the logical 

expression such as is true if (x2=1).(x3=0).(x4=0). We can then reformulate the 

previous contradiction by introducing the expression C. In situations where the 

expression C is true, the action parameter x1 must take both the value 1 and the value 

0 to meet the objectives. Expression C is called the context of the generalized physical 

contradiction and the system of contradictions.  

In the case of our example, we find in the context C a physical contradiction of the 

classical TRIZ. The generalized contradiction within a given context specifies the 

domain of validity of the contradiction of the classical TRIZ. This information, which 

is not easy to find in general, is not evoked in the classical TRIZ. However, it can be 

important for understanding the problem and interesting for solving a problem.  

This paper concerns the improvement of numerical techniques allowing the fast and 

reliable identification of the concepts C1 and C2 and the context C of generalized 

physical contradictions. 

2.6. Seeking for the causes and context of the TC 

The work of identifying generalized physical contradictions through numerical data 

analysis techniques is based on the observation that TC1 and TC2 can be considered as 

discriminant functions between the E1 and E2 sets of experiments. In [22] an exhaustive 

search algorithm for all generalized physical contradictions associated with two 

generalized technical contradictions is proposed by modeling this problem as an integer 

optimization problem. This problem is recognized as NP-hard, which limits the 

application of this algorithm to problems the number of action variables of which is 

lower than 13 when those action parameters have only 2 levels. To bypass this problem, 

the same author proposes to first identify the variables involved in the searched 

contradictions using SVM learning techniques[23] and the associated discriminant 

analysis [19]. The same technique was used to identify the parameter-value pairs of the 

action parameters involved in the physical contradictions [19]. Taking advantage of this 
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last possibility, Bach proposes an approach for interpreting the weights of the SVM 

discriminant analysis with respect to selected technical contradictions in the Pareto set 

of the binary matrix of EPs. This last approach avoids the use of the exhaustive 

algorithm. 

The methods mentioned above have been used successfully in real cases. The 

exhaustive search method may give many contradictions, but only a few of them are 

relevant. The practical question of the choice of the contradiction then arises. The direct 

identification method based on learning does not have this drawback [24]. It provides 

the parameters and values involved in the pair of technical contradictions but it lets the 

user conclude on the expression of C1 and C2 and does not provide the context C. 

Moreover, their application requires knowledge and experience in data analysis to 

correctly interpret the results of the SVM learning algorithm. In some cases, the 

interpretation of SVM results remains difficult even for an expert in data analysis. 

3. Problematic and expected contribution(s) of the paper 

The objective of our current research is to construct a heuristic that quickly provides a 

user who is not an expert in data analysis with only the relevant generalized physical 

contradictions and their context when the number of action parameters and values is 

large. As discussed in Section 2, one disadvantage of SVM based method is the 

ambiguity that may arise in the interpretation of the weights of the discrimination 

function provided by the SVM method. 

3.1. Practical limitations of SVM use  

To explain these drawbacks, we recall with the example of Fig 4 the principle of use 

and interpretation of SVM outputs. In this example, we consider three evaluation 

parameters y1, y2, and y3 and an action parameter that can take 10 values x1 to x10. 

We want to know which values xi explain the achievement or non-achievement of the 

objective yj. To do this, the SVM discrimination function provides weights (see Fig 4 

(a)) which can be interpreted as follows: if the value of the weight is "enough" positive, 

then xi explains the achievement of the objective for yj and if it is "enough" negative, 

then xi explains the unsatisfactory achievement of the objective for yj.  

The first practical problem concerns the interpretation of "enough". Indeed, the 

values defining the limit between a positive or negative action and no discriminatory 

action are not fixed by the method. Moreover, they may vary according to the 

evaluation parameter yi. To illustrate this point, it is provided in Fig 4 (b) and (c), two 

different interpretations of the weights in Fig 4 (a). Knowledge about the system can 

help in the interpretation, but we would like to be able to decide on the basis of the data. 

The second practical question concerns the sample size of data needed to ensure that 

the order of values is stable because with different sample size we see different order 

of variables and we don't understand which one is more accurate and trustable, we 

would like to know the necessary sample size to be able to interpret the data. 
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Fig 4. Limitation of SVM weights interpretation 

3.2. Problematic of the paper  

The main question in this paper is to define which action parameters are involved in 

generalized physical contradiction (i.e we do not seek for the contradiction itself). In 

the SVM-based approaches presented in previous works, the idea is to exploit a learning 

method and its recognition function. We can imagine using other learning algorithms 

to recognize the variables involved in the contradictions. Each method can produce 

different results. The question then arises to compare their performance and to know 

which one is more accurate or robust. 

As soon as we know how to measure the quality of a solution provided by a method 

we can compare the methods. In this paper, we present an alternative method to the 

SVM approach named XGBOOST [25]( eXtreme Gradient Boosting) , which will be 

compared to SVM [26]. 

The main problem that we deal with is imbalanced data that exists in some problems, 

it's means that number of data for each class or group of data is not balanced and that 

the number of data that exist in one group is very few. Moreover, when the method can 

deal with imbalanced data, the usual metric like accuracy can't show overfitting or 

under-fitting for this kind of dataset. That is the reason why we need measures that 

allow us to deal with these questions. Some of them are proposed in the literature of 

machine learning like AUC, and PRC curve. We will test them also in the method we 

propose bellow because this situation often happens in innovation. Our objective is 

finding accurate and robust models that can show the importance of features involved 

in the contradiction. Also we looking for an algorithm that can (1) easily deal with 

multi-class problems and have a way to delete ineffective variables and (2), in a next 

research step, might provide the concepts C1 and C2 of the GPC).The latest point is 

among main reasons why we explored the use of XGBOOST.  

. 

1 influence  yi satisfaction

-1 influence  yi dissatisfaction

no or uncertain influence

y1 y2 y3 y1 y2 y3 y1 y2 y3

x1 -3 15 15 x1 -3 15 15 x1 -3 15 15

x2 -3 15 15 x2 -3 15 15 x2 -3 15 15

x3 -3 15 -3 x3 -3 15 -3 x3 -3 15 -3

x4 -3 14 -4 x4 -3 14 -4 x4 -3 14 -4

x5 -3 8 -4 x5 -3 8 -4 x5 -3 8 -4

x6 -3 0.1 -4 x6 -3 0.1 -4 x6 -3 0.1 -4

x7 2 -9 -4 x7 2 -9 -4 x7 2 -9 -4

x8 4 -16 -4 x8 4 -16 -4 x8 4 -16 -4

x9 4 -20 -4 x9 4 -20 -4 x9 4 -20 -4

x10 4 -22 -4 x10 4 -22 -4 x10 4 -22 -4

(a) (b) (c)

EP EPEP

Output of the 

discriminant 

analysis 

algorithm
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4. Material and method 

4.1. Building the artificial data set  

The problem of identifying functions C1, C2, and C or the action parameters involved 

in one of these functions can be put in a generic form illustrated in Table 1. In this 

example, we have three action parameters A1, A2 and A3 which can take two values 1 

or 0. The class column of the table corresponds in practice either to a column of the 

binary matrix or to the selection of the sets E1 (values 1) versus E2 +E0 (zeros values) 

or E2 versus E1+E0. This column can also be interpreted as the value of the logical 

function C1, C2, or C to be found. Thus, for example on Table 1. if the column "class" 

corresponds to an EP of the binary matrix we will have the objective reached (EP=1) if 

(A1=1) OR (A2=1) AND (A3=1). What can still be written EP = A1+A2.A3.  

This remark allows us to build a set of test functions that enable us to check to what 

extent an algorithm provides the right parameters of the contradiction and later if an 

algorithm finds functions C, C1, or C2. 

At the preprocessing stage of our research methodology, we build different datasets 

with different numbers of action parameters (10, 15, 20) and also with different sizes 

of data samples (100, 300, 500, 1000).  
Table 1. Data sample 

A1 A2 A3 Class 

1 0 0 1 

0 0 0 0 

0 0 1 0 

0 1 0 0 

0 1 1 1 

0 0 0 0 

0 1 0 0 

The functions used for the test part are given below, '.' means AND between two 

variables, and '+' means OR between two variables. 

𝐹𝑢𝑛𝑐𝑡𝑖𝑜𝑛 1 = 𝐴1. 𝐴2 (1) 

Function 2 = 𝐴1. 𝐴2 + 𝐴1. 𝐴3 (2) 

Function 3 = 𝐴1. 𝐴2 + 𝐴3. 𝐴7 + 𝐴5 (3) 

Function 4 = 𝐴1. 𝐴2. 𝐴3. . . 𝐴10 (4) 

𝐹𝑢𝑛𝑐𝑡𝑖𝑜𝑛 5 = A1+A2.A3+A2.A4+A3.A5.A6+A4.A5.A7.A8 (5) 

They were chosen for their degree of difficulty in treatment. In the following, you 

can see imbalance ratio (IR) and table of imbalance ratio of these functions. 
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𝐼𝑅 =
𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑑𝑎𝑡𝑎 𝑖𝑛 𝑀𝑎𝑗𝑜𝑟𝑖𝑡𝑦 𝐶𝑙𝑎𝑠𝑠

𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑑𝑎𝑡𝑎 𝑖𝑛 𝑀𝑖𝑛𝑜𝑟𝑖𝑡𝑦 𝐶𝑙𝑎𝑠𝑠
  (6) 

In this formula, for example if we have 2 outputs for the defined function and if the 

number of zero outputs in our dataset is equal to 1000 and the number of one output in 

our dataset is equal to 8, then class 1 or data with output 1 is minority class because it 

has lower number of data inside the dataset and class 0 is majority then IR will be 1000 

divide by 8 is 125. It shows that this dataset is highly unbalanced, and we need a plan 

to pass this problem.  
Table 2. imbalance ratio of different function with different sampling 

#Sample F1 F2 F3 F4 F5 

100 4.26 1.77 0.51 99.0 0.49 

200 4.40 1.81 0.43 99.0 0.42 

300 3.54 1.67 0.48 149.0 0.38 

400 3.25 1.54 0.45 199.0 0.37 

500 3.62 1.68 0.48 124.0 0.39 

1000 3.08 1.61 0.42 249.0 0.37 

 

It can be seen in the Table 2  that Function 4 has the highest imbalance ratio. Among 

the other functions, F1 and F2 are most challenging ones because the number of data in 

majority class is much more than number of data in minority class and this makes 

learning harder because in learning stage, model focus on majority class and neglect 

the minority class.  

Once the test functions are defined, we preprocess the data, it means we binarize the 

input and output and split the data to training, validation, and test data sets by using 5-

fold stratified data sampling. Indeed, as we are dealing with some imbalanced data sets 

these actions allow having enough data of each value (0 and 1). A stratified sampling 

ensures that subgroups (strata) of a given class are each adequately represented within 

the whole sample of classes. In this way, we can see different aspects of the data, and 

later we can evaluate and check the confidence and robustness of our model in different 

conditions. 

4.2. Global process to find the important variables involved in contradiction  

In this paper, we want to evaluate the performance of the "extreme gradient boosting” 

algorithm to extract the important features involved in physical contradiction and 

compare it performances to SVM approach. The methodology to identify the features 

is provided below.  The two first stages 1) and 2)consist in getting data and 

preprocessing them as described in the previous section. 



10 

Fig 5. Our proposed methodology to detect the important inputs involved in contradiction 

In the next step 3) we classify the data, with a gradient boost tree algorithm 

(XGBOOST). During the training of step 3), we check the model via a Log loss metric 

in order to prevent as much as possible overfitting and underfitting phenomenon.  

After training the model, we evaluate it in step 4), to see how much  it might be 

successful in classifying the data by using the validation  set. For evaluating the result, 

as we deal with imbalanced data, we used metrics that are good when dealing with 

imbalanced datasets like AUC curve, PRC curve. We consider that in very high-level 

imbalance dataset PRC curve is a better metric than AUC curve [27], [28]. If model 

underfits or overfits then our metric on test data will give very different result than on 

training data and the model and output of model on test data will be useless. The 

measures used so far in step 4) allow the user of the classification method to "decide" 

whether the classification model obtained in step 3) has identified the Action 

Parameters without knowing them beforehand as in a real situation.  

In step (5), the user of this algorithm should then decide from the measures which 

variables will retains as important features.  

But, as in our evaluation examples we already know the important features, it is also 

possible to check afterward the algorithm did find the right features or not. Thus, we 

added a new evaluation metric, that we call correctness: It is a measure that helps to 

evaluate the feature selection process and compare them.  

𝐶𝑜𝑟𝑟𝑒𝑐𝑡𝑛𝑒𝑠𝑠 =
𝑓(𝑐ℎ𝑜𝑖𝑐𝑒 𝑓𝑖𝑟𝑠𝑡 𝑁(𝑠𝑜𝑟𝑡 𝑀))

𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑎𝑐𝑡𝑢𝑎𝑙 𝑖𝑚𝑝𝑜𝑟𝑡𝑎𝑛𝑡 𝑓𝑒𝑎𝑡𝑢𝑟𝑒𝑠
 

(7) 

In the formula of correctness, M is equal to the value of the importance of each 

variable extracted from the model, it could be weight in SVM or gain of each feature 

extracted from the decision tree, and sort M means, we sort these M from highest value 

to lowest value, because feature with highest value means that it has more contribution 

than others to classify the output of dataset. N is equal to the number of important 

features in the function, for example, if we are looking to evaluate function 1, then only 

2 variables are involved in the function, and N value is 2 for this function. Function f 

in the formula is comparing these selected variables with actual variables that existed 

in actual function and return number of matching between these two lists, for example, 

if we have 10 APs and actual function that builds the output is like A1+A2A4 with 3 

important variables. Let us imagine that after training and extraction of the feature 

importance of model, the provided ranking of feature importance is A1, A3, and A4. 

Then correctness for this situation is equal to two divides by three, because we can 

predict 2 of 3 important variables of the actual function and correctness will be 66%, 

1) Build Data 2) Preprocessing
3) Classification & 

Optimization of the 
parameters

4) Evaluation
5) Variable 
Selection
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this formula only useable now because we already know the actual function and we use 

it to compare and understand the accuracy of the algorithm. 

In the next section, we provide the results obtained with this method. The details of 

the measure and their interpretation for the user are provided.  

5. Illustration and evaluation of the approach 

For understanding the problem and to understand which variables play a more 
important role in contradiction we need to find them inside of the inputs (Action 

parameters), for that reason after the classifying stage we can check the variable 

importance from the simulated model. In SVM we can see it via the weights of the 

kernel and in XGBOOST we can see it via different parameters of the XGBOOST 

method like gain, cover, weight[29], total gain, total cover, and total gain. weight is the 

number of times a feature is used to split the data across all trees, gain is the average 

gain across all splits the feature is used in, cover is the average coverage across all splits 

the feature is used in, total gain is the total gain across all splits the feature is used in, 

and total cover is the total coverage across all splits the feature is used in. In this paper, 

we first explored which one of the XGBOOST measures better explains the important 

features and later compare XGBOOST measures with SVM measures to see which one 

is more robust in imbalance situations and which one can give the more accurately the 
important feature with the lowest sample size.  

To compare the different feature importance provided by XGBOOST we used AUC, 

PRC curve to check how much results are usable and model can simulate the actual 

function.   

In the following we compare the result for different functions, all the functions have 20 

inputs with the name of A1 to A20 and one output. But all the input variables are not 

necessary to describe the function; each of them can be described with one of the 5 

functions provided above (equations (1) to (5)) 

5.1. Comparing different feature importance of XGBOOST 

Because we build our dataset, we know which variables are important and which are 

useless we can now check if our algorithm can find these important variables or not. 

But we have a problem, XGBOOST give multiple feature importance and we need to 

figure out which one of them is more suitable to detect the important features. To find 

out which one of the feature importance of the XGBOOST (weight, Cover, Gain, Total 

gain, Total cover) can better describe the feature important of actual functions, and 

because we already know the variables ranking based on the functions we propose a 

new way to find the best feature important of XGBOOST. For example 𝐹𝑢𝑛𝑐𝑡𝑖𝑜𝑛 5 = 

A1 + A2.A3 + A2.A4 + A3.A5.A6 + A4.A5.A7.A8 we have 20 variables in our dataset, 

but only 8 of them are useful in this function. Then we propose a general ranking model 

for this type of functions. From the function formula most important variable we can 

see is A1, because output of the function is depending on A1 value and with only A1 

we can change the output and it's independent from other variables, second one is A2 

because it exist in 2 part of function (A2.A3 and A2.A4) and these two parts are only 
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depending on one variable that why we can understand second most important variable 

is A2, third is A3 because it's exist in A2.A3 and A3.A5.A6, fourth is A4 because we 

find A2 and A3 then A4 will be remain on A2.A4, fifth is A5 because it's exist in two 

part of function A3.A5.A6+A4.A5.A7.A8, sixth is A6 because it's remain on 

A3.A5.A6, and seventh and eighth is A7,A8 but they seem to be same important in the 

function because they do not exist in another part of the function.  

From our experimental data set we know the actual function, the useless variables and 

we can compute a proposed ranking of the features thanks to previous described ranking 

model. Now we need an algorithm that show us the same situation as described above. 

It means that we need an algorithm that has the ability to show the A9 to A20 as useless 

variables and shows A1 as the most important variables and after that A2 to A8 etc. For 

that reason, we plot different bar chart of 5 feature importance measures of XGBOOST 

(weight, Cover, Gain, Total gain, Total cover) with different sample size to see which 

one can show us the uptrend in value when we increase the sample size from 100 to 

2000 and also show the downtrend from A1 to A8, because A1 is most important 

variable and A8 is lowest important variable in the function and most values of A1 to 

A8 are bigger than A9 to A20. 

As can be seen in Fig 6, total gain can give A1 to A8 values greater than A9 to A20 

values, and when the sample size increases, the value of total gain also increases. It 

means that when we give more data to the model, the model confidence in important 

features also increases. And we can also see the downtrend from A1 to A8 which shows 

that the model is ranking A1 as most important feature and A8 as lowest important 

feature inside of our function. 

 
Fig 6. Total gain of each variable of XGBOOST with different sample size of function 5 
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Fig 7. Weight of each variable from XGBOOST with different sample size of function 5 

One can see an example of inconsistency of our method when we used weight as 

importance function in Fig 7, because there is no sign of uptrend when we increase the 

sample size and also there is no sign of downtrend from A1 to A8, and value of A1 to 

A8 are not higher than the values of A9 to A20 in most of case. 

Finally, among the five tested importance features the total gain and total cover could 

be used for our problem when using bar charts. In order to choose between these two 

measures, we made more detailed comparisons of them by using line charts to plot them 

(see Fig 8 and Fig 9). 

 
Fig 8. Total Cover of each variable of XGBOOST with different sample size of function 5 
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Fig 9. Total gain of each variable of XGBOOST with different sample size of function 5 

When we compare these two graphs, we see that the total coverage requires larger 

sample sizes than the total gain to exhibit the important parameters of the example, 

namely A1 to A8. We also see that there does not seem to be any trend in the rank of 

the other variables when the sample size is increased. So, we used the total gain as 

measure to compare the use of XGBOOST and SVM on our problem. 

To compare XGBOOST and SVM, we use box plot to see the median, standard 

deviation, maximum and minimum of feature importance of each algorithm with 

different sample sizes. We performed this process the 5 functions mentioned above, but 

here we just show the result for function 5: 

 
Fig 10. SVM weights range with different sample size from 100 to 2000 of function 5 
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Fig 11. XGBOOST total gain with different sample size from 100 to 2000 of function 5 

As you can see in these two figures variable of A1 to A8 have a higher value in 

compare to the A9 to A20, but for example A8 in XGBOOST doesn't to much overlap 

to non-important values, but in contrary A8 in SVM has overlap with different non-

important variables like A9, A12, A18. This leaves us to speculate that XGBOOST can 

better distinguish between important and non-important features of our problem (the 

same king of result is obtained for our 5 examples and you can find more results on our 

github1). Another benefit of XGBOOST for the 5 examples, it was more robust to the 

non-important features. Because in box plot with different sample size standard 

deviation of non-important features compared to SVM was in a much smaller range and 

they were around the zero but in SVM range of non-important feature was not 

consistent and they change below and above the zero with different sample size.  

With using Box plot or line chart, we can detect the non-important features also, in 

box plot we can detect them by removing the narrow boxes around the zero and in line 

chart with different sample size, non-important feature changes a lot but important 

features are more robust to these changes and they hold their ranking with different 

sample size.  

Now we make the hypothesis that XGBOOST is more robust on non-important 

features, then problem that we deal with is that we don't know, which model with how 

many number of sample we can trust more because we deal with different sample size 

of the real system or simulated model, and we need a metric for this problem to evaluate 

the result of classification and also result of features selected from the model [30]. And 

because of we deal with different kind of data and different ratio of imbalanced dataset, 

we cannot say exactly how many data we need to have a good performance in the 

modeling and feature selection before training the model. Our solution for this problem 

is, at first, we build the model based on different sample size and then, with different 

 
1 https://github.com/nasergh/TRIZ-contradiction 

https://github.com/nasergh/TRIZ-contradiction
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measures, we check which one of these models can better modelized the function inside 

of the data. 

For checking the performance, we use two measurements, AUC and PRC, and we 

show different scenarios of sampling that model can successfully find the important 

variables and also some example that it doesn't, and compare the measurement to find 

the best sample size.  

Because we already know the important variables of each function, we can calculate 

the correctness of feature selection, that why we calculate the different measure for 

different function and we show them in Table 3. 

Table 3. result of functions with different sample size (in percent) 
  

100 200 300 400 500 1000 

Function 1 AUC 100 100 100 100 100 100 
 

PRC 100 100 100 100 100 100 
 

Correct 100 100 100 100 100 100 

Function 2 AUC 100 100 100 100 100 100 
 

PRC 100 100 100 100 100 100 
 

Correct 100 100 100 100 100 100 

Function 3 AUC 97.86 99.97 100 100 100 100 
 

PRC 98.93 99.99 100 100 100 100 
 

Correct 80 100 100 100 100 100 

Function 4 AUC Nan 73.48 87.91 90.45 96.47 99.24 
 

PRC Nan 4.12 18.09 6.21 63.92 61.30 
 

Correct 40 50 60 40 70 100 

Function 5 AUC 83.70 99.50 99.80 100 99.80 99.90 
 

PRC 93.50 99.80 99.90 100 99.90 100 
 

Correct 62.50 87.50 87.50 87.50 87.50 100 

With these results we can see that, when we increase the sample sizes, if PRC or 

AUC becomes stable and changing very smoothly then our sample size is large enough 

to have a good correctness (more than 70%) or in other word we can more trust to the 

result of feature importance values of the model and in other hand we have an accurate 

model of the data and model understand the relation between the variables much better. 

One can see that when we have higher AUC or PRC value, then value of feature 

important and ranking of them is also improved. For example, for the function 4, PRC 

decrease 11.88% when we changed the number of samples from 300 to 400 sample. 

Also, one can see is the correctness of feature selection decrease 20%, it lets us 

conjecture that there is a relationship between the model accuracy and features 

extracted from it. 

It can also be seen that when there is a big jump in PRC and AUC values, and PRC 

value comes to more than 60% then it seems that we are very near to a sufficient number 

of sample size to find the feature important. 
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6. Discussion 

in this paper our goal was founding the features important that are involved in 

contradiction and for that purpose we built artificial dataset with already define 

functions. At first, we compare different output of feature importance that can be extract 

from the XGBOOST model and we find out, total gain shows the feature important of 

each function with better ranking and also with small amount of data, total gain can 

show the feature important better than others. After that we compare the feature 

importance of SVM with XGBOOST to see which one is more robust in different 

functions and data's, then we see that XGBOOST result for non-important features is 

more stable and robust to the noise and they are very close to zero in compare to the 

SVM. Also, we see that in some functions XGBOOST with a smaller number of 

samples in compare to the SVM can give the right order of feature important. With this 

methodology we build an automatic system that extract the most important variable 

from the data.   

In our experiment we see that if we deal with highly imbalance dataset then it's hard 

to find the feature important inside of the dataset, and also, it's hard to make the decision 

about how many numbers of samples is enough for model to give us more trustable 

feature importance. That why we evaluate the model with different measurement and 

we see that there is a relation between the feature importance extracted from the model 

and accuracy of the model. But this relation was not very clear, but can be used as a 

guide for the user to continue the improving the model and correctness of extracted 

feature important. With defined metrics we know that when model can understand the 

relation between the variables but we don't know with how many numbers of samples 

we will have high correctness in feature important. In the future, we will need to look 

more closely to this problem to find the other relationships between the correctness of 

the features extracted from the model and the accuracy of the model.  

Another problem that we deal with it, was in imbalance dataset. We need at least 4 

samples that show the minority class otherwise we cannot have a good feature selection 

and also accurate model that describe the relation and variable important inside of the 

dataset.  

This methodology can help to find the important features or in other word action 

parameters that are involved in identifying the contradiction between the technical 

contradiction, and if we know the action parameters and their values that are involved 

in Technical contradiction then we can come back to the physical contradiction of the 

system and find the generalized technical contradictions. In next research, we will try 

to find the function that describe the technical contradiction, to see the values and 

relations between the action parameters.  

7. Conclusion  

In this paper, first we find out which feature importance of XGBOOST describe the 

important variable better then we compared the performance of SVM and XGBOOST 

algorithms for getting the important variables involved in generalized physical 
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contradictions. In order to make this comparison and to use XGBOOST, it was 

necessary to seek for measures providing the important variables for XGBOOST 

algorithm. The results suggest that, first, XGBOOST is more powerful and robust in 

noisy dataset and can better detect the non-important features than SVM, second, 

XGBOOST can show the importance action parameters with a smaller number of data. 

In the next part, we show that PRC and AUC can give a clue to the user that how much 

model can understand the actual function and indirectly show how much model can 

successfully extract the important action parameters. 
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