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Abstract. Accurate prediction of customer behavior is crucial for businesses to optimize
marketing strategies, product offerings, and customer relationships. Traditional regression
methods often struggle when dealing with imprecise or fuzzy data, which is common in
customer behavior datasets. This study proposes an integrated approach that combines the
strengths of fuzzy multiple linear regression (FMLR) and machine learning techniques to
enhance customer behavior prediction. FMLR is employed to handle the inherent fuzziness in
customer data, while machine learning principles are leveraged for model training,
optimization, and generalization. The proposed method is applied to a dataset containing
customer spending scores along with age and income information. The results demonstrate
the potential of this approach in capturing complex customer behavior patterns, enabling
businesses to gain actionable insights for targeted marketing, cross-selling, and customer
retention strategies. The study contributes to the field by introducing a robust and interpretable
framework that harnesses the synergy between FMLR and machine learning for improved
customer behavior predictions.

Keywords: Fuzzy Multiple Linear Regression, Fuzzy Least Squares Estimators, o — cut,
Machine Learning, linear programming model, Customer Behavior.
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1. Introduction

In the last years, the combining between Machine Learning and Fuzzy Multiple Linear Regression
(FMLR) has proved to be an important approach in decode and predicting customer behavior (Ozde
and Okan, 2018). With the increasing dependence on data-driven decision-making, businesses have
turned to MLR, a sub of Machine Learning, to get great insights into consumer options, desire, and
future activities (Raed, et al., 2023). This paper has a try to investigate the power transformation of
Machine Learning, especially MLR, in the field of customer behavior prediction, contributions
businesses a unique chance to resolve the complication of customer interactive and desire.

The convergence of advanced computational techniques with the deep of consumer data allows a model
take in our comprehension of customer behavior (Feng and Joey, 2023).Influenced by MLR algorithms,
we seek to create predictive models that go beyond conventional constraints. Grounded in machine
learning principles, these models provide businesses with executable perception into customer
preservation, Buying tendencies, and the strategic optimization of marketing. In this exploration, we
illuminate between Machine Learning and MLR. We delve into the essential principles that underpin
MLR's ability to dissect complex customer data, uncover hidden trends, and facilitate data-driven
decision-making within the broader framework of Machine Learning. The significance of feature
engineering, model selection, and interpretability within this symbiotic relationship is a focal point of
our investigation.

2. Motivations and Literature Survey

The importance of the research is evident from the emergence of the fuzzy state of many phenomena
that have a statistical relationship with each other and have inaccurate data, which calls for formulating
a fuzzy regression model that represents this relationship and estimating the coefficients of that model
in order to describe the fuzzy relationship efficiently. This study proposes an integrated approach that
combines between the strengths of fuzzy multiple linear regression (FMLR) and machine learning
techniques to enhance customer behavior prediction.

In recent years, many types of fuzzy regression models have been created for regression analysis
recovery. The fuzzy linear regression model was first introduced by (Tanaka et al,1982), Their model
handled after that by many authors, like (Lee,1988). These models can be roughly classified into three
groups, linear programming (LP) methods (Nasrabadi M., Nasrabadi E., 2004), multi-objective (MO)
techniques, and least squares (LS) methods, (Chen L. and Hsueh C. 2009). Most previous works show
that both linear regression and machine learning can be effectively used for predicting and forecasting
in different environments,(K.Matsumura et al 2015),(Dehghan,2015) studied the familiar methods of least
square deviation and absolute deviation and used a regression model with fuzzy coefficients. In a study
presented by (Helena,2016) investigated whether consumption values could predict green purchasing
behavior. The examination is based on the theory of consumption values and uses fuzzy qualitative
comparative analysis,(Rahman,2017) proposed a new technique to classify user behavior using fuzzy
rule based system, (Henrique et al.2017) Study the adequacy of nonlinear models with simple design to predict
energy consumption in a real-world smart building environment. Gopalakrishnan worked on evaluating a
department store's sales and estimating future sales in order to maximize its revenues and make its
brands much better and more competitive by generating customer loyalty. The technology used to
forecast revenue is a deep learning linear regression algorithm (T. Gopalakrishnan,et al.,2018),
(Saifil,2019)experimentally compared various traditional logistic regression classification algorithms
with artificial neural network to predict customer volatility, (Hye et al. 2019) presented a new method
to estimate a fuzzy regression model when the center and diffusion have a different pattern,(Jing,2019)
used machine learning techniques such as decision tree, cluster analysis, and Naive Bayes algorithm to
analyze customer characteristics and attributes with historical purchase records, (Rizwanullah,2020)
developed a customer behavior analysis model based on the adaptive fuzzy logistic regression model,
Ritesh analyzed different computational algorithms that can be used in machine learning methodologies
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to find out the best models. It also suggests different ways to improve the efficiency of these algorithms

(Ritesh Choudhary,et al,2021). (Gtizelel,2021) developed several surrogate models using multiple
linear regression and machine learning algorithms to determine the output states of silica gel drying
wheels to achieve balanced flow. (Doan et al.2021) developed a Mamdani based fuzzy inference model
to explore customer behavior while purchasing a product,(Tran,2021)studied machine learning models
and data pre-processing techniques to obtain the highest accuracy solutions in predicting customer
decision. (Zhengyi,2023) Machine learning has also been applied to predicting consumer
behavior,(Chen,2022) using machine learning algorithms to develop processing strategies is better than
multiple linear regression in prediction.

(Gyanendra,2022) presented a comparative study of different machine learning techniques applied to
the problem of predicting customer purchasing behavior, The study conducted by (Kusumadewi et
al,2023) aims to build a model to solve the multiple linear regression problem using Sugeno's Fuzzy
Inference System (FIS) approach, the main contribution of this study is to provide an alternative model
for performing linear regression. (Zifeng,2024) created a consumption behavior prediction model based
on context-aware data and support vector machine classification algorithm, (Forgécs,2024) introduced
a new methodology, a Sugeno-type predictive fuzzy model, which enables companies to make more
accurate predictions regarding the requirements and behaviors of distinct consumer groups.
(Sampathraja,2024) studied fuzzy logic in machine learning based maximum power point tracking for
cost-optimized grid-connected hybrid renewable energy systems.

3. Fuzzy Sets and a — cut

In our real world, we face many sets in which elements are classified according to a description or
criteria that are not clearly defined in determining and knowing the extent or degree of belonging to the
element, whether the element belongs or does not belong to that classification or set, this lack of clarity
that is manifested in these sets, and the phenomena that have this characteristic are included in the study
and are concentrated in the fuzzy set theory based on the lack of clarity and emphasis in the elements
and data ( Zadeh, 1965; Ibrahim , et al., 2023).

Let 4 is a subset of X which represents a universal set, and defined by membership function ¥;: X—
[0,1]. One of the concepts related to the fuzzy set is the a — cut set, it is a set containing elements x with
a degree of membership not less than («) to express the degree of belonging to the important elements,
which is called the level of («), The important membership is between two values, left and right[x;, x, ],
Otherwise, it is of little importance and is often left to be outside the scope of « — cut set.

A set of cut with a degree of membership greater than « is called “strong « - cut set “, denoted by A at

The largest degree of membership is called the height of the fuzzy set, while the core is the set of
elements that have a degree of membership equal to one (Kreinovich, 2021).

4. Linear Regression

Linear regression is defined as a mathematical relationship that links the variables, and this relationship
is expressed in the form of a linear equation that includes the dependent variable and one or more
independent variables, equation (1) explains this relationship.
Vi = Bo + Bixqi + +B2x0 + -+ +Brxpi + £ (1)
In matrix form, linear regression is expressed as follows:
Y=XB+¢
Where :
Y: vector (n X 1) of observations of dependent variable,
X: vector (n X p) of observations of independent variables,
B: vector (p X 1) Unknown parameters in the model, to be estimated,
: vector (n X 1) of random errors.

278



Kaml & Ibrahim, Journal of Logistics, Informatics and Service Science, Vol. 11 (2024) No. 10, pp. 276-293

The above model is known as the general linear model, and for the purpose of estimating its parameters,
more than one method is used (Khonglumtan, 2023). One of the most widely used methods is the
method of least squares, which depends on the criterion for minimizing the sum of squares of error.

5. Fuzzy Linear Regression

In traditional regression models, there is uncertainty resulting from randomness, so the probability
theory cannot be (fiszziness), but in the case of uncertainty resulting from fuzziness, it is used, but fuzzy
set theory is used. Uncertainty results in fuzzy regression if the relationship between the independent
variables and the dependent variable is fuzzy, or if the data is fuzzy. These two types lead to the
following types of fuzzy regression.

1- In case the data is crisp, as in the traditional regression, and the parameters are fuzzy, the
independent variables have crisp data, the parameters of the model are fuzzy, and the response
variable has fuzzy data.

2- In case the parameters are crisp and the data is fuzzy, as the explanatory variables and the
response variable have fuzzy data, and the parameters of the model are crisp as in the traditional
regression.

3- If both the data and the parameters are fuzzy, then the explanatory variables and the response
variable have fuzzy data, and the parameters of the model are fuzzy as well.

6. Fuzzy Least Squares Estimators

The fuzzy least squares method used to estimate the fuzzy regression model with fuzzy parameters and
fuzzy independent variables is summarized in the following steps (Chung, 2003):

Step 1: Select different values of @ — cut, each of the values chosen cuts all the fuzzy triangular numbers
for all model variables, as it cuts the triangular membership to the fuzzy number, the purpose to
determine a—cut set by two Values[roﬁ, 2], Which represent the new minimum and maximum values
after cutting, These terms can be found by applying the two relationships shown in the formula:
rt=(1-a)*xat+a*b,r¥=0—-a)*c+axb.(Q2)

Where (a, b, ¢) represents the principal bounds of the triangular fuzzy number, using the same
formulas for the fuzzy response variable as:
Va=A-a)*yi+axyl,yi=A-a)*y{ +a*yl. (3)

After this cut, new values for the variables are generated, represented by the lower and upper limits,
based on these values, and using the following least squares formula the minimum and maximum

parameters are estimated ﬁ }ga), ﬁju(][;f
o = [XTX) KT @ Vi Bilhy = [XTXI7XT ® Y2 (4)

A

Step 2: A interval is chosen in the form a; < a < 1, where a; represents the value of a selected cut-
off level within @ € [0,1], then the interval a7 < @ < 1is divided into several small parts, so that
the difference between each two consecutive parts equal to €.

Step 3: Estimate the fuzzy parameter at the cutting level azas interval :

N u
Bicep = [Bilacy Bl ©
From the above interval, several values are chosen, let it be (p) for each parameter.
Step 4: Depending on the triangular membership function and applying the following linear
programming model:
max a
subject to

l up
jtw) S Pj < Bjy 6)
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aq <a<l1

The value of membership « is generated for each value p; that have been selected and compensated in
the linear programming model.

Step S: Choose one of the values p; based on the membership values that resulting from the solution

of linear programming model, mostly choosing values with high membership between [0.90—1].
Flnally, the fuzzy hnear regression model i is written as:

Viap = ﬁO(CK{) @D ,31(055) Q Xi1(ap) @ ﬁZ(a()XLZ(a() D .0 ﬁt(ag) Q® Xit(ap) (1)

7. Descriptive of Data

This paper consists data from site “kaggle.com/datasets” for a customer contains independent variable
y as Spending Score and two independent variables X; as Age, X, as Annual Income and with 200
observations. Ensure the dataset includes the target variable and the features to use for prediction, where
y is fuzzy triangular numbers as shown in Appendix (A).

8. Estimation of Parameters of fuzzy regression models

The estimation of central data is based on the results of the linear programming model (6) as shown in
Appendix (B), which depends on the lower and upper least squares estimators. The levels within the
interval [0.90—1] are selected with their corresponding estimated parameters in the linear programming
model. The estimated of central parameters of the fuzzy regression model shown in the following table:

Input fuzzy
triangular num bers

Select different values of
o — cut to find

min and max values of the ( min andm ax valuesafter cutting )
fuzzy response varable w=[0—-al*ata=h
Y= —a) ey tany? =(-a)«ctasb
E=G-@eytanyt | N T /
r ~

Estimate the fuzzy param eter
L r

d

Applylinear programmingm odel

-

Choose one of the valiesp; i

based on the m em bership
values that resulting from LP

—

[ ‘\Knte the f'uzz*, linear reeressmnmodel ]

lln"l_gll‘ln'ﬁ® @Srm‘u®xmcn

Fig.1: Flow chart to illustrate Fuzzy Least Squares Estimators

% E gﬁao ~11"(a() E gﬁao
0.90 73.552 -0.60409 0.006012
0.91 73.329 -0.60420 0.006010
0.92 73.218 -0.60430 0.006080
0.93 73.348 -0.60409 0.006075
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0.94 73.503 -0.60405 0.006170
0.95 73.366 -0.60410 0.006250
0.96 73.406 -0.60500 0.006340
0.97 73.371 -0.60500 0.006180
0.98 73.335 -0.60500 0.006470
0.99 73.342 -0.60500 0.00614

The results of estimating the parameters of the fuzzy regression model at the lower and upper limits and

for different a; — cut levels are shown in the following table.

@ B f)(a{); B '5(«1{) B ll(a{)i B 'f(a{) B lZ(a{)J Fz‘(a;)
0.90 (73.32,73.904) (-0.604,-0.6042) (0.006,0.0070)

091 | (73.192,73.501) (-0.604,-0.605) (0.006,0.0070)
0.92 (73.209,73.484) (-0.604,-0.605) (0.006,0.0070)
0.93 (73.227,73.467) (-0.604,-0.605) (0.006,0.0069)
0.94 (73.244,74.917) (-0.604,-0.617) (0.006,0.0069)
0.95 (73.261,73.433) (-0.604,-0.605) (0.006,0.0068)
0.96 (73.279,73.416) (-0.605,-0.605) (0.006,0.0068)
0.97 (73.296,73.399) (-0.605,-0.605) (0.006,0.0066)
0.98 (73.313,73.382) (-0.605,-0.605) (0.006,0.0065)
0.99 (73.331,73.365) (-0.605,-0.605) (0.006,0.0065)

The fuzzy set that consists of multiple values (triplets) is converted into an output with a single value.
This process is known as defuzzification. One of these methods is “The graded mean integration
representation”’, where the crisp number is calculated by (Espinosa, et al., 2005):

a+2b+c
Xer = P (7)
a; 0.90 0.91 0.92 0.93 0.94 0.95 0.96 0.97 0.98 0.99
xﬂ? 73.582 73.338 73.282 73.347 73.792 73.357 73.377 73.359 73.341 73.34
xfrl -0.6040 | -0.6044 | -0.6044 | -.60435 | -0.6073 | -0.6043 | -0.605 -0.605 -0.605 | -0.605
xfrz 0.00626 | 0.00625 | 0.00629 | 0.00626 | 0.00631 | 0.00633 | 0.00637 | 0.00624 | 0.00636 | 0.0062

When taking the alpha cut at level (a; = 0.9 5), the regression equation is written as follows:

Yic0.05) =73.357€D-0.6043Q) X;1(0.95)) €0.00633X;5(0.95) D €; (8)
The parameters of the multiple linear regression equation in equation (8), explain the effect of the two
independent variables, age and annual income, on the dependent variable expense, where the value of
ﬁ1=-0.6043, It means that when the consumer's age increases by one unit, the spending decreases by
this amount (i.e. there is a reverse effect), and the value of ﬁz =0.00633, It means that when the
consumer's income increases by one unit, the spending increases by this amount (i.e. there is a positive
effect).

9. Multiple linear regression in machine learning

Multiple linear regression is a statistical technique that can be used to predict the value of a dependent
variable based on the values of two or more independent variables. It is a supervised learning algorithm,
which means that it learns from a dataset of labeled examples, where the dependent variable is known.
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Once the model has been trained, it can be used to predict the value of the dependent variable for new
data points. This can be used for a variety of tasks, such as predicting house prices, customer churn, or
medical risk (El-Naggar, 2023).

10.Machine Learning Approach

While MLR is traditionally viewed as a statistical technique, it can also be implemented within the
machine learning framework. Here's how:

10.1. Data Preparation:

- Collect and pre-process data, ensuring numerical features and addressing missing values and outliers.
- Feature scaling may be necessary for variables with vastly different scales to avoid biasing the
coefficients.

10.2. Training Mode:

During training, the model ingests the training data. This data consists of features (inputs) and targets
(outputs). The model's internal parameters are adjusted based on the observed patterns in the training
data. Here's a breakdown of the theory:

Loss Function: The model makes predictions on the training data. These predictions are compared to
the actual targets using a loss function. This function quantifies the discrepancy between prediction and
reality. Examples include squared error for regression problems or cross-entropy for classification
problems.

Optimization Algorithm: The model aims to minimize the overall loss across all training examples. This
is achieved by an optimization algorithm that iteratively adjusts the model's internal parameters.
Common algorithms include gradient descent and its variants. These algorithms take the calculated loss
and use it to update the parameters in a way that reduces the loss in subsequent iterations.

Essentially, the training process allows the model to learn a mapping function between features and
targets.

10.3. Testing Mode:

Once trained, the model's performance is evaluated on unseen data — the testing set. This helps assess
how well the model generalizes to real-world scenarios beyond the training data it was exposed to
during training. Here's the theory behind testing:

Generalization: Ideally, the model's performance on the testing data should be similar to its performance
on the training data. A significant drop in performance indicates over fitting, where the model has
memorized the training data but fails to capture underlying patterns. Techniques like regularization can
help mitigate over fitting.

Error Analysis: Analyzing errors on the testing data can reveal specific weaknesses in the model. This
can guide further improvements in data preprocessing, feature engineering, or even exploration of
different model architectures.

10.4. Model Evaluation:

Evaluate the model's performance using the testing dataset. Common evaluation metrics for regression
problems include Mean Squared Error (MSE).
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11. Results and discussions

Interpreting the results of using machine learning for linear regression to predict customer behavior is
an important step in gaining meaningful insights from data (Fig.2).
 Predicting the Test set results

© y pred = regressor.predict(X_test)

print("prediction = ",y _pred)

prediction = [43.92715471 48.34781432 41.98513652 45.20424586 54.75235252 45,11451521

58.92755576 44,523584426 41.82898268 46.58887934 59.72342184 53.28958711

49,5957852 45.89511243 48.71345798 58.408851226 68.5273765 45.26162687

54.5611188 29,.72294531 53.532096422 54,.528768928 57.4137155 53.51a46l64

34.45542342 49, 27124888 S0.68138752 52.914928721 48.77599225 45,822319:1

52.39487924 45.92768862 47.87613573 59.319859878 46.8511144 49.34323586

45,718%2859 54,47@25324 45,.15127217 26.84286549]

Fig.2: predict customer behavior using Python Code.

Machine learning algorithms can be used to determine the models and tendency enclosed by data enable
businesses to best understand how their customers interact with products or services. By examine the
output of a fuzzy linear regression model, we can obtain great insight into customer behaviors and desire
that would remain fluctuates. We use the mean square error (MSE), which calculates the average

squared difference between the predicted values and the actual values. See Figure (3)
# Calculation of Mean Squared Error (MSE)
mean_squared_error(y_test,y_pred)

623.7455896205665
Fig. 3: Calculation of Mean Square Error using Python Code.

When this measure have been realized it's possible to estimate whether our predictive models
unambiguously gain the different in customer behavior.

Partial Regression Plot
Dependent Variable: Spending

Partial Regression Plot
Dependent Variable: Spending

B Linear » 0407

Annoual_lncom Age

Fig. 4: Partial Regression plots by dependent var. spending and independent variables annual income
and age.

12.Conclusion

This study has presented a novel approach to customer behavior prediction by integrating fuzzy multiple
linear regression (FMLR) with machine learning techniques. The proposed method addresses the
challenges posed by imprecise or fuzzy customer data, which traditional regression methods often
struggle with. By combining the ability of FMLR to handle fuzziness with the powerful model training
and optimization capabilities of machine learning, the developed framework offers a robust and
interpretable solution for predicting customer spending patterns.

The application of this approach to a real customer dataset demonstrated its potential in capturing the
complex relationships between customer characteristics (age and income) and their spending behavior.
The estimated fuzzy regression model, along with the optimal a-cut level selection, provides businesses
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with actionable insights into customer preferences, purchasing tendencies, and opportunities for
targeted marketing and cross-selling strategies.

While the results are promising, further research is needed to explore the generalizability of this
approach across different industry sectors and customer behavioral domains. Additionally, the
integration of other machine learning techniques, such as neural networks or ensemble methods, could
be investigated to potentially enhance the predictive performance further.

In conclusion, this study contributes to the field by introducing a synergistic combination of FMLR and
machine learning, opening new avenues for businesses to gain a deeper understanding of their
customers and make more informed, data-driven decisions for improved customer relationships and
market competitiveness.
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Appendix A
Spending Score Spending Score
Annual by fuzzy by fuzzy
Customer | Gender | Age triangular Customer | Gender | Age | Annual triangular
ID Income | number (1-100) ID number (1-100)
&S) | ¥ | ¥ | ¥i Income | yi | y? |y
(k$)
1 Male 19 15 38 | 39 | 42 34 Male 18 33 9 | 92 | 95
2 Male 21 15 79 | 81 84 35 Female 49 33 12 | 14 15
3 Female 20 16 6 6 9 36 Female 21 33 79 | 81 81
4 Female 23 16 75 77 78 37 Female 42 34 15 | 17 20
5 Female 31 17 39 | 40 | 40 38 Female 30 34 70 | 73 | 74
6 Female 22 17 75 | 76 | 80 39 Female 36 37 25 126 | 29
7 Female 35 18 5 6 8 40 Female 20 37 73 | 75 | 76
8 Female 23 18 90 | 94 | 96 41 Female 65 38 34 | 35 | 39
9 Male 64 19 3 3 5 42 Male 24 38 9 | 92 | 92
10 Female 30 19 70 | 72 | 73 43 Male 48 39 33 | 36 | 37
11 Male 67 19 12 14 18 44 Female 31 39 60 | 61 65
12 Female 35 19 98 | 99 | 100 45 Female 49 39 27 | 28 | 28
13 Female 58 20 15 15 17 46 Female 24 39 64 | 65 | 69
14 Female 24 20 76 77 80 47 Female 50 40 51 | 55 58
15 Male 37 20 10 13 14 48 Female 27 40 46 | 47 | 49
16 Male 22 20 77 | 79 | 84 49 Female 29 40 42 | 42 | 44
17 Female 35 21 33 | 35 | 36 50 Female 31 40 40 | 42 | 45
18 Male 20 21 65 | 66 | 69 51 Female 49 42 50 | 52 | 55
19 Male 52 23 27 | 29 | 33 52 Male 33 42 57 | 60 | 61
20 Female 35 23 95 | 98 | 99 53 Female 31 43 56 | 54 | 58
21 Male 35 24 34 | 35 | 37 54 Male 59 43 59 | 60 | 63
22 Male 25 24 70 | 73 74 55 Female 50 43 45 | 45 | 48
23 Female 46 25 5 5 7 56 Male 47 43 38 | 41 | 41
24 Male 31 25 72 | 73 | 75 57 Female 51 44 49 | 50 | 52
25 Female 54 28 14 14 16 58 Male 69 44 42 | 46 | 47
26 Male 29 28 80 | 82 | 83 59 Female 27 46 50 | 51 54
27 Female 45 28 30 | 32| 33 60 Male 53 46 44 | 46 | 46
28 Male 35 28 60 | 61 63 61 Male 70 46 55| 56 | 59
29 Female 40 29 31 | 31 33 62 Male 19 46 52 | 55 | 59
30 Female 23 29 84 | 87 | 88 63 Female 67 47 50 | 52 | 55
31 Male 60 30 3 4 6 64 Female 54 47 59 |1 59 | 62
32 Female 21 30 72 | 73 75 65 Male 63 48 50 | sl 54
33 Male 53 33 4 4 5 66 Male 18 48 55159 | 60
Spending Score Spending Score
by fuzzy by fuzzy
Customer | Gender | Age | Annual triangular Customer | Gender | Age | Annual triangular
ID number (1-100) ID number (1-100)
Income | y? | y? | yf Income | y# | y? | yf
(k%) (k%)
67 Female 43 48 49 | 50 | 55 106 Female 21 62 39 | 42 | 42
68 Female 68 48 46 | 48 | 53 107 Female 66 63 48 | 50 | 54
69 Male 19 48 58 | 59 | 59 108 Male 54 63 44 | 46 | 50
70 Female 32 48 45 | 47 | 50 109 Male 68 63 43 | 43 | 45
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71 Male 70 49 54 | 55 59 110 Male 66 63 47 | 48 | sl
72 Female 47 49 41 | 42 | 45 111 Male 65 63 47 | 52 | 52
73 Female 60 50 46 | 49 | 50 112 Female 19 63 50 | 54 | 55
74 Female 60 50 56 | 56 | 60 113 Female 38 64 41 | 42 | 46
75 Male 59 54 47 | 47 | 50 114 Male 19 64 45 | 46 | 48
76 Male 26 54 53 | 54 | 57 115 Female 18 65 46 | 48 | 49
77 Female 45 54 53 53 55 116 Female 19 65 50 | 50 53
78 Male 40 54 45 | 48 | 50 117 Female 63 65 40 | 43 | 44
79 Female 23 54 50 52 55 118 Female 49 65 57 | 59 63
80 Female 49 54 41 | 42 | 45 119 Female 51 67 40 | 43 | 43
81 Male 57 54 51 51 53 120 Female 50 67 55 | 57 60
82 Male 38 54 50 | 55 56 121 Male 27 67 56 | 56 | 60
83 Male 67 54 40 | 41 41 122 Female 38 67 35 | 40 | 42
84 Female 46 54 43 | 44 | 47 123 Female 40 69 57 | 58 | 59
85 Female 21 54 56 | 57 | 60 124 Male 39 69 90 | 91 94
86 Male 48 54 46 | 46 | 50 125 Female 23 70 29 |1 29 | 32
87 Female 55 57 53 | 58 | 60 126 Female 31 70 751 77 | 177
88 Female 22 57 54 | 55 58 127 Male 43 71 36 | 35 | 38
89 Female 34 58 59 | 60 | 64 128 Male 40 71 94 | 95 | 99
90 Female 50 58 45 | 46 | 49 129 Male 59 71 10 | 11 13
91 Female 68 59 55 55 56 130 Male 38 71 74 | 75 77
92 Male 18 59 40 | 41 44 131 Male 47 71 9 9 11
93 Male 48 60 49 | 49 | 50 132 Male 39 71 74 | 75 | 78
94 Female 40 60 39 | 40 | 43 133 Female 25 72 33 | 34 | 38
95 Female 32 60 42 | 42 | 44 134 Female 31 72 70 | 71 74

96 Male 24 60 51 52 | 55 135 Male 20 73 5 5 8
97 Female 47 60 47 | 47 | 49 136 Female 29 73 86 | 88 | 89

98 Female 27 60 50 | 50 | 54 137 Female 44 73 7 7 9
99 Male 48 61 39 | 42 | 44 138 Male 32 73 73 | 73 | 78
100 Male 20 61 45 | 49 | 50 139 Male 19 74 9 10 14
101 Female 23 62 38 | 41 42 140 Female 35 74 70 | 72| 75

102 Female 49 62 47 | 48 52 141 Female 57 75 5 5 9
103 Male 67 62 57 | 59 | 62 142 Male 32 75 9 | 93 | 97
104 Male 26 62 55 | 55 57 143 Female 28 76 39 | 40 | 44
105 Male 49 62 56 | 56 | 59 144 Female 32 76 86 | 87 | 87
Spending Score Spending Score

by fuzzy by fuzzy
Customer | Gender | Age | Annual triangular Customer | Gender | Age | Annual triangular
ID number (1-100) ID number (1-100)
Income | y? | y? | yf Income | y? | y? | yf
(k$) (k$)

145 Male 25 77 14 | 12 15 173 Male 36 87 10 | 10 14
146 Male 28 77 96 | 97 | 101 174 Male 36 87 91 | 92 | 94
147 Male 48 77 35 | 36 | 38 175 Female 52 88 12 | 13 16
148 Female 32 77 74| 74 | 77 176 Female 30 88 84 | 86 | 90
149 Female 34 78 21 | 22 | 25 177 Male 58 88 14 | 15 17
150 Male 34 78 89 | 90 | 93 178 Male 27 88 68 | 69 | 72
151 Male 43 78 16 | 17 | 20 179 Male 59 93 13 | 14 17
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152 Male 39 78 87 88 90 180 Male 35 93 86 | 90 92
153 Female 44 78 20 20 22 181 Female 37 97 30 | 32 33
154 Female 38 78 73 76 77 182 Female 32 97 86 | 86 89
155 Female 47 78 15 16 18 183 Male 46 98 14 | 15 19
156 Female 27 78 87 89 93 184 Female 29 98 87 | 88 90
157 Male 37 78 1 1 2 185 Female 41 99 39 | 39 40
158 Female 30 78 76 78 82 186 Male 30 99 94 | 97 | 100
159 Male 34 78 1 1 1 187 Female 54 101 23 | 24 28
160 Female 30 78 70 73 73 188 Male 28 101 68 | 68 72
161 Female 56 79 35 35 37 189 Female 41 103 15 17 20
162 Female 29 79 83 83 86 190 Female 36 103 83 | 85 89
163 Male 19 81 5 5 7 191 Female 34 103 22 | 23 28
164 Female 31 81 90 93 97 192 Female 32 103 66 | 69 70
165 Male 50 85 26 26 30 193 Male 33 113 8 8 9
166 Female 36 85 72 75 77 194 Female 38 113 90 | 91 94
167 Male 42 86 20 20 24 195 Female 47 120 16 | 16 20
168 Female 33 86 91 95 95 196 Female 35 120 75 | 79 79
169 Female 36 87 26 27 29 197 Female 45 126 24 | 28 30
170 Male 32 87 61 63 66 198 Male 32 126 73 | 74 79
171 Male 40 87 13 13 18 199 Male 32 137 17 | 18 22
172 Male 28 87 73 75 77 200 Male 30 137 80 | 83 88
Appendix B
Yios) | Yios) | Yias | Yias | YVies | YVies | Vies | YViss | Vies | Vias | YViss | Vissn | Vies | Vies | Yios | Yirs) | Vies | Vices
3805 | 41.85 | 3815 | 3945 | 3825 | 4125 | 3835 | 4095 | 3845 | 4065 | 3855 | 4035 | 3865 | 4005 | 3875 | 3975 | 3885 | 3945
79.1 8385 | 793 | 8145 | 795 | 8325 | 797 | 8295 | 799 | 8265 | 801 | 8235 | 803 | $205 | sos | 8175 | 807 | 8145
6 8.85 6 6.45 6 8.25 6 7.95 6 7.65 6 7.35 6 7.05 6 6.75 6 6.45
75.1 7795 | 753 | 7705 | 755 | 7795 | 757 | 7765 | 759 | 7755 | 760 | 7745 | 763 | 7235 | 765 | 7725 | 767 | 77.15
39.05 40 39.15 40 39.25 40 3935 40 39.45 40 39.55 40 39.65 40 39.75 40 3985 | 40
7505 | 798 | 7515 | 766 | 7525 79 7535 | 786 | 7545 | 782 | 7555 | 778 | 7565 | 774 | 7575 77 7585 | 766
5.05 7.9 515 6.3 5.5 7.5 5.35 7.3 5.45 7.1 5.55 6.9 5.65 6.7 5.75 6.5 5.85 6.3
90.2 95.9 90.6 943 91 955 91.4 953 91.8 95.1 922 94.9 92.6 94.7 93 94.5 934 | 943
3 49 3 33 3 45 3 43 3 41 3 3.9 3 3.7 3 35 3 33
70.1 7295 | 703 | 7215 | 705 | 7275 | 707 | 7265 | 709 | 7255 | 710 | 7245 | 703 | 7235 | 75 | 7225 | 717 | 7215
12.1 17.8 123 14.6 12.5 17 127 16.6 129 16.2 13.1 15.8 133 154 135 15 137 | 146
9805 | 9995 | 9815 | 99.15 | 9825 | 9975 | 9835 | 99.65 | 9845 | 99.55 | 9855 | 99.45 | 98.65 | 9935 | 9875 | 9925 | 9885 | 99.15
15 16.9 15 15.3 15 16.5 15 16.3 15 16.1 15 15.9 15 15.7 15 155 15 15.3
7605 | 7985 | 7615 | 7745 | 7625 | 7925 | 7635 | 7895 | 7645 | 7865 | 7655 | 7835 | 7665 | 7805 | 7675 | 7775 | 7685 | 7745
1.5 | 1395 | 1045 | 1315 | 1075 | 1375 | 1105 | 1365 | 1135 | 1355 | 1165 | 1345 | 1195 | 1335 | 1225 | 1325 | 1255 | 1315
77.1 8375 | 773 | 7995 | 775 | 8275 | 777 | s225 | 779 | 8175 | 781 | 8125 | 783 | 8075 | 785 | s02s | 787 | 79.75
33.1 3595 | 333 | 3505 | 335 | 3575 | 337 | 3565 | 339 | 3555 | 341 | 3545 | 343 | 3535 | 345 | 3525 | 347 | 3515
6505 | 6885 | 6515 | 6645 | 6525 | 6825 | 6535 | 6795 | 6545 | 67.65 | 6555 | 6735 | 6565 | 6705 | 6575 | 6675 | 6585 | 66.45
27.1 328 273 296 275 2 277 316 27.9 312 28.1 3038 283 30.4 285 30 287 | 296
9515 | 9895 | 9545 | 98.15 | 9575 | 9875 | 9605 | 9865 | 9635 | 9855 | 9665 | 9845 | 9695 | 9835 | 9725 | 9825 | 97.55 | 98.15
3405 | 369 | 3415 | 353 | 3425 | 365 | 3435 | 363 | 3445 | 361 | 3455 | 359 | 3465 | 357 | 3475 | 355 | 3485 | 353
7015 | 7395 | 7045 | 7315 | 7075 | 7375 | 7105 | 7365 | 7135 | 7355 | 7165 | 7345 | 7195 | 7335 | 7225 | 7325 | 7255 | 7315
5 6.9 5 5.3 5 6.5 5 6.3 5 6.1 5 5.9 5 5.7 5 5.5 5 53
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72.05 74.9 72.15 73.3 72.25 74.5 72.35 74.3 72.45 74.1 72.55 73.9 72.65 73.7 72.75 73.5 72.85 73.3

14 15.9 14 143 14 15.5 14 15.3 14 15.1 14 14.9 14 14.7 14 14.5 14 14.3
80.1 82.95 80.3 82.15 80.5 82.75 80.7 82.65 80.9 82.55 81.1 82.45 81.3 82.35 81.5 82.25 81.7 82.15
30.1 32.95 30.3 32.15 30.5 32.75 30.7 32.65 30.9 32.55 31.1 32.45 31.3 3235 315 32.25 31.7 32.15

60.05 62.9 60.15 61.3 60.25 62.5 60.35 62.3 60.45 62.1 60.55 61.9 60.65 61.7 60.75 61.5 60.85 61.3

31 329 31 31.3 31 325 31 323 31 32.1 31 31.9 31 31.7 31 315 31 313

84.15 87.95 84.45 87.15 84.75 87.75 85.05 87.65 85.35 87.55 85.65 87.45 85.95 87.35 86.25 87.25 86.55 87.15

3.05 59 3.15 43 3.25 55 3.35 5.3 3.45 5.1 3.55 4.9 3.65 4.7 3.75 4.5 3.85 43

72.05 74.9 72.15 73.3 72.25 74.5 72.35 74.3 72.45 74.1 72.55 73.9 72.65 73.7 72.75 73.5 72.85 73.3

90.1 94.85 90.3 92.45 90.5 94.25 90.7 93.95 90.9 93.65 91.1 93.35 91.3 93.05 91.5 92.75 91.7 92.45

12.1 14.95 12.3 14.15 12.5 14.75 12.7 14.65 12.9 14.55 13.1 14.45 13.3 14.35 13.5 14.25 13.7 14.15
79.1 81 79.3 81 79.5 81 79.7 81 79.9 81 80.1 81 80.3 81 80.5 81 80.7 81
15.1 19.85 153 17.45 15.5 19.25 15.7 18.95 15.9 18.65 16.1 18.35 16.3 18.05 16.5 17.75 16.7 17.45

70.15 73.95 70.45 73.15 70.75 73.75 71.05 73.65 71.35 73.55 71.65 73.45 71.95 73.35 72.25 73.25 72.55 73.15

}'5(,05) 3':"(.05) ;Vfus) y}‘(.ls) yg(‘zs) y;‘(.zs) yg(,zs) 3’:"(.35) yﬁus) 3':"(.45) yg(‘ss) y;‘(.ss) yg(‘ss) y;‘(.ss) }'5(,75) 3':"(.75) yg(,ss) y;‘(.ss)

25.05 28.85 25.15 26.45 25.25 28.25 25.35 27.95 25.45 27.65 25.55 27.35 25.65 27.05 25.75 26.75 25.85 26.45

73.1 75.95 73.3 75.15 73.5 75.75 73.7 75.65 73.9 75.55 74.1 75.45 74.3 75.35 74.5 75.25 74.7 75.15
34.05 38.8 34.15 35.6 34.25 38 34.35 37.6 34.45 37.2 34.55 36.8 34.65 36.4 34.75 36 34.85 35.6
90.1 92 90.3 92 90.5 92 90.7 92 90.9 92 91.1 92 91.3 92 91.5 92 91.7 92

33.15 36.95 33.45 36.15 33.75 36.75 34.05 36.65 34.35 36.55 34.65 36.45 34.95 36.35 35.25 36.25 35.55 36.15

60.05 64.8 60.15 61.6 60.25 64 60.35 63.6 60.45 63.2 60.55 62.8 60.65 62.4 60.75 62 60.85 61.6
27.05 28 27.15 28 27.25 28 27.35 28 27.45 28 27.55 28 27.65 28 27.75 28 27.85 28

64.05 68.8 64.15 65.6 64.25 68 64.35 67.6 64.45 67.2 64.55 66.8 64.65 66.4 64.75 66 64.85 65.6
51.2 57.85 51.6 55.45 52 57.25 52.4 56.95 52.8 56.65 53.2 56.35 53.6 56.05 54 55.75 54.4 55.45

46.05 48.9 46.15 473 46.25 48.5 46.35 483 46.45 48.1 46.55 479 46.65 47.7 46.75 475 46.85 473

42 439 42 423 42 435 42 433 42 43.1 42 429 42 42.7 42 42.5 42 423

40.1 44.85 40.3 42.45 40.5 44.25 40.7 43.95 40.9 43.65 41.1 43.35 413 43.05 41.5 42.75 41.7 42.45

50.1 54.85 50.3 52.45 50.5 54.25 50.7 53.95 50.9 53.65 51.1 53.35 51.3 53.05 515 52.75 51.7 52.45

57.15 60.95 57.45 60.15 57.75 60.75 58.05 60.65 58.35 60.55 58.65 60.45 58.95 60.35 59.25 60.25 59.55 60.15

55.9 57.8 55.7 54.6 55.5 57 55.3 56.6 55.1 56.2 54.9 55.8 54.7 55.4 54.5 55 543 54.6

59.05 62.85 59.15 60.45 59.25 62.25 59.35 61.95 59.45 61.65 59.55 61.35 59.65 61.05 59.75 60.75 59.85 60.45

45 47.85 45 45.45 45 47.25 45 46.95 45 46.65 45 46.35 45 46.05 45 45.75 45 45.45

38.15 41 38.45 41 38.75 41 39.05 41 39.35 41 39.65 41 39.95 41 40.25 41 40.55 41

49.05 51.9 49.15 50.3 49.25 51.5 49.35 51.3 49.45 511 49.55 50.9 49.65 50.7 49.75 50.5 49.85 50.3

422 46.95 42.6 46.15 43 46.75 43.4 46.65 43.8 46.55 44.2 46.45 44.6 46.35 45 46.25 45.4 46.15

50.05 53.85 50.15 51.45 50.25 53.25 50.35 52.95 50.45 52.65 50.55 52.35 50.65 52.05 50.75 51.75 50.85 51.45

44.1 46 443 46 44.5 46 44.7 46 449 46 45.1 46 453 46 455 46 45.7 46

55.05 58.85 55.15 56.45 55.25 58.25 55.35 57.95 55.45 57.65 55.55 57.35 55.65 57.05 55.75 56.75 55.85 56.45

52.15 58.8 52.45 55.6 52.75 58 53.05 57.6 53.35 57.2 53.65 56.8 53.95 56.4 54.25 56 54.55 55.6
50.1 54.85 50.3 52.45 50.5 54.25 50.7 53.95 50.9 53.65 51.1 53.35 51.3 53.05 515 52.75 51.7 52.45
59 61.85 59 59.45 59 61.25 59 60.95 59 60.65 59 60.35 59 60.05 59 59.75 59 59.45

50.05 53.85 50.15 51.45 50.25 53.25 50.35 52.95 50.45 52.65 50.55 52.35 50.65 52.05 50.75 51.75 50.85 51.45

55.2 59.95 55.6 59.15 56 59.75 56.4 59.65 56.8 59.55 57.2 59.45 57.6 59.35 58 59.25 58.4 59.15

49.05 54.75 49.15 50.75 49.25 53.75 49.35 53.25 49.45 52.75 49.55 52.25 49.65 51.75 49.75 51.25 49.85 50.75

46.1 52.75 46.3 48.75 46.5 51.75 46.7 51.25 46.9 50.75 47.1 50.25 473 49.75 47.5 49.25 47.7 48.75
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58.05 59 58.15 59 58.25 59 58.35 59 58.45 59 58.55 59 58.65 59 58.75 59 58.85 59

45.1 49.85 453 47.45 455 49.25 45.7 48.95 459 48.65 46.1 48.35 46.3 48.05 46.5 47.75 46.7 47.45

54.05 58.8 54.15 55.6 54.25 58 54.35 57.6 54.45 57.2 54.55 56.8 54.65 56.4 54.75 56 54.85 55.6

41.05 44.85 41.15 42.45 41.25 44.25 4135 43.95 41.45 43.65 41.55 43.35 41.65 43.05 41.75 42.75 41.85 42.45

46.15 49.95 46.45 49.15 46.75 49.75 47.05 49.65 47.35 49.55 47.65 49.45 47.95 49.35 48.25 49.25 48.55 49.15

56 59.8 56 56.6 56 59 56 58.6 56 58.2 56 57.8 56 57.4 56 57 56 56.6

47 49.85 47 47.45 47 49.25 47 48.95 47 48.65 47 48.35 47 48.05 47 47.75 47 47.45

53.05 56.85 53.15 54.45 53.25 56.25 53.35 55.95 53.45 55.65 53.55 55.35 53.65 55.05 53.75 54.75 53.85 54.45

53 54.9 53 53.3 53 54.5 53 543 53 54.1 53 53.9 53 53.7 53 53.5 53 533

45.15 49.9 45.45 483 45.75 49.5 46.05 49.3 46.35 49.1 46.65 48.9 46.95 48.7 4725 48.5 47.55 48.3

50.1 54.85 50.3 52.45 50.5 54.25 50.7 53.95 50.9 53.65 51.1 53.35 51.3 53.05 515 52.75 51.7 52.45

41.05 44.85 41.15 42.45 41.25 44.25 41.35 43.95 41.45 43.65 41.55 43.35 41.65 43.05 41.75 42.75 41.85 42.45

}’5(.05) Yicos) yg(.15) Yics) yg(.zS) Yic2s) 3’5(.35) Yicss) 3’5(.45) Yias) yg(.55) Yicss) yg(.sS) Yices) 3’5(.75) Yicrs) 3’5(.35) Yicss)

51 52.9 51 51.3 51 52.5 51 523 51 52.1 51 51.9 51 51.7 51 515 51 51.3

50.25 55.95 50.75 55.15 51.25 55.75 51.75 55.65 52.25 55.55 52.75 55.45 53.25 55.35 53.75 55.25 54.25 55.15

40.05 41 40.15 41 40.25 41 40.35 41 40.45 41 40.55 41 40.65 41 40.75 41 40.85 41

43.05 46.85 43.15 44.45 43.25 46.25 43.35 45.95 43.45 45.65 43.55 45.35 43.65 45.05 43.75 44.75 43.85 44.45

56.05 59.85 56.15 57.45 56.25 59.25 56.35 58.95 56.45 58.65 56.55 58.35 56.65 58.05 56.75 57.75 56.85 57.45

46 49.8 46 46.6 46 49 46 48.6 46 48.2 46 47.8 46 47.4 46 47 46 46.6

53.25 59.9 53.75 58.3 54.25 59.5 54.75 59.3 55.25 59.1 55.75 58.9 56.25 58.7 56.75 58.5 57.25 58.3

54.05 57.85 54.15 55.45 54.25 57.25 54.35 56.95 54.45 56.65 54.55 56.35 54.65 56.05 54.75 55.75 54.85 55.45

59.05 63.8 59.15 60.6 59.25 63 59.35 62.6 59.45 62.2 59.55 61.8 59.65 61.4 59.75 61 59.85 60.6

45.05 48.85 45.15 46.45 45.25 48.25 4535 47.95 45.45 47.65 45.55 47.35 45.65 47.05 45.75 46.75 45.85 46.45

55 55.95 55 55.15 55 55.75 55 55.65 55 55.55 55 55.45 55 55.35 55 55.25 55 55.15

40.05 43.85 40.15 41.45 40.25 43.25 40.35 42.95 40.45 42.65 40.55 42.35 40.65 42.05 40.75 41.75 40.85 41.45

49 49.95 49 49.15 49 49.75 49 49.65 49 49.55 49 49.45 49 49.35 49 49.25 49 49.15

39.05 42.85 39.15 40.45 39.25 42.25 39.35 41.95 39.45 41.65 39.55 41.35 39.65 41.05 39.75 40.75 39.85 40.45

42 439 42 423 42 435 42 433 42 43.1 42 429 42 42.7 42 42.5 42 423

51.05 54.85 S1.15 52.45 51.25 54.25 51.35 53.95 51.45 53.65 51.55 53.35 51.65 53.05 51.75 52.75 51.85 52.45

47 48.9 47 473 47 48.5 47 483 47 48.1 47 479 47 47.7 47 475 47 473

50 53.8 50 50.6 50 53 50 52.6 50 522 50 51.8 50 51.4 50 51 50 50.6

39.15 439 39.45 423 39.75 43.5 40.05 433 40.35 43.1 40.65 429 40.95 42.7 41.25 42.5 41.55 42.3

452 49.95 45.6 49.15 46 49.75 46.4 49.65 46.8 49.55 472 49.45 47.6 49.35 48 49.25 48.4 49.15

38.15 41.95 38.45 41.15 38.75 41.75 39.05 41.65 39.35 41.55 39.65 41.45 39.95 41.35 40.25 41.25 40.55 41.15

47.05 51.8 47.15 48.6 47.25 51 4735 50.6 47.45 50.2 47.55 49.8 47.65 49.4 47.75 49 47.85 48.6
57.1 61.85 57.3 59.45 57.5 61.25 57.7 60.95 57.9 60.65 58.1 60.35 58.3 60.05 58.5 59.75 58.7 59.45
55 56.9 55 55.3 55 56.5 55 56.3 55 56.1 55 55.9 55 55.7 55 55.5 55 55.3
56 58.85 56 56.45 56 58.25 56 57.95 56 57.65 56 57.35 56 57.05 56 56.75 56 56.45
39.15 42 39.45 42 39.75 42 40.05 42 40.35 42 40.65 42 40.95 42 41.25 42 41.55 42
48.1 53.8 483 50.6 48.5 53 48.7 52.6 48.9 522 49.1 51.8 49.3 51.4 49.5 51 49.7 50.6
44.1 49.8 443 46.6 44.5 49 44.7 48.6 449 48.2 45.1 47.8 453 47.4 455 47 45.7 46.6
43 449 43 433 43 44.5 43 443 43 44.1 43 439 43 43.7 43 435 43 433

47.05 50.85 47.15 48.45 47.25 50.25 47.35 49.95 47.45 49.65 47.55 49.35 47.65 49.05 47.75 48.75 47.85 48.45

47.25 52 47.75 52 48.25 52 48.75 52 49.25 52 49.75 52 50.25 52 50.75 52 51.25 52
50.2 54.95 50.6 54.15 51 54.75 51.4 54.65 51.8 54.55 522 54.45 52.6 54.35 53 54.25 53.4 54.15
41.05 458 41.15 42.6 41.25 45 41.35 44.6 41.45 44.2 41.55 43.8 41.65 43.4 41.75 43 41.85 42.6
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45.05 47.9 45.15 46.3 45.25 475 45.35 473 45.45 47.1 45.55 46.9 45.65 46.7 45.75 46.5 45.85 46.3

46.1 48.95 46.3 48.15 46.5 48.75 46.7 48.65 46.9 48.55 47.1 48.45 473 48.35 475 48.25 47.7 48.15

50 52.85 50 50.45 50 52.25 50 51.95 50 51.65 50 51.35 50 51.05 50 50.75 50 50.45

40.15 43.95 40.45 43.15 40.75 43.75 41.05 43.65 4135 43.55 41.65 43.45 41.95 43.35 4225 43.25 42.55 43.15

57.1 62.8 57.3 59.6 57.5 62 57.7 61.6 57.9 61.2 58.1 60.8 58.3 60.4 58.5 60 58.7 59.6

40.15 43 40.45 43 40.75 43 41.05 43 4135 43 41.65 43 41.95 43 4225 43 42.55 43
55.1 59.85 55.3 57.45 55.5 59.25 55.7 58.95 55.9 58.65 56.1 58.35 56.3 58.05 56.5 57.75 56.7 57.45
56 59.8 56 56.6 56 59 56 58.6 56 58.2 56 57.8 56 57.4 56 57 56 56.6

35.25 41.9 35.75 40.3 36.25 41.5 36.75 41.3 37.25 41.1 37.75 40.9 38.25 40.7 38.75 40.5 39.25 40.3

}’5(.05) Yicos) yg(.15) Yics) yg(.zS) Yic2s) 3’5(.35) Yicss) 3’5(.45) Yias) yg(.55) Yicss) yg(.sS) Yices) 3’5(.75) Yicrs) 3’5(.35) Yicss)

57.05 58.95 57.15 58.15 57.25 58.75 57.35 58.65 57.45 58.55 57.55 58.45 57.65 58.35 57.75 58.25 57.85 58.15

90.05 93.85 90.15 91.45 90.25 93.25 90.35 92.95 90.45 92.65 90.55 92.35 90.65 92.05 90.75 91.75 90.85 91.45

29 31.85 29 29.45 29 31.25 29 30.95 29 30.65 29 30.35 29 30.05 29 29.75 29 29.45

75.1 77 75.3 77 75.5 77 75.7 77 75.9 77 76.1 77 76.3 77 76.5 77 76.7 77

35.95 37.85 35.85 35.45 35.75 37.25 35.65 36.95 35.55 36.65 35.45 36.35 35.35 36.05 35.25 35.75 35.15 35.45

94.05 98.8 94.15 95.6 94.25 98 94.35 97.6 94.45 97.2 94.55 96.8 94.65 96.4 94.75 96 94.85 95.6

10.05 12.9 10.15 113 10.25 12.5 10.35 12.3 10.45 12.1 10.55 11.9 10.65 1.7 10.75 11.5 10.85 11.3

74.05 76.9 74.15 75.3 74.25 76.5 74.35 76.3 74.45 76.1 74.55 75.9 74.65 75.7 74.75 75.5 74.85 75.3

74.05 77.85 74.15 75.45 74.25 77.25 74.35 76.95 74.45 76.65 74.55 76.35 74.65 76.05 74.75 75.75 74.85 75.45

33.05 37.8 33.15 34.6 33.25 37 33.35 36.6 33.45 36.2 33.55 35.8 33.65 35.4 33.75 35 33.85 34.6

70.05 73.85 70.15 71.45 70.25 73.25 70.35 72.95 70.45 72.65 70.55 72.35 70.65 72.05 70.75 71.75 70.85 71.45

5 7.85 5 5.45 5 7.25 5 6.95 5 6.65 5 6.35 5 6.05 5 5.75 5 5.45
86.1 88.95 86.3 88.15 86.5 88.75 86.7 88.65 86.9 88.55 87.1 88.45 87.3 88.35 87.5 88.25 87.7 88.15
7 8.9 7 73 7 8.5 7 8.3 7 8.1 7 79 7 7.7 7 7.5 7 7.3

73 77.75 73 73.75 73 76.75 73 76.25 73 75.75 73 75.25 73 74.75 73 74.25 73 73.75
9.05 13.8 9.15 10.6 9.25 13 9.35 12.6 9.45 12.2 9.55 11.8 9.65 11.4 9.75 11 9.85 10.6
70.1 74.85 70.3 72.45 70.5 74.25 70.7 73.95 70.9 73.65 71.1 73.35 71.3 73.05 71.5 72.75 71.7 72.45

5 8.8 5 5.6 5 8 5 7.6 5 72 5 6.8 5 6.4 5 6 5 5.6
90.15 96.8 90.45 93.6 90.75 96 91.05 95.6 91.35 95.2 91.65 94.8 91.95 94.4 92.25 94 92.55 93.6
39.05 43.8 39.15 40.6 39.25 43 39.35 42.6 39.45 422 39.55 41.8 39.65 414 39.75 41 39.85 40.6
86.05 87 86.15 87 86.25 87 86.35 87 86.45 87 86.55 87 86.65 87 86.75 87 86.85 87
13.9 14.85 13.7 12.45 13.5 14.25 13.3 13.95 13.1 13.65 12.9 13.35 12.7 13.05 12.5 12.75 12.3 12.45
96.05 100.8 96.15 97.6 96.25 100 96.35 99.6 96.45 99.2 96.55 98.8 96.65 98.4 96.75 98 96.85 97.6

35.05 37.9 35.15 36.3 35.25 37.5 35.35 37.3 35.45 37.1 35.55 36.9 35.65 36.7 35.75 36.5 35.85 36.3

74 76.85 74 74.45 74 76.25 74 75.95 74 75.65 74 75.35 74 75.05 74 74.75 74 74.45

21.05 24.85 21.15 22.45 21.25 24.25 21.35 23.95 21.45 23.65 21.55 23.35 21.65 23.05 21.75 22.75 21.85 22.45

89.05 92.85 89.15 90.45 89.25 92.25 89.35 91.95 89.45 91.65 89.55 91.35 89.65 91.05 89.75 90.75 89.85 90.45

16.05 19.85 16.15 17.45 16.25 19.25 16.35 18.95 16.45 18.65 16.55 18.35 16.65 18.05 16.75 17.75 16.85 17.45

87.05 89.9 87.15 88.3 87.25 89.5 87.35 89.3 87.45 89.1 87.55 88.9 87.65 88.7 87.75 88.5 87.85 88.3

20 21.9 20 20.3 20 21.5 20 21.3 20 21.1 20 20.9 20 20.7 20 20.5 20 203

73.15 76.95 73.45 76.15 73.75 76.75 74.05 76.65 74.35 76.55 74.65 76.45 74.95 76.35 75.25 76.25 75.55 76.15

15.05 17.9 15.15 16.3 15.25 17.5 15.35 17.3 15.45 17.1 15.55 16.9 15.65 16.7 15.75 16.5 15.85 16.3
87.1 92.8 87.3 89.6 87.5 92 87.7 91.6 87.9 91.2 88.1 90.8 88.3 90.4 88.5 90 88.7 89.6

1 1.95 1 1.15 1 1.75 1 1.65 1 1.55 1 1.45 1 1.35 1 1.25 1 1.15
76.1 81.8 76.3 78.6 76.5 81 76.7 80.6 76.9 80.2 77.1 79.8 71.3 79.4 77.5 79 71.7 78.6
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1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1
70.15 73 70.45 73 70.75 73 71.05 73 71.35 73 71.65 73 71.95 73 72.25 73 72.55 73
35 36.9 35 353 35 36.5 35 36.3 35 36.1 35 359 35 35.7 35 355 35 353
83 85.85 83 83.45 83 85.25 83 84.95 83 84.65 83 84.35 83 84.05 83 83.75 83 83.45
5 6.9 5 53 5 6.5 5 6.3 5 6.1 5 59 5 5.7 5 5.5 5 53
90.15 96.8 90.45 93.6 90.75 96 91.05 95.6 91.35 95.2 91.65 94.8 91.95 94.4 92.25 94 92.55 93.6

}'5(,05) 3':"(.05) ;Vfus) y}‘(.ls) yg(‘zs) y;‘(.zs) yg(,zs) 3’:"(.35) yﬁus) 3':"(.45) yg(‘ss) y;‘(.ss) yg(‘ss) y;‘(.ss) }'5(,75) 3':"(.75) yg(,ss) y;‘(.ss)

26 29.8 26 26.6 26 29 26 28.6 26 28.2 26 27.8 26 27.4 26 27 26 26.6

72.15 76.9 72.45 75.3 72.75 76.5 73.05 76.3 73.35 76.1 73.65 75.9 73.95 75.7 74.25 75.5 74.55 75.3

20 23.8 20 20.6 20 23 20 22.6 20 222 20 21.8 20 21.4 20 21 20 20.6

91.2 95 91.6 95 92 95 92.4 95 92.8 95 93.2 95 93.6 95 94 95 94.4 95

26.05 28.9 26.15 27.3 26.25 28.5 26.35 28.3 26.45 28.1 26.55 27.9 26.65 27.7 26.75 275 26.85 27.3

61.1 65.85 61.3 63.45 61.5 65.25 61.7 64.95 61.9 64.65 62.1 64.35 62.3 64.05 62.5 63.75 62.7 63.45
13 17.75 13 13.75 13 16.75 13 16.25 13 15.75 13 15.25 13 14.75 13 14.25 13 13.75
73.1 76.9 73.3 75.3 73.5 76.5 73.7 76.3 73.9 76.1 74.1 75.9 74.3 75.7 74.5 75.5 74.7 75.3
10 13.8 10 10.6 10 13 10 12.6 10 12.2 10 11.8 10 11.4 10 11 10 10.6

91.05 93.9 91.15 92.3 91.25 93.5 91.35 93.3 91.45 93.1 91.55 92.9 91.65 92.7 91.75 92.5 91.85 92.3

12.05 15.85 12.15 13.45 12.25 15.25 12.35 14.95 12.45 14.65 12.55 14.35 12.65 14.05 12.75 13.75 12.85 13.45

84.1 89.8 84.3 86.6 84.5 89 84.7 88.6 84.9 88.2 85.1 87.8 85.3 87.4 85.5 87 85.7 86.6

14.05 16.9 14.15 15.3 14.25 16.5 14.35 16.3 14.45 16.1 14.55 15.9 14.65 15.7 14.75 15.5 14.85 15.3

68.05 71.85 68.15 69.45 68.25 71.25 68.35 70.95 68.45 70.65 68.55 70.35 68.65 70.05 68.75 69.75 68.85 69.45

13.05 16.85 13.15 14.45 13.25 16.25 13.35 15.95 13.45 15.65 13.55 15.35 13.65 15.05 13.75 14.75 13.85 14.45

86.2 91.9 86.6 90.3 87 91.5 87.4 91.3 87.8 91.1 88.2 90.9 88.6 90.7 89 90.5 89.4 90.3

30.1 32.95 30.3 32.15 30.5 32.75 30.7 32.65 30.9 32.55 31.1 32.45 31.3 32.35 31.5 32.25 31.7 32.15

86 88.85 86 86.45 86 88.25 86 87.95 86 87.65 86 87.35 86 87.05 86 86.75 86 86.45

14.05 18.8 14.15 15.6 14.25 18 14.35 17.6 14.45 17.2 14.55 16.8 14.65 16.4 14.75 16 14.85 15.6

87.05 89.9 87.15 88.3 87.25 89.5 87.35 89.3 87.45 89.1 87.55 88.9 87.65 88.7 87.75 88.5 87.85 88.3

39 39.95 39 39.15 39 39.75 39 39.65 39 39.55 39 39.45 39 39.35 39 39.25 39 39.15

94.15 99.85 94.45 97.45 94.75 99.25 95.05 98.95 95.35 98.65 95.65 98.35 95.95 98.05 96.25 97.75 96.55 97.45

23.05 27.8 23.15 24.6 23.25 27 23.35 26.6 23.45 26.2 23.55 25.8 23.65 25.4 23.75 25 23.85 24.6

68 71.8 68 68.6 68 71 68 70.6 68 70.2 68 69.8 68 69.4 68 69 68 68.6
15.1 19.85 153 17.45 15.5 19.25 15.7 18.95 15.9 18.65 16.1 18.35 16.3 18.05 16.5 17.75 16.7 17.45
83.1 88.8 83.3 85.6 83.5 88 83.7 87.6 83.9 87.2 84.1 86.8 84.3 86.4 84.5 86 84.7 85.6

22.05 27.75 22.15 23.75 22.25 26.75 22.35 26.25 22.45 25.75 22.55 25.25 22.65 24.75 22.75 24.25 22.85 23.75

66.15 69.95 66.45 69.15 66.75 69.75 67.05 69.65 67.35 69.55 67.65 69.45 67.95 69.35 68.25 69.25 68.55 69.15

90.05 93.85 90.15 91.45 90.25 93.25 90.35 92.95 90.45 92.65 90.55 92.35 90.65 92.05 90.75 91.75 90.85 91.45

16 19.8 16 16.6 16 19 16 18.6 16 18.2 16 17.8 16 17.4 16 17 16 16.6
75.2 79 75.6 79 76 79 76.4 79 76.8 79 77.2 79 77.6 79 78 79 78.4 79
242 29.9 24.6 28.3 25 29.5 254 29.3 25.8 29.1 26.2 28.9 26.6 28.7 27 28.5 27.4 283

73.05 78.75 73.15 74.75 73.25 77.75 73.35 77.25 73.45 76.75 73.55 76.25 73.65 75.75 73.75 75.25 73.85 74.75

17.05 21.8 17.15 18.6 17.25 21 17.35 20.6 17.45 20.2 17.55 19.8 17.65 19.4 17.75 19 17.85 18.6

80.15 87.5 80.45 83.75 80.75 86.75 81.05 86.25 81.35 85.75 81.65 85.25 81.95 84.75 82.25 84.25 82.55 83.75
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