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ABSTRACT. In this paper, Boolean decision table (BDT) approach is proposed as a new classification
technique for binary variables using Boolean algebra. Since the proposed BDT approach is similar to the
decision tree methods used in classification analysis, the performance of the BDT approach is compared
with the widely used decision tree methods in the literature: classification and regression tree (CART),
random forest (RF), and extreme gradient boost (XGBoost) algorithms. While making the comparison,
attention was paid to the classification performance of the models (classification accuracy, ROC, and
PR curve) as well as the interpretability of the results obtained. The benefits and drawbacks of the
proposed BDT approach were analyzed using real data from digital ads of an e-commerce company. The
results of the analysis show that the BDT approach outperforms RF and CART algorithms in classifi-
cation and is close to the XGBoost algorithm. The BDT approach has demonstrated greater validity in
the digital advertising industry because, in comparison to the XGBoost algorithm, its results are more
interpretable. Furthermore, classification performance was also compared using a future dataset from
the same e-commerce company that is not included in the training or test datasets. Important target
audiences were identified in addition to classification performance because target audiences are crucial to
digital advertising. A multi-criteria decision-making technique called TOPSIS was used to ascertain the
relative importance of the target audiences. Both the proposal of the BDT approach and the evaluation
of the results of the classification algorithms using the TOPSIS method are considered to contribute to
the literature in this field.
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1. INTRODUCTION

George Boole developed Boolean algebra, which forms the basis of binary mathematics and Boolean
logic. It began with his initial publications in the subject of logic, “The Mathematical Analysis of Logic”
published in 1848 and “An Investigation of the Laws of Thought” published in 1854 [25]. Boole created
an algebra that could assess the validity or falsity of statements made with terms like “and,” “or,” and
“not.” Boolean algebra has a binary number system, since it is based on two-valued logic. Variables in
boolean algebra are represented numerically as 1 and 0 and orally as “true” and “false,” respectively.
Based on specific logical procedures, a binary (boolean) output can be generated given an input with
k variables using a boolean function with k variables, represented as B : {0,1}* — {0,1} [7]. A truth
table can be used to illustrate a Boolean function. In the table, each row corresponds to a combination
of the values of the Boolean variables and the corresponding output value. The truth table of a Boolean
function with k variables consists of 2% rows and & + 1 columns, which include the outcome variable.
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Research on Boolean algebra is mainly found in the fields of electrical engineering [1936}/46], computer
engineering [32,/55], biology [59,(61], and mathematics [41,{63]. In social sciences, the qualitative compara-
tive analysis (QCA) developed by Charles Ragin is often used, which is based on Boolean algebra and set
theory [52]. Studies using qualitative comparative analysis can also be found in the literature [5}/6}/24,/60].

There are a few studies that use Boolean algebra to determine the probabilities of specific statistical
events, notwithstanding the paucity of research on statistical and classification analyses with Boolean
algebra [491/57]. Studies utilizing Boolean algebra in classification primarily focus on low-observation and
medical applications. It has been discovered that procedures based on Boolean rules were more accurate
than alternative approaches [37,/47]. In a different classification study, a Boolean algebra-based algorithm
was suggested that performed better than existing approaches by using feature differences to quickly
classify huge datasets and data stream systems [62].

There are also studies in the literature on classification analysis using digital advertising data [11|13]
16L[341/42]. In this paper, a classification technique for digital advertising data based on Boolean algebras
was proposed. The proposed approach was similar to the decision table algorithm of Ogihara et al. [47]
and Lu and Liu Grouping and Counting (GAC) Lu and Liu [43], but differs in terms of the technique
used to classify the observations and the use of multi-criteria decision methods. The accuracy of the
classification in the Ogihara et al. investigation was determined exclusively by frequency counts. The
accuracy of classification in this study was assessed using the ROC and PR curves. In addition, the
best feature (variable, attribute) combinations in the dataset was determined using the multi-criteria
decision-making technique known as the technique for order of preference by similarity to ideal solution
(TOPSIS) analysis. Along with prediction accuracy, classification model interpretability is also quite
important. Interpretability entails concentrating on the classifier model’s outputs and providing a more
comprehensible interpretation of the classification rules that emerge from the classification analysis [21].
Artificial neural networks, support vector machines, and ensemble learning methods are so-called “black-
box” models that evaluate classification accuracy [44]. Furthermore, understanding classification models
and being able to interpret combinations of variables gives more confidence that the model identifies the
correct patterns. This also helps to deal with the problem of dataset shifting, which occurs when future
data has a different distribution than past data [21,/51].

In the study that would analyze binary-valued features (variables), the classification tree created with
Boolean algebra (Boolean decision table) was compared with other decision tree algorithms in terms of
classification performance. The decision to use this method was made because the features in the dataset
used in the application were represented in accordance with Boolean algebra logic and the obtained
Boolean rules were more interpretable compared to other classification algorithms [21].

The rest of the paper was organized as follows: Section 2 provides a brief introduction to Boolean
algebra and decision tree techniques, including the CART, Random Forest, and XGBoost algorithms.
Using a sample dataset, the proposed Boolean decision table approach was presented and illustrated.
Techniques for evaluating model performance were also briefly covered. Section 3 presents the findings of
applying the suggested Boolean decision table approach to decision tree methods with Google Analytics
data from an e-commerce firm. The conclusion section in Section 4 provides a general assessment of the
research. In this study, variable and feature are used interchangeably.

2. METHODS

2.1. Boolean Algebra, Boolean Functions and Minterms. Boolean algebra variables are expressed
verbally as “true” and “false,” and numerically as 1 and 0, respectively. A Boolean function with k
variables, denoted as B : {0,1}* — {0,1}, is defined, and this function allows a two-valued (Boolean)
output to be produced for an input with k variables based on specific logical operations [7]. In another
representation, Boolean functions can also be found in the notations of algebraic set operations. A
Boolean function F' = f(A1, Ag, -+, A(n_1), An), where A;,i = 1,--- n are sets, is obtained through
algebraic set operations such as union (U, or), intersection (N, and), and complement (not, ¢). For
example, there are two Boolean functions for sets A, B, and C:

F=fi(AB,C)=[AU(BUC"
G = fo(A,B,C) = (AU A°B)°
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In the creation of functions, the superscript “c” expression represents the complement, and A°B while
represents the intersection of sets A° N B as described [49).

Partitions of Sets and Minterms: Let D = {A, B,C} denote the class of sets, under the as-
sumptions that sets are not covered by each other and their intersections are non-empty. Based on this
assumption, the following set DY is constructed.

0
D" = {mg, m1, ma, m3, my, ms, mg, my}

mo = A°B°C® ~ 000 my = AB°C® ~ 100
my = A°B°C ~ 001 ms = AB°C ~ 101
my = A°BC® ~ 010  mg = ABC® ~ 110
ms = A°BC ~ 011  my = ABC ~ 111

m; are called minterms, and the intersection of minterms in the set D% is the empty set. When con-
structing minterms, the complement of the sets is represented by 0 and the sets themselves by 1. This
representation is called the binary designator of the minterm m;. Using the binary designator, the
minterms are converted to decimal, and the index of the corresponding minterm is obtained. The binary
designator is the binary writing of index values in decimal base. For example, the binary indicator of the
minterm mg is 110. This is the equivalent of the binary indicator in the decimal system;

110=1.22 +1.2' +0.2° = 6.

The resulting number 6 corresponds to the mg minterm. Since there may only be a maximum of seven
indices, three bases 22, 2!, and 2' are employed. In binary notation, the number 7 is represented by at
least three base values. Also, the fact that the given example contains 3 clusters determines the base
value. If these operations are applied to the cluster class with finite n clusters, the resulting number of
minterms is 2. Minterms can also be thought of as the intersection of all input sets [49].

TABLE 1. Binary representation of sets

A~ 1 1 1 1 0 0 0 0
B ~ 1 1 0 0 1 1 0 0
C ~ 1 0 1 0 1 0 1 0
A~ 0 0 0 0 1 1 1 1
B¢ ~ 0 0 1 1 0 0 1 1
ce ~ 0 1 0 1 0 1 0 1

Table 2 below displays the complements and intersections of the sets whose binary representations are
provided in Table 1.

TABLE 2. Set intersections and minterms

ABC ~ 1 0 0 0 0 0 0 0
ABC¢ ~ 0 1 0 0 0 0 0 0
ABC ~ 0 0 1 0 0 0 0 0
AB°C® ~ 0 0 0 1 0 0 0 0
A°BC ~ 0 0 0 0 1 0 0 0
A°BC® ~ 0 0 0 0 0 1 0 0
AcBeC ~ 0 0 0 0 0 0 1 0
A°BeC® ~ 0 0 0 0 0 0 0 1

In Table 2, a value of 1 in the minterm column m;,i = 1,2, 3,4, 5,6, 7 represents the relevant minterm.
For example, for the intersection set ABC, since the m; minterm column is 1, this intersection set is
represented by the minterm my;. Here, intersection operations in binary notation are taken into account
when creating the clusters.
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2.2. Classification and Regression Tree (CART) Algorithm. The CART algorithm adopts a
greedy top-down iterative divide-and-conquer approach, which is common to decision trees. In most
algorithms for decision trees, the training set is iteratively split into smaller subsets [26]. Each split
creates two new branches down the tree. At each stage of the tree-building process, the best split is made
at that stage, rather than looking ahead and choosing a split that will lead to a better tree at some future
step [31].

Leo Breiman created the CART (Classification and Regression Trees) technique using binary tree
architectures [9]. Every node in a binary tree structure contains two branches. The Gini index or towing
criteria are used for partitioning. Post-pruning is used to modify model complexity if needed. When it
is determined that there is no more information to be gained or when the stopping criteria are satisfied,
branching in the CART method ceases [53].

2.3. Bagging — Random Forest. Bagging and random forests are called ensemble learning algorithms.
The goal of ensemble learning is to combine individual classifiers to obtain new classifiers with better per-
formance (higher classification accuracy, lower classification error) [54]. Bagging (bootstrap aggregating-
bagging) was proposed by Leo Brieman in 1996 [8]. For every data set acquired through bootstrap
sampling, a decision tree is constructed. There is no dependence between these decision trees; they oper-
ate in parallel. In an effort to increase accuracy, bagging aggregates the results of all decision trees into
a single prediction to produce an ensemble classifier. To classify a new sample, each classifier generates
its own class prediction, and the bagged classifier returns the most predicted class as the result (voting
method) [54]. Bagging can be applied to a wide range of algorithms, such as linear regression, logistic
regression, and discriminant analysis. What makes the difference here is to create different datasets by
resampling the observations in the training set and applying the chosen algorithm to these datasets [44].

The application of the bagging method to the CART algorithm is also called the random forest algo-
rithm [10]. However, the difference between random forest and bagging is related to feature selection. If
there are m features in the dataset, p of these variables are randomly selected to form trees [31]. Random
variable selection is called the random subspace method proposed by Ho [28]. Thus, the main step of the
random forest algorithm can be considered as the proposed random subspace method. In the random
forest algorithm, the generated decision trees are not pruned, the best variable among p randomly selected
variables is determined, and the root node in the tree is formed. The classification of a new instance is
determined by the voting method [54].

Another ensemble learning method, boosting, is a method that tries to improve classification accuracy
by combining multiple models by generating different classifiers, as in bagging. In both learning methods,
voting is used to classify a new example. In boosting, unlike bagging, each classifier depends on the errors
made in the previous classifier, and a new classifier is created by taking these errors into account. In
bagging, each classifier is independent of other classifiers, and the errors of other classifiers are not taken
into account [54).

2.4. Gradient Boosting Decision Tree (GBDT) and Extreme Gradient Boosting (XGBoost)
Algorithms. Gradient boosting is a gradient-based approximation method for iteratively training a
boosting classifier. The approximation to the function f is computed using linear combinations of the
functions f : R™ — R as the base function and h : R" — R as the weak learners [56]. The mathematical
expression of this situation is shown in Eq.

M
f(x) = Z%‘%‘(%%) (1)

Where o € R™ is the input vector (feature, variable), a; € R, and M is the number of weak models.

{(@i,yi) |ri € R* vey; € R },_,.y being the training dataset, f (.) is constructed by iteratively se-
lecting the parameters a; and 6; shown in Eq. to minimize an augmented loss function. The loss
function L shown in Eq. is a function used to measure the difference between the true value and the
predicted value.

L= Zl(yiaf(xi)) (2)
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The Gradient Boosting Decision Tree (GBDT) is a machine learning algorithm widely used for its
classification accuracy and efficiency. GBDT is an ensemble model of sequentially trained decision trees
[22]. GBDT often uses regression trees as weak models [56]. At each iteration, it builds decision trees
using negative gradients (also called errors) [33].

The steps of the GBDT algorithm are given below [2227]. {(z;,v;)};—, dataset and I (y;, f (;)) is the
differentiable loss function;

TABLE 3. Gradient boosting algorithm

, N
L fo(z) = argmin, y;Z 1 (yi,7)
2. Form=1toM :Fori=1, 2, ..., n

3. A regression tree is constructed where the terminal nodes (leaves) are denoted
by Rjm, j =1,2,..., Jp and the dependent variable is r;,,. For j =1,2,..., Jy,

Yjm = argmin,, Z (Y, fm—1 (i) +7)
T; ERjm
4. Update fn:b () = fon—1 () + Zj;”l Yiml (x € Rjm)
5. Output: f(z) = fu (x)

The first line of the algorithm in Table 3 starts with an optimal fixed decision tree model with only one
terminal node. The negative gradient components computed in row 2 are called generalized or pseudo
residuals r;,,, where ¢ is the observation order and m is the number of trees. In 3, a regression tree is
constructed, where Rj,, corresponds to the leaf nodes in the trees, m is the number of trees, and j is
the jin leaf node in the myy tree. In 2 and 4, the number of trees is iterated M times, resulting in the
aggregated model fy (). The algorithm has two main tuning parameters: the number of iterations (also
called the number of trees) M and the number of terminal nodes (number of leaves) J,, in each of the
constituent trees.

In Step 4, the gradient boosting model is regularized by adding a regularization parameter such that
fm (@) = fono1 () +0 Z'j]:l VjmI (x € Rjm) 0 < v < 1. v is also called the learning rate, and adding the
learning rate avoids the overfitting problem Friedman (2001) [22]. In short, overfitting can be considered
as the classification accuracy that is high in the training set but not high enough in the test set [38]. In
addition, the learning rate improves the prediction performance by reducing the individual effect of each
tree [23].

In classﬂicatlon problems, the loss function is usually used [ = e ¥/ (*1) and | = log (1 + e~2v:f (@) [4].

Eq. (3]) is also used for n observation values, which is obtained by using logistic regression. This study
makes use of Eq. .

Z=Zyiln(p)+(1—yi)ln(1—p) (3)

XGBoost can be considered a generalized version of the gradient boosting algorithm with additional
parameter settings. It has a high prediction performance and has a multicore and parallel (distributed)
machine implementation [45]. XGBoost algorithm innovatively introduces a new tree learning algorithm
for sparse data, determines sample weights in tree learning with weighted quantile sketch, and makes
learning faster with parallel information processing [11].

To prevent overfitting, XGBoost employs a regularization term in addition to the differentiable loss
function. {(z;,v;)};—, dataset and I (y;, ;) is the differentiable loss function;

=S 1) + S Q) (4)
7 k
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1
Q(fe) =T+ 5/\102

Eq. is obtained. Q (fi) is the complexity of the f; model (decision tree), and this term prevents
overfitting. A zero value for this term corresponds to the gradient boosting algorithm [11]. In the
function Q (fx), T is the number of leaves in the tree fi, w is the leaf weight and is calculated using the
predicted values in the leaves. YT generates a fixed penalty score for each additional tree leaf, and Aw?
penalizes overweights. v and \ are practitioner-specified parameters [45]. The XGBoost algorithm also
uses a shrinkage parameter, similar to the learning rate used in gradient boosting, and column (feature)
subsampling to prevent overfitting. The column subsampling is similar to the random subspace method
in the random forest (RF) algorithm. The tuning parameter reduces the individual influence of each tree
to make the model predictions consistent, as in the GBDT algorithm [11}23].

2.5. Decision Table and Boolean Decision Table (BDT) Approach. Decision tables are tabular
representations of knowledge in which a set of conditions is used in combination and outcomes are
determined according to these conditions. When used as classification models, the conditions are the
values of attributes (arguments), and each attribute-value set (table cell) is associated with a class
prediction [21,/40].

The model structure of the decision table is a simple relational table. Each row in the table represents
all combinations for each value of the features (variables) used. There is a column for each attribute
and a column containing the probability values of the dependent variable corresponding to the respective
attribute combinations. The probabilities in this last column give the proportion of observations in
the class label [3]. Each row in the decision table represents a classification rule [43]. An example
representation of a decision table with 3 binary-valued features x1, x2, x3, and one binary-valued class
label y is as follows.

TABLE 4. Sample decision table

Yy
. Yy
r1 292 x3 Number of 7?bservatlons Probability Values
Class 1  Class 2
1 0 1 10 0.40 0.60
0O 1 0 20 0.30 0.70
0 0 1 5 0.80 0.20

In Table 4, there are 10 observations with a combination of variables in the first row. Of these
observations, 40% is in the first class and 60% in the second class. In the second row, there are 20
observations with combinations of variables, and 30% of these observations are in the first class and 70%
in the second class. In the third row there are five observations with the combination of variables, and
80% of these observations are in the first class and 20% in the second class. If a new observation is to
be classified in the decision table, the matching rows in the table are examined, and assignment is made
according to the majority class, as is usually done in decision trees. If there is no matching row, the
observation is assigned to the predetermined default class (the majority class in the dataset) [43].

Lu and Liu (2000) developed a Grouping and Counting (GAC) decision table algorithm [43]. Since
this algorithm is similar to the proposed Boolean decision table approach, it will first be introduced, and
then the proposed algorithm will be described.

In the GAC algorithm; (ai, as, as, -+, ¢x), where a; denotes the values of attributes A; €
{41, As, -+, An} and ¢ € {c1, ¢a, --+, ¢} denotes the class values. In the GAC algorithm, the
decision table consists of n 4+ 3 columns; (A1, Az, -+, A,, Class, Sup, Conf).

Each row in the table shows the classification rule (a1;, a9, -+, a2y, ani, ¢, sup;, conf,); if
A1 = aq; and As = ag; and -+ and A,, = a,,; then Class = ¢; (sup;, conf;) where sup,, conf, are the
support and confidence values of the classification rule. The support value of the rule (sup) is the number
of observations covered in the data set divided by the total number of observations, while the confidence
value (conf) is the conditional probability value P(class = ¢; | (A1 = a1;)N(Az = ag;) N---N (A, = ani))
in other words, the class distribution of the observations covered by the rule. Each row in the table is
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called a decision table because it represents the rule that determines the class of an instance with given
variable values. After appropriate grouping and counting, statistical information about the attribute
values and class distribution in a candidate decision table is obtained, and the rows in the candidate
table are pruned according to certain criteria (rows with confidence value below conf 0.5, etc.) to obtain
the final decision table.

In the BDT approach; (z1, x2, x3, - -, k), where x; denotes the values of features X; € {X1, Xo,
-+, Xp}tand y € {0,1} denotes the class values. The minterm variable (M) is created, and the variable
order is important when creating (M); M = 23.2° + x5,_1.2' + - -+ + 25.2F72 4 1 2P L,

In the BDT approach, the decision table consists of 6 columns; (M;, Frequency-0, Frequency-1,
Total Frequency, Normalized Probability-0, Normalized Probability-1). Total Frequency corresponds to
the sum of Frequency-0 and Frequency-1; Total Frequency = Frequency-0+ Frequency-1. Column M cor-
responds to unique combinations of variables in the dataset. Frequency-0 and Frequency-1 represent the
class variable frequencies corresponding to the minterms, while Normalized Probability-0 and Normalized
Probability-1 represent the conditional probability values corresponding to the frequencies. Classification
is performed according to the normalized probability values corresponding to the values in the minterm
column. Afterwards, the minterms are ranked according to their importance with the TOPSIS method,
taking into account the Frequency-0, Frequency-1 values. The implementation steps of the BDT approach
are explained in detail under the heading Application on Sample Data Set.

2.6. Application on Sample Dataset. In the proposed Boolean decision table approach, minterms
in Boolean algebra are used since the features are binary. Minterms represent combinations of features,
and the classification process is performed using the frequency numbers of these feature combinations
and conditional probability values as in the GAC algorithm. Unlike the GAC algorithm, all features
(variables) in the dataset are used after the selection of important features (feature selection). Instead
of the support value in the GAC algorithm, pruning is done by considering the class frequency counts.
In addition, the best classification rules in the dataset are determined by TOPSIS method, which is one
of the multi-criteria decision-making methods, taking into account the frequency counts. Other multi-
criteria decision-making methods can also be used, but this method was chosen because the application-
specific ranking of alternatives is required and TOPSIS method is more suitable for ranking [2]. In
addition, TOPSIS is more appropriate when the number of alternatives and criteria is high and the data
is quantitative [48]. In a different study, other multi-criteria methods can be used to compare the results.
Although a method similar to the algorithm we will use is proposed in Ogihara et al. [47], it differs in
terms of the technique used in observation classification and the use of multi-criteria methods. In Ogihara
et al.’s study, the classification process and classification accuracy were performed by considering only the
frequency counts, while in this study, the classification accuracy was determined according to the ROC
and PR curves and the best classification rules were tried to be determined with the TOPSIS method,
which is one of the multi-criteria decision-making methods. This is how, the best feature combinations
were identified in the dataset.

Let’s try to explain the proposed approach on a sample dataset; Table 5 shows the dataset for binary
classification consisting of 1173 observations where the independent feature (attribute, variable) xy, x5,
x3 is a Boolean attribute taking 3 binary values. The aim is also to determine the best combinations of
features along with the classification analysis. The class label Y is a nominal variable with two classes
(boolean). 1083 observations belong to the category represented by 0 (zero), and 90 observations belong
to the category represented by 1. 92% of the observations therefore belong to the 0 category and 8% to
the 1 category.

The minterm column in Table 5 was obtained using features (independent variables) 1, x2, 3. Since
these variables take binary values, they were converted to the decimal number system as used in the
Boolean algebra method, and the minterm column was obtained. The rightmost variable x3 corresponds
to 20, x5 to 2! and z; to 22. Unique values are obtained by multiplying the observation values of
the variables by the corresponding values in the binary base. For observation 1, this column value is
calculated as 1.2% + 1.2' + 0.2° = 6. Decimal values of other observations are found in a similar
way. Since there are three independent variables that take binary values, there is a unique value (called
minterm in this application) such that 2% = 8. Depending on the dataset, some minterm values may
have no observations. In the example, minterm 0, 1, 2, 2, 4, 5, 6, resulting in a total of 6 unique values
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TABLE 5. Sample dataset

n o x1(2%) 22(2Y) x3(2°) Y (Class Label) Minterm

1 1 1 0 0 6

2 1 0 1 1 5

3 0 0 1 0 1

4 0 1 0 0 2
1173 0 0 0 0 0

(minterm). 1173 observations can be represented by 6 minterm. There are no observations corresponding
to the 3,4 and 7;, minterms. The 3,4 and 7;;, minterms are not included in Table 6 below.

TABLE 6. Decision table for the sample dataset

Y Class Label)
21(22)  x2(2")  23(2°)  Minterm Frequency-0 Frequency-1 Total Minterm  Total Total Normalized Normalized
Frequency Probability-0 Probability-1 Probability-0 Probability-1
1 1 0 6 22 3 25 22/1173 3/1173 22/25 3/25
1 0 1 5 174 21 195 174/1173 21/1173 174/195 21/195
1 0 0 4 46 4 50 46/1173 4/1173 46/50 4/50
0 1 0 2 80 10 90 80/1173 10/1173 80/90 10/90
0 0 1 1 604 46 650 604/1173 46/1173 604/650 46/650
0 0 0 0 157 6 163 157/1173 6/1173 157/163 6/163
Total Number of Observations 1083 90 1173

Table 6 shows the minterms corresponding to the variable combinations and the corresponding class
variable frequency counts and conditional probabilities. The minterms in Table 6 represent a rule that
can be used to determine the class of a sample with variable values. Frequency-0 is the number of
frequencies belonging to the class coded with 0 in the class variable and Frequency-1 is the number of
frequencies belonging to the class coded with 1. Here, two probability values are calculated: “Total
Probability” and “Normalized Probability”. “Total Probability” is the probability value calculated with
the total number of observations 1173. For the 6;;, minterm, there are 3 observations belonging to class
1 and 22 observations belonging to class 0 (zero), and the probabilities are % = 0.02 and %73 = 0.003.
In the “Normalized Probability” values, there are 25 observations in total for the 6, minterm and the
normalized probability values are calculated as g—? = 0.88 and 2—35 = 0.12 considering the number 25. The
sum of “Normalized Probability” values is 0.12 4+ 0.88 = 1. The classification process will be carried out
by considering these “Normalized Probability” values.

TABLE 7. Summary decision table for the sample dataset

Minterm Frequency-0 Frequency-1 Total Minterm Normalized Normalized
Frequency Probability-0 Probability-1

6 22 3 25 22/25 3/25

5 174 21 195 174/195 21/195

4 46 4 50 46/50 4/50

2 80 10 90 80/90 10/90

1 604 46 650 604/650 46,/650

0 157 6 163 157/163 6/163

The minterms in Table 7 can be thought of as leaves in a CART algorithm. Although the initial
probability of belonging to class 1 was 8%, conditional probabilities greater than 8% were obtained here.
With this method, the best combinations of variables are obtained. When we look only at the probability
values, it is the 6;, minterm that has the maximum probability of belonging to the 1-class. The 110
encoding, which is the binary equivalent of the 64, minterm, can be interpreted as the best combination
of independent variables in this dataset. The combination where x; is 1, x5 is 1, and x3 is 0 has the
highest classification success. TOPSIS method is used to decide on the best or best of the minterm
values. The reason for choosing the TOPSIS method is that the data is quantitative, and the ranking of
alternatives is important. It is more advantageous to use the TOPSIS method in ranking alternatives [2].
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TABLE 8. Ideal points for TOPSIS

Y (Class Label)
Frequency-0 Frequency-1
Ideal point 22 46
Non-ideal point 604 3

In Table 8, as optimal values; Frequency-0 is the negative criterion and Frequency-1 is the positive
criterion. Positive and negative criteria vary according to the application area. The minimum value for
the negative criterion and the maximum value for the positive criterion are taken into consideration. The
TOPSIS method is used to determine the best minterm and minterms. Thus, the minterms that give the
most successful classification in the data set and the feature combinations accordingly are determined.
Since there are 7 alternatives here, the best ranking is not done. The ranking phase will be explained in
more detail in the application section.

2.7. Model Evaluation - Classification Tables, ROC and PR Curves. The performance of a
model is related to its predictive success on independent test data. Evaluating this performance provides
a measure of the quality of the model [27]. Model evaluation provides metrics to assess how good the
observations are at predicting the class label [26]. The error matrix is a table of m rows and columns for
a given problem with m (m > 2) classes. The iy, row and j;; column of the error matrix correspond to
the number of observations that actually belong to class j and are predicted by the classification model
in class i. For a classification model to have good accuracy, it is desirable that most of the observations
lie on the prime diagonal and are close to zero off the prime diagonal. The error matrix for a two-class
classification problem is shown in Table 9. Observations are labeled as positive and negative. P represents
the number of positive observations in the dataset, N represents the number of negative observations,
and P’ and N’ represent the number of positive and negative observations predicted by the model [26].

TABLE 9. An example classification table

Actual Class
0 1 Total
Predicted 0 TN FN N’
Class
1 FP TP P
Total N P N+P

True Positive (TP): Refers to positive observations correctly labeled by the classifier. TP corre-
sponds to the number of correct positive observations.

True Negative (TN): Refers to negative observations correctly labeled by the classifier. TN corre-
sponds to the number of correct negative observations.

False Positive (FP): The label value refers to observations that are actually negative but labeled
positive by the classifier. F'P corresponds to the number of false positive observations.

False Negative (FN): The label value refers to observations that are actually positive but labeled
as negative by the classifier. F'N corresponds to the number of false negative observations.

In problems with class imbalance, the classification model correctly classifies the observations of the
majority class. However, in this case, minority class observations may also be misclassified. Therefore, it
is more consistent to use sensitivity and specificity measures. Sensitivity, also called true positive rate,
is a measure of how many observations that are actually positive are correctly classified by the model.
Specificity, on the other hand, is referred to as the true negative rate and is a measure of how many
observations that are actually negative are correctly classified by the model [26]. The precision measure
can be thought of as a measure of accuracy. It gives the proportion of observations labeled as positive
by the model that are correctly classified [1§].

In classification problems, instead of assigning a class label, it is more appropriate to give a probability
distribution. This method, called scoring, can also be thought of as the probability of being assigned to a
positive class. Observations with higher scores are more likely to be assigned to the positive class [18]. In
this case, the choice of the threshold value will be important. Depending on the value of the threshold, an
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TABLE 10. Evaluation criteria

Evaluation Criteria Formula

Accuracy Tgi%N

Misclassification rate (Error) ngjl\«;P
Sensitivity (True Positive Rate, Recall) %
Specificity (True Negative Rate) %
False Negative Rate %
False Positive Rate %
Precision 11;1,3

Foscore 9, Precision x Sensitivity

* Precision + Sensitivity

observation can be classified as positive or negative. In binary classification (binary classification) (0-1)
problems, the cut-off point is usually chosen as 0.5. The choice of threshold value may cause changes in
classification errors. This is not a correct approach for imbalanced datasets [20]. Imbalanced datasets
have high or low levels of observed prevalence. Prevalence is a measure of how frequent each category
is in the dataset. It can also be considered as the number of observations of categories. It is divided
into observed (actual) and predicted prevalence. In many applications, it is important that observed and
predicted prevalence are similar. Therefore, both estimated and observed prevalence can be used as a
criterion for the threshold value [14]. With a high threshold, fewer positive samples will be classified, so
the false positive rate will decrease, but the false negative rate will increase. With a low threshold, more
positive samples will be classified, so the false negative rate will decrease, but the false positive rate will
increase. Therefore, the choice of threshold is important. All accuracy measures calculated in Table 10
are calculated based on the threshold value selection. Class labels are created with the threshold selection.
Receiver operating characteristics (ROC) and Precision-Recall (PR) curves, which are methods that do
not depend on threshold selection, are more objective measures used to evaluate model performance [18].

The ROC curve is a technique used to visualize, organize, and select classifiers based on their model
performance [17]. The ROC curve shows the relationship between the true positive rate (sensitivity) and
the false positive rate (1-specificity) [50]. In a two-class problem, the ROC curve allows us to visualize
the balance between the rate at which the model correctly classifies positive observations (sensitivity) and
the rate at which it incorrectly classifies negative observations as positive. The Area Under Curve (AUC)
is a measure of the accuracy of the model [26]. The Area Under Curve (AUC-ROC) gives a measure of
overall model performance. Good models have an AUC value close to 1, while poor models have an AUC
value close to 0.5. These values are used to evaluate model performance [20].

PR curves have been proposed as an alternative to ROC curves in case of imbalance in class distribution
in binary classification models [18]. The important difference between the ROC space and the PR space
is the visualization of the curves. In PR curves, differences between algorithms that are not evident in
ROC space can be revealed. In the PR space, there is precision on the vertical axis and sensitivity (true
positive rate, recall-sensitivity) on the horizontal axis [15].

In the ROC space, the objective is to be in the upper left corner and looking at the ROC curves
in Fig.1(a), they appear to be close to optimal. In the PR space, the goal is to be in the upper right
corner and the PR curves in Fig.1(b) show that there is room for improvement. The performances of the
algorithms seem to be close to each other in the ROC space. In the PR domain, Algorithm 2 is said to
be superior to Algorithm 1. This difference is due to the fact that the number of negative samples in this
domain is higher than the number of positive samples [15].
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FIGURE 1. The difference between ROC and PR curves

Area Under Curve (AUC-PR) can be used in the PR curve as in the ROC curve, but AUC-PR varies
according to the prevalence of the positive class and its expected value is close to the proportion of
positive classes in the dataset. The lower bound for the AUC-PR value is the prevalence value of the
positive class. The higher the AUC-PR value is, the better the classifier is said to be [18]. Like the
AUC-ROC value, good models are expected to have an AUC-PR value close to 1.

3. APPLICATION

The data to be used in the study were obtained from the Google Analytics platform of an e-commerce
firm. Google Analytics is a free Google service that can measure traffic for websites in a broad sense and
keeps temporal records of this traffic.

TABLE 11. Dataset summary table

User User Type  Device Source  Medium  Browser Region Day of Week Hour Session Duration Transactions
(seconds) (Class Label)
1 Old Desktop  Direct Direct Chrome  Istanbul Monday 10 250 1
8 New Mobil  Youtube Ads Safari Izmir Saturday 12 91 0
3 New Mobil Google  Organic Safari Antalya Friday 18 75 0
4 New Tablet Direct Video Samsung  Ankara Friday 16 61 0
116536 New Mobil Google Ads Chrome Bursa Wednesday 14 300 1

As seen in Table 11, the dataset contains 116536 observations, 9 features (variables, attributes), and
one class label. A detailed description of the variables was given below.

Transactions: It is the class label. It is the variable that represents whether a user has made a
purchase or not. It consists of 1 and 0 binary (boolean) values. 1 represents that the user has made a
purchase once and 0 represents that the user has not made a purchase.

User Type: It consists of 1 and 0 binary values. 1 represents that the user has accessed the site for
the first time (new user) and 0 represents that the user has accessed the site before (old user).

Dewvice: It is the feature that shows which device users use to access the relevant site. There are three
device types: mobile, desktop, and tablet. For each device, this feature was represented by 3 independent
variables with one-hot encoding method [64]. Here, the device feature was represented by three features
as mobile device, desktop device, and tablet device.

e Mobile Device; consists of binary values 1 and 0. 1 represents that the user accessed the
relevant site using a mobile device, 0 represents that the user accessed the relevant site using
another device (desktop, tablet).



BOOLE DECISION TABLE CLASSIFIER 305

e Desktop Device; consists of the binary values 1 and 0. 1 represents that the user accessed the
relevant site using a desktop device, 0 represents that the user accessed the relevant site using
another device (mobile, tablet).

e Tablet Device; consists of binary values 1 and 0. 1 represents that the user accessed the relevant
site using a tablet device, 0 represents that the user accessed the relevant site using another device
(mobile, desktop).

TABLE 12. Device feature one-hot encoding

Device D nrobit Dpesktop Drabiet
Mobil Device 1 0 0
Desktop Device 0 1 0
Tablet Device 0 0 1

As seen in Table 12, the device feature is represented by three feature variables: Dpsobit, Dpesktops
Drapiet-

Source; it is a feature that indicates the source through which users came to the relevant site. Direct,
Youtube, and Google sources are available. Since this feature also has three categories, it was represented
as three features with the one-hot encoding method.

Medium; it is the feature that shows through which tool users access the relevant site. Direct,
advertising, organic, and video tools are available. Since this feature has four categories, it was represented
as four features with the one-hot encoding method.

Browser; it is the feature that shows which browser users use to access the relevant site. There are
four browser types: Chrome, Safari, Samsung, and Android. For each browser, it was represented as four
features with one-hot encoding method.

Region; it is a feature indicating the province from which users accessed the relevant website. There
are six provinces, namely Istanbul, Ankara, Izmir, Bursa, Adana, and Antalya. For each province, it was
represented six features with one-hot encoding method.

Howur; it is a feature that shows the time interval in which the user came to the site. It was a feature
categorized according to 24 hours. Unlike other feature, index calculation was used here and categorized
as 24 hours binary.

TABLE 13. Hour feature discretization

Hour Frequency-0 Frequency-1 Total Frequency Frequency-1/Total Frequency Binary Coding
0 6040 485 6525 485/6525=0.074 0
1 3806 238 4044 238/404 =0.059 0
2 2176 120 2296 120/2296=0.052 0
3 1342 56 1398 56/1398=0.040 0
4 856 34 890 34/890=0.038 0
23 6283 614 6897 614,/6897=0.089 1

Table 13 shows the number of shoppers, non-shoppers, and total frequencies by time of day. A new
column was obtained by proportioning the Frequency-1 value, which shows the number of users who shop
by hours, to the total number of frequencies for the relevant time zone. For example, for time zone 0;
485/6525 = 0.074. The same method is applied for other time zones. The geometric mean of these ratios
0.078 is taken and this variable is made binary (boolean) by giving a value of 0 if the ratio of the relevant
time zone is below the geometric mean value and 1 if it is above it. As can be seen in Table 13, the hours
starting from 8 a.m. are given a value of 1 and the hours before 8 a.m. are given a value of 0 (zero).

Day of week; it is the feature that shows on which day of the week users access the relevant web-
site. It was represented by 7 independent variables with one-hot encoding method as Monday, Tuesday,
Wednesday, Thursday, Thursday, Friday, Saturday, and Sunday.

Session Duration; It is a continuous feature that calculates how many seconds a user spends on the
site. Because it is continuous, it is different from the other variables in the dataset. This variable was
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made discrete with the discretization method. It was discretized according to the quartile values using
the equal frequency discretization method. It was divided into 4 intervals according to values less than
1st quartile, between 1st quartile and 2nd quartile, between 2nd quartile and 3rd quartile and greater
than 3rd quartile and represented by 4 independent variables with one-hot encoding method.

TABLE 14. Summary statistics for session duration feature (seconds)

Minimum 1.quartile Median 3.quartile Maximum
37 103 196 437 6881

Session duration.1 consists of the binary values 1 and 0. It is represented by a value of 1 if the
session duration is below the 1st quartile value of 103 seconds and 0 otherwise.

Session duration.2 consists of the binary values 1 and 0. It is represented by the value 1 if the
session duration is less than the 2nd quartile value of 196 seconds and greater than or equal to the 1st
quartile value of 103 seconds, and 0 otherwise.

Session duration.3 consists of the binary values 1 and 0. If the session duration is less than 437
seconds, which is the 3rd quartile value, and greater than or equal to 196 seconds, which is the 2nd
quartile value, it is represented by the value 1, otherwise it is represented by the value 0.

Session duration.4 consists of the binary values 1 and 0. It is represented by a value of 1 if the
session duration is greater than or equal to the 3rd quartile value of 437 seconds and 0 otherwise.

The session duration variable was represented by 4 variables, separated by quartiles.

The dataset contains 116536 observations. The dataset is randomly divided into 75% training data
and 25% test data using a validation set approach [31].

TABLE 15. Dataset class distribution

Y-Class Variable
Number of 0-class observations Number of 1-class observations Total Observations
105614 (91%) 10922 (9%) 116536 (100%)

As seen in Table 15, there are 105614 observations belonging to the category represented by 0 and
10922 observations belonging to the category represented by 1. The 0-class represents users who have
not made a purchase and the 1-class represents users who have made a purchase. Proportionally, 9% of
the observations in the dataset belong to the class represented by 1 and 91% to the class represented by
0.

TABLE 16. Training dataset class distribution

Y-Class Variable
Number of 0-class observations Number of 1-class observations Total Observations
79209 (91%) 8225 (9%) 87434 (100%)

75% of the dataset was used as training data. Table 16 shows the number and proportions of class
distributions in the training set. There are 87434 user data in the training dataset.

TABLE 17. Test dataset class distribution

Y-Class Variable
Number of 0-class observations Number of 1-class observations Total Observations
26405 (91%) 2697 (9%) 29102 (100%)

25% of the dataset was used as test data. Table 17 shows the number and proportions of class
distributions in the test set. There are a total of 29102 user data in the test dataset.
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TABLE 18. Cross table for feature and class variable

Class Variable
0 1
i.Feature 0 n(()lg n((fl)
1 nyo ny)
Total No N, No+ N1 =N

TABLE 19. Significance values of features

Features Odds ratio (OR) s; x° statistics Z statistics
1 User Type 0.377 0.063 1816.180* 38.363%*
2 Mobile Dewvice 0.624 0.336 363.400%* 17.598%
3 Desktop Device 1.640 -0.377 387.570* -17.948*
4 Tablet Device 0.989 -0.960 0.010 0.140
5 Direct Source 1.277 -0.760 46.190% -6.807*
6 Youtube Source 0.272 -0.878 877.630%* 44.202*
7 Google Source 1.844 0.638 485.790* -23.910*
8 Direct Medium 1.277 -0.760 46.190% -6.307*
9 Ads Medium 1.706 -0.090 529.650% -22.027*
10 Organic Medium 0.927 -0.272 9.980* 3.197%
11 Video Medium 0.272 -0.878 877.630%* 44.202%*
12 Chrome Browser 0.746 -0.058 159.450% 12.621%
13 Safari Browser 1.457 -0.030 264.850* -16.006*
14 Samsung Browser 0.708 -0.921 34.830* 6.730*
15 Android Browser 0.338 -0.996 20.500* 7.026*
16 Istanbul Province 1.082 0.063 11.500% -3.408*
17 Ankara Province 1.070 -0.575 5.550%* -2.333
18 Izmir Province 0.865 -0.781 15.220%* 4.099%
19 Bursa Province 0.886 -0.899 5.230 2.417
20 Adana Province 0.862 -0.897 8.000* 3.011%*
21 Antalya Province 0.957 -0.911 0.570 0.794
22 Hour 1.220 0.585 237.270%* -7.889%
23 Monday 1.022 -0.723 0.390 -0.637
24 Tuesday 0.949 -0.753 2.176 1.516
25 Wednesday 0.938 -0.733 3.482 1.919
26 Thursday 0.868 -0.757 15.999% 4.192%
27 Friday 1.816 -0.620 84.967* -8.584*
28 Saturday 0.856 -0.751 19.770%* 4.676%
29 Sunday 1.045 -0.664 1.962 -1.400

*: p-value<0.01

3.1. Feature Selection. Table 18 was organized for each feature (attribute, variable) in the dataset
and the following formula values were calculated. Table 19 shows these values. Important features were
determined according to these values.
The odds ratio (OR) is calculated in Eq. below [35].
(@) 7, (1)
o= 2/ 5
ng1 /Mg

The calculation of the OR value will take into account the increase and decrease in the probability
of shopping (class variable taking the value 1) in the presence of the relevant variable value (taking the
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value 1). The OR value takes values between 0 and co. If OR > 1 increases the probability of shopping
and OR < 1 decreases the probability of shopping. OR = 1 indicates a neutral state, and no comment
can be made on whether the relevant variable increases or decreases the chance of shopping. In addition,
OR values close to 1 and 1 are one of the indicators that the relevant feature is insignificant [29)].

The chi-square test is a hypothesis test that determines the dependency relationship between the class
variable and the feature. In addition, the significance of the calculated odds ratio will also be tested with
the chi-square method. The significance of this test result will be one of the indicators that the relevant
feature is important [30].

With the ratios pj':% and pj_:%, the value s; = pj —p; Is calculated. The sign of s; determines
the role of the feature. s; < 0 indicates that the feature is negatively weighted (weighted in class 0),
while s; > 0 indicates that the feature is positively weighted (weighted in class 1). pj ~ p; is one of the
indicators that the relevant feature is insignificant when the two ratios are close to each other [62].

The(f)eature is determined to be significant using the ratio test in independent samples with ratios

() S
p1 = 7;\1,2 and ps = % The calculated value z = 1’71(1*21;}_72172(1*1’72) is calculated and the significance

test of the difference between the two ratios is performed.1 A signi%cant difference between two ratios is
one of the indicators that the relevant feature is important [30].

The significance of the feature was determined by looking at the statistical values and p values in
Table 19. p value less than 0.01 error margin indicates that the relevant feature is significant. Thus, odds
ratios (OR) and s; values are interpreted more reliably. Looking at Table 19, 7 features (Tablet Device,
Ankara Province, Bursa Province, Antalya Province, Monday, Tuesday, Wednesday, Wednesday, Sunday)
are said to be insignificant. The important features are italicized. Out of the remaining 22 important
feature, 5 of them (User Type, Mobile Device, Google Source, Province of Istanbul, Time of Day) have
positive s; values. Significant features can also be divided according to whether the s; value is positive
or negative.

TABLE 20. Significance values for the discretized session duration feature by quartiles

Features Odds ratio (OR) s; X° statistics 7 statistics
Session duration.1 0.039 -0.971 3523.300* 125.159*
Session duration.2 0.154 -0.891 1875.700* 78.546%
Session duration.3 1.599 -0.323 464.250%* -17.662%*
Session duration./ 5.350 0.185 5710.200* -67.533*

*: p-value<0.01

Table 20 shows that all quartile values of the discretized session duration feature are significant.

Various R packages were used to build the models. In the CART algorithm, the gini index was selected
as the splitting criterion and the splitting process was performed up to 2 observations. R program rpart
library was used for CART analysis [58]. In the terminal nodes (leaves), no splitting was performed after
2 observations. This can sometimes cause an overfitting problem. With the discretization of the session
duration feature, no overfitting problem occurred.

For the random forest (RF) algorithm, the model was run with predefined parameters and the minimum
OOB error (0.09405) was reached at the 109th tree (ntree=109). Afterwards, models were created with
as many cycles as the number of feature for the model with 109 trees and it was seen that the model
had the minimum OOB error when the number of random variables was 4. For random forest analysis,
R program randomForest library was used [39].

For the XGBoost algorithm, the number of trees (iterations) in the model should been determined
first. While determining the number of trees, the minimum log-loss value is taken into account. This
value is determined separately for the training and test sets. According to the number of iterations (the
number of iterations corresponds to the number of trees in the XGBoost algorithm) of the log-loss rate
in the training and test sets, the log-loss rate for the test set took its minimum value at the 716 iteration.
The learning rate was taken as 0.01. A small learning rate prevents overfitting. The model was first
run for 1000 iterations and the minimum log-loss value for the test set was taken at iteration 716. For
XGBoost analysis, R program xgboost library was used [12].
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In the Boolean decision table (BDT), there is no optimization phase as described in the theoretical
part. Similar to the CART algorithm, the decision table was created up to 2 observations. In the CART
algorithm, there was no division after 2 observations. Similarly, the rows in the decision table were
created to have at least 2 observations. The table was created so that the total number of observations
in two classes, shopping (1-class) and non-shopping (0-class), is 2 or more.

TABLE 21. Training set results

Method Threshold  Sensitivity  Specificity =~ Precision = F-Score Error Accuracy AUC-ROC  AUC-PR
CART 0.09 0.85 0.72 0.24 0.37 0.27 0.73 0.85 0.36
RF 0.09 0.06 0.99 0.56 0.12 0.09 0.91 0.62 0.22
XGBoost 0.09 0.88 0.68 0.22 0.35 0.30 0.70 0.85 0.31
BDT 0.09 0.71 0.89 0.24 0.38 0.28 0.72 0.87 0.36

When we look at the results of the training set in Table 21, the measure values, except for the AUC-
ROC and AUC-PR values, vary depending on the cut-off point. The cut-off point was taken as 0.09,
which is the minority class prevalence value in the training set. According to this cut-off point, RF
was the algorithm with the highest correct classification rate (accuracy). The correct classification rates
of CART, XGBoost, and BDT algorithms were found to be close to each other. The algorithm with
the highest sensitivity rate was XGBoost and the algorithm with the lowest sensitivity rate was RF.
RF algorithm failed to classify the minority class. For more objective interpretations independent of
the cut-off point, AUC-ROC and AUC-PR values should be considered. When we look at these values,
the highest AUC-PR value belongs to BDT and AUC-PR value belongs to BDT and CART. The RF
algorithm has the lowest AUC-PR and AUC-PR values. The most successful algorithms in the training
set were BDT, CART, and XGBoost.

TABLE 22. Test set results

Method Threshold  Sensitivity  Specificity =~ Precision = F-Score Error Accuracy AUC-ROC AUC-PR
CART 0.09 0.83 0.72 0.23 0.36 0.27 0.73 0.83 0.27
RF 0.09 0.04 0.99 0.35 0.08 0.09 0.91 0.59 0.16
XGBoost 0.09 0.88 0.67 0.22 0.35 0.31 0.69 0.84 0.29
BDT 0.09 0.80 0.70 0.21 0.34 0.30 0.70 0.81 0.26

Looking at the test set results in Table 22, the cut-off point is again taken as 0.09, which is the minority
class prevalence value in the training set. Similar results were obtained with the training set. According
to this cut-off point, RF was the algorithm with the highest correct classification rate. The correct
classification rates of CART, XGBoost, and BDT algorithms were found to be close to each other. The
algorithm with the highest sensitivity rate was XGBoost and the algorithm with the lowest sensitivity
rate was RF. RF algorithm failed to classify the minority class. When AUC-PR and AUC-PR values
are analyzed, the highest AUC-ROC and AUC-PR values belong to the XGBoost algorithm. CART and
BDT algorithm results were found to be close to each other. The RF algorithm has the lowest AUC-PR
and AUC-PR values. The most successful algorithms in the test set were XGBoost, CART, and BDT.

All in all, the Boolean decision table technique had the highest training success rate. The Boolean
decision table yielded values close to those of the CART and XGBoost algorithms and higher than those
of the RF algorithm when we looked at the results of the test dataset. The Boolean decision table does
not require as much time for training as the CART, RF, and XGBoost algorithms, even when tuning
the hyperparameters. Considering the time needed for training and tuning the hyperparameters, it is
more advantageous to use the Boolean decision table. The TOPSIS method is used to determine the
best combination of variables for the Boolean decision table with sufficient classification success. By
determining the best combinations of feature in the data set, the target audience analysis in the field of
digital advertising can be evaluated more objectively.

3.2. Topsis Result. By using the Boolean decision table method, the best of the combinations (minterm)
can be determined. The TOPSIS method determines the best minterms. In this case, the number of
variables involved is 25. Considering Table 16, there are 87434 observations in the training set, 79209
belonging to 0-class and 8225 belonging to 1-class. While creating the decision table, the total number of
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TABLE 23. Decision table for training dataset (5 rows)

Minterm Frequency-0 Frequency-1 Normalized Normalized
Probability-0 Probability-1
25838120 418 48 0.90 0.10
25838104 347 78 0.82 0.18
25838152 527 7 0.99 0.01
25838216 506 1 0.99 0.01
25837864 326 87 0.79 0.21

observations belonging to 0-class and 1-class were taken as greater than or equal to 2. Thus, 3747 unique
combinations were obtained for the training set.

Table 23 shows 5 of the 3747 rows. Each of the minterms in the table consists of a combination of
25 variables. What is important for the decision maker here is that the Frequency-1 and Normalized
probability-1 values are high. The values of Frequency-0 and Normalized probability-0 should be low.
TOPSIS analysis is performed by taking into account the Frequency-1 and Frequency-0 criteria.

TABLE 24. Ideal points for the training set

Y (Class Variable)
Frequency - 0 Frequency - 1
Ideal point 0 114
Non-ideal point 527 0

As optimal values, Frequency-0 is the negative criterion and Frequency-1 is the positive criterion.
Positive and negative criteria vary according to the application area. The minimum value for negative
criteria and the maximum value for positive criteria are taken into consideration. The minterms that give
the most successful classification in the dataset and the variable combinations accordingly are determined.
In TOPSIS analysis, weights can be determined subjectively and using the entropy method. However, in
both cases, the ranking remains unchanged.

TABLE 25. Criteria weights

Frequency-0 Frequency-1
Subjective 0.1 0.9
Entropy Method 0.36 0.64

The top 5 minterms for the training set as a result of TOPSIS analysis are shown in Table 26 below.

TABLE 26. TOPSIS results for the training set (top 5 ranks)

Rank Minterm Frequency-0 Frequency-1 Normalized Normalized TOPSIS
Probability-0 Probability-1 Ratio
1 21774872 299 114 0.72 0.28 0.80
2 25837848 272 102 0.73 0.27 0.77
3 9060632 201 93 0.68 0.32 0.74
4 25837864 326 87 0.79 0.21 0.68
5 9060888 207 82 0.72 0.28 0.67

Table 26 demonstrates how much greater the initial 0.09 chance of belonging to class 1 is for the
minterms in this case. Feature (variable) combinations may be recognized since the minterms in this case
relate to combinations of variables. Regarding the minterm column, the variable order is crucial. The
variable combination in Table 27 is generated based on the minterms’ variable order.

Feature combinations are calculated according to the 0-1 values of the feature. Feature combinations
are called target audiences in digital advertising.

When examining the feature combination for the 21774872 minterm, it is interpreted that the prob-
ability of shopping is 0.28 for users whose user type is new, who access the website after 20:00, whose
session duration is above the 3rd quartile value of 437 seconds and who access the website using the
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TABLE 27. Feature combinations and minterms

Minterms
Features 21774872 25837848 9060632 25837864 9060888
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Google source-organic tool from a desktop device with a Chrome browser from the province of Istanbul,
as can be seen in Table 27. For this target group, Thursday, Friday, and Saturday can be excluded as
the day variable is 0. This targeting can also be performed for days other than these three days.

When examining the feature combination for 25837848, it is interpreted that the shopping probability
is 0.27, as can be seen in Table 27, for users whose user type is new, who access the website after 8 am,
whose session duration is greater than 437 seconds, which corresponds to the 3rd quartile value, and who
access the website from a mobile device with a Safari browser from the province of Istanbul.

When examining the feature combination for minterm 9060632 is examined, it is interpreted that the
probability of shopping is 0.32, as can be seen in Table 27 for users whose user type is old, who access
the website after 8 pm, whose session duration is greater than 437 seconds, which corresponds to the
3rd quartile value, and who access the website from a mobile device with the Safari browser from the
province of Istanbul.

When examining the feature combination for minterm 25837864 is examined, it is interpreted that the
probability of shopping is 0.21 as seen in Table 27 for users whose user type is new, who access the site
after 8 pm, whose session duration is less than 437 seconds, which is the 3rd quartile value, and equal
to or greater than 196 seconds, which is the 2nd quartile value, and who access the site from a mobile
device with the safari browser from the province of Istanbul with the Google source advertising tool.

When examining the feature combination for minterm 9060888 is examined, it is interpreted that the
probability of shopping is 0.28 for users whose user type is old, who access the site after 8 pm, whose
session duration is greater than 437 seconds, which is the 3rd quartile value, and who access the site from
a mobile device using the safari browser from Istanbul province with the Google source organic tool, as
seen in Table 27.

Since the day variable Thursday, Friday, and Saturday take the value 0 in the target audience de-
termined for these 5 minterms, these days can be excluded. This targeting can be done for other days
other than these three days. In addition, a target audience is created for accessing the website, which is
common for all 5 minterms, with Google resources from Istanbul province after 8 pm. For the combina-
tion of these three variables, the probability of shopping in the training set is 0.12 and the probability of
shopping in the test set is 0.11. It is said that increasing the number of variables has an increasing effect
on the probability.
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With the TOPSIS method, the results of the best 5 minterms determined in the training set are also
compared with the values in the test set. The dataset was randomly divided into 75% training data and
25% test data. Considering Table 17, there are 29102 observations in the test set, 26405 0-class and 2697
1-class observations. The results of the best 5 minterms for the training set can be compared with the
values in the test set.

TABLE 28. Correspondence of training set minterms in the test set

Rank Minterm Frequency-0 Frequency-1 Normalized Normalized
Probability-0 Probability-1
1 21774872 111 36 0.76 0.24
2 25837848 71 21 0.77 0.23
3 9060632 78 42 0.65 0.35
4 25837864 134 18 0.88 0.12
5 9060888 56 23 0.70 0.30

Table 28 demonstrates that for these minterms, the initial 0.09 probability of belonging to class 1 is
likewise high. The top five minterms from the training set are evidently also applicable to the test set.
The best minterms shared by both datasets and the optimal variable combinations for the dataset are
discovered when the outcomes of the TOPSIS analysis carried out independently for the training and test
sets are compared.

A separate TOPSIS analysis is also performed on the test set. The results are compared with the
results of the training set and the minterms common to both sets can be interpreted as the best.

TABLE 29. TOPSIS results for the test dataset (top 5 ranks)

Rank Minterm  Frequency-0 Frequency-1 Normalized Normalized TOPSIS
Probability-0 Probability-1 Ratio
1 9060632 78 42 0.65 0.35 0.81
2 21774872 111 36 0.76 0.24 0.73
3 9060648 50 27 0.65 0.35 0.61
4 25838104 131 25 0.84 0.16 0.54
5 9060888 56 23 0.71 0.29 0.52

Table 29 displays the top 5 minterms from the test set TOPSIS analysis. Table 30 shows that the
probability of belonging to class 1, which was originally 0.09, is significantly higher for the minimum
conditions.

TABLE 30. Common minterms in training and test datasets

Rank Training Set Minterm Test Set Minterm

1 21774872 9060632
2 25837848 21774872
3 9060632 9060648
4 25837864 25838104
5 9060888 9060888

The minterms shown in Table 30 are among the top 5 minterms for both datasets (training and test).
This shows that the best minterms for the dataset are 21774872, 9060632, and 9060888.

3.3. Control Dataset. Following the analysis, the outcomes were also contrasted with data that looked
ahead. Table 31 below shows data for future dates that are not included in the dataset.

As seen in Table 31, there are 108024 observations belonging to the category represented by 0 and
3471 observations belonging to the category represented by 1. This shows that the class distribution in
the control set is different from the class distribution in the training and test sets. When future data has
a different distribution than past data, this is called dataset shift [51]. In the event of a dataset shift,
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TABLE 31. Control dataset (future dated)

Y-Class Variable
Number of 0-class observations Number of 1-class observations Total Observations
108024 (97%) 3471 (3%) 111495 (100%)

TABLE 32. Control set results

Method Threshold  Sensitivity — Specificity =~ Precision = F-Score Error Accuracy AUC-ROC AUC-PR
CART 0.09 0.79 0.77 0.10 0.17 0.23 0.77 0.83 0.12
RF 0.09 0.07 0.98 0.10 0.08 0.05 0.95 0.59 0.06
XGBoost 0.09 0.90 0.70 0.09 0.16 0.29 0.71 0.86 0.14
BDT 0.09 0.65 0.82 0.11 0.18 0.18 0.82 0.77 0.11

the classification performance of the Boolean decision table and alternative techniques (CART, RF, and
XGBoost) is compared.

Table 32 shows that the algorithms can be compared with each other for different performance eval-
uation metrics. XGBoost algorithm has the highest AUC-ROC value, but XGBoost algorithm has the
highest error in the classification table. While creating the classification table, the cut-off point training
set prevalence value of 0.09 was used. By selecting different cut-off points, the metrics that depend on
the classification table will change. The highest accuracy and specificity values for the classification table
belong to the Random forest algorithm. AUC-PR values were almost the same for CART, XGBoost,
BDT. The difference of XGBoost and RF algorithm from the other two methods is that it is an ensemble
learning algorithm. The aim here is to improve the classification accuracy. CART and BDT, on the other
hand, produce interpretable results as well as classification accuracy compared to ensemble learning al-
gorithms. The disadvantage of the CART algorithm is that the interpretability feature becomes difficult
when the number of variables or the number of leaves in the decision tree is high [44]. In the BDT,
the number of variables does not affect interpretability since the variables are represented by minterms.
Boolean decision table results, whose classification accuracy is close to XGBoost and CART algorithms,
can also be interpreted with confidence. For this, TOPSIS method is used to compare the training, test,
and control set results.

With the TOPSIS method, the results of the best 5 minterms determined in the training set are
compared with the values in the control set. The results of the best 5 minterms determined for the
training set can be compared with the values in the control set and comments can be made.

TABLE 33. Correspondence of training set minterms in the control set

Rank Minterm Frequency-0 Frequency-1 Normalized Normalized
Probability-0 Probability-1
1 21774872 260 53 0.83 0.17
2 25837848 116 20 0.85 0.15
3 9060632 35 8 0.81 0.19
4 25837864 173 10 0.95 0.05
5 9060888 138 19 0.88 0.12

Table 33 shows the performance of the top 5 minterms in the training set on the control set. The
probability of belonging to class 1, which was 0.03 in the control set, was found to be higher in the
minterms here. The analysis is said to be successful in the dataset with high classification performance.

A separate TOPSIS analysis is performed on the control set. The results here are compared with the
results in the training set and the test set, and the minterms common to all three sets can be interpreted
as the best. While creating the decision table, the total number of observations for 0-class and 1-class
are taken as equal to or greater than 2. Thus, 3104 unique combinations were obtained for the control
set.

Table 34 displays the top 5 minterms from the control set TOPSIS analysis. Table 34 shows that
the probability of belonging to class 1, which was initially 0.03, is much higher for the minterms here.
Since the minterms here correspond to independent variable combinations, variable combinations can
be determined. The variable order is important when creating the minterm column. As in the control
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TABLE 34. TOPSIS results for the control dataset (top 5 ranks)

Rank Minterm Frequency-0 Frequency-1 Normalized Normalized TOPSIS
Probability-0 Probability-1 Ratio
1 25838104 517 72 0.88 0.12 0.74
2 21774872 260 53 0.83 0.17 0.65
3 21758488 332 45 0.88 0.12 0.57
4 9175576 270 42 0.87 0.13 0.55
5 25952792 1004 44 0.95 0.05 0.54

set, training and test set, when the minterms are written in binary base, combinations are determined
according to the values of the variables and target group analysis is performed.

When the results of the TOPSIS analysis performed separately for the training, test, and control sets
are compared, the best minterms common to all three datasets are determined and the best variable
combinations for the dataset are found.

TABLE 35. Common minterms in training, test, and control datasets

Rank Training Set Minterm Test Set Minterm Control Set Minterm

1 21774872 9060632 25838104
2 25837848 21774872 21774872
3 9060632 9060648 21758488
4 25837864 25838104 9175576
5 9060888 9060888 25952792

As seen table 35, 21774872 minterms rank in the top five of each of the three datasets. This indicates
that 21774872 is the best minterm. For the implemented e-commerce firm, 21774872 is the ideal minterm.
The feature combination for 21774872 minterm is as seen in the table 27; it is interpreted that the
probability of shopping is 0.28 for users whose user type is new, who access the website after 20:00, whose
session duration is above the 3rd quartile value of 437 seconds and who access the website using the Google
source-organic tool from a desktop device with a Chrome browser from the province of Istanbul, as can be
seen. In this target audience, Thursday, Friday, and Saturday can be excluded because the day variable
takes the value 0. This targeting can be done for days other than these three days. The best minterm for
the e-commerce company that is implemented is thus determined. In subsequent advertising campaigns,
target audiences are determined by taking into account the variable combinations corresponding to this
minterm.

4. CONCLUSIONS

In this paper, the Boolean decision table (BDT) approach, a classification technique that used Boolean
algebra to analyze binary-valued features, and compare its classification performance with CART, Ran-
dom Forest, and XGBoost algorithms, which were widely used decision tree methods in the literature.
When comparing, consideration was given to the models’ interpretability as well as their classification per-
formance (classification accuracy, ROC, and PR curve). Furthermore, future data that was not included
in the training or test data sets was acquired, and this data set was also used to compare performance.
Since the probability distribution of future data differs from that of past data, the test data prediction
may not hold up. This situation is called dataset shift. The BDT and other methods were also compared
according to the dataset shift situation. Thus, a more objective interpretation of the validity of the
obtained results is made. The algorithm with the highest training success in the results was the Boolean
decision table (BDT). Examining the test dataset’s results, the BDT approach outperformed the RF al-
gorithm and came in close the CART and XGBoost algorithms in terms of values. With hyperparameter
optimization included, the CART, RF, and XGBoost algorithms require a significant amount of training
time. With the Boolean decision table, this is not the case. Taking into account the training duration
and hyperparameter optimization procedure, employing the Boolean decision table becomes beneficial.

One of the most important advantages of proposing and using BDT is that the results obtained are
interpretable. Interpretability is the ability to focus on the rules that emerge from the classification
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analysis rather than just the classifier model’s performance [21]. Interpretable models attempt to build
connections between the results obtained in addition to concentrating on classification accuracy. Results
obtained with the proposed BDT method are easier to interpret. The most effective classification rules
were identified using BDT. Furthermore, the interpretability of BDT’s results increases confidence that
the model recognizes the right patterns, which helps address the issue of dataset shifting. Using TOPSIS,
the optimal variable combinations were also ascertained. Target audiences that are significant for the
digital marketing industry are identified based on the combinations of variables. For example, the feature
combination for minterm 21774872; it is interpreted that the probability of shopping is 0.28 for users
whose user type is new, who access the website after 20:00, whose session duration is above the 3rd
quartile value of 437 seconds and who access the website using the Google source-organic tool from a
desktop device with a Chrome browser from the province of Istanbul. Considering the defined probability
of shopping of 0.09 in the dataset, as a result of the analysis, variable combinations that increase this
probability to 0.28 were found. Variable combinations can also be determined with CART analysis, but
the large number of observations and variables makes such interpretations difficult. Another feature of
CART analysis is that it can also be interpreted visually, but again, the high number of observations
and variables makes visual interpretation difficult. RF and XGBoost algorithms, which are ensemble
learning methods, focus only on classification accuracy and cannot be interpreted according to variable
combinations. The most important feature of using and proposing BDT is that both the classification
accuracy is close to other methods and the results obtained are interpretable. The high classification
accuracy makes the interpretation of the results more reliable. In this way, the decision maker evaluates
the results more objectively. In the case of digital advertising, the decision maker shapes future advertising
strategies by determining appropriate target audiences within the framework of these evaluations. As a
result of these evaluations, the decision maker can minimize advertising costs and get more return.
Real-world data unique to digital advertising was examined using the suggested BDT technique, yield-
ing domain-specific outcomes. The results’ interpretability boosts the model’s confidence in identifying
the right patterns because the suggested BDT method makes the classification results more interpretable.
Finding the appropriate patterns is crucial in the realm of digital advertising in order to create target
audiences that are pertinent. The suggested approach is better understood thanks to the application
in this field. In future studies, the results of the proposed method can be compared by using simu-
lation studies with real world data, artificial data, and different class distribution scenarios, which are
frequently used in the literature. Necessary modifications for the method can be identified and suggested.
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