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1. Introduction

In the current era of digital transformation, marketing 
campaigns play a vital role in shaping consumer percep-
tions and guiding purchasing decisions. As online retail 
continues to expand, companies must develop more targeted 
and efficient strategies to maintain relevance and compet-
itiveness. However, many marketing campaigns still face 
critical issues, such as the inability to identify the right target 
audience, resulting in misdirected messages and reduced ef-
fectiveness. These problems are further exacerbated by poor 
segmentation, generic messaging, and inefficient allocation 
of marketing resources, ultimately leading to suboptimal out-
comes and financial losses. Moreover, regulatory risks and 
misalignment between marketing strategies and dynamic 
market conditions can significantly harm brand reputation 
and performance [1–3].

Given these challenges, it is increasingly important to 
explore data-driven methods that can enhance campaign 
accuracy and impact. These studies are particularly relevant 
in modern conditions, where consumers are exposed to an 
overwhelming volume of digital content and demand more 
personalized and meaningful communication. While much 
of the existing literature has emphasized the success factors 
of marketing campaigns [4], limited attention has been paid 

to understanding failure points or exploring new algorithmic 
approaches to improve marketing interventions.

The advancement of online retail marketing has trans-
formed how consumers process information, requiring prac-
titioners and policymakers to understand the structural 
elements that shape campaign effectiveness [5, 6]. Key com-
ponents such as campaign framing, source credibility, and 
segmentation significantly influence consumer behavior 
but are often overlooked [7–9]. This gap between theoretical 
frameworks and real-world application necessitates research 
that connects marketing concepts to measurable outcomes.

In this context, decision tree algorithms offer practical 
utility by enabling predictive modeling based on customer 
attributes. They can help marketers predict campaign success 
and optimize targeting strategies [10, 11]. However, challeng-
es such as overfitting, poor representation of minority class-
es, and the limitations of existing algorithms like ID3 remain 
unresolved [12–14]. 

Addressing challenges in developing models for marketing 
campaigns requires an approach that is not only accurate but 
also adaptive to changing market dynamics. The primary 
obstacle lies in identifying the right audience, as misaligned 
segmentation strategies can render campaign messages inef-
fective. Challenges in data processing, such as overfitting and 
class imbalance within datasets, can reduce the reliability of 
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predictive models. Additionally, shifting consumer trends, 
marketing regulations, and economic uncertainty further com-
plicate the formulation of effective marketing strategies. Mod-
ifying the entropy function in the ID3 decision tree algorithm 
is necessary to enhance accuracy, improve predictions, and 
reduce bias. By overcoming these challenges, the developed 
model can effectively assist businesses in adjusting their mar-
keting strategies and optimizing resource allocation efficiently. 
The studies on the development of marketing campaigns using 
the ID3 decision tree algorithm with entropy modification is 
relevant, for enhancing the effectiveness of marketing strate-
gies in addressing dynamic market challenges.

2. Literature review and problem statement

Previous studies have examined the effectiveness of 
marketing campaigns in enhancing consumer engagement 
and strengthening brand loyalty [15]. These studies high-
light the utilization of real-time data, enabling companies 
to dynamically adjust their marketing strategies. Another 
study [16] emphasizes the importance of understanding con-
sumer behavior, including purchasing habits and responses 
to communication channels, underscoring how the evolution 
of marketing trends provides insights into consumer prefer-
ences and helps companies tailor their messaging effectively.

Several unresolved challenges remain in the implemen-
tation of marketing strategies. One of these challenges is the 
inefficiency in selecting the right target audience. Previous 
studies [17] indicate that targeting errors lead to resource 
wastage and a decline in campaign effectiveness. Weak or in-
consistent branding has also been shown to reduce campaign 
appeal. Another challenge is the difficulty in objectively 
measuring the effectiveness of marketing strategies. Exter-
nal factors such as economic dynamics and shifts in social 
trends often influence campaign outcomes. Companies must 
conduct continuous market analysis to adapt their marketing 
strategies to evolving conditions.

These limitations may arise from several factors. First, 
the lack of integration of accurate analytical methods in 
identifying consumer behavior patterns. Data processing 
techniques used in previous studies have failed to capture 
the complexity of interactions between various marketing 
variables. Second, the challenge of handling imbalanced 
datasets in digital marketing, which results in models favor-
ing majority consumer groups over niche market segments 
that, while smaller, hold high value. Previous research [18] 
reveals that the ID3 algorithm, commonly used in marketing 
decision-making, exhibits bias toward attributes with multi-
ple values, leading to less accurate models. This bias results 
in the selection of less informative attributes, reducing the 
model’s effectiveness in classifying data optimally.

This study proposes a novel approach by modifying the 
ID3 algorithm with optimized entropy. The model is designed 
to handle imbalanced datasets more accurately and improve 
interpretability in consumer pattern evaluation. To address 
computational efficiency limitations, an entropy calculation 
method is required to reduce the complexity of processing 
large-scale data.

Several previous studies have attempted to overcome 
these challenges using various methods. Studies [19, 20] 
highlight the issue of multi-value bias in attribute selection, 
demonstrating that overly complex models tend to suffer 
from overfitting. There have been prior efforts to enhance the 

effectiveness of ID3 in digital marketing. However, existing 
approaches have yet to be optimized for handling large and 
imbalanced datasets. Further exploration is needed to devel-
op a model that is both adaptive and efficient in processing 
marketing data.

Based on these identified gaps, this study aims to bridge 
the shortcomings of previous research by developing an im-
proved ID3 algorithm capable of handling complex datasets 
effectively. With a more accurate approach to evaluating con-
sumer patterns, this study is expected to make a significant 
contribution to enhancing the effectiveness of marketing 
campaigns and overall business strategies.

3. The aim and objectives of the study

The aim of the study is to enhance the effectiveness of 
marketing campaigns by utilizing the ID3 algorithm. Modi-
fications to the entropy method are implemented to address 
various challenges in marketing campaign evaluation. 

To achieve this objective, the following steps are under-
taken:

– to modify the ID3 algorithm to enhance accuracy, 
prediction, and understanding of consumer response pat-
terns in marketing campaigns, enabling more precise deci-
sion-making;

– to identify challenges related to consumer response im-
balance to support more effective evaluation and adjustment 
of marketing campaign strategies;

– to address various technical challenges in decision tree 
implementation, such as overfitting, prediction errors, and 
data imbalance, to improve the reliability and accuracy of the 
model in analyzing market responses;

– to optimize data partitioning in the ID3 algorithm so 
that the resulting model is adaptive and accurate in effective-
ly meeting market needs and demands;

– to provide real-case illustrations from the retail sector 
to demonstrate that the modified algorithm can be applied in 
practical scenarios.

4. Materials and methods

4. 1. Object and hypothesis of the study
The object of this study is the strategy of online retail 

marketing campaigns, particularly in the context of utilizing 
a modified ID3 decision tree algorithm to improve predictive 
effectiveness regarding consumer responses. The focus lies 
on how structural elements of campaigns – such as message 
framing, source credibility, and audience segmentation – af-
fect consumer engagement and conversion rates.

The main hypothesis of this study is that the modification 
of the entropy calculation method in the ID3 algorithm can 
produce a more accurate and adaptive predictive model for 
identifying the most responsive audience segments in online 
retail marketing campaigns.

This research is based on several assumptions, includ-
ing that historical campaign data reflect actual consumer 
behavior and that each attribute in the dataset contributes 
meaningfully to the classification process. Additionally, sim-
plifications are made by excluding external variables such 
as macroeconomic conditions and competitor influences, in 
order to maintain analytical focus on the technical perfor-
mance of the developed model.
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4. 2. Modification of Shannon entropy
The simplification of the entropy formula [21], using log-

arithmic identities:
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Substitute into the entropy formula:
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Combine terms within the logarithm:
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Rewrite the entropy terms using the natural logarithm (ln):
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The above formula represents a modified entropy in in-
formation theory, utilized in the ID3 algorithm to measure 
uncertainty within a dataset. Entropy is calculated based on 
the probability of category occurrences in the data, represent-
ed by pi. A high entropy value indicates a uniform distribu-
tion of categories, signifying a high degree of uncertainty in 
decision-making. Conversely, a low entropy value suggests 
that the data is concentrated in a single category, indicating a 
higher level of certainty. In decision modelling, entropy is used 
to identify the most informative attributes for decision tree 
construction. The attribute that results in the greatest entropy 
reduction after splitting is selected as the primary separator, 
enabling the model to classify data efficiently and accurately.

4. 3. Research method and algorithmic differences
To test this hypothesis, let’s use two variants of the ID3 

decision tree algorithm: the classical Shannon-based ID3 
and a modified ID3 with a refined entropy function. Our 
focus was on how each algorithm partitions attributes (such 
as education, income, recency, etc.) to classify consumer 
responses (respond vs. not respond). The key differences are 
as follows:

1. Entropy calculation:
– classical ID3, uses the standard Shannon Entropy for-

mula [13]:

( ) 2
1

log ,
n

j j
j

Ent D p p
=

= −∑ 	 (3)

where S represents the dataset under consideration, n denotes 
the total number of classes in the data, and pj is the propor-
tion or probability of elements belonging to the j-th class. 
The term log2 indicates the use of a base-2 logarithm, which 
reflects the concept of information in bits;

– modified ID3, employs a simplified or adjusted entropy 
term that reduces computational overhead and better handles 
skewed distributions by focusing on the natural logarithm of 
probabilities. This refinement seeks to improve classification 
when class imbalance is high.

2. Information gain and splitting criteria:
– classical ID3, selects attributes purely based on the larg-

est reduction in Shannon entropy, this can overemphasize 
attributes with many distinct values;

– modified ID3, uses updated entropy in the informa-
tion-gain calculation, aiming to mitigate multi-value bias and 
to balance the depth of the resulting tree against accuracy.

3. Handling of class imbalance:
– classical ID3, may bias splits toward the dominant (ma-

jority) class when the dataset is imbalanced;
– modified ID3, by adopting a more nuanced entropy 

formula, the algorithm can better identify minority-class pat-
terns, improving recall for low-frequency outcomes.

Let’s test both algorithms under varying data split 
ratios (e.g., 70:30 vs. 80:20) and tree depths (max_depth 
from 1 to 20). Our findings highlight that the modified ID3 
yields higher accuracy and more stable performance than 
the classical version, particularly around a maximum tree 
depth of 6.

5. Results: factors influencing marketing campaigns

5. 1. Modified ID3
The simplified entropy formula is applied to the ID3 algo-

rithm. The modified entropy formula [21], calculate dataset 
entropy, for dataset D with p and n:

( ) ( ) ( ) ( ) ( )ln ln1 ln .
ln 2

p p n n
Ent D p n

p n

 +
= + − 

+  
	 (4)

The variables in the formula are defined as fol-
lows: p represents the number of positive instances, n 
denotes the number of negative instances, and the sum of 
both, p+n, corresponds to the total number of instances 
in the dataset.

Calculate conditional entropy, attribute A with u distinct 
values, the dataset D is divided into subsets D1, D2, .., Dn:
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The variable |Dj| represents the number of elements in 
the subset Dj. 

Additionally, pj and nj denote the number of positive and 
negative instances in the subset Dj, respectively. Calculate 
Information Gain, the Information Gain, Gain (A) is:

( ) ( ) ( ).AGain A Ent D Ent D= − 		  (6)

If the Gain(A) value is high, the attribute can significant-
ly reduce uncertainty, making it ideal for use as a node in the 
decision tree. Conversely, if Gain(A) is low, the attribute is 
less effective in distinguishing classes, meaning it does not 
contribute significantly to improving the model’s accuracy. 
The information obtained from an attribute in a decision 
tree depends on the extent to which the attribute can reduce 
entropy in the dataset. The higher the information gain, the 
greater the attribute’s influence in improving the quality of 
data partitioning, thereby supporting the development of a 
more robust model.

5. 2. Results of consumer response to marketing 
campaigns

The marketing campaign dataset contains data on 
2,240 consumers, with 1,906 not responding to the campaigns 
and 334 providing responses. There is a significant difference 
between the number of responding and non-responding con-
sumers, indicating an imbalance in the effectiveness of the 
marketing campaigns targeted at the audience. Examining 
data distribution is essential to understand patterns and fac-
tors that influence consumer response levels. The imbalance 
in proportions poses challenges for modeling data, such as 
the risk of bias toward the majority class, which can affect the 
accuracy and generalizability of predictive models.

The imbalance between responding and non-responding 
consumers can impact marketing strategies. Since the majority 
of consumers do not respond to the campaigns, companies 
need to reevaluate campaign elements using a data-driven 
approach. Consumer segmentation, personalized campaigns, 
communication channels, or timing adjustments could improve 
campaign effectiveness and appeal. These adjustments can help 
increase response rates by targeting consumer groups that are 
more specific and relevant. Additionally, analysis is needed to 
identify demographic or behavioral characteristics that distin-
guish consumers who respond from those who do not.

Fig. 1 illustrates that most consumers did not accept the 
marketing campaign offers. The largest number of rejec-
tions occurred across all campaign combinations from cam-
paign_1 to campaign_5, with 1,631 consumers showing a re-
sponse value of 0. The highest positive response was observed 
when all five campaigns were rejected, totaling 146 consum-
ers. An interesting pattern emerged: positive responses were 
more frequent when one or two campaigns were accepted. In 
contrast, when multiple campaigns were accepted, such as 
campaign_5, the number of positive responses was only 21. 
Additionally, combinations of more than one campaign 
accepted-such as campaign_1 and campaign_4-generated 
positive responses from 10, 11, 12, and 14 consumers. These 
patterns indicate that campaign effectiveness is higher when 
not overwhelmed with too many simultaneous offers but fo-
cused on specific campaigns.

Positive responses tended to decline as the number of 
accepted campaigns increased. For example, only seven con-
sumers responded positively when accepting campaigns 1, 
2, and 4, indicating a decrease in consumer engagement. 
Overloading consumers with offers may lead to fatigue or 
confusion in making choices.

Fig. 1 highlights a significant difference in negative 
responses, with consumers rejecting all campaigns domi-
nating the total responses. This shows that the majority of 
consumers are not interested in the offers provided, signal-
ing the need for more focused and personalized strategies in 
delivering campaigns [22]. These strategies could increase 
consumer engagement and improve conversion rates.

Fig. 1. Distribution of consumer responses to marketing campaigns
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Fig. 1 highlights a significant difference in negative 
responses, with consumers rejecting all campaigns dom-
inating the total responses. This shows that the majority 
of consumers are not interested 
in the offers provided, signaling 
the need for more focused and 
personalized strategies in de-
livering campaigns [15]. These 
strategies could increase con-
sumer engagement and improve 
conversion rates.

In the context of marketing 
campaigns, the results underscore 
the importance of understanding 
consumer preferences and behav-
ior. Positive responses are higher 
when only one or two campaigns 
are offered. Companies can tai-
lor their approach to deliver cam-
paigns that are more relevant and 
aligned with consumer needs. 
Focusing on quality rather than 
quantity is an effective strategy for 
enhancing consumer engagement 
and satisfaction [15].

Fig. 2 illustrates that the 
highest response rate is ob-
served among consumers with 
an income range of 100,000 
to <300,000, with a response 
rate of 0.3333. Consumers with 
an income between 50,000 
and <100,000 exhibit a response 
rate of 0.117, while those in the 
5,000 to <10,000 range have a re-
sponse rate of 0.130. Consumers 
with an income between 1,730 
and <5,000, as well as those 
earning more than 500,000, do 
not respond, indicating low en-
gagement or a lack of interest in 
marketing campaigns.

Consumer interaction sig-
nificantly influences response 
rates in marketing campaigns. 
Consumers who recently inter-
acted within 0 to <10 days ex-
hibit the highest response rate at 0.300, followed by those 
in the 10 to <30-day range with a response rate of 0.209 
and those in the 30 to <50-day range with a response rate 
of 0.147. Consumers with longer interaction periods, specif-
ically those in the 80 to <90-day and >90-day categories, 
display lower response rates of 0.070 and 0.060, respectively. 
This indicates that the longer the time since the last inter-
action, the lower the likelihood of consumers responding to 
marketing campaigns.

The second chart illustrates response distribution by 
recency, where consumers who recently engaged with the 
campaigns or the company show higher response rates, 
both positive and negative. This demonstrates that the last 
interaction with the consumer can influence their attitude 
toward the campaigns. Newly engaged consumers may be 
open to new offers or find the campaigns more relevant to 
their current situation [23]. Meanwhile, consumers who have 

not interacted with the company for a long time tend to reject 
campaigns, likely due to a lack of engagement or interest in 
the offered promotions. 

When combining insights from both charts, a correlation 
emerges between income range and recency in influencing 
consumer responses to marketing campaigns. This indicates 
that effective marketing strategies should align with the char-
acteristics of consumer segmentation [24]. For high-income, 
recently engaged consumers, companies could offer premium 
products or services with a more personalized approach. For 
low-income, disengaged consumers, companies should tailor 
their offers in a way that rekindles their interest and engage-
ment, ensuring relevance and appeal to their specific needs.

In Fig. 3, individuals with higher educational back-
grounds tend to be more responsive to marketing campaigns 
compared to those with lower education levels. Consumers 
with advanced academic degrees demonstrate active engage-
ment with marketing messages, which can be attributed to 
their higher level of understanding and awareness of the 
value of the promoted products or services. Conversely, indi-

Fig. 2. Distribution of campaign responses: a – based on income range;  
b – based on recency range

a

b
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viduals with lower education levels are less likely to respond, 
possibly due to limited access to information or a lack of 
campaign relevance to their needs. This difference indicates 
that effective marketing strategies should be tailored to the 
characteristics of the audience based on their education level, 
ensuring that messages are easily understood and well-re-
ceived across various consumer segments.

Fig. 3 presents the distribution of responses based on ed-
ucation level, revealing interesting results. Consumers with a 
PhD recorded the highest response rate at 20.7 %, indicating 
that higher education levels correspond to greater responsive-
ness to marketing campaigns [22]. This could be attributed to 
their higher level of information and awareness regarding the 
importance of the promoted products or services. It may also 
reflect their maturity in making purchase decisions, enabling 
quicker responses to offers. 

Consumers with a master’s degree showed a response 
rate of 15.4 %, highlighting a substantial level of engagement 
in marketing campaigns among individuals with higher edu-
cation backgrounds. Lower education groups, such as Gradu-
ation at 13.4 %, 2nd Cycle at 10.8 %, and Basic at 3.7 %, exhib-

ited lower response rates. These findings suggest variations 
in knowledge or needs related to the promoted products. 
Companies might need to tailor their campaign messages 
and approaches to align with the education levels and under-
standing of different audience segments.

The data suggests further analysis is needed to identify 
factors in marketing campaigns that influence consumer re-
sponses [16]. The type of product or service being promoted 
is closely related to the education level of consumers. Factors 
such as education, income, recency, and prior experiences 
with the brand also play a role in shaping response outcomes. 

An evaluation of key elements in online retail marketing 
highlights that market framing the way messages are struc-
tured and presented plays a crucial role in campaign effec-
tiveness. The data indicates that the majority of consumers 
did not respond to the campaigns, suggesting that the framing 
strategies employed have not fully captured audience interest. 
Overly frequent or misaligned campaigns may lead to informa-
tion fatigue, thereby reducing their effectiveness. A more per-
sonalized approach in crafting marketing messages is needed 
to improve consumer engagement and campaign appeal.

Fig. 3. Educational responses: a – based on education level; b – percentage of education levels

a

b



Eastern-European Journal of Enterprise Technologies ISSN-L 1729-3774; E-ISSN 1729-4061	 2/13 ( 134 ) 2025

64

The credibility of the information source in marketing 
campaigns significantly influences consumer decision-mak-
ing. The data reveals that positive responses are more likely 
when campaigns are presented selectively, rather than over-
whelming consumers with too many promotions at once. Con-
sumers tend to place greater trust in well-structured and less 
aggressive campaigns. Moreover, educational level continues 
to impact response rates PhD holders, for instance, recorded 
the highest response at 20.7 % (Fig. 3, a), suggesting that highly 
educated consumers tend to be more selective in evaluating 
the credibility of information sources before making decisions.

Audience segmentation is a critical factor in the effective-
ness of online retail marketing campaigns. The data analysis 
shows that the highest response rate came from consumers 
with an income range between 100,000 and <300,000, with 
a response rate of 0.333 (Fig. 2, a). Consumers with either 
lower or higher incomes displayed lower response rates. Fur-
thermore, recent interaction with the company influenced 
consumer engagement, with the highest responses recorded 
among consumers who had interacted within the past 0 
to <10 days (Fig. 2, b). This highlights the need for marketing 
strategies that consider segmentation based on both income 
and engagement levels.

The combination of appropriate audience segmentation 
and effective market framing strategies can enhance mar-
keting campaign effectiveness. The data shows that con-
sumers who received only one or two campaign messages 
demonstrated higher response rates compared to those 
exposed to multiple simultaneous campaigns. A targeted 
approach that aligns with audience needs can significantly 
boost consumer engagement. Conversely, excessive expo-
sure to campaigns may lead to confusion or fatigue, ulti-
mately reducing the overall impact of the strategy.

In summary, the evaluation of key elements in on-
line retail marketing demonstrates that market framing, 
information source credibility, and audience segmentation 
must be optimized in an integrated manner. The available 
data suggests that marketing strategies should be more per-
sonalized, based on clear segmentation, and supported by 
credible information to enhance consumer response rates. 
By adjusting strategies in line with these factors, companies 
can develop more effective marketing campaigns, strengthen 
consumer engagement, and achieve higher conversion rates.

5. 3. Adapting ID3 model concepts
The implementation of marketing campaigns using the 

ID3 model can be effective in analyzing and understanding 
consumer behavior patterns. By utilizing variables such 
as education level, marital status, children at home, and 
teenagers at home, the model identifies the most influential 
attributes affecting purchasing decisions. ID3 explores how 
education level and marital status impact the likelihood of 
consumers accepting offers and making purchases. Variables 
like income range and recency provide insights into custom-
er segments, highlighting tendencies to purchase based on 
income level and recent interactions with the company. New 
consumers who interact through promotions or customer 
service are more likely to make a purchase compared to those 
who have not engaged with online retail for a long time. 

ID3 leverages consumer behavior data, such as the number 
of purchases made online, through catalogs, and in physical 
stores. The decision tree model identifies the most effective dis-
tribution channels for various market segments by analyzing 

purchase frequency through these channels. This allows com-
panies to optimize marketing strategies to align with consum-
er shopping preferences. Variables such as expenditure ranges 
for wine, fruit, and meat reveal consumer spending habits in 
specific product categories, providing valuable information for 
tailoring product offerings to be more relevant.

The application of the ID3 method, through adaptive 
attribute utilization, enables companies to sign marketing 
campaigns that are segmented and tailored to the character-
istics of specific consumer groups. The decision tree reveals 
that consumers with teenagers at home and high income are 
particularly responsive to offers for wine and sweet foods. 
Companies can adjust their marketing campaigns to target 
these segments with more specific and appealing messages. 
By applying the ID3 method, a deeper understanding of the 
factors influencing consumer decisions can significantly en-
hance the effectiveness of marketing campaigns [15].

In Table 1, the ID3 algorithm using an 80:20 data split 
achieves an accuracy of 0.8415 with a maximum tree depth 
of 5 and a computation time of 0.6075 seconds. The precision 
for class 0 is 0.85, while for class 1, it is 0.43. The recall for 
class 0 is 0.98, and for class 1, it is 0.09. The F1-score for class 0 
is 0.91, indicating good performance in predicting the majori-
ty class. However, the F1-score for class 1 is only 0.14, reflect-
ing inadequate performance in predicting the minority class. 

With a 70:30 data split and a tree depth of max_depth 5, 
accuracy improves to 0.8557, although the computation 
time increases to 3.1733 seconds. The precision for class 0 
rises to 0.87, higher than that achieved with the 80:20 split, 
while the precision for class 1 is 0.45. The recall for class 0 
remains at 0.98, and for class 1, it stays low at 0.09. The F1-
score for class 0 increases to 0.92, demonstrating consistent 
performance in predicting the majority class. Meanwhile, 
the F1-score for class 1 improves slightly to 0.16, highlighting 
the ongoing challenge of handling data imbalance in the mi-
nority class. The results of the metric calculations and their 
impact on the model’s performance can be observed in Fig. 4.

Fig. 4 compares the performance metrics of the Modified 
ID3 algorithm using two different data splits. The first chart 
illustrates model accuracy, where the 70:30 split achieves 
slightly higher accuracy (0.8557) compared to the 80:20 
split (0.8415). The 80:20 split produces a high precision for 
class 0 (0.85), while precision for class 1 remains low for both 
splits. The recall metric shows the model performs well in 
predicting class 0, achieving a value of 0.98 for both splits, 
but recall for class 1 remains consistently low at 0.09. The F1-
score follows a similar trend, with class 0 achieving high val-
ues that indicate good performance, while class 1 shows low 
F1-scores, reflecting the difficulty of handling the minority 
class. The final chart highlights differences in computation 
time. The 80:20 split achieves faster computation time at 
0.6075 seconds, whereas the 70:30 split requires significantly 
longer computation time at 3.1733 seconds. 

Table 1

The impact of data split ratios on the performance of the 
modified ID3 algorithm

Split 
data

Precision Recall F1-score
Accuracy Time (second)

0 1 0 1 0 1
80:20 0.85 0.43 0.98 0.09 0.91 0.14 0.8415178571428571 0.6074917316436
70:30 0.87 0.45 0.98 0.09 0.92 0.16 0.8556547619047619 3.1733415126800
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5. 4. Adapting model concepts and tree depth
In decision tree modelling using ID3, the parameter max_

depth is crucial for controlling model complexity and avoiding 
overfitting [25]. Max_depth refers to the maximum depth a de-
cision tree can reach during the training process. Tree depth de-

termines the number of splits that can occur at each level of the 
data [26]. Deeper trees allow more splits, enabling the model to 
capture more patterns or relationships within the data. However, 
if the depth is too large, the model may become overly specific to 
the training data, reducing its ability to generalize to new data.

Fig. 4. Performance of the modified ID3 model based on data split ratio: a – accuracy; b – precision; c – recall; 	
d – F1-score; e – computation time

a

b

c

d

e
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The selection of the best attribute for each split is based on 
information gain, which measures the reduction in entropy 
after the split. Introducing a limit on max_depth restricts the 
number of splits. thereby reducing model complexity and mit-
igating overfitting. Conversely, if max_depth is too small, the 
model may lack the complexity needed to capture patterns in 
the data, leading to underfitting [27]. Selecting an appropriate 
value for max_depth is essential to achieve a balance between 
bias and variance. This ensures the creation of an accurate 
model that generalizes well to unseen data.

Table 2 demonstrates that max_depth has a significant 
impact on model accuracy and execution time. For max_
depth values between 1 and 3, accuracy remains stable 
at 0.8586, while execution time increases from 0.0778 seconds 
to 0.2714 seconds. Between max_depth 4 and 6, there is slight 
fluctuation in accuracy, with max_depth 6 achieving the high-
est accuracy of 0.8616 and an execution time of 0.7542 seconds. 
Beyond max_depth 6, accuracy gradually decreases, and exe-
cution time increases significantly. At max_depth 10, accuracy 
drops to 0.8304, while execution time rises to 2.0241 seconds. 
This trend continues up to max_depth 20, where accuracy 
reaches 0.7887 and execution time peaks at 3.7831 seconds. 
Overall, increasing max_depth allows the model to capture 
more data complexity. However, it also leads to longer exe-
cution times and potential overfitting, as evidenced by the 
decline in accuracy beyond a certain threshold. 

Fig. 5 illustrates the testing results for various decision 
tree depths, ranging from max_depth 1 to 20. At lower tree 
depths, specifically between max_depth 1 and 6, accuracy 
remains high, with the highest accuracy of 0.8616 achieved at 
max_depth 6. Computation time at lower depths is relatively 
short, starting at 0.0778 seconds for max_depth 1 and gradu-
ally increasing as tree depth grows.

At max_depth 7, a significant drop in accuracy is ob-
served, accompanied by a longer computation time. Accu-
racy continues to decline gradually after max_depth 6, with 
max_depth 9 producing the lowest accuracy of 0.8304 and a 

computation time of 2.0241 seconds. As tree depth increases 
further, accuracy declines further, and computation time 
becomes significantly longer, reaching 4.5280 seconds at 
max_depth 19.

Table 2

The impact of max depth on model accuracy and execution time

Max_depth Accuracy Time (seconds)
1 0.8586 0.0778
2 0.8586 0.1598
3 0.8586 0.2714
4 0.8557 0.4208
5 0.8557 0.5436
6 0.8616 0.7542
7 0.8586 1.0438
8 0.8497 1.3326
9 0.8348 1.6570

10 0.8304 2.0241
11 0.8155 2.8989
12 0.8006 3.5023
13 0.7917 2.8825
14 0.7932 3.1021
15 0.7887 3.3501
16 0.7887 4.3187
17 0.7887 3.4238
18 0.7887 3.3925
19 0.7887 4.5280
20 0.7887 3.7831

5. 5. Illustrative real-case examples
To demonstrate practical applicability, let’s briefly pres-

ent two real-case scenarios illustrating how the modified ID3 
decision tree can inform marketing strategies:

Fig. 5. Accuracy and computation time vs max depth
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1. Retail apparel campaign, in a pilot project with a re-
gional apparel retailer, a marketing team wanted to optimize 
email promotions for new arrivals and seasonal discounts:

– consumer segment, the retailer noticed that among 
higher-income consumers (incomes>100,000 USD), those 
who had interacted with the website within the last 10 days 
were significantly more inclined to open promotional emails 
and use discount coupons;

– ID3 insights, the modified ID3 tree identified “recency 
of interaction” and “education level” as the top two splitting 
attributes, leading the retailer to send targeted offers on pre-
mium lines to this segment;

– outcome: this focused campaign (only one or two offers 
per email) increased email open rates by 15 % and boosted 
conversions by 10 % compared to blanket promotions previ-
ously offered.

2. Online grocery promotions, an online grocery service 
tested multiple campaign variations (e.g., discounts on fresh 
produce vs. packaged goods):

– consumer segment, households with teenagers and 
a moderate income (50k–100k USD) often responded best 
when offered discounts on fruit and meat-likely due to family 
meal-planning habits;

– ID3 insights, the modified ID3 tree highlighted that 
presenting too many product deals at once (e.g., fruit, dairy, 
and snacks simultaneously) reduced acceptance rates (choice 
overload). The tree indicated that one or two well-targeted 
deals boosted redemption rates;

– outcome, by limiting offers to two per email, the grocery 
service reported 20 % higher redemption for fruit and meat 
promotions and a notable drop in campaign unsubscribes.

Through these real-case illustrations, it is possible to 
show how the modified ID3 algorithm helps pinpoint the 
most influential attributes (income, recency, education, and 
so forth) and reveals that fewer, more targeted offers im-
prove consumer response rates. Such insights align with our 
hypothesis that optimizing the campaign structure – rather 
than merely adding more offers – can significantly enhance 
marketing efficiency.

6. Discussion of the results of the study comparison 
of marketing campaign performance based on 

consumer responses

The study reveals that the effectiveness of marketing 
campaigns is influenced by the number of offers received 
by consumers. The evaluation results indicate that cam-
paigns with one or two offers have a higher acceptance 
rate compared to campaigns that present multiple offers 
simultaneously. The phenomenon of choice overload [28] 
is clearly evident in the data, where an excessive number 
of choices hinders decision-making and reduces consumer 
responses. As shown in Fig. 1, a simple marketing strategy, 
such as a single campaign (campaign_5) or a combination 
of two campaigns (campaign_1 and campaign_4), has 
proven effective in capturing consumer attention com-
pared to strategies that include three or more campaigns. 
The decline in responses to complex campaign combi-
nations suggests that consumers tend to reject or ignore 
offers when confronted with too many options at once, 
reinforcing the notion that a more focused marketing ap-
proach can enhance campaign success.

The evaluation of decision tree depth shows that models 
with lower depth (max_depth between 1 and 6) maintain 
stable accuracy and efficient computation time. As presented 
in Table 2, models with max_depth between 1 and 6 demon-
strate stable accuracy above 80 %. However, increasing the 
depth beyond max_depth 6 leads to a decrease in accuracy 
below 75 % and an increase in processing time of more 
than 50 %. Fig. 5 confirms that the deeper the decision tree, 
the more complex the model becomes, resulting in overfitting 
and longer computation times. These results align with pre-
vious research on the impact of max_depth on the Random 
Forest algorithm [29]. A model with max_depth 1 achieved 
97 % accuracy, but as the tree depth increased to 20, accuracy 
dropped to 90 %. This finding suggests that while greater 
depth allows the model to capture more patterns in the data, 
excessive increases can degrade overall model performance 
due to overfitting.

The proposed advantage lies in a response pattern-based 
approach that identifies campaign effectiveness based on the 
number of offers given, rather than merely considering the 
overall campaign success rate, as illustrated in Fig. 1. There 
is a clear relationship between the number of campaigns ac-
cepted and consumers’ positive responses. Campaigns with 
two offers exhibit a higher positive response rate compared 
to those with three or more offers. This approach highlights 
the importance of balancing the number of offers presented 
to consumers to avoid the effects of choice overload. The 
evaluation of the modified ID3 algorithm in determining the 
optimal decision tree depth provides valuable insights into 
model optimization, ensuring that accuracy is maintained 
without excessively increasing computational complexity.

The obtained solution demonstrates that campaign effec-
tiveness does not solely depend on the quality of offers but 
also on the number of campaigns presented to consumers. 
Addressing the issue of low campaign acceptance, the study 
confirms that a more focused marketing strategy can en-
hance consumer engagement. From a modeling perspective, 
this reinforces the importance of determining the optimal 
decision tree depth to maintain model efficiency while 
avoiding overfitting. As shown in Fig. 5, the optimal depth 
yields accurate classification with reduced computation time 
compared to deeper models. Compared to the Random Forest 
algorithm [29], using a lower tree depth proves to be more 
optimal in maintaining accuracy than excessive depth, which 
leads to performance degradation.

The limitations of this study lie in the scope of the data 
used, which may not fully represent all market segments. The 
decision tree model also has limitations in handling complex 
data with high variable interactions. The application of this 
model must consider the specific characteristics of the data-
set used. One of the weaknesses of this study is the lack of 
exploration into psychological factors influencing consumer 
decisions to accept or reject campaigns. While the findings 
indicate a relationship between the number of campaigns ac-
cepted and positive responses, the study does not delve deep-
er into the specific reasons behind consumer decisions. Addi-
tionally, the modified ID3 model remains limited to decision 
tree-based evaluation without comparisons to other methods 
that might be more effective in handling data complexity.

Future research should focus on addressing class imbal-
ance issues in consumer responses to marketing campaigns. 
Algorithms such as Synthetic Minority Over-sampling Tech-
nique (SMOTE), Adaptive Synthetic Sampling (ADASYN), 
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or cost-sensitive learning can be implemented to improve 
the representation of minority classes in the dataset. Testing 
with a broader and more diverse dataset is also necessary 
to ensure the applicability of these findings across various 
industrial contexts.

The study reveals that the effectiveness of marketing 
campaigns is influenced by the number of offers received by 
consumers. The evaluation results indicate that campaigns 
with one or two offers have a higher acceptance rate com-
pared to those presenting multiple offers simultaneously. 
This suggests the presence of a choice overload effect, where 
an excessive number of options hinders decision-making and 
reduces consumers’ positive responses. As shown in Fig. 1, a 
simpler marketing strategy, such as a single campaign (cam-
paign_5) or a combination of two campaigns (campaign_1 
and campaign_4), is more effective in attracting consumer 
attention compared to strategies involving three or more 
campaigns. The decline in response rates for complex cam-
paign combinations suggests that consumers tend to reject 
or ignore offers when confronted with too many choices at 
once, reinforcing the notion that a more focused marketing 
approach enhances campaign success.

The evaluation of decision tree depth indicates that 
models with a lower depth (max_depth between 1 and 6) 
maintain stable accuracy and efficient computational time. 
As presented in Table 2, models with max_depth between 1 
and 6 exhibit stable accuracy above 80 %. However, increas-
ing the depth beyond max_depth 6 results in an accuracy de-
cline below 75 % and an increase in processing time by more 
than 50 %. Fig. 5 confirms that as the decision tree grows 
deeper, the resulting model becomes more complex, leading 
to overfitting and prolonged computational time.

The advantage of the proposed solution lies in its re-
sponse pattern-based approach, which identifies campaign 
effectiveness based on the number of offers provided rather 
than solely considering aggregate campaign success. As il-
lustrated in Fig. 1, there is a clear relationship between the 
number of accepted campaigns and the rate of positive re-
sponses. Campaigns with two offers achieve a higher positive 
response rate than those with three or more offers. This ap-
proach highlights the importance of balancing the number of 
offers presented to consumers to avoid choice overload. The 
evaluation of the modified ID3 algorithm in determining the 
optimal decision tree depth provides valuable insights into 
model optimization, ensuring that accuracy is maintained 
without increasing computational complexity.

The obtained solution provides evidence that campaign 
effectiveness is not solely dependent on the quality of the 
offers but also on the number of campaigns presented to con-
sumers. This addresses the issue of low campaign acceptance 
rates, demonstrating that a focused marketing strategy can 
enhance consumer engagement. From a modeling perspec-
tive, these findings reinforce the importance of determining 
the optimal decision tree depth to maintain model efficiency 
while avoiding overfitting. As depicted in Fig. 5, the deci-
sion distribution at the optimal depth produces accurate 
classification results, maintaining a lower number of nodes 
and reduced computational time compared to models with 
excessive depth.

The limitations of this study lie in the scope of the data 
used, which may not represent all market segments. Ad-
ditionally, the ID3 decision tree model has constraints in 
handling complex data with high variable interactions. The 
applicability of these findings must consider the specific 

characteristics of the dataset used. One of the shortcomings 
of this study is the lack of exploration into psychological 
factors influencing consumer decisions to accept or reject 
campaigns. Although the findings indicate a relationship 
between the number of accepted campaigns and positive 
responses, the study does not delve deeper into the specific 
reasons behind consumer decisions.

The modified ID3 model remains limited to decision 
tree-based evaluation without comparisons to other methods 
that might be more effective in handling data complexity. 
Future research can focus on addressing class imbalance 
issues in consumer responses to marketing campaigns. 
Techniques such as Synthetic Minority Over-sampling Tech-
nique (SMOTE), Adaptive Synthetic Sampling (ADASYN), 
or cost-sensitive learning can be implemented to improve 
the representation of minority classes in the dataset. Testing 
with a more extensive and diverse dataset can help ensure 
that these findings are applicable across various industry 
contexts.

The results indicate that campaign acceptance is high-
er when consumers receive one or two offers compared to 
multiple offers simultaneously. The phenomenon of choice 
overload, where an excessive number of choices leads to con-
fusion and decision fatigue, is evident. The data show that 
simple campaign combinations, such as campaign_5 or the 
combination of campaign_1 and campaign_4, have higher 
acceptance rates compared to combinations involving three 
or more campaigns, which tend to experience a decline in 
positive responses.

The evaluation of decision tree depth reveals that mod-
els with a lower tree depth (max_depth between 1 and 6) 
maintain stable accuracy and efficient computational time. 
However, increasing the depth beyond max_depth 6 leads to 
a decrease in accuracy and an increase in processing time.

The advantage of the proposed solution lies in its re-
sponse pattern-based approach, which identifies campaign 
effectiveness based on the number of offers provided, rather 
than solely considering overall campaign success rates in 
aggregate. This approach highlights the relationship between 
the number of accepted campaigns and positive responses. 
Additionally, the evaluation of the ID3 algorithm in deter-
mining the optimal decision tree depth provides valuable 
insights into model optimization, ensuring accuracy is main-
tained without increasing computational complexity.

The obtained solution provides evidence that campaign 
effectiveness does not solely depend on the quality of the 
offers but also on the number of campaigns presented to con-
sumers. This addresses the issue of low campaign acceptance 
rates, demonstrating that a more focused marketing strategy 
can enhance consumer engagement. From a modelling 
perspective, it reinforces the importance of determining the 
optimal decision tree depth to keep the model efficient while 
avoiding overfitting.

The study’s limitations lie in the scope of the data used, 
which may not represent all market segments. Additionally, 
the ID3 decision tree model has constraints in handling com-
plex data with high variable interactions. The applicability 
of the findings in other contexts must consider the specific 
characteristics of the dataset used.

The shortcomings of this study include the lack of explo-
ration of psychological factors influencing consumer deci-
sions to accept or reject campaigns. While the results indicate 
a relationship between the number of accepted campaigns 
and positive responses, the study does not delve deeper into 
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the specific reasons behind consumer decisions. Further-
more, the modified ID3 model used is still limited to decision 
tree-based evaluation without comparison to other methods 
that may be more effective in handling data complexity.

Future research can focus on addressing class imbal-
ance issues in consumer responses to marketing campaigns. 
Techniques such as Synthetic Minority Over-sampling Tech-
nique (SMOTE), Adaptive Synthetic Sampling (ADASYN), 
or cost-sensitive learning can be implemented to improve 
the representation of minority classes in the dataset. An en-
semble learning-based approach, combining Random Forest 
and Gradient Boosting with data balancing techniques, can 
enhance accuracy in highly imbalanced class distributions. 
Additionally, testing with a more extensive and diverse data-
set can help ensure that these findings are applicable across 
various industry contexts.

7. Conclusions

1. The proposed model aims to improve accuracy and 
predictive capability in understanding consumer response 
patterns to online marketing campaigns. It modifies the ID3 
algorithm by applying a simplified entropy formula better 
suited for imbalanced data. This model is expected to support 
more precise and effective decision-making in marketing 
strategy planning.

2. The success of marketing campaigns is influenced by 
education, income, and consumer interaction. The highest 
response rate of 20.7 % came from consumers with a PhD, 
those with an income between 100,000 and <300,000 showed 
a 33 % response rate, and those who interacted within 0 
to <10 days had a 30 % response rate. Positive responses de-
clined when too many campaigns were accepted, indicating 
that selective and relevant strategies are more effective in 
increasing response rates and conversions.

3. ID3 demonstrates a high accuracy of 85.57 % in the 70:30 
data split scenario; however, its performance on the minority 
class remains low, with an F1-score of 0.16. This indicates 

the need for addressing data imbalance to improve predictive 
performance on consumers who provide a positive response.

4. Increasing the max_depth enhances the model’s ability 
to capture data complexity; however, beyond max_depth 6, 
accuracy decreases while execution time increases. The op-
timal value is observed at max_depth 6, with an accuracy of 
0.8616 and an execution time of 0.7542 seconds, indicating 
the need to balance model complexity and computational 
efficiency.

5. The real-case illustrations demonstrate that the mod-
ified ID3 algorithm is capable of identifying key attributes 
and show that fewer, more targeted offers improve consumer 
response, supporting the optimization of campaign structure.
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