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Abstract:
Consumers have become more conscious of health and
diet. Consequently, they are interested to take better care
of their health by having healthier food. Thus, the
consumer purchase behavior of organic food is an
important study area for businesses and researchers
nowadays. This study presents an approach to predicting
consumer purchase behavior of organic food using the
decision tree algorithm. Decision trees are a popular
machine-learning technique that can provide insights into
consumer decision factors. The present study focused on
demographic characteristics, purchase behavior, product
satisfaction, product knowledge from media, health
consciousness, and food safety of university students in
tier 2 cities in Karnataka. A decision tree model can be built
and evaluated by collecting relevant data on consumer
demographics, income levels, health consciousness,
environmental awareness, and previous organic food
purchase history. The insights into the decision tree
structure provide valuable information to businesses
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seeking to recognize the features motivating organic food
purchases and prepare their strategies.

keywords: Decision tree, organic food, Consumer
Purchasing behavior, Product satisfaction, Product
advertisement, Perceived barriers.

I. INTRODUCTION

In recent years, the demand for organic food has grown
significantly, and it is expected that this trend will continue
for the coming years [1][2]. Thus, the rising customer
demand for healthy and organic food products is
responsible for this expansion. Organic food products are
defined as those grown or processed without synthetic
pesticides, fertilizers, and other harmful chemicals [3][4].
Especially, Young people’s concerns about their health and
safety are increasing their interest in organic food products
[5][6]. The organic farming industry eliminates consumers’
concerns about conventional food production. It makes use
of certain organic products that are higher in vitamins,
minerals, antioxidants, and nutrients than regular products,
helping to build a stronger immune system and lowering the
risk of cancer, heart disease, and high blood pressure [7].
Consequently, organic products ensure good for human
health. On the other hand, organic farming practices ensure
environmental sustainability [8]. As a result of
these, consumers have become more conscious of health
and diet. Consequently, they are interested to take better
care of their health by having healthier food [9].

At the same time, consumers’ lifestyles have been
changing. Therefore, consumers have preferred to consume
nutritious foods due to the changes in Lifestyle and
awareness [10][11] Nutritional and wellness food has
significant health advantages over other foods [12] On the
other hand, Consumers are interested in consuming
ecological products because they like to preserve the
environment for the next generations [13]. Consequently,
consumers are ready to stop purchasing products that lead
to pollution and switch to organic products [14]. However,
organic food products are costlier than other products. So,
it will only be affordable to some consumers. Thus,
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increasing organic production is necessary with decreased
trading expenses, which may lower sales prices and boost
additive free goods consumption [15]. On the other hand,
organic food products are less available in the market where
consumers demand them [16]. Furthermore, the perceived
quality of traceability information influences the
consumers’ intentions to buy organic food, but individual
differences modify this causal effect. Therefore, it is
necessary to assess characteristics like past behavior,
knowledge, gender, and wealth [17].

Artificial intelligence plays a predominant role in this
dynamic market. Customer analytics can employ consumer
related data to estimate consumers' purchasing patterns
using big data sources that produce information patterns
showing significant insights about consumer behavior
[18][19]. Therefore, firms can anticipate sales, market
optimization, inventory planning, fraud detection, and more
[20]. Consequently, Big data driven consumer analytics are
increasingly used in strategies and tools that enable
businesses to predict the purchasing habits of consumers
[21], which can favorably accelerate operational and
strategic value. Thus, Machine learning predicts consumer
behavior through information patterns. So, it is high time for
marketers and other institutions to be aware of the
significance of the customers’ attitudes toward organic food
products [22][23]. Overall, this research paper seeks to
contribute to the existing literature on organic food
products and consumer behavior and to inform the
development of marketing strategies that target young
consumers. So, the present study aims to find the consumer
purchase intention of tier 2 cities using the decision tree
algorithm.

. RELATED WORK

Consumer health consciousness drastically raised.
Therefore, they prefer organic food for consumption;
consequently, organic food demand is rising eventually. Due
to the demand increase, sellers are interested in consumer
behavior. However, the consumer mind is like a black box,
making predicting difficult. Even though, Numerous
techniques are available to predict consumer behavior.
Researchers are especially employing machine learning
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techniques. Below is a list of recent contributions in this
field.

The present organic vegetable industry’s supply chain
is expanded. [13] stated that health-related factors, past
purchasing habits, knowledge, cost, and trust in the label’s
organic certification are the main variables affecting the
purchase of organic goods. Thus, consumers believe
regularly purchasing organic food worthwhile and
enjoyable. Consumers’ awareness of organic food,
information about it, worries about food safety, and the
value of organic food all influence them to buy [24].
Similarly, the association between perceived uncertainty
and purchase intention is positively moderated by product
knowledge [17][15]. Furthermore, psychological variables
influence the decision-making process a consumer uses to
purchase food goods. Therefore, consumers purchase a
specific food item for their health and wellness. More
specifically, [5] Middle-aged, middle-class, university
educates prefer to consume organic food. So, [8] the
researchers found that relationship between organic
attitudes, subjective norms, environmental concerns, and
organic knowledge. While familiarity was the only
component significantly related to organic purchasing
behavior, other variables influenced purchase intentions,
including familiarity, quality, subjective norms, and health
consciousness. On the other hand, availability, health
consciousness, and education positively affect customer
attitudes toward organic food. Customers are generally
happier with organic food than inorganic food. Consumers
tend to be conscious of environmental and public health
issues [11].

Additionally, safety, innovation, and quality are the
primary characteristics influencing customers’ perceptions.
These elements have been attained by using a qualitative
word root analysis technique [25]. The machine Learning
Model predicts consumer behavior in a particular product
based on demographic information [26]. They also train our
data using ten classification techniques and assess the
model’s performance. Random Forest, Decision Tree
Classifier, and Stochastic Gradient Descent are the most
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accurate methods. [27] Decision trees provided more
accurate results than logistic regression and the study is
important because it identifies problems that might occur
when machine learning is used to make marketing decisions
online and offers solutions. prior studies on Machine
learning for Predictive Reasons claim that a variety of
machine learning approaches may enhance marketing
decision-making [28][21].

The decision tree, which is highly intuitive and simple
to comprehend, starting at the decision node and ending at
the terminal node and this is how the decision tree was
trained for variable selection. Finally, [15] Producers can
develop more effective marketing plans for product
features, market attributes, and psychographics.

Ill. PROPOSED METHODOLOGY

This research aims to develop a model that can forecast
consumer behavior. We must go through several steps,
including data  gathering, preprocessing, model
implementation, and so forth, to achieve our aim. The
workflow for the study is shown in Figure. 1.

DATA PRE- TRAIN-TEST

DATA SET —— - —> COMPUTEVIF —

ROC CURVE

PROCESSING SPUIT

DECISION TREE
FEATURE
IMPORTANCE

CONFUSION ‘_CLASSIFICATION
MATRIX REPORT

Figure. 1. Workflow diagram - Process of Decision tree
Algorithm

A. Training points and Data set:

Predicting consumer purchase behavior for organic food
products has increased prominence due to increased
demand from the younger generation. Therefore, Data was
collected from university students in tier 2 cities in
Karnataka using the convenient sampling method. A
structured questionnaire is used to collect information on
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consumer demographics, past purchases, and preferences
for organic food to predict purchase behavior. From the
sample, 346 responses in total were gathered. However,
228 responses were considered for the analysis due to the
missing values. Table 1. Shows the independent variable,
dependent variable, training dataset, and testing dataset.

Table 1. Training points and Data set

Independent variable Dependent Variable Training Testing
dataset dataset
Gender, Age, Education, Purchasing history 182 46

Family type, Family income,
Satisfaction, Media exposure,
Health and wellness, Stores

availability, Price

B. Variable Selection:

Identify the most relevant attributes by a literature review
that influence consumer purchase behavior for organic
food. The following are variables.

Consumer behavior organic food products: Consumer
behavior regarding organic food products refers to
consumers’ attitudes, preferences, and purchasing
patterns. It is driven by health and nutrition concerns,
environmental sustainability, ethical considerations, and
the desire for natural and chemical-free products. Price
sensitivity and value perception are important
considerations when choosing organic food products.
Consumer behavior regarding organic food products refers
to consumers’ attitudes, preferences, and purchasing
patterns. It is driven by health and nutrition concerns,
environmental sustainability, ethical considerations, and
the desire for natural and chemical-free products. Price
sensitivity and value perception are important
considerations when choosing organic food products.
Media exposure: Advertising organic food products
through media channels aims to promote the unique
qualities and benefits of organic foods to consumers.
Effective advertising requires conveying a unique value
proposition, connecting with target consumers’ values, and
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differentiating the brand from competitors [3].

Health consciousness: Organic food consumers
prioritize their health by opting for organic products that
offer higher nutritional value and are free from synthetic
pesticides and herbicides. They are concerned about
reducing their exposure to harmful chemicals and pesticide
residues in conventional foods [15].

Food safety: Organic food products are safe and
undergo rigorous testing and certification processes to meet
regulatory requirements. These processes involve regular
inspections and compliance checks to ensure adherence to
strict standards [24].

Perceived barriers: Perceived barriers to consuming
organic food products can vary among individuals, but some
common factors include thefollowing:

Price: One of the primary barriers is the perception
that foods produced organically are more expensive than
those made traditionally. The higher cost is often attributed
to organic farming practices, certification fees, and lower
economies of scale.

Limited Availability: Some consumers may perceive
a lack of accessibility and limited availability of organic food
products in their local area. It can be due to fewer organic
food retailers or limited organic options in conventional
grocery stores [3].

Model Selection:

Numerous algorithms are available in machine learning for
building the prediction model. In this case, a decision tree
algorithm is selected due to its ability to handle categorical
variables and interpretability.

Decision Tree Algorithm

This method, which is a member of the Supervised Learning
family, is unique in that it may be used broadly for issues
involving regression and classification. The primary goal is to
utilize the dataset to build a training model, which will then
be used to predict the assigned class from the dataset and
produce the output for that prediction [29]. Businesses can
gain insights into customers' preferences, identify patterns,
and make informed predictions about food purchasing
behaviors using the decision tree algorithm. This
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information can be valuable for marketing strategies,
inventory management, and personalized
recommendations to enhance customer satisfaction and
optimize business operations.

Decision trees differ from other machine learning
models in several ways. Unlike linear models, decision trees
can capture nonlinear relationships and handle complex
interactions among features. They also provide
interpretable models, allowing users to understand the
decision making process and trace predictions through the
tree structure. In contrast to neural networks, decision trees
are more transparent, requiring less computational power
for training and prediction. Decision trees can handle
numerical and categorical data without extensive
preprocessing, making them more flexible.

Additionally, decision trees offer feature importance
measures, enabling the identification of critical factors
influencing predictions. Compared to instance based
models like k-nearest neighbors, decision trees provide a
compact representation of the decision boundaries, making
them more efficient for large datasets. These unique
characteristics make decision trees a valuable tool in
machine learning, suitable for various prediction tasks.

Formula: Precision = True Positives / (True Positives + False

Positives)

Recall = True Positives / (True Positives + False

Negatives)

Here's a breakdown of the terms used in the formulas:

e True Positives (TP): The number of correctly predicted
positive instances (e.g., correctly predicted instances
where food was purchased).

e False Positives (FP): The number of instances incorrectly
predicted as positive (e.g., instances predicted as food
purchased when it was not).

e False Negatives (FN): The number of instances
incorrectly predicted as negative (e.g., instances
predicted as not purchasing food when they did).

e True Negatives (TN): The number of correctly predicted
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negative instances (e.g., correctly predicted instances
where food was not purchased).

IV. RESULTS AND DISCUSSION

Figure 2 shows the correlation matrix. It allows us to identify
features and make informed decisions about feature
selection. It is often beneficial to choose less correlated
features to maintain model simplicity and reduce the risk of
overfitting. The below matrix shows the correlation
between the features.

Correlation Matrix

10
gender 0023 ©.0056 0.11 mwp 4011 0035 0088 0014 0053
age - 0.023 044 013 D009 0044 0068 005 00065 011 -0.011 .08
education --0.0056 0.44 012 00062 019 011 018 025 017
e s - 06
family_income - 011 013 lf&t{ 0025 00012 0.11 0061 008
family_type momﬂoouz 01 0028 0083 0015 -04
purchasing_organsc_food - 4058 0044 019 0025 0073 a8 052
- 0.2
sabsfaction - 0.011 0068 011 -0.0012 042 037
watching_ads - @.035 0.05 018 011 00079 059 - 00

stores_availabiiity 0,068 0,005 S ATEUNTE 0,028

health and wellness - 0.014 011 025 0061 0043

Orgamc food products are still too expensive. ..m 0011 017 008 0015

Figure 2. Correlation matrix

Table 2. VIF values

Sl.no Feature VIF

1 Gender 1.664041
2 Age 3.856648
3 Education 1.795824
4 Family income 2.613801
5 Family type 1.230366
6 Satisfaction 3.330684
7 Watching ads 2.893471
8 Stores availability 1.715052
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Health and wellness

2.566613

10

Organic food is expensive

3.311265

In table 2 refers the Variance Factor (VIF) measures
multicollinearity. A high VIF value indicates high
multicollinearity, suggesting that the predictor variables are
highly correlated. From the below table, we can find VIF
values. The average VIF value across all the features is
2.4978. This indicates that, on average, the model’s
predictor variables are moderately correlated. VIF values
below 5 are generally acceptable, suggesting that
multicollinearity is nota significant issue in this case.
Therefore, there is no severe multicollinearity present
among the predictor variables.

J " » , , 7 s
/ / P
. J

Figure 3. Decision Tree Feature Importance

In figure. 3 shows the importance value of each factor
considered for prediction. Here, it is clear that the most
important factors are satisfaction, watching ads, store
availability, health-wellness and organic food is expensive.
The remaining variables, however, are of limited
significance in prediction.

Confusion matrix

In figure. 4 The accuracy score is 0.983, indicating that the
model correctly predicted 98.3 of the instances in the
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dataset. The confusion matrix summarizes the model’s
predictions compared to the actual labels. True Negative
(TN): In the upper-left cell of the confusion matrix, 107
instances were correctly predicted as the negative class
(Class 0). False Positive (FP): In the upper right cell, O
instances were incorrectly predicted as the positive class
(Class 1). True Positive (TP):In the lower right cell, 119
instances were correctly predicted as the positive class
(Class 1).

100
- 80
E - 60
<
- 40
-20
-0
No Yes
Predicted
Figure 4 Confusion matrix
Table 3. Decision Tree Classification Report
Precision Recall Fl-score Support
0 0.84 1.00 0.91 16
1 1.00 0.90 0.95 30
Accuracy 0.93 46
Macro avg 0.92 0.95 0.93 46
Weighted avg 0.95 0.93 0.94 46

In table. 3 refers to the comprehensive evaluation of
the model's performance in each class. For Class O,
Precision: The precision for Class 0 is 0.84. Recall: The recall
for Class 0is 1.00. F1-score: The F1-score for Class 0 is 0.91.
For Class 1, Precision: The precision for Class 1 is 1.00. Recall:
The recall for Class 1 is 0.90. F1-score: The F1-score for Class
1is 0.95.

Results show that the model achieved high precision
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and recall for both classes. Class 0 has a slightly lower recall
than Class 1, indicating that a few instances of Class 0 might
have been misclassified. However, the overall F1 scores for
both classes indicate strong performance.

Table 4. Cross-Validation

Cross-Validation Scores:

[0.95652174 0.91304348 0.95555556 0.93333333 0.95555556]

Mean Accuracy: 0.94

In table 4 The cross-validation scores indicate the model’s
accuracy across multiple folds (5 in this case) of the dataset.
The cross-validation scores range from 0.913 to 0.956, with
a mean accuracy of 0.94. These scores reflect the model’s
performance on different subsets of the data and provide
an estimateof its generalization ability. Overall, the decision
tree classifierdemonstrates strong performance, with high
precision, recall, and F1 scores for both classes. The
accuracy scores fromcross-validation further support the
model’s effectiveness in generalizing to unseen data.

Receiver Operating Characteristic Curve

In Figure. 3 AUC of 0.93 implies that the model has
demonstrated strong performance in accurately classifying
instances and making predictions, with a high likelihood of
correctly identifying positive instances while minimizing
false positives.

Figure 5. Receiver Operating Characteristic Curve

V. CONCLUSION
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Overall, predicting the consumer behavior of organic food
products gained more emphasis in the present market.
Thus, Marketing researchers make many substantial
contributions to consumer purchase behavior and inform
the sellers to develop marketing strategies targeting young
consumers. The present study aimed to find the consumer
purchase intention of tier 2 cities using the decision tree
algorithm. This proposed algorithm examines several
factors, such as age, gender, education, family income,
family type, satisfaction, watching ads, store availability,
health wellness, and the cost of organic food. The average
VIF value across all the features is 2.4978, indicating that the
model’s predictor variables are moderately correlated. The
decision tree classifier demonstrates strong performance,
with high precision, recall, and F1 scores for both classes.
The cross-validation scores range from 0.913 to 0.956, with
a mean accuracy of 0.94. An AUC of 0.93 implies that the
model has demonstrated strong performance in accurately
classifying instances and making predictions. Finally, the
decision tree showed the important features as satisfaction,
watching ads, store availability, health wellness, and organic
food being the most critical factors. Consequently, we can
use these important features to predict the consumer
behavior of organic food products and policy makers can
prepare strategies. The main challenges of decision trees
are susceptibility to bias towards features with high
cardinality or those that appear earlier in the tree,
potentially affecting the fairness and accuracy of the
predictions. Addressing these challenges involves
techniques such as pruning, regularization, ensemble
methods, and careful feature engineering to improve the
robustness and reliability of decision tree analysis. However,
several variables that need to be tested include self-identity,
subjective norms, food taste, and purchase attitude. Itis one
of the limitations of our study.
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