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
Abstract—Informal retail remains a growing and predominant

form of shopping for many people. However, modern and
well-organized supermarkets, using data-driven approaches to
attract consumers, have increasingly challenged informal retailers
in recent years. This phenomenon presents new challenges,
particularly in predicting consumers' purchase intentions given
limited, unstructured, and poorly documented data. Therefore,
this study aims to develop and evaluate a predictive model for
consumer purchase intention in informal retail using machine
learning techniques and to introduce the Purchase Intention
Probability Index (PIPI) as a probability-based aggregation
approach to enhance predictive sensitivity. The study uses the
Subsistence Retail Consumer Dataset from Mendeley Data,
comprising 281 consumer records with 38 demographic,
behavioral, and psychological attributes, with purchase intention
as the binary target variable. Three widely used classification
algorithms in consumer behavior research (decision tree, random
forest, and support vector machine (SVM)) were employed to
identify purchase-predictive patterns in the data. Based on these
models, the PIPI was developed, which aggregates the highest
probabilities from all three models to produce more robust
predictions, particularly for small and heterogeneous datasets,
and supports cross-model performance evaluation. The results
show that the proposed PIPI method achieves the highest recall
(1.00), outperforming individual classifiers in detecting purchase
intention. This fact indicates that informal retailers can apply
machine-learning-based analytics to improve marketing
effectiveness and decision-making without requiring advanced
technological infrastructure.

Index Terms—Data mining, decision tree, informal retail, PIPI,
purchasing intention, random forest, RapidMiner, SVM.
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I. INTRODUCTION
nformal retail, including traditional shops, plays an
important role in daily life, particularly in developing

communities that depend on them for basic items [1], [2]. These
shops are not simply places of buying and selling, but rather
spaces for long-term social relationships and local practices.
However, that has started to change in recent years.

Traditional warungs face increasing pressure from the
proliferation of modern minimarkets, which operate under
standardized systems for stock control, sales recording, and
customer data collection [3]. Moreover, traditional stalls lack a
mechanism to process sales data, making it difficult to
systematically monitor changes in customer transaction
preferences and shopping behavior [4]. Indonesian statistics in
2024 reported a decline of more than 10 percent in sales at
traditional kiosks over the last five years, underscoring the
urgency of addressing this issue.

In this context, data-driven analytical methodologies have
become increasingly important and are being explored as
potential solutions [5]. Advances in data mining technology
enable small businesses to benefit from capabilities that were
previously available exclusively to large companies, including
conventional retailers [6]. Several studies have demonstrated
that classification models can predict purchasing behavior
based on various attributes, including demographic factors,
product preferences, shopping habits, and psychological
variables such as perceived value [7]. Such data can be valuable
for shop owners who want to increase sales or retain customers,
especially when collected informally and not explicitly
recorded.

In the present study, the Subsistence Retail Consumer
Dataset from Mendeley was used as the main dataset. The data
contains various details about consumers engaged in informal
retail transactions, including age, employment status, shopping
patterns, preferences, perceived value, and customer trust [7].
This dataset is suitable for developing models to predict
purchase intention in retail settings, especially in informal trade
outlets where most have yet to adopt digital recording systems
[8]. It comprises diverse variables, enabling a wide-ranging
examination of the factors influencing consumer decisions.
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To build a robust predictive model, this study employed
three classification methods commonly used in consumer
behavior research [9]: decision trees, random forests, and
support vector machines (SVMs). Decision trees were
employed due to their interpretability, which non-technical
business stakeholders can easily understand. Random Forest
was chosen because it reduces the risk of poor predictions in
high-dimensional data with varying pattern complexity. SVM
was selected because it often yields consistent results on small-
to medium-sized datasets by maximizing margin separation
with non-linear kernels, such as the RBF kernel [10]. By
incorporating all three algorithms, this study establishes a
comprehensive analytical strategy that enables
cross-performance evaluation among them.

However, these three algorithms are not always directly
comparable because each is sensitive to different dataset
properties [11], [12]. In subsistence retail, data are often
heterogeneous, and datasets are small, making it difficult to
build stable predictive models. Therefore, this study introduces
an aggregation method called the Purchase Intention
Probability Index (PIPI). It aggregates the highest probabilities
from the three models to generate more sensitive and refined
predictions for identifying consumers with purchase intentions.
This approach is expected better to handle the variability
characteristic of informal retail data.

The entire analytical process, encompassing data
preprocessing, model building, performance assessment, and
PIPI calculation, was conducted using RapidMiner software
[13]. This software was selected for its ease of use in applying
multiple classification algorithms, without requiring coding
knowledge [14]. The findings of this study are expected to
make a meaningful contribution to the development of
data-driven decision support systems (DSS) for informal
retailers, helping them become more competitive and develop
sounder marketing strategies in the face of growing
competition.

Despite extensive studies on purchase intention prediction
using machine learning, most existing research focuses on
formal retail environments supported by large-scale, structured,
and digitally recorded transaction data. Limited research
addresses informal retail contexts, where data are typically
small, heterogeneous, and characterized by psychological and
relational attributes rather than transactional records. Moreover,
conventional ensemble approaches often prioritize overall
accuracy over sensitivity, potentially leading to undetected
potential buyers. This gap motivates the present study to
develop a machine-learning-based predictive framework
tailored to informal retail characteristics and to propose PIPI as
a sensitivity-oriented aggregation method.

II. RELATEDWORK

The literature on consumer purchase decisions is expanding,
particularly with the growing availability of data mining
methods that can effectively identify empirical patterns of
behavior that have been relatively difficult to observe
directly [15]. In the informal retail sector, which is poorly

covered by modern record-keeping systems, forecasting
purchase intention is extremely important, as this knowledge
can help business owners plan marketing strategies and retain
customers [16]. Crucially, machine learning methods are
increasingly recognized for enabling a more objective,
measurable understanding of customer behavior.

A. Consumer Behavior Models and Theories
Various contextual factors may impact consumer

purchasing decisions, such as demographics, product
preferences, frequency of visits, perceived value, and even
psychological factors, including trust and emotion [17]. Some
studies indicate that consumer interaction (CI) patterns, when
analyzed systematically, can sufficiently predict purchase
signals even with small datasets [18]. These results are
consistent with other works that emphasize how integrating
behavioral information and customer characteristics can help
build more accurate predictive models [19].

In the informal retail setting, psychological aspects and
social relationships likely play a more important role due to the
direct interaction between consumers and shop owners.
Variables such as trust, perceived value, and emotional
engagement are reflected in the data used in this research, as
demonstrated by the Subsistence Retail Consumer Dataset. The
inclusion of such variables enables the development of a more
comprehensive predictive model than those based solely on
transactional data.

B. Data Mining for Purchase Decision Analysis
Data mining is an important tool for marketing and retail

research because it can turn consumer data into actionable
insights [20]. Several studies conclude that the classification
approach is the most commonly used method for predicting
purchasing behavior and customer churn. This approach has
become more relevant in informal retail settings where data are
often scarce and poorly documented.

As described in [21], the data mining process typically
includes the following stages: data preprocessing, feature
selection, application of classification or clustering algorithms,
performance evaluation, and interpretation of results. This
study follows this process when analyzing a consumer dataset
from a necessities retailer to build a purchase-intention
prediction model [22].

C. Classification Algorithms in Consumer Behavior
Prediction

1) Decision Tree (DT)
A decision tree is a rule-based algorithm that divides data

into decision branches using information gain or the Gini index.
The main advantage of a decision tree is its interpretable model
structure, making it suitable for informal retail settings that
require an intuitive understanding of the model [23].
2) Random Forest (RF)

Random Forest is an ensemble method that combines
multiple decision trees via bagging to improve accuracy and
reduce the risk of overfitting [24], [25]. Studies have shown
that RF demonstrates consistent, robust performance across
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various application domains and is effective at handling
non-linear and heterogeneous data, such as consumer behavior
datasets.
3) Support Vector Machine (SVM)

SVMs maximize the margin between classes and are
effective for modeling high-dimensional, non-linear data [26].
SVM demonstrates stable performance in predicting customer
preferences and purchasing decisions [27]. The use of the RBF
kernel enables SVM to model the complex relationships
between behavioral variables and purchase intentions.

D. Ensemble and Aggregation Methods
Various ensemble methods have been shown to improve

model stability by combining multiple model results [28].
Nonetheless, in most cases, only the final model output is used,
rather than the predicted probability for each class across each
algorithm. Additionally, research on ensembles focusing
specifically on informal retail is also relatively uncommon [29].

To address this gap, this study presents PIPI, an ensemble
technique that selects the highest probability value across the
three classification models (DT, RF, and SVM). This approach
yields more discriminative and robust predictions, particularly
for small, diverse datasets typical of informal retail.

E. Model Performance Evaluation Metrics
The evaluation of a classification model is usually

measured using multiple metrics, including accuracy, precision,
recall, F1-score, and the confusion matrix [30]. Together, these
measures provide a comprehensive view of the model's
strengths and weaknesses. In purchase intention prediction,
recall is important because retailers that fail to detect customers
with purchase intentions (false negatives) may lose potential
sales [31]. For an informal retailer with a frequently changing
customer base, this type of error could directly reduce revenue.
Thus, recall is particularly emphasized in this research to
ensure that the models can identify all consumers likely to
make a purchase.

Despite these advancements, a clear research gap remains in
the application of ensemble or probability-based aggregation
methods tailored to informal retail environments. Existing
studies rarely address the limitations of standard ensemble
techniques for maximizing recall under data-scarce,
high-uncertainty conditions. Consequently, there is limited
empirical evidence on aggregation strategies that explicitly
prioritize sensitivity to avoid missing potential buyers. This gap
motivates the present study to propose the PIPI, a probability
aggregation approach designed to retain the strongest
predictive signals across multiple classifiers and to enhance
recall performance in predicting informal retail purchase
intention.

This study contributes to the literature by extending
ensemble learning research to informal retail contexts and by
introducing a sensitivity-oriented probability aggregation
mechanism that addresses the practical and methodological

limitations of existing ensemble techniques.

III. RESEARCHMETHOD

A. Data Description
This research uses the Subsistence Retail Consumer Dataset,

which characterizes consumer shopping behavior in the
informal retail sector. The dataset was created to capture
consumption patterns among people who shop at stalls, small
shops, or similar businesses that typically lack digital
registration systems like those in modern minimarkets. Given
that informal retail transactions are simple, unstructured, and
involve direct interaction between shop owners and customers,
this dataset is a suitable data source for developing machine
learning (ML)-powered predictive models. The variable
structure also mirrors empirical phenomena, bringing analysis
results closer to reality.

This dataset includes data from 281 customers and 38 fields
covering various measures of customer behavior and
characteristics. These characteristics include demographic
factors, such as age, sex, education level, marital status, and
occupation. In addition, behavioral features include shopping
frequency, transaction amount, and whether a customer is a
repeat buyer. Furthermore, the dataset contains psychological
factors such as perceived value, trust, and emotional responses
elicited during transactions. This variety of variables offers a
broad scope for analyzing the factors underlying consumer
purchase decisions.

The sample size of 281 observations is considered adequate
for this study, as the applied machine learning algorithms are
known to perform reliably on small- to medium-sized datasets,
particularly when the feature space includes rich behavioral and
psychological variables. This characteristic aligns with the
data-scarce nature of informal retail environments.

One advantage of this dataset is its inclusion of
psychological and perceptual measures, which are uncommon
in other informal retail datasets. Constructs such as Customer
Trust (CT1–CT7), Perceived Value (PV1–PV3), and Emotional
Response (E1–E3) account for cognitive and emotional
dimensions that cannot be captured solely through
demographic or transactional information. By incorporating
trust and perceptions, this dataset enables the construction of
more comprehensive predictive models that account for
non-material variables relevant to predicting purchase
intentions.

The psychological constructs (CT, PV, and E) were
measured using multi-item Likert-scale indicators as defined in
the original dataset design. In this study, these constructs are
treated as observed numerical features for predictive modeling,
consistent with prior machine learning research that prioritizes
prediction performance over confirmatory measurement
analysis.

In the dataset, the dependent variable is labeled "Decision"
and indicates whether a consumer has purchase propensity.
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This variable was originally categorical and subsequently
encoded as numerical values to meet the classification model's
requirements. The clear labeling of this dataset makes it
well-suited for supervised learning frameworks and predictive
analysis in the informal trade sector.

Beyond its rich features, this dataset also demonstrates high
analytical quality. All variables are well-behaved; that is, there
are no missing values, which simplifies preprocessing and
enhances the reliability of the developed model. Structural
consistency in the data is important as machine learning models
are sensitive to issues such as outliers, noise, and deviation.
These properties of the Subsistence Retail Consumer Dataset
offer a solid basis throughout the analysis and validation stages.
The absence of missing values reflects the curated nature of the
dataset provided by the data repository. A verification step was
conducted prior to modeling to confirm data completeness, and
no imputation procedures were required.

B. Data Preparation
The data preparation process ensures the dataset is in

optimal condition before being used for modeling. The dataset
is relatively clean, with no missing values; however, some
preprocessing steps were necessary to align it with the
algorithms' requirements. The process begins by label encoding
the target variable "Decision" to represent purchase and
non-purchase as 1s and 0s, respectively. This encoding ensures
balanced learning for the classifier and enables more specific
evaluation of model behavior.

Next, all numerical features were normalized using the
StandardScaler approach. This normalization transforms each
feature's distribution to have a mean of 0 and a variance of 1.
StandardScaler was selected to normalize numerical features by
centering them at zero and scaling them to unit variance. This
choice is particularly appropriate for distance-based algorithms
such as SVM, which are sensitive to feature scale. Unlike
MinMaxScaler and StandardScaler, RobustScaler preserves
relative variances among features and is less affected by
extreme values, while the dataset does not exhibit severe
outliers. Although explicit resampling techniques were not
applied, potential class imbalance was mitigated through
stratified cross-validation to preserve the class distribution
across folds.

Furthermore, recall-oriented evaluation and
probability-based aggregation using PIPI were emphasized to
reduce false-negative predictions, which is critical in purchase
intention analysis. This transformation is also essential for
algorithms such as Support Vector Machines, which are
sensitive to feature scaling. Bringing all values to roughly the
same range allows the model to learn more relevant patterns
and prevents any single feature from dominating due to a much
larger range of values.

No explicit feature selection or dimensionality reduction
technique was applied in this study. This decision was made to
preserve all behavioral and psychological attributes that are
theoretically relevant in informal retail contexts. In addition,
Random Forest performs implicit feature selection through
ensemble node splitting, reducing the impact of irrelevant or

noisy features without discarding potentially informative
variables.

C. Training and Test Splits
After preprocessing, stratified 5-fold cross-validation was

employed to ensure stable performance estimation on the
limited dataset. An 80–20 train–test split was also used as a
supplementary evaluation to assess generalization performance.
The dataset was split randomly with a fixed random state to
enable replication of the experiments. The three classification
algorithms (DT, RF, and SVM) were then trained iteratively on
the training set. This phase is when the model learns how input
features map to target labels, identifying patterns in the data.

The test set was used to evaluate generalization
performance. As these data were not seen during training,
performance on the test set provides a more realistic indication
of model capability beyond training conditions. In addition to
accuracy, precision, recall, and F1-score, model evaluation also
incorporated ROC–AUC, confusion matrix analysis, and
Matthews Correlation Coefficient (MCC) to provide a more
comprehensive and reliable assessment. This phenomenon
ensures that the evaluation is fair and consistent with best
practices in machine learning research.

D. Model Development
This section describes the model development process for

predicting consumer purchase intention using three
classification algorithms (DT, RF, and SVM) and the proposed
PIPI probability aggregation method. The main purpose of this
process is to leverage the complementary strengths of each
algorithm to produce more reliable, stable predictions in
informal retail settings with limited data.

A decision tree is a hierarchical tree structure consisting of
decision nodes and leaf nodes that enables hierarchical
classification. The non-leaf nodes represent decision conditions,
and the leaf nodes assign a class to a sample. This model was
selected for its interpretability and its ability to handle both
numerical and categorical features without assuming linearity.
Its interpretable nature makes DT suitable for small shop
owners who need an intuitive understanding of how decisions
are made. The equations are as follows:

������� (�) = �=1
� − ��� ���2 �� ​ (1)

���� �, � = ������� � − � ∈ ������(�)
��

�
� �������(��) (2)

Decision trees select the feature with the greatest information
gain at each split. While easy to understand, decision trees are
prone to overfitting, so they were used as a baseline model in
this study.
A random forest is an ensemble of decision trees. Each tree is

trained using a bootstrapped sample and a random subset of
features at each node split. This approach reduces model
variance and improves prediction stability. The prediction
equation is as follows:
��(�) = ����(ℎ1(�), ℎ2(�), . . . , ℎ�(�)) (3)
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As this is a classification problem, the final prediction of
Random Forest is determined using the majority voting
mechanism (mode) of all decision trees, where hᵢ represents the
i-th tree prediction, and k is the number of trees in the ensemble.
Random Forest reduces overfitting through ensemble learning,
performs well on datasets with many features, and remains
robust to outliers and noise, making it suitable for purchase
intention prediction tasks. Since the dataset contains many
consumer perception variables (CT, PV, and E), RF provides
significant advantages in capturing complex feature
interactions.
A support vector machine is used for its ability to separate

two classes with the largest possible margin. When the data
cannot be separated linearly, the kernel trick is used to map the
data into a higher-dimensional space. The optimization
objective is as follows:

min
�, �

1
2

� 2 ​ (4)

Subject to:
�� � ⋅ �� + � ≥ 1 (5)

Kernel RBF formula:
�(�, �') = �−�∥�−�'∥2 (6)

The Radial Basis Function (RBF) kernel was chosen because
consumer purchasing patterns are non-linear and involve many
perceptual variables. SVM is effective in this context because it
maximizes the separation margin between classes.

E. Probability Extraction
The three algorithms produce the following predicted

probabilities:
 PDT �
 PRF �
 PSVM �

These probabilities serve as the main input for the PIPI
aggregation method.

F. Purchase Intention Probability Index (PIPI)
PIPI was developed to address inconsistencies between

model predictions and to increase the sensitivity of detecting
consumer purchase intentions, as shown in (7) and (8):

���(�) = ���{���(�), ���(�), ����(�)} (7)

Final decision:

�������� =
1 �� ����(�) ≥ 0.5
0 �� ����(�) < 0.5 (8)

PIPI is designed to aggregate prediction confidence from
multiple classifiers using the highest probability value to

indicate purchase intention. This approach emphasizes recall by
minimizing false-negative predictions, thereby reducing the
risk of overlooking potential customers. In addition, PIPI
demonstrates more stable performance on small datasets
compared to individual classification models. This method is an
original contribution of this research and is a core element in
improving model performance.

G. Methodological Workflow
Figure 1 presents the methodological workflow, from data

preprocessing and model training to probability aggregation
using PIPI and performance evaluation.

Fig. 1. Flowchart of the methodology.

IV. RESULT
This section presents the main findings and discusses how

these results contribute to our understanding of consumer
purchase intentions in the informal retail sector. Interpretations
are made by referring to the research questions, theoretical
foundations, and previous studies, so that the discussion places
the empirical results as new contributions to the existing body
of knowledge. The research results are organized by model
performance, followed by the PIPI development.

This study evaluated three machine learning algorithms,
namely Decision Trees, Random Forests, and Support Vector
Machines, along with a novel aggregation method (PIPI). The
three models were evaluated using a wide range of
demographic, behavioral, emotional, and perceptual variables
representing the attributes of informal retail consumers. The
analysis explains how each algorithm classifies purchase
intentions under data-scarce and unstructured conditions. Table
1 shows the model performance summary.

Table 1.
Performance Comparison of Predictive Models
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Fig. 2. ROC curves of Decision Tree, Random Forest, SVM, and the proposed
PIPI method under stratified 5-fold cross-validation.

Figure 2 illustrates the Receiver Operating Characteristic
(ROC) curves of all evaluated models. Random Forest, SVM,
and PIPI exhibit strong class separability, while the Decision
Tree shows comparatively lower discrimination capability.
Minor overlaps among curves reflect similarities in
probabilistic outputs and do not affect recall performance. The
performance values presented in Table 1 represent the average
results across stratified 5-fold cross-validation folds. The
performance differences among the evaluated models reveal
distinct characteristics in predicting purchase intention under
data-scarce conditions. While RF achieves the highest overall
accuracy and F1-score, both Random Forest and SVM attain
perfect recall, indicating their effectiveness in identifying all
potential buyers.

In contrast, the Decision Tree exhibits lower stability,
reflecting its sensitivity to data variance. These results suggest
that ensemble-based and margin-based classifiers are better
suited to informal retail environments characterized by
heterogeneous, non-linear consumer behavior. Error analysis
was conducted using a confusion matrix to quantify
misclassification. The results show that Random Forest, SVM,
and the proposed PIPI method produce zero false-negative
errors (FN = 0) across all cross-validation folds, confirming
their perfect recall performance.

The DT, in contrast, generates both false negatives and false
positives, reflecting its sensitivity to data variance. While PIPI
may introduce additional false positives, its ability to eliminate
false negatives makes it suitable for recall-critical decision
scenarios, such as informal retail, where overlooking potential
buyers poses a higher economic risk.

To ensure robustness, performance metrics were averaged
across stratified k-fold cross-validation folds. This approach

reduces variance caused by random data partitioning and
provides a more reliable estimation of model performance.
Although formal hypothesis testing was not the primary focus,
consistent recall dominance across folds indicates stable and
reliable predictive behavior.

Among the three classifiers, RF is preferred for its highest
accuracy and corresponding F1-score. Furthermore, a recall of
1.0000 means that the model identifies all potential buyers
whenever a consumer shows purchase intent. This indication is
consistent with previous studies showing that ensemble models
are generally more stable and perform better at learning from
data with high-order feature interactions [32]. These
characteristics make RF well-suited for informal trade, where
patterns are non-linear, and multiple factors drive purchasing
behavior.

The support vector machine also performed well with 100%
recall. These findings further support the conclusion that SVM
performs well in non-linear classification, especially when used
with the RBF kernel, which can map complex interactions
among variables. The Decision Tree, on the other hand,
produced the lowest performance among the three algorithms.
Nevertheless, the model's interpretability makes it a useful tool
for understanding the factors that drive purchase decisions. The
Decision Tree's tendency to overfit is consistent with the
literature on the instability of tree models when ensemble
learning is not used.

Further inspection of probabilistic outputs confirms that RF,
SVM, and PIPI exhibit strong class separability, with PIPI
consistently maintaining a high true positive rate, as reflected
by its perfect recall performance. Confusion matrix analysis
further shows that PIPI effectively eliminates false-negative
predictions, supporting its suitability for recall-critical decision
scenarios. This fact is quantitatively supported by the recall
value of 1.00 reported in Table 1.

The novelty of this study lies in the PIPI combination
method, which retains only the highest probabilities from all
three models. This fact ensures that the final prediction reflects
the most confident score across all algorithms. The results
demonstrate that PIPI achieves perfect recall (1.0000), making
it valuable in small retail settings where overlooking potential
buyers could harm seller income. The contributions of PIPI are
mainly theoretical, as it provides a simple and effective
alternative aggregation mechanism for data-limited
environments. This area is less explored compared to modern
retail and e-commerce.

The effectiveness of the proposed PIPI method lies in its
probability-based aggregation strategy, which preserves the
strongest confidence signal among individual classifiers. PIPI
performs particularly well when at least one model assigns a
high purchase probability, thereby preventing potential buyers
from being overlooked. However, this strategy may result in
lower precision when multiple models produce overly
confident probabilities. Therefore, PIPI is most suitable for
recall-critical applications, such as informal retail, where
missing a potential buyer carries a higher economic risk than
generating false positives. Error analysis reveals that

Model Accuracy Precision Recall F1-score

Decision Tree 0.8596 0.8788 0.8788 0.8788
Random Forest 0.9649 0.9429 1.0000 0.9706

SVM 0.9473 0.9167 1.0000 0.9565
PIPI 0.9122 0.8684 1.0000 0.9296
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misclassified instances in individual classification models
predominantly occur in borderline cases, where psychological
indicators such as perceived value, trust, or emotional response
exhibit moderate or ambiguous levels. At the same time,
transactional or behavioral signals do not consistently support a
clear purchase decision. In such cases, single models may fail
to assign sufficient confidence to classify purchase intention,
leading to false-negative predictions. The proposed PIPI
method addresses this limitation by aggregating the highest
predicted probability among multiple classifiers, thereby
preserving strong confidence signals even when other models
produce uncertain outputs. As a result, PIPI effectively reduces
false-negative errors, although this strategy may increase the
number of false-positive predictions. This trade-off is
acceptable in informal retail contexts, where missing potential
buyers poses a greater economic risk than incorrectly
identifying non-buyers, and where recall is therefore prioritized
over precision.

This fact suggests that, for predicting purchase intention in
informal retail, psychological and perceptual variables such as
customer trust, perceived value, and emotional response are
relevant constructs. Although these constructs have been
extensively researched in consumer behavior theory, there is
limited evidence on consumer behavior in subsistence retail
settings. This study, therefore, bridges this gap by
demonstrating that predictive models can be effective even in
data-scarce environments. Compared to previous studies on
purchase intention prediction that rely on single classifiers or
conventional ensemble techniques such as majority voting and
probability averaging, this study introduces a
sensitivity-oriented probability aggregation mechanism
through the proposed PIPI method. Most existing research in
formal retail and e-commerce environments prioritizes overall
accuracy. In contrast, this study demonstrates that
recall-oriented prediction provides greater practical value in
informal retail contexts characterized by data scarcity and high
uncertainty.

While earlier studies confirm the effectiveness of random
forests and SVMs in modeling non-linear consumer behavior,
the proposed PIPI method extends existing ensemble learning
approaches by explicitly preserving the strongest confidence
signal across classifiers. This indication addresses a research
gap in informal retail analytics and provides empirical evidence
for recall-prioritized aggregation strategies.

From a practical perspective, the findings suggest that basic
data held by informal business owners can support more
analytical decision-making. The effectiveness of random forest,
SVM, and PIPI demonstrates that purchase intention can be
predicted using basic customer information typically obtained
manually, supporting inventory management, marketing
strategy formulation, and improved customer engagement.

This study has broadened both theoretical and practical
understanding of purchase intention prediction within informal

retail environments. By employing a machine-learning-based
model and an innovative aggregation index, this research
provides empirical evidence and methodological novelty for
predicting consumer behavior in small businesses, establishing
a foundation for future research. Compared to traditional
classification methods in retail, the PIPI method offers a
sensitivity-oriented aggregation mechanism suited for
data-scarce informal retail settings, prioritizing recall over
accuracy. This approach provides a more practical
decision-support solution for micro-enterprises.

V. CONCLUSION
This study proposed a machine-learning-based framework

to predict consumer purchase intention in informal retail
environments, leveraging limited, heterogeneous data. This
study showed that ensemble-based and margin-based classifiers
can accurately capture complex patterns of consumer behavior
by looking at the decision tree, random forest, and support
vector machine models. The proposed PIPI further enhances
prediction sensitivity by aggregating the highest confidence
probabilities, achieving superior recall performance compared
to individual models.

From a practical perspective, the findings indicate that
informal retailers can leverage basic, interpretable predictive
analytics to support marketing decisions and operational
planning without advanced technological infrastructure. The
study also contributes methodologically by introducing a
sensitivity-oriented aggregation strategy tailored to data-scarce
retail contexts.

Despite its contributions, this study has limitations related
to dataset size and geographical coverage. Future research may
incorporate larger, more diverse datasets, additional machine
learning models, and alternative aggregation strategies to
validate further and extend the applicability of the proposed
approach.
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