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Abstract

As urban centers in developing countries expand, understanding private car ownership becomes essential for
shaping sustainable transport policies. This study investigates the factors influencing car ownership in
Narayanganj, one of the country's most rapidly urbanizing cities. Existing studies struggle with imbalanced datasets
and predominantly rely on statistical models, which fail to capture the complex relationships between variables
and car ownership. This study aims to fill this gap by employing both advanced machine learning algorithms and
traditional logistic regression to model car ownership. The secondary objective is to evaluate the performance of
machine learning algorithms as compared to traditional statistical approaches. The data was collected from 4,528
households through a household survey. Car ownership was treated as a binary yes or no outcome and was modeled
against predictors such as housing type, household income and employment characteristics. The methodology
included class balancing through biased sampling. Results show that the random forest model outperformed
logistic regression, achieving 96% accuracy versus 92%. The analysis revealed that household income and the
number of unemployed members are the most influential factors affecting car ownership. By identifying key
drivers of private car demand, this study informs targeted interventions, including improved public transit and
demand management strategies, to mitigate congestion in rapidly growing urban areas like Narayanganj.
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1 Introduction

Car ownership is a pivotal factor in urban transportation, as it directly influences traffic patterns, infrastructure
development, and environmental impact. In rapidly urbanizing cities like Narayanganj, the increase in personal
vehicle ownership poses significant challenges, such as road congestion and pollution. Understanding the factors
that contribute to car ownership is critical for policymakers to create strategies that balance individual mobility
with sustainability goals (Button & Pearman, 1977). Previous studies on car ownership have primarily examined
socio-economic determinants such as income, employment, and family size using statistical models like logistic
regression, often constrained by imbalanced data and predefined assumptions about variable relationships.
Machine learning (ML) algorithms such as Random Forest (RF) offer an alternative by handling large, complex
datasets and capturing non-linear relationships that traditional models cannot. The imbalance between car owners
and non-owners in the dataset adds another layer of complexity, which traditional models often fail to address
effectively (Apu & Ali, 2025). This study aims to model car ownership in Narayanganj using both advanced
machine learning algorithms and traditional statistical modeling while using biased sampling to ensure class
balance. The insights into the socio-economic factors influencing car ownership the models provide can aid in
formulating policy recommendations for transportation planning.

2 Literature Review

Car ownership directly affects transportation systems, traffic congestion, and air quality (Rolf Moeckel & Di Yang,
2016). Traditionally, binary logistic regression has been used to model car ownership. However, it assumes a
linear relationship between predictors and the log-odds of ownership, which may not capture complex, non-linear
interactions. Additionally, it struggles with imbalanced datasets, where one class outnumbers the other. Machine
learning models like Random Forest (RF) have shown superior performance by capturing complex relationships
without requiring predefined assumptions (Maindola et al., 2024).
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RF, has become vital in transportation planning for handling complex, high-dimensional datasets (Zhou, 2024).
These models are widely used for tasks such as mode choice and binary outcome prediction, offering robust
performance even with missing data.

A major challenge in car ownership modeling is class imbalance, where car owners (the minority class) are far
fewer than non-owners (the majority class). This imbalance can bias traditional models toward the majority class,
resulting in poor identification of car owners (Chen et al., 2009). As a result, while a model may achieve high
overall accuracy by correctly predicting non-owners, it often fails to accurately classify the minority class,
undermining its primary objective. To address class imbalance, techniques such as oversampling, under sampling,
and the Synthetic Minority Oversampling Technique (SMOTE) are commonly employed. Oversampling increases
the number of minority class instances, whereas under sampling reduces the number of majority class instances.
SMOTE creates synthetic samples for the minority class by interpolating between existing instances, which can
sometimes introduce unrealistic or noisy data (Kalton, 2009). In this study, biased sampling was used instead to
ensure equal representation of both car owners and non-owners. This approach preserves the integrity of the
original dataset while allowing models to perform optimally without being biased toward the majority class.

3 Methodology

3.1 Data Collection

4,528 samples were collected from a household survey conducted in Narayanganj. The survey gathered socio-
demographic information, such as household income, number of employed and unemployed individuals, housing
type, and car ownership status. No two households within a 100-meter radius were selected to avoid data clustering.

3.2 Data Processing

The raw data was processed by encoding categorical features, such as housing type and income levels. Given the
class imbalance, biased sampling was applied to ensure an equal representation of both car owners and non-owners
in the model. All 196 car-owning households were kept, and an equal number of non-car-owner households were
randomly sampled from the 4332 non-owners, creating a balanced dataset of 392 records.

After processing, relevant features for predicting car ownership were selected based on their importance in prior
studies. These included household income, employment status (humber of employed and unemployed members),
and the presence of business owners within the household, along with housing type.

Table 1. Frequency and Percentage Distribution of Variables in Household Dataset

] Full Dataset (4528) Biased Sampling Dataset (392)
Variable Responses
Frequency Percentage (%) Frequency Percentage (%)
) Tin Shade / Semi-Pacca Building 1147 25.3% 55 14.0%
H?;;'eng Single Floor / Duplex Building 1441 31.8% 94 24.0%
Multistoried Building 1940 42.8% 243 62.0%
Less 20,000 BDT 706 15.6% 35 8.9%
H&Us‘ftzf'd 20,000 to 40,000 BDT 2365 52.2% 108 27.6%
on
Incomg 40,000 to 60,000 BDT 999 22.1% 73 18.6%
More than 60,000 BDT 458 10.1% 176 44.9%
0 301 6.6% 24 6.1%
No of
Unemployed 1 1595 35.2% 125 31.9%
People in 2 1937 42.8% 168 42.9%
household More than 2 695 15.4% 75 19.1%
0 1911 42.2% 198 50.5%
No of
Emp|0yed 1 2258 49.9% 164 41.8%
People in 2 338 7.5% 27 6.9%
Household 3 21 0.5% 3 0.8%
No of 0 2445 54.0% 188 48.0%
Business 1 1975 43.6% 178 45.4%
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] Full Dataset (4528) Biased Sampling Dataset (392)
Variable Responses
Frequency Percentage (%) Frequency Percentage (%)
person in More than 1 108 2.4% 26 6.6%
Household
No 4332 95.7% 196 50.0%
Car Owner
Yes 196 4.3% 196 50.0%

3.3 Model Development

3.3.1 Binary Logistic Regression

Since machine learning models can’t calculate the direct effect direction (positive or negative) and magnitude of
parameters binary logistic regression was also used to investigate the determinants of car ownership. The
dependent variable was defined as a binary outcome, where Y=1 if a household reported owning at least one car
and Y=0 otherwise.

A binary logit model is well-suited for cases where the dependent variable follows a Bernoulli distribution meaning
it has only two possible outcomes. Additionally, most of the explanatory variables are categorical or discrete,
making logistic regression a natural and widely used approach (Dierckx, 2004). In binary logistic regression the
probability of car ownership for a household given its socio-economic attributes can be expressed as:

1
1+ePo+B1 X1+B2 Xo++B X @

P(Y=1)=

Here, P (Y = 1) represents the probability of a household owning a car and X, X,,..., X, are explanatory
household variables. B, is the interceptand B, B ,..., Bk are the model parameters. The coefficients are estimated
using maximum likelihood estimation (MLE), and exponentiating these parameters yields odds ratios, providing
an interpretable measure of how each household characteristic influences the likelihood of car ownership.

To address the class imbalance and ensure meaningful estimation of the model, a biased sampling strategy was
employed. This approach enhances model estimation by increasing variation in the dependent variable while still
accurately reflecting the rarity of car ownership in the study area.

3.3.2 Random Forest

Random Forest (RF) is an ensemble learning algorithm that integrates multiple decision trees to improve predictive
accuracy and robustness. For a classification problem, each decision tree produces a prediction h;(x), and the final
prediction H(x) of the Random Forest is obtained through majority voting:

HE) =arg”")" T, Ik G =) @

H (x) is the predicted class (car ownership), hi(x) is the prediction of the i th decision tree, k is the total number
of treesand I (.) is the indicator function, equal to 1 if the predicted class matches y and 0 otherwise. Each decision
tree in the Random Forest is constructed by first drawing bootstrap samples with replacement from the original
training set. At each node of the tree, a random subset of predictors is selected from the total set of variables, and
the best split is determined using a criterion such as Gini impurity, defined as

G(t) =1-X5-,p(lt) @)
Where p(j|t) is the proportion of class j at node t and C is the total number of classes. Trees are fully grown
without pruning to maximize information extraction, and multiple trees are generated to form the final RF model.

Random Forest provides a measure of the relative importance of each predictor by evaluating its contribution to
reducing node impurity across all trees. The importance of a feature f is calculated as

Imp(f) = £ Tk Seer,p Ai(0) @)

Where T;(f) is the set of nodes in tree i where feature f is used for splitting, Ai(t) is the decrease in impurity at
node t, and K is the total number of trees. This allows identification of the key factors influencing car ownership.

3.4 Model Evaluation

To evaluate the performance of the developed models, the dataset was divided into training and testing subsets
using a 70/30 split, where 70% of the data was used for model training and the remaining 30% was reserved for
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testing. This approach ensures that the model is trained on a substantial portion of the data while retaining a separate
set to validate its predictive capability on unseen observations, thereby reducing the risk of overfitting. The models
were assessed using multiple performance metrics. Accuracy was used to measure the overall proportion of correct
predictions for both car owners and non-owners. The confusion matrix provided further insights by classifying
outcomes into true positives (TP), true negatives (TN), false positives (FP), and false negatives (FN).

TP+TN

Accuracy = —
y TP+TN+FP+FN

()

Precision and recall were calculated to evaluate the reliability of positive predictions and the model’s ability to
identify actual positives, respectively. To achieve a balanced evaluation, the F1-score was computed as the
harmonic mean of precision and recall. It is a single performance metric that combines both the model’s ability to
identify positive cases correctly and its tendency to avoid false positives.

2-Precision-Recall 2:TP
F1=""2 = (6)
Precision+Recall 2-TP+FP+FN

Finally, the Receiver Operating Characteristic (ROC) and Area Under the Curve (AUC) were employed to measure
the model’s discriminatory power, with higher AUC values indicating superior performance in distinguishing
between the two classes.

4 Results and Discussions

4.1 Logistic Regression Results

The binary logistic regression model was applied twice to predict car ownership in Narayanganj, using various
socio-demographic variables as predictors. The first model included all variables, while the second model focused

only on the significant variables, based on the results of Model 1.

Table 2. Results of the Binary Logistic Regression Model

Model 1 Model 2
Variables (All Variables) (Only Significant Variables)
coefficient z coefficient z
const *** .11.7055 -6.757 *** -10.9469 -7.844
No of Unemployed People in Household -0.3383 -1.275 *-0.3757 -1.497
Household Monthly Income *xk 3.56272 8.135 *** 3.6331 8.6
No of Employed People in Household 0.5102 0.931 - -
No of Business Person in Household 0.4709 0.739 - -
Housing Type Si_ng!e Floor / Duplex 0.1437 0.126 i i
Building
Housing Type Multistoried Building 0.6461 0.59 - -
Regression Results
LL-Null -189.92 -189.92
Log-Likelihood -61.284 -62.241
McFadden's R? 0.6773 0.6723
Accuracy 0.92 0.9153
AUC 0.9839 0.9785
F1 Score
Class 0 (Non Car Owner) 0.92 0.92
Class 1 (Car Owner) 0.91 0.91

Note: *** = p < 0.01 (Highly Significant) , **= p < 0.05 (Moderately Significant), * = p < 0.1 (Marginally Significant)

The coefficients for both models indicate the strength and direction of the relationship between the predictors and
car ownership. Household income was highly significant in both models (p < 0.01), with positive coefficients of
3.5272 for Model 1 and 3.6331 for Model 2, suggesting that higher household income increases the likelihood of
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car ownership. The number of unemployed people in the household showed a negative coefficient in both models,
with Model 1 at -0.3383 (p > 0.05) and Model 2 at -0.3757 (p < 0.1), indicating that a higher number of unemployed
individuals in a household slightly decreases the likelihood of owning a car, likely due to financial constraints. The
coefficients for single-floor and multistoried buildings were positive, suggesting that housing type may indirectly
influence car ownership, possibly reflecting socio-economic status or urban-rural distinctions.

The regression results indicate that both models perform well, with high overall accuracy (92% for Model 1 and
91.5% for Model 2) and balanced F1 scores for both car owners and non-car owners, demonstrating reliable
classification. McFadden’s R? values (0.6773 and 0.6723) suggest a strong model fit, while the substantial
improvement from LL-Null (-189.92) to Log-Likelihood (-61.28 and -62.24) confirms the models explain a
significant portion of the variation in car ownership. The AUC values of 0.9839 and 0.9785 indicate excellent
model performance, reflecting a high ability of the models to distinguish between classes.

While the logistic regression model performed well, it assumes a linear relationship between the predictors and
the log-odds of car ownership. This linearity assumption may not fully capture the complexity of real-world
interactions, especially in datasets with complex non-linear relationships.

4.2 Random Forest Results

The Random Forest model was trained on the same balanced dataset and outperformed the logistic regression
model. It achieved an accuracy of 96%, showing a substantial improvement over the logistic regression models.
The Random Forest model showed excellent performance across both classes. The precision and recall for non-
owners were both high, and the F1-score for both classes was close to 1, indicating a well-balanced model.

Table 3. Results from the Random Forest (RF) Model

Metric Non-Car Owner (Class 0) Car Owner (Class 1)

Precision 0.93 0.98
Recall 0.98 0.94
F1-Score 0.95 0.96
Accuracy 0.96
AUC 0.98

Top 10 Feature Importances (Random Forest)

Confusion Matrix

60 Single Floor / Duplex Building
No of Business People
No of Employed People

40
Multistoried Building

Actual

Monthly Income 40K-60K
No of Unemployed People
-10 Monthly Income 20K-40K

Monthly Income >60K

Predicted 0.0 0.1 0.2 0.3 0.4
Feature Importance

Figure 1. Confusion Matrix and Feature Importance from the Random Forest (RF) Model

The feature importance analysis from the Random Forest model shows that household income is the most
significant predictor of car ownership, followed by employment status and housing type. Higher household income
and more employed individuals in a household increase the likelihood of car ownership. Multistoried buildings
also influence car ownership, but to a lesser extent. These findings coincide with the results from the logistic
regression where income and number of unemployed people in the household were found most significant.

4.3 Conclusions

This study aimed to model the determinants of car ownership in Narayanganj, employing both traditional logistic
regression and advanced machine learning techniques, specifically Random Forest. The results highlight the
significant role of socio-demographic factors such as household income, employment status, and housing type in
predicting car ownership. The logistic regression model provided a solid baseline, achieving an accuracy of 92%
with significant predictors like household income showing a positive relationship with car ownership. However,
the model’s linear assumptions and limitations in handling complex non-linear interactions restricted its
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performance. In contrast, the Random Forest model significantly outperformed logistic regression, achieving an
accuracy of 96%. This model excelled in capturing non-linear relationships and interactions between variables.
Key features such as household income and employment status were the most important predictors, reinforcing the
critical role of socio-economic status in car ownership decisions. The model also highlighted housing type, with
multistoried buildings having a notable but lesser influence on car ownership. The findings of this study suggest
that machine learning models, particularly Random Forest, provide more accurate and flexible solutions for
predicting car ownership compared to traditional statistical models. These insights are crucial for policymakers in
Narayanganj and similar urbanizing areas to develop data-driven strategies to manage car ownership, improve
public transportation, and mitigate congestion. Future research could explore further refinement of these models
or incorporate more granular socio-economic and geographic data to enhance prediction accuracy and support
urban mobility planning.
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