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Abstract

The city of Bukavu, Democratic Republic of Congo, faces multiple urban mobility challenges. Already
confronted with major socio-economic issues, it must cope with rapid population growth, accelerated
and unplanned urbanization, and significant deficiencies in transport infrastructure. Approximately
70% of the population lives in precarious conditions, severely limiting access to reliable transport
services. Furthermore, due to its hilly terrain, the city is strongly affected by climate-related disruptions,
which negatively impact transport networks and increase user costs. These factors exacerbate economic
vulnerability related to mobility and strain household budgets. This study adopts a quantitative,
predictive approach to better understand and anticipate household vulnerability in daily mobility,
contributing to more inclusive public policy development. The analysis relies on Principal Component
Analysis (PCA) to identify key determinants, followed by clustering to segment households according
to their vulnerability level. Finally, three predictive models were compared. Cluster analysis revealed
three distinct vulnerability profiles, highlighting marked socio-economic stratification. The most
disadvantaged households, representing 73% of the sample, are the most exposed, with budget shares
reaching up to 50% of income. Conversely, affluent and middle-class households enjoy better mobility
conditions but remain sensitive to economic and climate shocks. These findings underscore the need
to integrate spatial and economic inequalities into local public policy planning. Among the tested
models, logistic regression stood out for its accuracy and its ability to identify vulnerable households
with perfect recall.

Keywords: urban mobility; socio-economic vulnerability; spatial inequalities; Principal Component
Analysis (PCA); clustering; predictive modeling; logistic regression; Bukavu, D.R. Congo

1. Introduction

Mobility-related vulnerability represents a major challenge in urban environments, particularly in
developing countries, where transport infrastructures are often fragile and households face significant
financial constraints [1,2]. Defined as the ability for individuals to move for accessing essential services,
employment, and economic opportunities, mobility is fundamental for urban development [3].

However, budgetary effort rate becomes an indicator of household vulnerability when a dispro-
portionate part of their income is devoted to transport expenses[4]. This situation is likely to bring
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about economic consequences, such as a decrease in the ability for households to meet other essential
needs, education, healthcare or food and an increased sensitivity to economic shocks. [5,6] The study
undertaken by the World Bank for its Annual Report of the [7], in several African cities has revealed
that low-income households allocate, on average, 20% of their monthly budget to freights, limiting
their ability to cover other essential needs. Additionally, in developing cities, high transport costs can
lead to a reduction of 15-20% on food expenditures, accentuating food insecurity. [8].

In the Democratic Republic of the Congo (DRC), urban mobility raises particularly acute concerns
[9,10]. Already confronted to major socio-economic challenges, the country is facing rapid and
unplanned urbanization and insufficient transport infrastructures [11]. According to the World
Bank [7], more than 70% of the urban population in the DRC lives in precarious conditions, with
limited access to affordable and reliable transport services. This situation is further fueled by climate-
related disruptions, floods and landslides that regularly damage transport networks and increase user
costs [12]. A study undertaken in Katanga region showed that access to public transport has been
considerably decreased at 30% due to climatic disturbances, compelling households to make rescourse
to informal, costly modes of transport or simply walking [13].

In the South Kivu Province, the situation is more critical. The combination of difficult terrain, high
population density, and deteriorated road networks makes travel particularly challenging, worsening
household vulnerability in terms of mobility [14,15].Roads are often in poor condition and frequently
cut off during the rainy season, isolating entire communities and conditioning high transport costs
[16]. Indeed, 60% of households report having reduced their mobility due to high costs and limited
access to transportation [17].

This decrease in mobility directly affects access to markets, employment, and healthcare services
accentuating poverty and social exclusion. Bukavu, the provincial capital of South Kivu, presents
specific and acute challenges. Located on the shores of Kivu Lake, the city faces problems related to its
rugged topography and rapid demographic growth. The inadequate and winding road infrastructure,
often congested, makes daily commuting complex and costly. Moreover, household mobility costs
are further increased by recurrent floods and landslides, which frequently disrupt transport networks.
According to [18], households in Bukavu allocate on average 25% of their income to mobility, underlin-
ing the emergency of developing predictive tools to better understand and anticipate the economic
impacts of mobility disruptions. [19]

Regardless of this context, existing research on economic vulnerability related to mobility remains
largely focused on developed countries and on aggregated indicators, neglecting the specificities of
urban contexts in African cities [8,20,21]. Furthermore, although the use of machine learning in the
social sciences is expanding rapidly [22,23], its application to predict mobility-related vulnerability
in fragile contexts remains scarce. This gap arises questions particularly in cities such as Bukavu,
where quantitative data on mobility and vulnerability are limited and fragmented. To bridge this
gap, the present study proposes a quantitative approach based on an automatic prediction for better
understanding and anticipating the vulnerability of households in their daily mobility in Bukavu.
Specifically, we use a Principal Component Analysis (PCA) to identify the most determining variables,
then we apply a clustering classification to segment households according to their level of vulnerability
[24].

Finally, three machine learning models are compared: Random Forest, Logistic Regression, and
Support Vector Machines (SVM) to evaluate their ability to predict economic vulnerability related to
mobility and to identify the most suitable model for the context of Bukavu.[25,26]

This study is doubly justified ,on one hand, it aims to better identify vulnerable households
by means of a predictive tool adapted to the context of Bukavu city, on the other hand, given the
fact that current public policies lack sufficiently detailed data for elaborating targeted and effective
interventions, this study seeks to provide them with useful insights for reducing vulnerability and
improving transport accessibility on behalf of the poorest households [2,27].
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The remainder part of this paper is organized as follows. Section 2 presents the materials and
methods. Section 3 repports the results and provides their analysis. Section 4 presents the model
validation. Section 5 discusses the findings and outlines the policy implications, limitations, and
directions for future reseach. Finally, section 6 concludes the study.

2. Materials and Methods
2.1. Research Design

This study aims to analyze household budgetary effort rate and economic vulnerability related to
daily mobility in Bukavu city, Democratic Republic of the Congo. The main objective is to model and
predict vulnerability from socio-economic data using machine learning algorithms (logistic regression,
random forests, and SVM) combined with multivariate analysis techniques (principal component
analysis and clustering).

Data were collected between July and November 2023 from 385 households selected through
proportional stratified sampling based on the demographic size of Bukavu’s three communes (Ibanda,
Kadutu, and Bagira). Proportional allocation was applied to ensure that each commune was repre-
sented according to its relative weight in the city’s total population,providing a balanced representation
of the urban fabric. Respondents were selected purposively, targeting household heads or adults
responsible for transportation expenses, while considering their location, mobility frequency, and
socio-economic status. Figure 1 provides an overview of the methodological steps followed in this

study..
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Figure 1. Overview of data preprocessing, model development and evaluation using Python adapted from[25]

2.2. Data Collection and Preprocessing

The dataset include features such as the budget effort rate (the share of income devoted to mobility,
the income, household size, access to transport and socio-economic variables (education, employment,
dependents, etc.), as well as the target variable (vulnerability).It is to be noted that in this study,
a household is considered vulnerable if it devotes more than 20% of its income to mobility. Data
were collected both on line (WhatsApp), and face-to-face by an investigator. Data were coded and
processed in Python using libraries such as pandas, scikit-learn, seaborn, and numpy. Preprocessing
steps included:
¢ Data cleaning:: Missing values were imputed using the mean for continuous variables and the

mode for categorical ones.

*  Encoding: Categorical variables ( employment type, education level) were converted into numer-
ical form using one-hot encoding.
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¢ Normalization: Continuous variables were standardized using the z-score method to ensure
comparability across scales.
e  Data splitting: Data splitting: The dataset was divided into training (80%) and test (20%) subsets.

2.3. Analysis Methods

For data analysis, we made recourse to Principal Component Analysis (PCA) and clustering to
explore data structure, followed by predictive modeling using three machine learning algorithms.
1.  Principal Component Analysis (PCA): PCA was applied to reduce data dimensionality and
identify the main components explaining the variance[28]. The transformation is defined as:

Z=XW

where (Z) represents the principal components, (X) the original data matrix, and (W) the weight
matrix of the components

2. K-Means Clustering: allowed to group households based on their socio-economic characteristics
and their vulnerability. Tis algorithm minimizes the within-cluster sum of squares as follows:

k
argmin 3} [|x — il

i=1x€S;
where S; denotes clusters, y; are centroids, and k is the number of clusters [29].

3.  Machine Learning Models:

* Logistic Regression: Estimates the probability of vulnerability considering explanatory
variables. The model is defined by:

1
1+ e~ (BotP1X1+B2Xo++BnXn)

P(Y =1|X) =

where P(Y = 1|X) is the probability of vulnerability, X are predictors, and p; are logistic
coefficients indicating each variable’s effect [30].

e Random Forests: A set of decision trees for capturing complex non-linear relationships
among variables. Prediction is given by:

where Ty (x) represents the b** decision tree and B is the total number of trees [24]. Variable
importance was measured using the mean decrease in impurity (Gini or entropy).
*  Support Vector Machines (SVM): SVM maximizes the margin between classes by using a
Kernel function: The objective function is:
1 2 -
min S {[w]] +CY G
i=1
where w is the weight vector, §; are the slack variables, and C is a regularization parameter
controlling the trade-off between margin maximization and error minimization. Kernel
functions (linear, polynomial, or Gaussian/RBF) were used to handle non-linear separations.

2.4. Model Evaluationl

The performance of models was assessed using metrics, such as accuracy, precision, recall, F1-
score, accuracy, execution time, and AUC-ROC. These matrics are used to measure the capacity for
models to correctly predict vulnerability and to discriminate among classes [31].
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Additionally, confusion matrix was used to evaluate model performance by comparing predictions
to real values. It includes true positives (TP), false positives (FP), true negatives (TN), and false
negatives (FN).

The ROC curve (Receiver Operating Characteristic) illustrates the model’s capability to discrimi-
nate among classes, and AUC (Area Under Curve) measures the global performance of the model. An
AUC of 1 indicates a perfect performance, while an AUC of 0.5 indicates a random performance (1 =
perfect; 0.5 = random), learning curves are used to visualize model performance across training size of
the whole treatement. They help to detect overfitting or underfitting [32].

Additionally, Precision—Recall curve which is particularly useful for imbalanced classes, high-
lights the trade-off between precision and recall (proportion of true positive predictions) and Recall
(proportion of true positives correctly identified). Anideal curve shows a simultaneously high precision
and recall). Finally, (k-fold) cross-validation was conducted to assess model robustness by partitioning
the dataset into (k) subsets and training/testing iteratively. [33].

3. Results
3.1. Description of Variables

Table 1 reveals socio-economic disparities marked among households in Bukavu, a city located in
the South Kivu province of the Democratic Republic of Congo. The average transportation expenditure
amounts to USD 51.37, with a relatively high variability (standard deviation = 25.46), reflecting
differences in travel modes, distances, and household mobility patterns. Overall, the descriptive
statistics highlight heterogeneous income levels and varying transport costs, suggesting differentiated
access to mobility services. These inequalities provide an empirical basis for analyzing households’
budgetary effort and economic vulnerability in urban transport.

Table 1. Descriptive statistics of the main variables in Bukavu households.

Variable Mean Std. Devw. Min 25% 50% 75% Max
Transport

(USD) 51.37 25.46 0.00 35.00 50.00 60.00 200.00
Income 402.08 371.83 30.00 150.00 260.00 500.00 1500.00
(USD)

Rent 133.80 96.09 0.00 70.00 100.00 200.00 700.00
(USD) . . . . . . .
Age 39.42 15.26 24.00 24.00 45.50 45.50 89.00
(years)

CarOwn- ) 130 1.28 0.00 0.00 0.00 0.00 4.00
ership

Mobility 11.42 8.56 0.00 7.00 8.00 14.00 47.00
Rate

Budget

Effort 23.02 12.27 0.00 10.00 16.67 23.52 50.00
Rate

The average household income is USD 402.08, but the high standard deviation (371.83) indicates
significant disparities, ranging from USD 30 to USD 1,500. The average rent is USD 133.80, with values
spanning from 0 to 700 USD, reflecting spatial segmentation across the communes. Finally, the average
budgetary effort rate is23.02%, yet some households allocate up to 50% of their budget to mobility,
placing them in a situation of extreme vulnerability.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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3.2. Economic Vulnerability and Budget Effort Rate

Budgetary effort rate and economic vulnerability to mobility

8-| —— Level of economic vulnerability '

H

B

6- i

Gi

5

=

4- o

<

badd

B

-

2 2

g

=1

=

0- i
2-

:

4- i

:

H

0- ,

0 10 20 20 50
Budgetary effort rate devoted to mobility (%)

Figure 2. Evolution of households” economic vulnerability according to the budget effort rate dedicated to mobility.
The green curve shows the progressive increase in vulnerability, with the 20% critical threshold highlighted by a
red dashed line. The stylized plant illustrates the onset of economic vulnerability at this threshold.
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Figure 3. Correlation matrix among key variables. Strong correlations are observed between income and rent
(0.60) and transport (0.39), while the budget effort rate is strongly correlated with income (0.56) and rent (0.40).
Mobility rate shows weaker correlations, indicating potential influence from external factors.

Overall, the moderate and strong correlations among key variables (income, rent, transport)
suggest that the data are structured and suitable for machine learning modeling, as they capture
meaningful relationships that can be leveraged to predict mobility-related vulnerability.
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3.3. Principal Component Analysis (PCA) and Clustering for Household Classification in Bukavu

The Principal Component Analysis (PCA) and clustering classification (figure4 and table 2and
reveal contrasting socio-economic realities among households in Bukavu, characterized by deep
inequalities and infrastructure challenges. The first principal component (PCA1) explains 99.62% of the
variance, capturing most of the information, mainly related to economic variables such as income, rent,
and transport expenditures. This high concentration of variance in PCA1 highlights the importance of
budget constraints in mobility-related vulnerability in Bukavu.
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Figure 4. PCA plot showing household distribution across the first two principal components and cluster
assignment. Cluster 0 (blue) groups the most vulnerable households, Cluster 1 (green) represents affluent
households, and Cluster 2 (orange) corresponds to the intermediate group.

The identified clusters illustrate this stratification:

Table 2. Clustering results for Bukavu households. PCA1 explains 99.62% of variance, PCA2 0.37%.

Budget Effort Avg. Transport  Vehicles per

Cluster Size Rate ( %) Avg. Income Expenses Household
0 282 27.49 199.51 46.70 0.66
1 29 4.86 1500.00 72.93 2.62
2 74 9.82 660.54 63.14 2.89

®  Cluster 0 (282 households) groups the most vulnerable households, with a high budget effort rate
(27.49%) and low income (USD 199.51). These households, often dependent on public transport
or motorcycle taxis, face major economic difficulties.

¢ Cluster 1 (29 households) represents affluent households, with a very low budget effort rate
(4.86%) and high income (USD 1,500), enjoying more flexible mobility and better living conditions.

e Cluster 2 (74 households) embodies an intermediate class, with moderate economic characteristics,
reflecting a reality often neglected in studies on African cities.

The variance explained by each component underscores that budget and income variables are the
primary drivers of household vulnerability, validating the use of PCA for dimensionality reduction
and subsequent clustering in this context.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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3.4. Comparative Analysis of the Three Machine Learning Models

The performance of the three machine learning models used to predict household vulnerability in
Bukavu is summarized in Table 3. The models were tuned using cross-validation on the training data
to optimize performance while avoiding overfitting.

For logistic regression, the regularization parameter C was adjusted to control the penalization
of large coefficients, ensuring a good bias-variance trade-off. In the SVM model, the main parameters
are C (regularization) and the kernel type, Radial Basis Function (RBF), as the data are not linearly
separable. The RBF kernel projects the data into a higher-dimensional space where non-linear separa-
tion becomes possible. Finally, in the Random Forest model, the number of trees (B), the maximum
depth, and the number of variables considered at each split were tuned to maximize accuracy while
maintaining prediction stability.

Table 3. Performance comparison of Logistic Regression, SVM, and Random Forest models for predicting
household vulnerability in Bukavu.

Model Precision Recall F1-Score AUC- Accuracy  Time(s)
ROC

Logistic Regression 0.96 1.00 0.98 0.999 0.987 0.021

SVM 0.96 1.00 0.98 1.00 0.987 0.030

Random Forest 1.00 0.90 0.95 0.997 0.974 0.185

4. Model Evaluation
4.1. Confusion Matrices; ROC curve and Precision-Recall curve

As shown in Figure 5, Confusion matrices for the three models show overall high performance, with
notable differences. For Logistic Regression, the matrix indicates a high number of true positives
(22) and true negatives (54), with only 1 false positive and 0 false negative. This confirms its perfect
recall (1.00) and high precision (0.96), meaning that it correctly identifies all vulnerable households
without missing any, while minimizing classification errors. The SVM shows similar results, with 21
true positives, 54 true negatives, 1 false positive, and 1 false negative. Like Logistic Regression, it has a
perfect recall (1.00) and high precision (0.96), making it an equally effective model for distinguishing
vulnerable households from non-vulnerable ones. In contrast, the Random Forest, although very
precise (55 true negatives and 0 false positives), shows a slight imbalance with 2 false negatives
and 20 true positives. This reflects its lower recall (0.90), meaning that it may fail to identify some
vulnerable households while incorrectly identifying others as vulnerable ones. This limitation could be
problematic in a context like Bukavu, where the identification of all vulnerable households is essential.
This demonstrates the strong discriminative power of Logistic Regression and SVM in detecting
vulnerability.

Figures 6 further supports these findings, illustrating that Logistic Regression and SVM achieve
nearly perfect AUC values (0.999 and 1.00, respectively), reflecting excellent class separation. Although
the Random Forest also performs well (AUC = 0.997), its slightly lower score aligns with the patterns
observed in the confusion matrices, confirming its relatively weaker sensitivity and figure6 Curves
illustrate both Logistic Regression and SVM maintain high precision and recall simultaneously, which is
crucial for identifying vulnerable households. Random Forest shows slightly lower recall, highlighting
potential under-classification.
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Figure 6. ROC curves and Precision-Recall curves for Logistic Regression, SVM, and Random Forest.
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4.2. Learning Curves

Figure 7 shows the learning curves. Logistic Regression and SVM display balanced curves with
minimal overfitting, while Random Forest exhibits slight overfitting indicated by the gap between
training and validation scores. These curves confirm the robustness and generalizability of the models,
with Logistic Regression and SVM being particularly suitable for the Bukavu dataset.
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Figure 7. Learning curves for the three models, showing training and validation performance.

4.3. Cross-Validation Results

Table 4. Cross-validation performance (mean accuracy and standard deviation) of the three models.

Model Mean Accuracy Standard Deviation
Random Forest 0.9455 0.0727
SVM 0.9247 0.0654
Logistic Regression 0.9636 0.0397

As shown in Table 4, Logistic Regression achieves the highest mean accuracy (96.36%) with a low
standard deviation (3.97%), indicating excellent stability and generalization. Random Forest also
performs well (94.55%) but exhibits slightly higher variability (7.27%). SVM presents a slightly lower
mean accuracy (92.47%) with comparable variability (6.54%). Overall, Logistic Regression is the most
reliable and accurate model for predicting household vulnerability in Bukavu.
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Table 5. Regression Coefficients and Variable Importance for the Three Models.
Variables Logist%c SVM Random Forest
Regression Importance
Transport Expenditure 2.347926 2.026481 0.175443
Household Income -5.478468 -5.564908 0.314423
Housing Rent -0.025524 0.053763 0.165803
Age of Household Head -0.510877 -0.421659 0.040898
Occupation Status -0.632006 -0.314694 0.023974
Education Level -0.797172 -0.335017 0.055182
Gender of Household Head 0.598190 0.276443 0.011202
Employment: Unemployed -0.023989 -0.083704 0.001989
Employment: Entrepreneur 0.172913 0.091994 0.030739
Employment: Private Employee -0.677285 -0.365117 0.010238
Employment: Public Employee 0.172913 0.091994 0.021575
Number of Dependents 0.573524 0.415332 0.056644
Car Ownership -0.379830 0.431540 0.018048
Mobility Rate 0.059943 -0.002723 0.037358
Residence: Bagira 1.037223 0.903137 0.019356
Residence: Ibanda -0.416353 -0.451564 0.008131
Residence: Kadutu -0.625747 -0.451573 0.008996

The table 5presents the variable coefficients for Logistic Regression and SVM, as well as variable
importance scores from the Random Forest model in predicting householdvulnerability in Bukavu.
Logistic Regression results indicate that Transport Expenditure (coefficient = 2.347926) and Household
Income (coefficient = —-5.478468) are the most influential predictors of vulnerability. This suggests that
households spending more on transport or earning lower incomes are the most vulnerable.

The SVM confirms these trends with similar coefficient patterns, while the Random Forest model
assigns moderate importance to the same variables (0.175443 for transport expenditure and 0.314423
for income). Other factors, such as the Age of the Household Head and Housing Occupation Status, also
play significant roles, reflecting the complex socio- economic dynamics in Bukavu, where households
headed by older individuals or those with stable housing (owners or those living in family or official
housing) tend to be less vulnerable.

Logistic Regression provides a direct interpretation of the direction and magnitude of each
variable’s impact, while the SVM, although comparable in performance, is less inter- pretable in
non-linear contexts. The Random Forest model, on the other hand, highlights variable importance
based on impurity reduction but does not indicate the direction of the impacts.

5. Discussion
5.1. Structural Vulnerability and Financial Burden of Urban Mobility in Bukavu

This study reveals systemic vulnerability among Bukavu households related to transportation
expenses, with an average budget share of 23.02%, frequently exceeding 40% for the most precarious
households. These findings align with global trends, where low-income urban populations in develop-
ing countries devote a disproportionate share of their resources to mobility, compromising access to
essential needs [34,35].

A meta-analysis of 15 African cities [36]showed that poor households spend on average 18-35%
of their income on transport, confirming that Bukavu is not an isolated case but a striking example
of a structural phenomenon. This situation reflects what Hauslbauer et al. [37] term “mobility
poverty”: a restriction of socio-economic opportunities due to spatial and financial inaccessibility of
transport networks. Furthermore, climate-related disruptions, such as recurrent flooding, amplify this
vulnerability by reducing access to formal transport systems [13,38], a mechanism also observed in
Lagos and Nairobi[39].
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5.2. Socio-Economic Segmentation and Cluster Analysis: Towards a Typology of Vulnerability

Cluster analysis identified three distinct vulnerability profiles, reflecting deep socio-economic
stratification. Cluster 0, comprising approximately 73% of households, is characterized by low average
income (USD 199.51) and a high budget share devoted to mobility (27.49%), indicating pronounced
economic vulnerability.

Cluster 1, in contrast, includes relatively affluent households, owning private vehicles and residing
in better-served areas, illustrating spatial and accessibility inequalities typical of African cities [40].

Cluster 2 (about 19.5% of households) represents an urban middle class, with a moderate average
income (USD 660.54) and more controlled transportation expenses. Although less exposed than Cluster
0, these households remain sensitive to economic shocks, such as fuel price increases or climate-related
disruptions. These observations align with Oviedo et al. [41] on the “invisible vulnerabilities” of urban
middle classes, whose resilience is weakened by the absence of formal social safety nets.

5.3. Methodological Contribution: Superiority of Machine Learning Models for Contextual Analysis

The exceptional performance of the machine learning models (accuracy 0.96-1.00, AUC-ROC
0.997-1.00) demonstrates their relevance for studying vulnerability in data-scarce contexts.

Logistic regression, with a perfect recall (1.00), exceeds expectations, especially compared to
previous studies using similar methods. For instance, Li et al. (2021) achieved 0.89 accuracy with
Random Forests to predict urban poverty in Mexico, while Bernard & Bissonnette [42] reported an
AUC-ROC of 0.92 for SVM applied to food vulnerability in Indonesia. This superiority is explained by
the models’ ability to capture nonlinear interactions between variables, such as the combined effect of
income, geographic location, and household size.

For example, the importance of the variables “access to transport” and “vehicle ownership” (8 =
2.35 to —5.48) confirms theories of spatial justice [43], where geographic exclusion reinforces economic
inequalities. These results validate the approach advocated by Mullainathan & Spiess [44], who argue
for the integration of machine learning in social sciences to model complex realities.

5.4. Determinant Factors: Beyond Income, Intersectionality of Vulnerabilities

While income and transportation expenses emerge as primary predictors of vulnerability, mul-
tivariate analysis highlights the crucial role of often-understudied factors. Residential area (Ibanda,
Kadutu, and Bagira) significantly influences risk, with coefficients up to 1.03, reflecting spatial
apartheid inherited from colonial urbanization (Jenkins, 2013).

Similarly, the gender of the household head ( = 0.60) corroborates studies in Southeast Asian
cities [45], where female-headed households face increased mobility restrictions due to socio-cultural
norms. An original contribution of this research lies in identifying mobility rate as a key variable.
Contrary to expectations, its moderate correlation with vulnerability (r = 0.39) suggests that it is not the
frequency of trips, but their relative cost, that determines risk. This nuance aligns with Satterthwaite
[46](2004) in Cape Town, where low-income households adopt “constrained mobility” strategies,
limiting trips to preserve their budget.

5.5. Policy Implications

The findings of this study have significant implications for policymakers. First, it is essentiel
to develop targeted interventions to reduce transport costs for the most vulnerable households.
These could include subsidies for public transport, sustainable mobility programs, or initiatives to
improve access to essential services. Second, public policies should aim to increase household incomes,
for instance by supporting job creation or facilitating access to education and vocational training.
Finally, the results highlight the need for more detailed data collection on household mobility and
vulnerability, particularly in fragile urban contexts like Bukavu. A better understanding of mobility
practices, economic constraints, and territorial disparities would allow for more targeted interventions
adapted to local needs. Such data are crucial for orianting transport and urban planning policies
towards greater equity and efficiency.
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5.6. Limitations and Perspectives

This study, though providing significant insights into household vulnerability based on mobility
in Bukavu, has some limitations. First, the geographic specificity focused on a single city, limits
generalization to other urban contexts, particularly in regions with different Socio-economic and
infrastructural dynamics.

Additionally, the sample size (385 households) may not capture the full diversity of vulnerability
situations in a medium-sized city like Bukavu. Moreover, the study mainly relies on cross-sectional
data, which does not allow for analyzing long-term vulnerability dynamics or evaluating policy im-
pacts. To address these gaps, future research could expand the geographic scope to include other cities
in the DRC or other developing countries to compare vulnerability dynamics across urban contexts.
Increasing the sample size and integrating longitudinal data would provide a better understanding of
vulnerability evolution over time and allow the assessment of policy effectiveness.

Furthermore, including additional variables, such as social networks, household coping strategies,
and climate change impacts, would enrich the analysis. These improvements would allow for better
targeting of public policies and reduction of household vulnerability in fragile urban contexts.

6. Conclusions

This study examines household vulnerability related to urban mobility in Bukavu, Democratic
Republic of Congo, using machine learning models. The results show that the most vulnerable
households devote a disproportionate share of their income to transportation, compromising access
to essential needs such as food, education, and healthcare. This situation reflects “mobility poverty,”
where financial and infrastructural constraints limit socio-economic opportunities for low-income
urban populations.

Cluster analysis identified three distinct vulnerability profiles, highlighting deep socio- economic
stratification. The poorest households, representing 73% of the sample, are the most affected, with bud-
get share rates sometimes reaching 50% of their income. In contrast, affluent and middle-class house-
holds benefit from better mobility conditions but remain sensitive to economic and climate-related
shocks. These findings underscore the importance of considering spatial and economic inequalities in
public policy design.

Machine learning models, particularly logistic regression, stood out for their accuracy and their
ability to identify vulnerable households with perfect recall. These tools offer promising perspectives
for policymakers by enabling more effective targeting of interventions aimed at reducing mobility-
related vulnerability. However, the study acknowledges some limitations, including the geographic
specificity of Bukavu, the limited sample size and the risk of overfitting due to extremely high model
performance, which may affect generalizability. In conclusion, this research emphasizes the need to
implement targeted public policies to reduce transportation costs, improve access to essential services,
and increase the income of the most vulnerable households.

Public transport subsidies, sustainable mobility programs, and initiatives to strengthen the
economic resilience of vulnerable households could help to mitigate observed inequalities. Finally,
this study highlights the need for more detailed and longitudinal data collection to better understand
vulnerability dynamics and assesse the effectiveness of public policies in fragile urban contexts.
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