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Abstract

Informal urban centers represent a persistent challenge for urban planning in Brazil
due to their heterogeneity, structural precariousness, and the scarcity of standardized,
high-resolution data. In this study, we propose an interpretable machine learning ap-
proach to classify informal urban centers across six Brazilian hubs using an Explain-
able Boosting Machine (EBM). A spatially structured dataset was built by intersecting
census-based socioeconomic indicators with the official mapping of informal urban cen-
ters, producing a binary classification framework. To evaluate the robustness of the
model under spatial heterogeneity, we implemented two training strategies: a weighted
model incorporating a city-propensity adjustment and a standard unweighted model,
each tested on a held-out hub. Results for the Porto Alegre test hub show that the
weighted model achieves an AUC of 0.826, outperforming the standard model at 0.818.
Feature importance rankings indicate consistent relevance of demographic density, in-
come indicators, and local infrastructure. The findings highlight the potential of inter-
pretable models to support policy-oriented spatial classification tasks, providing both
predictive accuracy and transparent insights that can guide targeted urban interven-
tions.

1 Introduction

Informal urban centers represent one of the most persistent challenges in contemporary
urban planning, particularly in countries marked by unequal development and heteroge-
neous urban trajectories such as Brazil. These areas—commonly characterized by irreg-
ular land occupation, insufficient access to public services, and heightened social vulnera-
bility—demand monitoring strategies capable of supporting targeted policy interventions.
Traditional approaches for identifying informal centers often rely on labor-intensive sur-
veys, incomplete administrative records, or remote sensing data that may fail to capture
the socioeconomic nuances that define precarious urban conditions.

Recent advances in machine learning have opened new possibilities for automating the
detection and characterization of informal urban centers using heterogeneous data sources.
However, challenges remain regarding the generalization of predictive models across regions
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with distinct historical, demographic, and infrastructural patterns. Distribution shifts be-
tween cities—or “hubs”—can lead to biased models whose performance degrades when
evaluated on unseen urban contexts. This issue is particularly relevant in Brazil, where the
socioeconomic and spatial configurations of informal centers vary widely from one region to
another.

In response to this challenge, this study proposes a methodology for classifying informal
urban centers using census-based socioeconomic indicators aggregated over uniform spa-
tial grid cells. The approach combines interpretable machine learning—through the use of
the Explainable Boosting Machine (EBM)—with a hub-level evaluation scheme designed to
assess the robustness of predictions across heterogeneous cities. Two modeling strategies
are compared: (i) a propensity-weighted model that adjusts the training process based on
the similarity of samples to the target city, and (ii) a standard unweighted model trained
without sample reweighting. The goal is to evaluate whether accounting for inter-city distri-
bution differences can improve predictive performance and interpretability when identifying
informal centers.

The results of this work contribute to ongoing efforts to integrate machine learning into
urban policy analysis, offering insights into how demographic, infrastructural, and spatial
indicators interact in the identification of informal urban centers, and how model general-
ization can be strengthened when transferring knowledge across distinct urban realities.

2 Problem Definition and Background

2.1 Definition of Informal Urban Center

Informal urban centers in Brazil are areas characterized by irregular land occupation, pre-
carious housing conditions, and limited access to essential public services. A key challenge
in defining these settlements is their high degree of heterogeneity, which stems from dis-
tinct regional contexts and historical patterns of urbanization. As a result, informal areas
can vary widely even within the same city. These centers include favelas, informal settle-
ments and recently formed precarious districts. Common issues include restricted access
to infrastructure, limited mobility, and heightened exposure to social, health, and safety
vulnerabilities. Accurate classification of informal urban centers is essential for identifying
these areas across cities with diverse spatial structures. Such classification supports more
effective urban planning and helps guide targeted interventions to improve living conditions
in underserved communities.

2.2 Dataset

The dataset used in this study combines population census information aggregated into
10,000 m? geographical cells for six Brazilian urban hubs[1], together with an additional
spatial dataset containing labels for informal urban centers derived from qualitative field
research[2]. The census data, obtained from a private dataset due to data protection re-
quirements, was aggregated to the same cell structure for each hub and includes economic,
infrastructural, and geographical variables. Labels for informal urban centers were obtained
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from previous studies, which characterize different types of informal settlements across the
hubs of Porto Alegre, Marabd, Brasilia, Juazeiro do Norte, Recife, and Belo Horizonte.
These hubs typically consist of a primary central city surrounded by satellite municipalities
or districts. A key attribute in this dataset is column V5a, used as the target variable
in this work. This column identifies the type of informal settlement associated with each
geographic unit, with the following possible categories:

1. favela or spontaneous occupation;

2. irregular or clandestine subdivision;

3. housing Complex;

4. district or town;

5. municipal Headquarters;

6. occupation by traditional populations;

7. other (specify in the column alongside);

8. mixed (without predominance of any type)

These labels were assigned to the census cells through a geographic left join, generating
the target variable used in this study. While the structure of the dataset allows both a
binary formulation (informal vs. non-informal) and a multi-class formulation (type of infor-
mal settlement), this work adopts the binary approach, treating all categories of informal
settlements as a single positive class and all other areas as negative.

2.3 Related Works

Recent advances in data availability and machine learning have strengthened the connec-
tion between data science applications and urban-planning needs. Most existing work on
informal-settlement detection focuses on remote sensing imagery, often using image-based
classification methods. Early approaches relied on object-oriented analysis to detect struc-
tural and textural patterns in urban landscapes [5]. With the rise of deep learning, Convo-
lutional Neural Networks (CNNs) have been applied to high-resolution imagery, achieving
strong performance when trained and tested within the same urban context [6]. More re-
cent multimodal approaches integrate imagery with auxiliary datasets—such as population-
density time series or mobility and street-network indicators—to improve detection and
boundary prediction of informal areas [4, 7].

Beyond image-based approaches, other studies highlight the importance of socioeco-
nomic and territorial characteristics in understanding informality. An extensive survey
across 157 Brazilian municipalities used an ensemble k-modes clustering method to identify
four distinct typologies of informal settlements, illustrating the heterogeneity of these ter-
ritories and the need for context-aware models [3]. Furthermore, the increasing interest in
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interpretable machine learning has motivated the use of models that balance predictive ac-
curacy with transparency. In particular, Generalized Additive Models with pairwise interac-
tions (GA2M) [8] have demonstrated that intelligible models can approach the performance
of high-complexity black-box models. Together, these works demonstrate the growing effort
to combine multiple data sources, interpretable modeling, and computational methods to
support the identification and characterization of informal urban centers.

3 Proposed Methodology

The evaluation is conducted by holding out an entire hub (Porto Alegre) as the test set to
simulate real-world generalization to cities not present during model training.

3.1 Dataset Preparation

The initial stage consisted of preparing the spatial datasets used to generate the feature
matrix for modeling. Two primary geospatial layers were utilized: (i) a uniform grid of
approximately one-thousand-square-meter cells for six Brazilian urban hubs, and (ii) a
polygonal dataset representing mapped Informal Urban Centers (IUCs), each containing a
categorical variable (“V5a”) describing the type of informal settlement. Both datasets were
loaded using GeoPandas, with careful alignment of coordinate reference systems to ensure
overlay compatibility.

To associate each grid cell with potential IUC information, a spatial overlay operation
was performed. First, the intersection between the IUC polygons and the grid geometries
was computed, retaining only the intersecting portions and extracting the IUC label as-
sociated with each intersected cell. Because some IUC polygons intersect multiple cells,
which could lead to duplicated identifiers, only one unique TUC label was sampled per grid
cell using a groupwise sampling strategy. After removing geometries and retaining only the
semantic attributes, the full dataset was reconstructed by merging the intersecting labeled
cells with the remaining non-intersecting cells, producing a unified table in which every grid
cell is represented once.

The final product of the preparation stage was an aggregated dataset containing socioe-
conomic, infrastructural and demographic variables for each grid cell across the six hubs,
along with a target variable indicating the presence or absence of informal settlements.

Although the underlying dataset contains multiple categories of informal settlements
(e.g., favelas, housing complexes, irregular subdivisions), this study adopts a binary clas-
sification perspective, distinguishing only whether a grid cell corresponds to an Informal
Urban Center (target = 1) or not (target = 0). All categories in the “Vba” attribute were
consolidated into a single positive class, reflecting the practical goal of detecting informal
settlements broadly rather than differentiating among specific types. Grid cells without
intersection with any IUC polygon were labeled as negative cases.

This binary formulation simplifies the modeling objective and aligns with the research
goal of evaluating the model’s ability to generalize across heterogeneous urban environments.
To assess how well the model generalizes to unseen urban environments, the training set
was defined by excluding the target city entirely. All remaining hubs constituted the pool
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from which the model learned socioeconomic and infrastructural patterns associated with
informal settlements. The target city—e.g., Porto Alegre—was held out as a pure test set.

3.2 Propensity-Based Sample Reweighting

A significant methodological challenge arises from the heterogeneity between hubs. Each
city exhibits distinct socioeconomic distributions, spatial signatures, and sampling charac-
teristics. Directly training a model by pooling all remaining hubs risks overweighting the
most populous cities and underrepresenting those with fewer observations. To mitigate this
imbalance and promote fairer cross-city generalization, a propensity-score weighting scheme
was implemented.

For each city selected as the evaluation target, a binary indicator variable was created to
specify whether each observation originated from that city. Using this indicator as the re-
sponse variable, a Random Forest classifier was trained to estimate the probability that any
given geographical cell belonged to the target city based solely on its feature profile. These
estimated probabilities were then interpreted as propensity scores and assigned as sample
weights during model training. The incorporation of these weights serves a dual purpose: it
mitigates the risk of the classifier overfitting to cities with larger sample sizes and rebalances
the influence of the training data so that cells whose characteristics more closely resemble
those of the target city contribute more strongly to parameter estimation. In this way, the
weighted training process ensures that the learned model more faithfully approximates the
distributional structure of the target city, enabling a more realistic evaluation of cross-city
generalization.

This reweighting method is particularly relevant when evaluating generalization per-
formance in a leave-one-city-out setup, where the target city is entirely excluded from the
training data.

3.3 Model Training Using Explainable Boosting Machines (EBM)

The predictive model adopted in this study is the Explainable Boosting Machine (EBM), a
modern glass-box learning algorithm that extends the framework of Generalized Additive
Models (GAMs) by incorporating a small number of pairwise interaction terms [8]. Unlike
traditional black-box approaches such as deep neural networks or ensemble tree models,
EBMs are explicitly designed to remain transparent while achieving competitive predictive
performance. This makes them particularly suitable for studies involving urban inequality,
territorial vulnerability, and public policy, where model interpretability is not only desirable
but often required for accountability and deployability.

EBMs achieve interpretability through their structure: the predicted outcome is mod-
eled as the sum of independently learned shape functions, each describing the marginal
effect of a single feature, plus optional two-feature interaction terms chosen only when they
significantly improve model quality. Because each component of an EBM is either one-
dimensional (for single features) or two-dimensional (for interactions), the full model can
be visualized and inspected by domain specialists. These visual explanations take the form
of intuitive plots showing how changes in a given covariate affect the predicted probability of
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a cell being classified as an informal urban center. Such transparency is especially valuable
in the Brazilian context, where informal-settlement classification involves complex socioe-
conomic, infrastructural, and spatial indicators that must be interpretable by planners,
policymakers, and local researchers.

The appropriateness of EBMs for this dataset stems from both methodological and sub-
stantive considerations. First, the high-dimensional yet structured feature space—composed
of demographic densities, economic variables, mobility indicators, and infrastructural mea-
sures—aligns well with EBM’s ability to learn smooth, non-linear effects without overfit-
ting. Second, the heterogeneity across urban hubs requires a model capable of capturing
hub-specific relationships while remaining globally interpretable, allowing analysts to com-
pare how features behave differently across regions. Third, because part of the classification
task concerns understanding why certain areas are likely to be informal, not merely pre-
dicting whether they are, interpretability is a methodological requirement rather than a
convenience.

Training the EBM involved using the feature matrix derived from all hubs except the
one withheld for testing, along with the propensity-score sample weights described in Sec-
tion 3.2. These weights guide the model to account for distributional differences between
hubs, improving its ability to generalize to the held-out city.

3.4 Hyperparameter Optimization via Grid Search

To identify the optimal configuration of the EBM model, a multi-dimensional grid search
was conducted using 3-fold cross-validation, weighted by the propensity scores. The search
space explored parameters including learning rate, number of bins, number of leaves, max-
imum boosting rounds, and interaction depth. The objective function for selection was the
Area Under the ROC Curve (AUC), which is appropriate for binary detection tasks with
imbalanced classes.

The best-performing hyperparameters—defined by the highest cross-validated AUC—were
then used to instantiate a final EBM classifier trained on the full training dataset (excluding
the target city).

3.5 Model Evaluation on the Held-Out City

The final stage consisted of evaluating the tuned model on the target city. Predictions were
computed using the predict_proba function to obtain continuous estimated probabilities
of belonging to an informal settlement. The principal performance metric was the AUC,
which summarizes the model’s ability to rank positive cases above negative ones regardless
of classification threshold.

By testing on a completely unseen city, this evaluation reflects the model’s robustness
to geographic distribution shift and its capacity to generalize across urban environments
with distinct development patterns, socioeconomic compositions, and spatial structures.
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3.6 Baseline Modeling Pipeline Without Sample Weights

In addition to the propensity-weighted approach, a second modeling pipeline was devel-
oped—an unweighted baseline algorithm—to isolate the impact of sample weighting on
cross-hub generalization. This additional algorithm follows the same structure: splitting
the dataset into training hubs and a held-out test hub, performing hyperparameter tuning
via grid search, training an EBM model with the best parameters, and finally computing
the ROC-AUC score on the test hub. By removing the influence of the weighting scheme,
this secondary pipeline serves as a control model that illustrates how much predictive im-
provement can be attributed specifically to the weighting strategy.

This baseline algorithm was fully implemented and executed, producing a trained EBM
model for the same test hub used in the weighted approach. Both models—weighted and
unweighted—were saved, evaluated, and inspected using global explainability visualizations
provided by the interpret package.

4 Results

This section presents the empirical findings obtained from the two modeling strategies
developed in this study: (i) the weighted propensity-based model, in which samples were
reweighted according to their estimated probability of belonging to the target hub, and
(ii) the standard model, trained without the use of sample weights. In both cases, the
Explainable Boosting Machine (EBM) served as the classifier, and the city of Porto Alegre
was held out as the test hub to assess the generalization capability of the models under
cross-hub transfer.

4.1 Model Performance

The weighted model achieved an Area Under the ROC Curve (AUC) of 0.826 when pre-
dicting informal urban centers in the test hub. This value indicates a strong discriminatory
capacity, especially considering the cross-hub distribution shift present in the dataset. The
inclusion of sample weights appears to have improved the model’s robustness in handling
inter-hub heterogeneity, yielding better separation between informal and non-informal ur-
ban cells during evaluation.

In contrast, the standard model, trained without sample-weighting and relying solely on
the training hub’s feature distributions, achieved a slightly lower AUC of 0.818 on the same
test split. Although the performance remains high, the decrease relative to the weighted
model suggests that the reweighting strategy provided a small but meaningful improvement
when confronting distributional differences between hubs.

4.2 Feature Importance Analysis

Beyond overall predictive performance, the Explainable Boosting Machine provides inter-
pretable importance rankings for each feature. These rankings offer insight into which
socioeconomic and infrastructural indicators contribute most to identifying informal urban
centers.
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For the weighted model, the five most influential features were, in descending order of
importance:

1. NDenPop — Population density per km?

2. DomNBanHab — Average number of bathrooms per resident

w

. RenRespMedia — Average income of household head
4. NDemDom — Household density per km?

5. Viasb0m — Percentage of the analysis unit’s area located within 50 meters of the
motor-vehicle road

For the standard model, the relative importance of features showed a slightly different
ordering:

1. DomNBanHab
2. Viasb0m
3. RenRespMedia
4. NDenPop

5. NResp30 — Percentage of household heads under 30 years old

This divergence between the models indicates that the weighting procedure not only
improves performance but also affects how the model interprets the underlying structure of
the data.

5 Discussion

The comparative evaluation of the weighted and standard modeling strategies provides im-
portant insights into the challenges associated with detecting informal urban centers across
heterogeneous Brazilian urban hubs. The use of sample weights based on a propensity
model—designed to mitigate the distribution shift between the target city (Porto Alegre)
and the remaining hubs—yielded a marginal improvement in predictive performance, with
an AUC of 0.826 compared to 0.818 for the standard EBM model. Although numerically
modest, this increase suggests that weighting observations to account for hub-level dispari-
ties may contribute to a more robust generalization when applying the model to an unseen
geographic context.

The analysis of feature importance further illustrates differences in how each model
internally represents the structure of the classification task. In the weighted EBM, vari-
ables related to population density (NDenPop) and the number of bathrooms per resident
(DomNBanHab) emerged as the most influential predictors, followed by income (RenResp-
Media), household density (NDemDom), and proximity to road networks (Vias50m). This
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ordering is consistent with qualitative descriptions of informal settlements: densely pop-
ulated areas with lower median income levels typically align with patterns of precarious
urban occupation.

6 Conclusion

This work investigated the use of Explainable Boosting Machines for the binary classifi-
cation of Informal Urban Centers across multiple Brazilian urban hubs. By comparing a
standard training strategy with a weighted approach designed to mitigate inter-hub dis-
tribution differences, the results indicate that both models achieved strong predictive per-
formance, with a slight advantage for the weighted version (AUC = 0.826 versus 0.818).
Beyond performance, the analysis of feature importance revealed consistent patterns across
models, highlighting the relevance of population density, household bathroom availability,
income characteristics, and road-network proximity in the identification of informal areas.
These findings demonstrate not only the feasibility of applying transparent machine-learning
models to complex urban-socioeconomic data, but also the value of weighting strategies in
improving generalization to previously unseen hubs.

Despite these positive results, an important limitation of the present study is that model
evaluation was carried out using a single held-out hub—Porto Alegre. While this choice
provides an initial perspective on cross-hub generalization, it does not capture the full vari-
ability of socioeconomic structures, urban morphologies, and patterns of informality present
across Brazil’s diverse urban regions. Evaluating the model sequentially on all hubs, or em-
ploying a leave-one-hub-out validation framework, would provide a more comprehensive
assessment of robustness and distributional sensitivity. Furthermore, hub-specific idiosyn-
crasies may influence both the learned feature effects and the effectiveness of the weighting
strategy, suggesting that broader evaluation is necessary to confirm the general applicability
of the method.

Future work should therefore focus on expanding the evaluation to all available hubs
and incorporating more systematic domain-adaptation techniques to enhance prediction
performance. These steps would strengthen the reliability of EBM-based frameworks for
supporting urban-planning interventions and deepen the understanding of informal-urban
dynamics across heterogeneous territories.
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