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Extended Abstract

Introduction

Rapid urbanization has intensified economic, social, and spatial challenges, particularly access to adequate and
affordable housing. Housing is not merely a shelter but a fundamental right encompassing security of tenure,
affordability, and access to infrastructure. Rental housing plays an essential role in urban development, yet
tenants may face rent increases, non-renewal of contracts, eviction, and repeated displacement. Moreover, the
diversity of factors affecting residential rents reduces market transparency and complicates decision-making for
tenants, landlords, investors, and policymakers.

These problems are especially important in Tehran, where chronic inflation, rising land and housing prices,
higher construction costs, and increasing demand have intensified pressure on the rental market. Although
machine-learning algorithms are increasingly used in property valuation, most previous studies have focused on
housing sale prices, macroeconomic indicators, time-series models, or a limited number of urban districts.
Property-level rent prediction across Tehran's 22 districts and comparison of several supervised algorithms
within a common framework remain limited. This study therefore aimed to identify the housing attributes with
the greatest explanatory power for rent prediction and to determine the optimal supervised machine-learning
model for Tehran's 22 districts. Its main contributions were its focus on rents rather than sale prices, use of
cross-sectional property-level data for all districts, uniform comparison of several algorithms, and district-scale
examination of variables and model performance.

Study Area

The study area was Tehran, covering approximately 615 km2 and containing a population of 8,693,706 with an
average household size of 2.9 persons. The city is divided into 22 municipal districts and 370 neighborhoods
and contains more than 2.6 million apartment units. Approximately 54% of residential units are owner-
occupied and nearly 43% are occupied by tenants. Tehran displays substantial spatial differentiation: northern
districts generally have higher land values, better services and infrastructure, and higher rents, whereas
southern districts commonly record lower rents and different physical and accessibility conditions.

Material and Methods

This applied, quantitative, cross-sectional study used supervised machine learning to classify residential rent
levels in Tehran. Rental-apartment advertisements were collected from the Divar online platform during a 30-
day period from December 1 to December 31, 2023. Proportional stratified sampling distributed observations
among the 22 districts according to their residential-unit stocks. From a total stock 9,891 listings were selected,
and 17 property-related features were recorded. These features covered district and neighborhood, building and
unit characteristics, amenities, geographical fields, floor area, building age, and total rent.

After missing observations and outliers were removed, 6,923 valid records remained. The data were divided
into training and test sets at a ratio of 70:30. Grid search and K-fold cross-validation were used for
hyperparameter optimization and model generalization. Ten classifiers were evaluated: decision tree, support
vector classifier, Gaussian naive Bayes, K-nearest neighbors, logistic regression, multilayer perceptron, random
forest, gradient boosting, AdaBoost, and XGBoost. Accuracy, precision, recall, F1-score, confusion matrices,
ROC curves, and ROC-AUC were used for evaluation.

Result and Discussion

The findings revealed a strongly polarized rental geography. Districts 1, 2, and 3, together with parts of
Districts 4 and 6, had rents above the city average, whereas southern districts generally recorded the lowest
nominal values. Inequality was also evident in dwelling size and amenities. One-bedroom units represented
approximately 66% of rentals in District 17, whereas more than 44% of units in affluent Districts 1 and 3 were
larger and had more rooms. Elevator availability ranged from 72% to 85% in Districts 1-6 but was below 45%
in Districts 11, 14, and 16.

Tree-based and ensemble models achieved the strongest performance. XGBoost ranked first, with accuracy of
0.981132, precision of 0.981250, recall of 0.979889, F1-score of 0.980569, and ROC-AUC of 0.998361.
Decision tree achieved accuracy of 0.963275, precision of 0.961246, recall of 0.963245, F1-score of 0.962245,
and ROC-AUC of 0.963274. Random forest also performed strongly, with accuracy of 0.953167, precision of
0.960424, recall of 0.942441, Fl-score of 0.951348, and ROC-AUC of 0.993411. Gradient boosting and
AdaBoost achieved accuracies of 0.941712 and 0.924191, respectively, while the remaining models produced
lower accuracies. The superior performance of tree-based algorithms was attributed to their ability to identify
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complex and nonlinear relationships among housing variables and their resistance to overfitting. These models
can reduce pricing uncertainty, assist landlords and investors in determining reasonable rents, and support
public institutions in market monitoring, taxation policy, and targeted rental-housing programs.

Conclusion

Supervised machine-learning algorithms, particularly XGBoost, showed strong capacity to classify residential
rental conditions across Tehran's 22 districts. The spatial analysis also demonstrated that rental inequality
extends beyond price: lower nominal rents in southern districts coexist with smaller dwellings, fewer amenities,
lower physical quality, weaker accessibility, and greater tenure insecurity. The findings can support more
informed decisions by tenants, landlords, real-estate professionals, investors, and policymakers.

The study was limited by the volume and diversity of available data. Future research can improve the models
by using larger datasets, macroeconomic indicators, socioeconomic characteristics of neighborhoods, additional
spatial and locational variables, and deep-learning approaches. Testing the models in other cities and regions
can assess their generalizability. Integrating economic, spatial, and physical variables with machine learning
can help identify districts exposed to rental pressure and support interventions directed toward affordability,
security of tenure, and spatial justice.

Key words: Residential rent prediction; supervised machine learning; predictive modelling; Tehran.
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4 Optimal Feature Selection
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2 Multicollinearity
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