
Distance to cycling network 

Partiu BH com um dia de atraso, em 
Aeroporto de Lisboa

Applying a Model-Agnostic Machine Learning method to 
investigate urban environmental factors Influencing social 

media-based hedonic well-being
Iuria Betco*, Cláudia M. Viana, Eduardo Gomes and Jorge Rocha 
* Centre of Geographical Studies, Institute of Geography and Spatial Planning, University of Lisbon; betcoiuria@edu.ulisboa.pt

INTRODUCTION1
While life quality improves, mental health issues rise, especially in
industrialized nations (Hidaka, 2012), mainly due to urban lifestyles
(Reeves et al., 2011). The transformation of urban space, alongside
the digitization of society, enables knowledge about how individual
well-being is influenced by the surrounding built environment
(Romice et al., 2016). Content generated by internet users on social
networks provides information about users and their environment
(Aloufi et al., 2017).

OBJECTIVE2
• To identify which urban characteristics in the city of Lisbon

affected well-being in 2019 using georeferenced comments on X
(formerly Twitter) and machine learning algorithms (XGBoost).

• Generate explanations for the predictions of machine learning
models using model-agnostic methods (Kernel SHAP).

• Evaluate variable importance, offering explanations both globally
(what the model learned) and locally (individual predictions).

EXPLANATORY VARIABLES5

POPULARITY

Analysis of the 
popularity of spaces in 

the city (likes/km2) -
Flickr

URBAN FORM 
INDICES

Relative richness, 
diversity, dominance, 
and fragmentation -
Land Use and Cover

POINTS OF INTEREST

Determination of 
distance to facilities -

Lisbon City Hall

GREEN & BLUE 
STRUCTURE

Built Area Index, Non-
Homogeneous 
Characteristics 

Difference Index, Water 
Index - WorldView-2 

NOISE

Use of the Global Noise 
Map (Lden) of Lisbon -

Lisbon City Hall

CRIMINALITY

Identification of the most 
unsafe areas based on 
crime density - Public 

Security Police

STREET FRIENDLINESS

Determination of global 
solar radiation and street 

width - Lidar

POLUTION

Calculation of the daily 
average (9-19h) of pollutant 
emissions: PM10, NO2, and 

O3 - Portuguese 
Environmental Agency

AGE OF 
BUILDINGS

Determination of the 
average weighted age of 

buildings - National 
Statistics Institute

METHODOLOGY3

MODEL-AGNOSTIC6

SHAP 
Summary
Plot

38.771697, -9.130301
@48094613

20:04 – 17 Jun 2019

Distance to cycling network = 603

Distance to fitness eq. = 645

Distance to green corridor =541    

Weighted a. age of buildings = 29 

Solar energy = 5838  

Distance to green spaces = 182  

Density of Likes = 182933  

NDVI = 0.061

Street Width = 36 

Global Noise = 60 

Machine learning models are advantageous for policymakers, as
they provide information that can guide decision-making.

Model-agnostic methods, especially those based on game theory
(SHAP), play a crucial role in this type of analysis.
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SENTIMENT ANALYSIS4

LOCAL RESULTS8

GLOBAL RESULTS7

CONCLUSIONS9

Feature contribution

Increases

Decreases

Distance to cycling network 

Distance to fitness equipment

Normalized Difference Vegetation
Index

Global noise

Distance to green corridor

Distance to green spaces

Density of likes on Flickr photos

Solar energy

Weighted average age of the building

Street width

Kernel SHAP

References:
Aloufi, S., Zhu, S., & El Saddik, A. (2017). On the Prediction of Flickr Image Popularity by Analyzing Heterogeneous Social Sensory Data. In Sensors (Vol. 17, Issue 3). https://doi.org/10.3390/s17030631
Hidaka, B. H. (2012). Depression as a disease of modernity: explanations for increasing prevalence. National Institutes of Health, 140 (3), 205–214. DOI: https://doi.org/10.1016/j.jad.2011.12.036.Depression
Lima, A. R., Cannon, A. J., & Hsieh, W. W. (2015). Nonlinear regression in environmental sciences using extreme learning machines: A comparative evaluation. Environmental Modelling & Software, 73, 175–188.
https://doi.org/https://doi.org/10.1016/j.envsoft.2015.08.002
Molnar, C. (2019). Interpretable Machine Learning: A Guide for Making Black Box Models Explainable. Independently published.
Reeves, W. C., Strine, T. W., Pratt, L. A., Thompson, W., Ahluwalia, I., Dhingra, S. S., McKnight-Eily, L. R., Harrison, L., D’Angelo, D. V., Williams, L., Morrow, B., Gould, D., & Safran, M. A. (2011). Mental Illness
Surveillance Among Adults in the United States. 60.
Romice, O., Thwaites, K., Porta, S., Greaves, M., Barbour, G., & Pasino, P. (2016). City form and wellbeing. In O. Fleury-Bahi, Ghozlane, Pol, Enric, Navarro (Ed.), The Handbook of Environmental Psychology and
Quality of Life Research (Issue January, pp. 241–273). Springer. https://doi.org/10.1007/978-3-319-31416-7_14

NRC Emotion Lexicon

Machine Learning

A subfield of artificial 
intelligence (AI), successfully 
overcoming the limitations of 

empirical and conventional 
statistical methods  (A. R. Lima 

et al., 2015).

Model-agnostic

An interpretation method 
that provides explanations 

of machine machine
learning behavior (Molnar, 

2019). 

+3
É divertido efetuar análises de sentimento!

+3                          +1
Fico triste ao ler um comentário negativo

Data collection and

preprocessing

EmoLex

1919 

comments

Sentiment

Dependent Explanatory

30 variables

Multicollinearity

diagnosis

Machine Learning

Model-agnostic

Global and local 

interpretability

XGBoost

SHAP


