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Featured Application 

The workflow proposed in this study can be readily applied to environmental education, 

air-quality management, and citizen-science initiatives. It offers a fully reproducible 

framework that integrates open urban data with R-based analysis and forecasting, ena-

bling educators, students, and local administrations to examine real atmospheric patterns, 

assess pollution dynamics, and design data-driven sustainability actions. The same ap-

proach can be adapted to other cities or environmental domains where open data and 

civic participation intersect. 

Abstract 

Open urban environmental data offer a unique opportunity to connect scientific research, 

education, and citizen participation. This study presents a reproducible workflow devel-

oped in the Quarto–R environment to analyse and model air-quality dynamics in Madrid 

between 2020 and 2024. The workflow integrates data acquisition, validation, harmonisa-

tion, exploratory analysis, and forecasting using the Prophet model. The analysis focuses 

on nitrogen dioxide (NO₂) and ozone (O₃) as representative pollutants of traffic emissions 

and photochemical processes. Results show a marked decline in NO₂ concentrations 

across traffic stations and a parallel rise in O₃ levels in suburban areas, reflecting the com-

bined effects of emission control and regional transport. 

Beyond its scientific contribution, the Quarto–R workflow functions as a pedagogical tool 

that embeds transparency, traceability, and active learning throughout the analytical pro-

cess. By enabling students and researchers to reproduce every step—from raw data to 

interpreted results—it strengthens data literacy and fosters a deeper understanding of ur-

ban sustainability. The framework exemplifies how open data and reproducible compu-

ting can be integrated into STEM education and citizen-science initiatives, promoting both 

environmental awareness and methodological integrity. 

Keywords: Reproducible learning; Open environmental data; Citizen science; Air quality; 
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Academic Editor: Firstname Last-

name 

Received: date 

Revised: date 

Accepted: date 

Published: date 

Citation: To be added by editorial 

staff during production. 

Copyright: © 2025 by the authors. 

Submitted for possible open access 

publication under the terms and 

conditions of the Creative Commons 

Attribution (CC BY) license 

(https://creativecommons.org/li-

censes/by/4.0/). 



Appl. Sci. 2025, 15, x FOR PEER REVIEW 2 of 17 
 

1. Introduction 

Urban air quality remains a critical challenge for both environmental management 

and public health. Over recent decades, concentrations of nitrogen dioxide (NO₂) and 

ozone (O₃) have been the focus of sustained monitoring because of their direct connection 

to road traffic emissions and secondary photochemical processes that affect human health 

and atmospheric balance. Numerous studies have documented their impact on mortality 

and morbidity across different time scales, underlining the need to strengthen monitoring 

and modelling systems in urban environments. For example, Bell et al. reported a signifi-

cant association between daily ozone levels and mortality across 95 urban communities in 

the United States [1]. 

Against this backdrop, the expansion of open-data policies offers an exceptional op-

portunity to link atmospheric science with public engagement and education. Yet, the in-

corporation of real environmental datasets into university teaching remains rare—largely 

because of the lack of reproducible workflows and accessible tools that allow data to be 

analysed, visualised, and interpreted coherently. Reproducible research has emerged in 

recent years as a response to the replication crisis in science. Peng defined it as the practice 

of accompanying every result with the data and code required for its full reproduction [2]. 

Sandve et al. emphasised the importance of traceability, version control, and the doc-

umentation of all computational steps [3], while Nosek et al. promoted a culture of open 

research as a means to enhance trust, transparency, and scientific progress [4]. Munafò et 

al. further identified reproducibility as a cornerstone of scientific integrity and higher ed-

ucation [5]. 

In parallel, the development of literate programming and integrated documentation 

environments such as Quarto and R Markdown has made it possible to unite narrative, 

code, and results within a single executable document. Rule et al. describe this conver-

gence as an effective and transparent way to teach and share computational analyses [6]. 

Rooted in Knuth’s original philosophy, this paradigm has been widely adopted across 

reproducible research and STEM education. 

Urban air-quality research has also benefited from the rise of open-source analytical 

tools. Carslaw and Ropkins developed openair, an R package that democratised atmos-

pheric-data analysis through reproducible functions and standardised visualisations [7]. 

In Madrid, recent studies have demonstrated that low-emission policies have substan-

tially reduced NO₂ concentrations over the past decade, illustrating the value of open data 

for evaluating urban interventions [8]. 

Citizen science, in turn, has become a valuable complement to official monitoring 

networks. Castell et al. showed that low-cost sensors can extend spatial coverage and in-

crease participants’ environmental awareness [9]. However, their reliability depends on 

rigorous calibration and harmonised protocols, as highlighted by Karagulian et al. [10]. 

These advances open new avenues for integrating environmental measurement, data 

analysis, and public participation within educational projects. 

During the COVID-19 lockdowns, an inverse photochemical relationship between 

NO₂ and O₃ was observed, characterised by decreases in the former and rises in the latter. 

Sicard et al. [11] described this dynamic in detail, providing a compelling case for teaching 

that connects real atmospheric processes with statistical interpretation and predictive 

modelling. 

In terms of modelling, both time-series and machine-learning approaches have 

proved effective for forecasting pollutant concentrations. Taylor and Letham introduced 

Prophet, a robust additive model capable of capturing multiple seasonalities and struc-

tural changes in environmental data [12]. Shen et al. [13] successfully applied Prophet to 

air-quality prediction in Indian cities, achieving superior performance to classical models, 
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while Middya et al. [14] demonstrated that LSTM neural networks can capture complex 

temporal dependencies in NO₂ and PM₂.₅ concentrations. 

Complementary studies have highlighted the role of artificial intelligence and bibli-

ometric analysis in tracing the evolution of atmospheric forecasting and smart-city re-

search, revealing emerging trends and methodological gaps [15]. These contributions re-

inforce the relevance of combining predictive modelling with reproducible analytical 

practices in urban-pollution research. 

Drawing upon this literature, the present study proposes a reproducible Quarto–R 

workflow to analyse, visualise, and model NO₂ and O₃ in Madrid during 2020–2024, using 

only open municipal data. Its contribution is twofold: scientific, by offering a transparent 

and verifiable analytical pipeline; and educational, by transforming that pipeline into an 

active-learning tool for STEM programmes. 

The remainder of this article is structured as follows: Section 2 (Methods) details the 

data sources, cleaning, harmonisation, and modelling procedures; Section 3 (Results) pre-

sents the spatial and temporal patterns together with Prophet’s performance; Section 4 

(Discussion) interprets the findings from both scientific and pedagogical perspectives; and 

Section 5 (Conclusions) synthesises the main contributions and outlines future educational 

applications and extensions of the Quarto–R approach. 

2. Materials and Methods 

The complete data-processing and learning workflow is summarized in Fig. 1. It il-

lustrates the five main phases connecting open environmental datasets with reproducible 

analysis and educational outcomes. Each stage is described in the following subsections. 

 

 

Figure 1. Workflow linking open environmental data, reproducible analysis, and STEM learning 

through the Quarto–R environment. Source: authors (2025) 

2.1 Open Data Sources 

The datasets analysed in this study were obtained from the Open Data Portal of the 

Madrid City Council, which provides hourly and daily records from the city’s air-quality 

monitoring and meteorological networks for the period 2020–2024. 
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Figure 2 summarises the spatial structure and measurement scope of these networks, 

defining the geographical domain of analysis and demonstrating the homogeneous cov-

erage of Madrid’s observation system. 

 

 

 

(a) (b) 

Figure 2. Spatial analysis of Madrid’s open environmental monitoring networks during 2020–2024: 

(a) spatial distribution and measurement scope of air-quality monitoring stations; (b) number of 

pollutants measured at each station. 

The three site categories considered are Urban Traffic, Urban Background, and Sub-

urban, as defined by the local air-quality network. Colors in both panels correspond to 

these categories, while symbol size in Fig. 2a indicates the number of pollutants measured. 

The bar chart (Fig. 2b) details pollutant coverage for each station, showing that Urban 

Traffic sites measure the broadest range of pollutants, followed by Urban Background and 

Suburban locations. This configuration confirms the spatial and functional representative-

ness of Madrid’s monitoring network and its suitability for urban-scale analysis. 

The datasets include concentrations of NO2, O3, PM10, PM2.5, SO2, and CO, together 

with meteorological variables such as air temperature, solar radiation, relative humidity, 

wind speed and direction, and precipitation. Each record contains a validation code (“V”) 

ensuring data reliability. The adoption of the ETRS89 coordinate reference system facili-

tates spatial harmonisation and visualisation of all stations. 

The use of open urban datasets aligns with the principles of transparency, interoper-

ability, and reproducibility promoted by modern data science frameworks [16]. These 

open resources form the foundation of the reproducible workflow described in the fol-

lowing section, which details the phases of data cleaning and harmonisation prior to sta-

tistical and predictive analysis. 

 

 

2.2. Processing and Validation 

All data processing was performed entirely in R (version 4.3) within the Quarto en-

vironment, allowing code, narrative text, and analytical results to be integrated into a sin-

gle reproducible document. This approach ensures full traceability of each transformation 



Appl. Sci. 2025, 15, x FOR PEER REVIEW 5 of 17 
 

and facilitates verification of the analytical workflow. The adoption of literate-program-

ming environments such as Quarto and R Markdown supports transparent and reproduc-

ible research practices [17]. 

The preprocessing workflow comprised sequential stages of data cleaning and har-

monisation to generate a coherent and internally consistent dataset. All date and time 

fields were converted to the ISO 8601 standard to ensure temporal synchronisation be-

tween air-quality and meteorological series. Only records with official validation (V) were 

retained according to the quality-assurance criteria established by the Madrid City Coun-

cil. Unvalidated or duplicated observations were discarded, and numeric variables were 

standardised to a unified decimal format. 

Column structures were reshaped through pivoting operations to harmonise pollu-

tant readings across hourly files, and variable names were unified according to the 

metadata scheme of the Madrid Open Data Portal. The resulting datasets were merged by 

station code and date, generating a tidy, analysis-ready structure consistent with the re-

producible standards of the tidyverse ecosystem [18]. 

Fig. 3 summarises the main stages of the cleaning and validation pipeline, from the 

import of raw CSV files to the integration of validated air-quality and meteorological data. 

 

 

Figure 3. Data harmonisation and quality-control pipeline for air-quality datasets. Data source: Ma-

drid Open Data Portal (2020–2024). 

Daily means were then computed from hourly observations, and outliers were miti-

gated by winsorisation, replacing values beyond the 1st–99th percentile range with the 

corresponding thresholds. This procedure preserved the temporal integrity of the series 

while reducing the influence of anomalous peaks. The final merged dataset maintained 

comparability across stations and time periods, forming the basis for the exploratory and 

predictive analyses described in Section 3. Documenting each stage of preprocessing is 

essential for computational reproducibility and scientific accountability [19]. 

2.3. Exploratory Analysis 

The exploratory analysis focused on nitrogen dioxide (NO₂) and ozone (O3), pollu-

tants selected for their urban relevance and contrasting atmospheric behaviour. While 

NO₂ primarily reflects local traffic-related emissions, O3 acts as a secondary pollutant 

formed through photochemical reactions driven by solar radiation and air-mass stability. 

Daily and monthly averages were computed, together with seasonal statistics by station 

type (urban traffic, urban background, and suburban) and year. These indicators revealed 

the dominant spatiotemporal dynamics across the 2020–2024 period. 

As shown in Fig. 4, NO₂ concentrations exhibit a steady decrease over the study pe-

riod, particularly at traffic-related monitoring sites, reflecting the effect of mobility re-

strictions during and after the COVID-19 pandemic. Conversely, O3 levels display a rela-

tive increase in peripheral areas, confirming the inverse relationship typically observed 

between these pollutants in Mediterranean urban environments [20]. 

 



Appl. Sci. 2025, 15, x FOR PEER REVIEW 6 of 17 
 

 

Figure 4. Annual variability of NO₂ and O3 concentrations in Madrid (2020–2024). Data source: Ma-

drid Open Data Portal. 

All visualisations were produced using the ggplot2 package, following the Grammar 

of Graphics framework proposed by Wickham [21]. This methodological approach en-

sures analytical transparency and facilitates reproducible comparisons across pollutants 

and station typologies. The use of boxplots provides a concise visualisation of intra-an-

nual variability and inter-site dispersion, complementing subsequent predictive model-

ling. 

Earlier studies support these findings. Grange et al. [22] demonstrated the effective-

ness of meteorological normalisation for interpreting long-term air-quality trends, while 

Sicard et al. [23] documented the opposing responses of NO₂ and O3 during COVID-19 

mobility restrictions, reinforcing the patterns observed here. 

2.4. Reproductible Report 

The forecasting analysis applied the Prophet model to simulate daily concentrations 

of NO₂ and O3 between 2020 and 2024, extending the predictions by 90 days beyond the 

observed period. Prophet combines additive components for trend, yearly and weekly 

seasonality, and changepoints to represent both long-term dynamics and short-term var-

iability in urban air quality. Model configuration was optimised by increasing change-

point flexibility and Fourier terms to enhance sensitivity to abrupt variations associated 

with the COVID-19 lockdown and the subsequent recovery of urban traffic. 

Fig. 5 presents the observed and Prophet-predicted daily concentrations of NO₂ (a) 

and O3 (b). The results show strong correspondence between observed and estimated val-

ues, with performance metrics of MAE = 8.31 µg/m³ and RMSE = 10.99 µg/m³ for NO₂, and 

MAE = 10.33 µg/m³ and RMSE = 12.64 µg/m³ for O3. The NO₂ forecasts accurately repro-

duced the sharp decrease during the 2020 confinement, followed by a progressive re-

bound linked to traffic recovery. In contrast, O3 exhibited the inverse pattern, with well-

defined summer peaks and the photochemical oscillations typical of Mediterranean urban 

atmospheres [24]. 
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Figure 5. Prophet-based forecasting of daily NO₂ (a) and O3 (b) concentrations in Madrid (2020–

2024). Data source: Madrid Open Data Portal. 

These results illustrate how a simple statistical structure can capture complex envi-

ronmental dynamics when embedded within an open and transparent workflow. The 

Prophet implementation in Quarto–R ensures traceability of data, code, and outputs in 

accordance with reproducibility standards for computational research [25]. Beyond its 

predictive accuracy, the model aligns with current trends in interpretable machine learn-

ing, which emphasise explainability over complexity [26]. 

This workflow also builds on hybrid Prophet–LSTM frameworks that integrate deep 

learning to refine forecasts and enhance temporal sensitivity [27]. 

In methodological terms, Prophet’s performance remains consistent with the evalu-

ation principles established by Hyndman and Koehler [28], confirming its suitability for 

daily-scale forecasting in complex urban contexts. 

2.5. Learning Impact 

 Each stage of the workflow—from data access to forecasting—was documented in 

a single Quarto file, including package versions and random seed specifications. This 

structure ensures full reproducibility in line with international standards on computa-

tional transparency and open-science practices [29]. 

Figure 6 illustrates the learning and reproducibility ecosystem linking open data, 

computational analysis, and STEM education through the Quarto–R environment. The 

diagram shows how environmental datasets feed into reproducible analysis (R + tidyverse 
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+ Prophet), exploratory forecasting, and documentation, ultimately supporting STEM and 

citizen learning. 

 

 
 

Figure 6. Learning and reproducibility ecosystem connecting open data, computational analysis, 

and STEM education through the Quarto–R environment. Source: authors’ elaboration. 

This workflow enables users to follow the entire analytical process within one coher-

ent and transparent environment, reinforcing both methodological and pedagogical ob-

jectives. Beyond its technical value, the approach nurtures scientific and digital literacy 

through open-source tools that empower students, educators, and citizens to explore en-

vironmental data, interpret variability, and reflect on urban implications. 

Embedding reproducible workflows in air-quality education strengthens STEM com-

petences, deepens environmental awareness, and fosters civic engagement in data-driven 

science. Such alignment between computational transparency and educational innovation 

supports the development of critical data literacies in higher education [30]. 

2.6. Meteorological Covariates 

Meteorological conditions exert a fundamental influence on the formation, disper-

sion, and transformation of air pollutants in urban environments. Temperature, humidity, 

wind speed, and solar radiation directly affect photochemical reactions and pollutant di-

lution, shaping the daily variability of nitrogen dioxide (NO2) and ozone (O3). 

In this study, meteorological parameters were incorporated as contextual covariates to 

complement the interpretation of NO2 and O3 dynamics. Hourly datasets covering 2020–

2024 were retrieved from the Madrid Open Data Portal, providing harmonised records of 

temperature (°C), relative humidity (%), wind speed (m s-1), wind direction (°), solar radi-

ation (W m-2), and precipitation (mm), together with station metadata (ID, coordinates, 

altitude, and typology). 

Data processing followed a transparent R–Quarto workflow summarised in Fig. 7, 

which depicts three sequential stages: (i) data inputs (meteorological variables and station 

metadata); (ii) data processing (import, restructuring of hourly fields H01–H24, filtering 

of validated observations, aggregation to daily means, and derivation of dynamic covari-

ates u, v, calm and high-insolation days); and (iii) integration with validated NO2 and O3 

datasets by station and date. 
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Fig. 7 — Workflow for harmonising meteorological data and integrating them with air-quality ob-

servations in R–Quarto (2020–2024). 

The resulting harmonised database links atmospheric chemistry and meteorological 

variability at a daily scale. The derived variables and their analytical rationale are sum-

marised in Table 2, which supports the correlation and forecasting analyses presented in 

Section 3. 

Table 2. Meteorological variables and derived covariates included in the analysis (2020–2024) 

 

Variable 
Sym-

bol 
Unit Aggregation method Scientific and analytical rationale 

Air temperature T °C Daily mean 
Controls reaction rates and thermal stability; high 

 temperatures enhance O3 formation. 

Relative humid-

ity 
RH % Daily mean 

Modulates boundary-layer mixing and heterogeneous 

chemistry. 

Wind speed WS m s-1 Daily mean 
Governs dispersion and ventilation; calm conditions 

favour pollutant accumulation. 

Wind direction WD ° Circular mean 
Identifies dominant flows and recirculation events in 

the Madrid basin. 

Solar radiation SR 
W m-

2 
Daily mean Photolysis driver for secondary pollutants such as O3. 

Precipitation P 
mm 

day⁻¹ 
Daily sum 

Indicates wet scavenging and atmospheric cleansing 

events. 

Zonal wind  

component 
u m s-1 

Derived from WS × 

sin(WD) 

Represents east-west advection for correlation  

analysis. 

Meridional  

wind compo-

nent 

v m s-1 
Derived from WS × 

cos(WD) 

Represents north-south advection for correlation  

analysis. 

Calm-day  

indicator 
calm 0/1 WS < 1 m s-1 

Identifies stagnation conditions promoting NO₂  

accumulation. 

High-insolation  

indicator 
hi_sun 0/1 SR > P75 

Marks days with intense solar activity enhancing  

photochemical O3 production. 

     

Data source: Madrid Open Data Portal (2020–2024). Note: All variables were harmonised to daily 

resolution and synchronised with validated pollutant concentrations (NO₂, O3) by station and date. 
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From a scientific perspective, this integration quantifies how meteorological variabil-

ity governs pollutant behaviour in Mediterranean cities. The combined influence of tem-

perature, solar radiation, and calm winds promotes photochemical O3 episodes and NO₂ 

titration under stagnant conditions [31]. Studies across the Iberian Peninsula confirm that 

such patterns are modulated by seasonal radiation and synoptic pressure gradients [32]. 

From an educational standpoint, the reproducible workflow offers a tangible framework 

for interdisciplinary learning in R, allowing students and citizen scientists to explore how 

atmospheric processes affect air-quality patterns [33]. 

This approach strengthens inquiry-based STEM education by linking real-world data 

with analytical problem-solving [34]. Integrating transparent analytical pipelines into 

teaching promotes environmental data literacy and supports the pedagogical principles 

of open science [35]. 

3. Results 

The results are presented in three complementary subsections that describe, visual-

ise, and model the spatiotemporal dynamics of air pollutants in Madrid using open urban 

datasets. Section 3.1 examines temporal and spatial patterns of NO₂ and O₃, highlighting 

their contrasting behaviours across monitoring stations. Section 3.2 assesses the perfor-

mance of the Prophet forecasting model through quantitative and visual evaluation met-

rics, while Section 3.3 explores meteorological drivers and correlation patterns linking at-

mospheric conditions with pollutant variability. 

Together, these analyses demonstrate how reproducible workflows in R–Quarto can 

transform raw environmental data into structured knowledge, supporting both scientific 

interpretation and data-driven STEM learning [36]. 

3.1. Descriptive and Correlative Overview 

Daily concentrations of nitrogen dioxide (NO₂) and ozone (O₃) in Madrid between 

2020 and 2024 reveal marked contrasts in magnitude, variability, and seasonal behaviour. 

The distribution of NO₂ concentrations shows a sustained decline after the 2020 lockdown, 

stabilising between 25 and 30 µg m⁻³ from 2021 onwards. This reduction reflects the long-

term effect of mobility restrictions and the gradual recovery of traffic emissions [36]. The 

narrower interquartile ranges observed after 2021 indicate more homogeneous back-

ground levels, although occasional winter peaks persist due to local traffic episodes. 

Fig. 8 summarises these temporal patterns, comparing the annual distributions of 

NO₂ and O₃ concentrations across the 2020–2024 period. NO₂ levels display a downward 

trend, whereas O₃ shows a relative increase and wider dispersion, with annual medians 

centred around 50–70 µg m⁻³. 
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Figure 8. Annual distribution of daily NO₂ and O₃ concentrations in Madrid (2020–2024). Data 

source: Madrid Open Data Portal.  

The persistence of elevated O₃ despite the decline in NO₂ highlights the non-linear 

coupling between both pollutants, a characteristic feature of Mediterranean urban atmos-

pheres [37]. Reduced nitrogen oxide emissions under strong solar radiation favour ozone 

formation through photochemical compensation processes [38]. 

From a correlative perspective, the opposite evolution of NO₂ and O₃ underscores 

their diagnostic value as complementary indicators of urban air chemistry. These patterns 

reflect the dynamic balance between emission reductions, radiative forcing, and atmos-

pheric stability that defines Madrid’s basin. 

The integration of open datasets with reproducible R–Quarto workflows allows such 

complex relationships to be visualised transparently, transforming raw environmental 

data into accessible analytical resources for both scientific interpretation and STEM-ori-

ented learning. 

3.2. Temporal and Spatial Variabilidy 

The temporal evolution of nitrogen dioxide (NO₂) and ozone (O₃) in Madrid between 

2020 and 2024 reveals pronounced seasonal and spatial contrasts shaped by the city’s 

emission structure and meteorological dynamics. Monthly averages (Fig. 9a) show a per-

sistent winter–summer inversion: NO₂ peaks during colder months, when boundary-layer 

stability and limited ventilation constrain dispersion, whereas O₃ concentrations increase 

sharply from late spring to early autumn under strong solar radiation. This anti-phase 

pattern between primary and secondary pollutants characterises Mediterranean urban en-

vironments [39]. 

Fig. 9 summarises these dynamics across both time and space. Panel (a) displays the 

temporal variability of NO₂ and O₃, capturing the marked decline in NO₂ levels during 

2020, the progressive recovery associated with mobility resumption, and the intensifica-

tion of summer O₃ peaks in subsequent years. Panel (b) depicts spatial variability by mon-

itoring-site type, showing that Traffic stations consistently record the highest NO₂ con-

centrations, while Urban Background and Suburban sites exhibit higher O₃ values. This 

spatial inversion reflects the localised nature of NO₂ emissions and the regional photo-

chemical production of O₃ downwind of emission sources [40]. 
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Figure 9. Temporal and spatial variability of daily NO₂ and O₃ concentrations in Madrid (2020–

2024): (a) Monthly evolution of both pollutants. (b) Spatial gradients by station type. Data source: 

Madrid Open Data Portal. 

Traffic stations in Madrid primarily monitor primary pollutants such as NO₂ and 

particulate matter, while O₃ observations are restricted to background and suburban en-

vironments in line with European air-quality monitoring protocols. The persistence of 

these spatial contrasts, despite declining emissions, suggests that urban form and traffic 

intensity remain decisive factors in pollutant distribution across the Madrid basin. Com-

parable patterns have been reported for other Mediterranean cities where orography and 

recirculation favour pollutant accumulation. 

The predictive evaluation of these patterns using the Prophet model further confirms 

the reliability of the observed trends. As summarised in Table 3, model performance 

achieved MAE and RMSE values below 13 µg m⁻³ for both pollutants, reproducing the 

seasonal cycles and emission-related fluctuations observed in Fig. 9. 

Table 3. Prophet model performance metrics for NO₂ and O₃ concentrations in Madrid (2020–2024). 

Data source: Madrid Open Data Portal. 

 

The coherence between observed and predicted values illustrates how open urban 

datasets can be integrated into transparent forecasting workflows, combining statistical 

interpretability with scientific and educational relevance. This integrated approach sup-

ports reproducible urban-air analysis and provides an accessible resource for citizen en-

gagement in data-driven environmental learning. 

3.3. Prophet Model Performance 

The Prophet model was applied to forecast the daily evolution of NO₂ and O₃ con-

centrations in Madrid from 2020 to 2024. The model effectively reproduced the observed 

temporal patterns, capturing the post-pandemic decline in NO₂ and the recurrent summer 

peaks of O₃. Its additive components for trend and seasonality generalised well across 

multiple years, providing stable forecasts despite episodic fluctuations. 

Model evaluation achieved mean absolute error (MAE) and root mean square error 

(RMSE) values below 13 µg m⁻³ for both pollutants, confirming the suitability of Prophet 

for medium-term air-quality prediction based on open urban datasets. Beyond predictive 

accuracy, the approach offers pedagogical value: the interpretable decomposition of trend 

and seasonality allows students and citizen scientists to explore urban air dynamics 

within reproducible R–Quarto notebooks. 

To investigate how meteorological conditions influence pollutant behaviour, the 

forecasted series were compared with six atmospheric variables; temperature, wind 

speed, relative humidity, solar radiation, pressure, and precipitation, each normalised for 

visual consistency (Fig. 10). The multi-panel figure illustrates the joint temporal evolution 

of NO₂ and O₃ with these parameters, enabling a qualitative assessment of their relation-

ships. 

 

 

 

Pollutant 
Observed  

mean (µg m⁻³) 

Predicted  

mean (µg m⁻³) 

MAE  

(µg m⁻³) 

RMSE  

(µg m⁻³) 

NO₂ 28.6 27.9 8.31 10.99 

O₃ 57.4 56.2 10.33 12.64 
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Figure 10. Temporal comparison between NO₂ and O₃ concentrations and six meteorological varia-

bles in Madrid (2020–2024). Data source: Madrid Open Data Portal. 

O₃ concentrations increase under higher temperatures and enhanced solar radiation, 

confirming their dependence on photochemical reactions driven by sunlight and thermal 

stability. Atmospheric pressure also exhibits a moderate positive association with O₃, sug-

gesting that stable anticyclonic conditions promote pollutant accumulation in the Madrid 

basin. Conversely, NO₂ shows weak or no correlation with these meteorological factors, 

remaining mainly determined by local emissions and dispersion processes. 

These findings demonstrate that open-data forecasting workflows can integrate 

chemical and meteorological information within a transparent analytical framework. The 

combination of predictive modelling and environmental interpretation enhances both sci-

entific understanding and educational reproducibility, offering a transferable model for 

citizen-driven urban air-quality studies. 

4. Discussion 

The results confirm that reproducible workflows based on open environmental data 

can serve both scientific and educational purposes. The joint analysis of NO₂, O₃, and me-

teorological parameters clarifies the main atmospheric mechanisms governing urban air 

quality in Mediterranean climates, while also showing how transparent, code-driven 

methodologies can be embedded in teaching and citizen learning. 

From a scientific standpoint, the contrasting behaviour of NO₂ and O₃ between 2020 

and 2024 reflects a combination of emission changes and meteorological forcing. The 

steady decline in NO₂ after 2020 is consistent with the mobility restrictions and later im-

plementation of low-emission policies in Madrid [8,37]. Conversely, the relative increase 

in O₃ aligns with the well-known photochemical regime of southern European cities, 

where high temperatures and solar radiation favour secondary pollutant formation 

[31,32]. The Prophet model successfully reproduced these dynamics, showing low predic-

tion errors and stable seasonality across years, which validates its use for medium-term 

forecasting of urban pollutants. 

The correlations observed between O₃ and both temperature and solar radiation fur-

ther support the dominance of photochemical processes under anticyclonic conditions. 

Atmospheric pressure also appears to modulate O₃ variability, suggesting that stable 

high-pressure systems contribute to pollutant accumulation over the Madrid basin. In 

contrast, NO₂ concentrations showed only limited sensitivity to meteorological 
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variability, reflecting their direct dependence on local traffic emissions rather than on re-

gional weather patterns. These findings are coherent with studies reporting that ozone 

dynamics are mainly controlled by radiation and temperature, whereas nitrogen oxides 

respond to local combustion sources [32,34]. 

From an educational perspective, the open and reproducible workflow provides a 

framework where analytical transparency becomes part of the learning process itself. Each 

computational step—from data access to model evaluation—can be reproduced and 

adapted by students and citizen scientists, promoting data literacy and methodological 

integrity. Such design echoes international recommendations on computational reproduc-

ibility and open science education [29,30]. By integrating visualisation, statistical model-

ling, and open data principles within a single Quarto–R document, this study exemplifies 

how environmental monitoring can evolve into a participatory form of scientific inquiry. 

Beyond its technical scope, the approach demonstrates how reproducible analysis 

can bridge disciplinary boundaries between environmental science, computer program-

ming, and STEM education. Interpreting real data within transparent workflows not only 

enhances conceptual understanding but also fosters civic engagement and critical think-

ing. These aspects are increasingly valued in sustainability education and citizen science 

initiatives that rely on open environmental infrastructures. 

Future work could extend this reproducible framework by incorporating hybrid 

models such as Prophet–LSTM or by exploring pollutant–meteorology interactions under 

extreme events. Similarly, the development of interactive Shiny dashboards would ex-

pand public accessibility and allow educators to use live data in classroom activities. In 

this way, reproducible, open-source methodologies can consolidate their dual role: ad-

vancing environmental forecasting while cultivating scientific literacy and civic participa-

tion. 

5. Conclusions 

This study demonstrated how open environmental data and reproducible analytical 

workflows can be combined to advance both scientific understanding and educational 

innovation. Using air-quality and meteorological datasets from Madrid (2020–2024), the 

analysis revealed distinct temporal and spatial patterns of NO₂ and O₃, shaped by the 

interaction between emission dynamics and meteorological forcing. The Prophet model 

reproduced these variations with high accuracy, confirming its suitability for medium-

term forecasting in complex urban settings. 

Beyond its predictive performance, the integration of R–Quarto tools proved essen-

tial for ensuring transparency, traceability, and pedagogical value. Each computational 

step—from data cleaning to visualisation and modelling—was fully documented, provid-

ing an accessible platform for students and citizen scientists to reproduce the results and 

explore their own hypotheses. 

The findings reinforce the dual potential of open environmental data: they serve as a 

scientific resource for air-quality forecasting and as an educational instrument for devel-

oping digital and environmental literacy. Future extensions may include hybrid deep-

learning models, interactive dashboards, or broader citizen-science applications, strength-

ening the link between open data, sustainability, and participatory STEM learning. 
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