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A B S T R A C T   

Objective: Headache is one of the most prevalent and disabling health conditions globally. We prospectively 
explored the urban exposome in relation to weekly occurrence of headache episodes using data from the Dutch 
population-based Occupational and Environmental Health Cohort Study (AMIGO). 
Material and Methods: Participants (N = 7,339) completed baseline and follow-up questionnaires in 2011 and 
2015, reporting headache frequency. Information on the urban exposome covered 80 exposures across 10 do
mains, such as air pollution, electromagnetic fields, and lifestyle and socio-demographic characteristics. We first 
identified all relevant exposures using the Boruta algorithm and then, for each exposure separately, we estimated 
the average treatment effect (ATE) and related standard error (SE) by training causal forests adjusted for age, 
depression diagnosis, painkiller use, general health indicator, sleep disturbance index and weekly occurrence of 
headache episodes at baseline. 
Results: Occurrence of weekly headache was 12.5 % at baseline and 11.1 % at follow-up. Boruta selected five air 
pollutants (NO2, NOX, PM10, silicon in PM10, iron in PM2.5) and one urban temperature measure (heat island 
effect) as factors contributing to the occurrence of weekly headache episodes at follow-up. The estimated causal 
effect of each exposure on weekly headache indicated positive associations. NO2 showed the largest effect (ATE 
= 0.007 per interquartile range (IQR) increase; SE = 0.004), followed by PM10 (ATE = 0.006 per IQR increase; 
SE = 0.004), heat island effect (ATE = 0.006 per one-degree Celsius increase; SE = 0.007), NOx (ATE = 0.004 per 
IQR increase; SE = 0.004), iron in PM2.5 (ATE = 0.003 per IQR increase; SE = 0.004), and silicon in PM10 (ATE 
= 0.003 per IQR increase; SE = 0.004). 
Conclusion: Our results suggested that exposure to air pollution and heat island effects contributed to the 
reporting of weekly headache episodes in the study population.   

1. Introduction 

Headache disorders, characterized by their diverse intensity and 
frequency, represent one of the most prevalent and incapacitating health 
conditions globally (GBD 2016 Headache Collaborators, 2018; Steiner 
and World Headache Alliance, 2004). 

While genetic factors have been acknowledged to play a role in the 
onset of headaches (Russell et al., 2006; Di Lorenzo et al., 2015), 
emerging research emphasizes the substantial impact of lifestyle and 
behavioral characteristics as well as environmental factors on the initi
ation and persistence of headaches (Molarius et al., 2008; Friedman and 

De Ver, 2009; Ulrich et al., 2004). As such, no single factor can be 
considered the sole trigger of headaches in the population; rather, their 
occurrence is likely the result of a combination of various factors 
including, among others, stress, lack of sleep, diet, analgesic overuse, 
environmental stressors, and urban temperature (Lee et al., 2018; Raucci 
et al., 2021; Winter et al., 2011; Holzhammer and Wöber, 2006; Rains 
and Poceta, 2012; Nash and Thebarge, 2006; Prince et al., 2004; Niki
forow and Hokkanen, 1978; Ashina et al., 2023). For instance, exposure 
to high levels of air pollution has been associated with an increased risk 
of hospitalization for headache (Dales et al., 2009). Similarly, exposure 
to specific chemicals, such as metals, has been suggested to increase 
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headache susceptibility (Donma and Donma, 2002). 
As we explore the impact of lifestyle factors, behavioral character

istics, and environmental stressors on headaches, it becomes evident 
that their intricate dynamics require a comprehensive understanding to 
inform targeted interventions and personalized approaches to headache 
management that cannot be achieved by considering each factor sepa
rately. The exposome is defined as the totality of exposures that in
dividuals encounter over their lifetimes and the biological reactions that 
these stressors produce (Vermeulen et al., 2020; Wild, 2005). As such, 
the urban exposome denotes a complex interplay between the built, 
social, chemical, food, and lifestyle aspects of the environment where 
people live. This interaction is characterized by persistent spatial and 
temporal variations in both quantitative and qualitative measures 
associated with different aspects of residential surroundings, and, as a 
consequence, these fluctuations may impact the well-being and health of 
individuals (Andrianou and Makris, 2018). 

To the best of our knowledge, the relationship between urban 
exposome and headache has not yet been explored. In this study, we 
aimed to prospectively evaluate factors related to reporting of weekly 
headache episodes, in a large study population relying on the exposome 
framework. We conducted an exploratory analysis using data from the 
urban exposome of the Dutch population-based Occupational and 
Environmental Health Cohort Study (AMIGO), which represents a rich 
dataset comprising detailed individual-level information on various 
determinants (e.g. chemical, biological, physical), lifestyle factors, and 
health conditions for over 14,000 participants. 

2. Methods 

2.1. Study design and participants 

We used data from the population-based Occupational and Envi
ronmental Health Cohort Study (AMIGO) in the Netherlands, estab
lished in 2011/2012 to investigate environmental and occupational 
determinants of diseases and symptoms in the Dutch adult population. 
The rationale, study design, and participant recruitment in AMIGO were 
described in detail previously (Slottje et al., 2014). In short, AMIGO 
participants were recruited from the general population in the 
Netherlands through the Primary Care Database of the Netherlands 
Institute for Health Services Research (NIVEL), which consists of 
routinely recorded data from health care providers to monitor health 
and utilization of health services in the Dutch population (Nivel Primary 
Care Database, 2022). The baseline sample includes 14,829 adults (16 % 
of those invited), aged 31–65 years, who filled in an online question
naire in 2011/2012 and at follow-up in 2015 (n = 7,905; response rate 
54 %). After the exclusion of participants with missing information on 
headache frequency at baseline and/or follow-up (n = 566), the study 
population included 7,339 participants who completed baseline and 
follow-up questionnaires. All cohort members participated voluntarily 
and gave informed consent prior to their inclusion. 

2.2. Exposure factors 

The urban exposome of AMIGO was described by Ohanyan et al. 
previously (Ohanyan et al., 2022). In short, the urban exposome relied 
on satellite data, monitoring stations, population registry-based data, 
and geospatial models to estimate participants’ exposures at their place 
of residence at baseline (Martens et al., 2018). In this study, 88 expo
sures across 10 domains were considered encompassing air pollution (19 
factors), quality of drinking water (29 factors), urbanicity and built 
environment (13 factors), green space density (2 factors), outdoor light 
at night (1 factor), urban temperature (2 factors), road traffic noise (1 
factor), radiofrequency electromagnetic fields (2 factors), socio- 
demographic characteristics of the neighborhood (17 factors), technol
ogy use (2 factors). The list of exposure factors included in this study is 
provided in Supplementary Table 1. 

2.3. Headache 

Frequency of headache was self-reported at baseline and follow-up. 
As primary outcome, we defined the occurrence of weekly headache 
episodes (referred to as “weekly headache” for brevity, with response 
categories “yes”, “no”) according to the question: “How often do you get 
headache at the moment?” − response categories: “almost every day”,”5 
or 6 days a week”, “3–4 days a week”, “once or twice a week” “1–2 days 
per month”, “less often”. 

As secondary outcome, we included the occurrence of severe weekly 
headache episodes (response categories “yes”, “no”). The Headache 
Impact Test (HIT-6) score with a cut-off of 56 points was used to define 
weekly occurrence of severe headache episodes. The HIT-6 is a tool used 
to measure the impact headaches have on one’s ability to function in 
various aspects of daily life, including work, school, home, and social 
contexts. The score, ranging from 36 to 78 points, provides a measure of 
the degree to which headaches affect daily life and functioning, with 
higher scores indicating a more significant impact on the participant’s 
overall life (Kosinski et al., 2003). 

2.4. Covariates 

We assessed the following covariates of the associations between the 
urban exposome and weekly headache: sex, age, highest level of edu
cation attained (elementary, secondary and higher), occupation 
(employed, unemployed), country of origin (the Netherlands, other), 
body mass index (BMI) group (normal or underweight, overweight or 
obese), alcohol consumption (never, former, current), smoking status 
(never, former, current), sleep disturbance index (Spritzer and Hays, 
2003), general health indicator (good, poor), depression diagnosis (yes, 
no), painkiller use (yes, no). 

2.5. Pre-processing of the urban exposome and descriptive statistics 

We followed the same approach outlined by Ohanyan et al. to pre- 
process the urban exposome data in AMIGO (Ohanyan et al., 2022). In 
short, we excluded exposures that exhibited extremely low variability (9 
exposures) or very strong correlations with other exposures (7 expo
sures). In the latter scenario, where two (or more) exposures showed a 
Spearman rank correlation coefficient ≥ 0.95, only one of the correlated 
variables was incorporated into the analysis and treated as a proxy for 
the other variable(s) (Supplementary Table 2). 

Missing values were imputed for exposures and covariates only, and 
all exposures, covariates, and the study outcome were used as pre
dictors. Thirty imputed datasets were generated through Multivariate 
Imputation via Chained Equations (MICE) and the imputed values were 
averaged across the generated datasets, given the considerable compu
tational costs and the absence of a recognized approach to combine 
results from multiple imputed sets associated with the methods applied 
in this study. 

To mitigate the potential impact of non-normal distribution of the 
exposures on the imputation process, we applied transformations (log
arithmic or square root) to normalize the exposures before incorporating 
them into MICE, and then back-transformed them after the imputation 
(van Buuren and Groothuis-Oudshoorn, 2011; White et al., 2011). 

Descriptive statistics of the study population were evaluated with 
regard to the covariates included in the study. We performed a corre
lation analysis of the urban exposome by visualizing the inter- and intra- 
group correlations across the 10 domains using the circos and matrix of 
correlations, respectively (Hernandez-Ferrer et al., 2022). 

2.6. Statistical analysis 

To evaluate the association between the urban exposome at baseline 
and weekly occurrence of headache episodes at follow-up, we first 
performed feature selection using the Boruta algorithm to screen our 
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dataset and identify relevant exposures for the outcome being investi
gated (Kursa and Rudnicki, 2010). 

Boruta represents a powerful approach for the analysis of high- 
dimensional datasets that has recently gained popularity particularly 
in the context of microbiome and omics research (Degenhardt et al., 
2017). This method is designed to identify relevant variables and is able 
to capture interactions and nonlinear associations in complex- 
dimensional scenarios. Boruta aims to identify all attributes that 
contribute to some extent to the classification problem based on the so- 
called all-relevant problem approach. This methodology stands in 
contrast to the minimal-optimal problem approach, which focuses on 
finding the smallest and non-redundant subset of features essential for 
optimal performance given a specific dataset (Nilsson et al., 2007). 

Boruta works as a wrapper algorithm around random forest and 
operates by comparing the importance of each variable against that of 
shadow variables, which are randomly permuted versions of the original 
variables (Breiman, 2001; Liaw and Wiener, 2002). By conducting a 
series of random forest iterations, Boruta assigns importance scores to 
each variable, considering both the actual features and their shadow 
counterparts. Variables that consistently outperform their shadow ver
sions are retained as important, while those that do not are deemed 
unimportant. 

To address class imbalance, we applied the Boruta algorithm 
repeatedly (250 iterations using 1000 trees at each iteration) and 
downsampled 85 % of the minority group size without replacement in 
both groups comprising participants with and without weekly head
aches at follow-up in order to obtain 250 different balanced datasets 
(More and Rana, 2017). 

Finally, we retained the features that were labelled as “important” by 
Boruta in at least 80 % of the 250 iterations, emphasizing their stability 
in the selection process, and calculated variable importance by aver
aging the importance of the selected features across iterations. 

To evaluate the generalizability of our results, we trained a random 
forest model on the features selected by Boruta. This evaluation was 
conducted on an a priori sampled independent test set, comprising 20 % 
of the original dataset. The corresponding Receiver Operating Charac
teristics (ROC) curve and Area-Under-the-Curve (AUC), along with a 95 
% confidence interval (95 % CI), were estimated using 1000 bootstrap 
replicates. 

To visualize the relationship between the response and predictors, 
and represent the average contribution of a feature value to the pre
diction (Molnar, 2020), we computed Shapley values by training a 
random forest model on the features identified by Boruta using the 
original dataset. 

We estimated the causal effect of each exposure identified by Boruta 
on weekly occurrence of headache episodes by training causal forests. 
Causal forests represent an extension of random forests to estimate the 
average treatment effect (ATE) and corresponding standard error (SE) 
under the assumption of absence of confounding (i.e. the treatment 
assignment is independent of the potential outcome conditional on the 
confounders) allowing for covariate adjustment. The ATE represents the 
average of the difference in potential outcomes in a sample where 
everyone is treated versus the same sample where everyone is untreated 
(Jawadekar et al., 2023). 

Specifically, when the treatment is continuous, we effectively esti
mate an average partial effect, which quantifies the change in the ex
pected outcome due to a one-unit change in the treatment, given 
unconfoundedness. To ensure clarity and consistency in the language 
used, we will refer to treatment as exposure in the rest of the paper. 

Briefly, the algorithm splits the data in order to maximize the dif
ference across splits in the relationship between an outcome and an 
exposure variable uncovering variations in exposure effects across the 
sample. Causal forests resemble a randomized controlled trial and esti
mate exposure propensity weights to create a balanced covariate dis
tribution between the exposed and control groups. It is important to note 
that, while causal forests identify heterogeneity in causal effects, they do 

not, per se, establish causation (Athey et al., 2018). 
In detail, for each exposure selected by Boruta, we estimated causal 

forests adjusted for a set of covariates. In estimating causal forests, we 
used default parameters as they were shown to perform reasonably well 
with random forests (Athey and Wager, 2019). 

To assess the fit of the causal forest, we first examined the distribu
tion of the estimated exposure propensity weights to identify potential 
extreme values. Second, we explored heterogeneity by grouping obser
vations according to whether their out-of-bag conditional average 
treatment effect (CATE) estimates (i.e. predictions) were above (“high” 
region) or below (“low” region) the median CATE estimate. Following 
this grouping, we calculated the difference in causal effects between 
regions along with the 95 % confidence interval (95 % CI) to gain in
sights about the overall strength of heterogeneity in the study popula
tion (Athey and Wager, 2019). 

As secondary analyses, considering the transient nature of headaches 
in the population and our predefined interest in assessing whether 
exposure effects on weekly headaches at follow-up could be mediated by 
their occurrence at baseline, we trained additional causal forests. Spe
cifically, we estimated the CATE representing the average of the dif
ference in potential outcomes in a specific stratum of the population 
(here defined by presence/absence of weekly headache at baseline), 
where everyone in that stratum is exposed versus a scenario where 
everyone in the same stratum is unexposed (Jawadekar et al., 2023). 
Finally, to test the null hypothesis of no heterogeneity between the 
CATEs estimated for the two groups of weekly headache at baseline, we 
applied Student’s t-test (Athey and Wager, 2019). 

We conducted the following sensitivity analyses: first, we estimated 
causal forests with mutual adjustment under the assumption that the 
exposures may act as confounding factors for each other and are 
therefore not independent entities. This approach involved systemati
cally estimating the causal effect of each exposure separately on weekly 
headache while simultaneously incorporating the remaining exposures 
into the adjustment set. This iterative process was repeated for each 
exposure identified by Boruta. 

Second, we performed the Boruta feature selection by excluding 
possible mediators of the association between the urban exposome and 
weekly headache, namely weekly headache at baseline, general health 
indicator, sleep disturbance index, and self-reported painkiller use. 
Third, we replicated the feature selection by adding the perception of 
environmental factors, such as air pollutants and RF-EMFs, to the list of 
exposures assessed by Boruta, which may help to disentangle the rela
tionship between actual exposures, their perceptions, and the onset of 
headache symptoms. 

Fourth, we reproduced the Boruta feature selection by excluding 
participants reporting weekly headache at baseline to assess consistency 
of determinants of newly reported headaches. 

Lastly, based on the results of the sensitivity analyses on Boruta, 
additional causal forests were trained accordingly. 

The analyses were performed with the R statistical software, version 
4.0.4, using the packages mice, rexposome, Boruta, ranger, and grf. 
Computing code related to all analyses presented is publicly available at 
https://github.com/eugeniotraini/headache_exposome. 

3. Results 

In AMIGO, the occurrence of weekly headache episodes at baseline 
and follow-up showed similar proportions (12.5 % and 11.1 %, respec
tively). However, out of the 814 participants reporting weekly headache 
at follow-up, only 55 % reported such headaches at baseline. At the 
beginning of the study, 5.4 % of participants reported experiencing se
vere headaches weekly, which decreased to 2 % at follow-up. 

Baseline characteristics of the study population are presented in 
Table 1. Over half of the participants in AMIGO were women and mean 
age was 52 years old at the time of recruitment. Approximately 44 % of 
the participants had attained a high level of education, while 70 % were 
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employed. Nearly all participants, specifically 96 %, indicated the 
Netherlands as their country of origin. Around half of the study popu
lation (48.7 %) was classified as overweight or obese, and the proportion 
of alcohol users and smokers was 88.9 % and 12.3 %, respectively. 

Overall, individuals in the AMIGO study reported a good state of 
health (85 %), low prevalence of painkiller use (6.6 %), and an average 
sleep disturbance index of 26.5 (on a scale from 0 to 100 with higher 
scores indicating more sleep disturbances or lower sleep quality). No 
relevant differences in the distribution of baseline characteristics of the 
study participants were observed when including those who did not 
complete the follow-up questionnaire (Supplementary Table 3). The 
proportion of missing values in the exposures was below 10 % with the 
highest occurrence observed for the percentage of inhabitants with non- 
western origins in the neighbourhood (9.7 %) (Supplementary Table 4). 

The matrix of correlation plot shows that the strongest intra-group 
correlations were observed between air pollutants, urbanicity and 
built environmental variables, RF-EMFs, and socio-demographic area- 
level factors (Fig. 1). Drinking water components had the lowest intra- 
group correlations. The circos of correlation plot showed that green 
space density exhibited a negative inter-family correlation with air 
pollutants (Supplementary Fig. 1). 

Results of the Boruta feature selection showed that five air pollutants 
(NO2, NOX, PM10, Silicon in PM10, Iron in PM2.5), one urban temperature 

measure (heat island effect), five a priori defined covariates (age, 
depression diagnosis, painkiller use, general health indicator, sleep 
disturbance index), and weekly headache at baseline significantly 
influenced the reporting of weekly headache at follow-up. 

Among those, weekly headache at baseline appeared to be the most 
important variable, followed by the remaining covariates (with age 
being the least significant among all selected features). The exposures, 
listed in descending order of importance, were NO2, Silicon in PM10, 
NOX, Iron in PM2.5, PM10, and the heat island effect. Spearman corre
lation coefficients showed very strong correlations between the expo
sures selected by Boruta (Fig. 2). 

The Shapley plots did not show strong associations between the 
selected environmental exposures (air pollutants and urban temperature 
measure) and weekly headache, and, on average, the contributions of 
individual features to the predicted outcome were modest (Fig. 3). 

Being diagnosed with depression, using painkillers, reporting poor 
general health, experiencing weekly headaches at baseline, being older, 
and having difficulty sleeping all showed a substantial impact on 
reporting weekly headache at follow-up (Supplementary Fig. 2). 

The ROC analysis of the random forest model including the features 
selected by Boruta produced an AUC of 0.82 (95 % CI: 0.75–0.88), 
indicating good discriminatory power in distinguishing individuals with 
and without weekly headache at follow-up in the independent test set. 

Results from causal forests adjusted for age, depression diagnosis, 
painkiller use, general health indicator, sleep disturbance index, and 
weekly headache at baseline are presented in Table 2 and showed pos
itive associations between each exposure at baseline and weekly head
ache at follow-up. In detail, NO2 showed the largest effect with an ATE 
of 0.007 (SE = 0.004) per interquartile range (IQR) increase, followed 
by PM10 (ATE = 0.006 (SE = 0.004) per IQR increase), heat island effect 
(ATE = 0.006 (SE = 0.007) per 1C◦ increase), NOx (ATE = 0.004 (SE =
0.004) per IQR increase), Iron in PM2.5 (ATE = 0.003 (SE = 0.004) per 
IQR increase), and Silicon in PM10 (ATE = 0.003 (SE = 0.004) per IQR 
increase). Of note, concerning the highly correlated exposures identified 
during the pre-processing of the urban exposome, the use of causal 
forests with Copper in PM2.5 serving as a proxy for Iron in PM2.5, yielded 
results consistent with the main findings (Supplementary Table 5). 

After conducting a visual inspection of the distribution of estimated 
propensity weights, no extreme values were identified (Supplementary 
Fig. 3). The assessment of heterogeneity in causal forests revealed some 
variation between the regions defined by “high” and “low” CATE esti
mates, though the strength of heterogeneity appeared to be modest 
(Supplementary Table 6). 

The estimated causal effects conditional on weekly headache at 
baseline showed distinct patterns between participants who reported 
symptoms at baseline and those who did not. Specifically, as shown in 
Table 3, the CATE for participants without weekly headache at baseline 
was null or negative, whereas the effect observed in those who reported 
headache at baseline was positive. In detail, the CATE of NO2 among 
participants who had weekly headache at baseline was 0.068 (SE =
0.027), whereas for those without symptoms was − 0.003 (SE = 0.004). 
Similar patterns were displayed for all remaining exposures: the heat 
island effect showed an effect of 0.058 (SE = 0.042) for those who re
ported weekly headache at baseline, while the effect was null (CATE =
0.000 (SE = 0.006)) for those without weekly headache at baseline. 
Likewise, PM10 showed an effect of 0.054 (SE = 0.027) and 0.000 (SE =
0.004) in those with and without weekly headache at baseline, respec
tively. Positive yet weaker effects were observed among participants 
who reported weekly headache at baseline for Silicon in PM10 (CATE =
0.043 (SE = 0.027)), NOx (CATE = 0.035 (SE = 0.022)), and Iron in 
PM2.5 (CATE = 0.013 (SE = 0.026)). We rejected the null hypothesis of 
no heterogeneity between the CATEs estimated for the two groups of 
weekly headache at baseline for all exposures (Table 3). 

Interestingly, causal forests spent, on average, 23 % of their splits on 
weekly headache at baseline, making it the most important variable 
among those included in the algorithm. 

Table 1 
Characteristics of the participants at baseline (N = 7339).  

Sex, n (%)  
Male 3499 (47.7) 
Female 3840 (52.3) 
Age (years)  
Mean (SD) 52.3 (9.00) 
Highest level of education attained, n (%)  
High 3215 (43.8) 
Low 4122 (56.2) 
Missing 2 (0.0) 
Occupation, n (%)  
Employed 5161 (70.3) 
Unemployed 2178 (29.7) 
Country of origin, n (%)  
The Netherlands 7048 (96.0) 
Other 291 (4.0) 
BMI group, n (%)  
Normal or underweight 3763 (51.3) 
Overweight or obese 3576 (48.7) 
Alcohol consumption, n (%)  
No 813 (11.1) 
Yes 6524 (88.9) 
Missing 2 (0.0) 
Smoking status, n (%)  
No 6437 (87.7) 
Yes 900 (12.3) 
Missing 2 (0.0) 
Sleep disturbance index  
Mean (SD) 26.5 (18.6) 
Missing 23 (0.3 %) 
General health indicator, n (%)  
Poor 1098 (15.0) 
Good 6239 (85.0) 
Missing 2 (0.0) 
Depression diagnosis, n (%)  
No 6587 (89.8) 
Yes 752 (10.2) 
Painkiller use, n (%)  
No 6773 (92.3) 
Yes 484 (6.6) 
Missing 82 (1.1) 
Weekly headachea, n (%)  
No 6425 (87.5) 
Yes 914 (12.5) 
Severe weekly headachea, n (%)  
No 6940 (94.6) 
Yes 399 (5.4)  

a At baseline. 
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Supplementary Table 6 displays the results of the mutually adjusted 
causal forests, where the exposures selected by Boruta were added to the 
adjustment set. 

The mutually adjusted estimates showed reduced precision and some 
experienced a change in the direction of the effect. In detail, we esti
mated an ATE of 0.058 (SE = 0.022) for an increase in IQR in NO2, 
followed by NOx (ATE = 0.011 (SE = 0.018)), and PM10 (ATE = 0.002 
(SE = 0.014)). 

In contrast to the main results, the ATEs for Iron in PM2.5, Silicon in 
PM10, and heat island effect were negative (ATE = -0.016 (SE = 0.010); 
ATE = -0.045 (SE = 0.051); ATE = -0.019 (SE = 0.017), respectively) 
(Supplementary Table 7). 

No extreme values were identified in the distribution of exposure 
propensity weights (Supplementary Fig. 4), and the comparison be
tween the regions characterized as “high” and “low” CATE estimates 
aligned with the main results, indicating the presence of some hetero
geneity in the dataset (Supplementary Table 8). 

Results from the sensitivity analyses using Boruta were in line with 
the main findings: specifically, by excluding the possible mediators of 
the association between the urban exposome and weekly headache at 
follow-up (weekly headache at baseline, general health indicator, sleep 
disturbance index, and self-reported painkiller use), Boruta retained, in 
order of decreasing variable importance, depression diagnosis, NO2, 
NOx, Iron in PM2.5, and Silicon in PM10. After including the perception of 
environmental exposures, Boruta selected two air pollutants, namely 
PMcoarse and Potassium in PM10, and road traffic noise, in addition to the 
features already identified in the main analysis. 

Based on these results, we trained additional causal forests including 
PMcoarse, Potassium in PM10, and road traffic noise as exposures, and 
age, depression diagnosis, and weekly headache at baseline as adjust
ment factors. The causal effect associated with PMcoarse, Potassium in 
PM10, and road traffic noise on the reporting of weekly headache was 
0.005 (SE = 0.004), 0.002 (SE = 0.004), 0.008 (SE = 0.007), respec
tively (Supplementary Table 9). After excluding participants with 

Fig. 1. Matrix of correlation plot showing the intra-family correlations between exposures at baseline.  
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weekly headache at baseline, Boruta only selected depression diagnosis 
and sleep disturbance index but none of the exposures. 

Finally, regarding severe weekly headaches, it was found that five 

predetermined covariates (age, depression diagnosis, painkiller use, 
general health indicator, sleep disturbance index) and the presence of 
severe weekly headache at baseline influenced reporting at follow-up. 
However, none of the environmental exposures were identified by 
Boruta as contributing factors. 

4. Discussion 

In this study, we prospectively explored the urban exposome with the 
aim to identify factors associated with reporting of weekly headache 
episodes by analyzing data from a large cohort of individuals sampled 
within the Dutch general population. 

We applied Boruta, a feature selection algorithm designed to identify 
relevant variables in complex highly dimensional settings, and causal 

Fig. 2. Spearman rank correlation coefficients and correlation plot of the ex
posures selected by Boruta. Darker colours and larger circles indicate higher 
positive correlation levels. 

Fig. 3. Shapley plot illustrations of the exposures selected by Boruta.  

Table 2 
Average treatment effects (ATEs) and related standard errors 
(SEs) estimated with causal forests for each exposure separately, 
adjusted for age, depression diagnosis, painkiller use, general 
health indicator, sleep disturbance index and weekly headache at 
baseline.  

Exposure ATEa (SE) 

NO2 (µg/m3) 0.007 (0.004) 
PM10 (µg/m3) 0.006 (0.004) 
Heat island effect (C◦) 0.006 (0.007) 
NOx (µg/m3) 0.004 (0.004) 
Iron in PM2.5 (ng/m3) 0.003 (0.004) 
Silicon in PM10 (ng/m3) 0.003 (0.004)  

a Results for air pollutants indicate changes per interquartile 
range (IQR) increase in mean air pollution exposure. 
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forests, a statistical method for estimating causal effects of exposures 
under the assumption of absence of confounding. 

Our results consistently showed that, out of 88 factors characterizing 
the urban exposome, air pollutants and urban temperature measures 
appeared to contribute most to the reporting of weekly headache at 
follow-up. 

In particular, exposure to NO2 at baseline was the most important 
environmental factor identified by Boruta in relation to reporting of 
weekly headache at follow-up, followed by Silicon in PM10, NOX, Iron in 
PM2.5, PM10, and the heat island effect. Finally, causal forests estimated 
the largest effect on the reporting of weekly headache at follow-up for 
NO2, PM10, and the heat island effect. While the magnitude of these 
estimates may be modest, even minor associations can carry important 
implications when considering the widespread exposure to air pollution 
and the higher temperatures in urban areas on population health. 

Previous research showed that exposure to air pollution may act as 
trigger in the onset of headaches in the population (Nattero and Enrico, 
1996; Szyszkowicz, 2008; Vodonos et al., 2015). The mechanism by 
which this occurs, however, is not fully understood. Air pollutants can 
impact the nervous system by entering through the olfactory and lower 
respiratory tracts. This process involves the direct initiation of inflam
matory processes and the release of cytokines, allowing them to reach 
the central nervous system, triggering symptoms (Block and Calderón- 
Garcidueñas, 2009). Previous studies conducted in large urban areas in 
Canada and China suggested that particularly short-term exposure to 
NO2 was associated to an increase in the number of emergency depart
ment visits for headaches (Szyszkowicz, 2008; Xu et al., 2023). A study 
conducted in the urban area of Turin in Italy, exploring the relationship 
between exposure to air pollutants and meteorological factors in relation 
to headaches, found that simultaneous exposure to carbon monoxide 
(CO) and NO2 increased incidence of headache attacks along with wind 
velocity which was linked to frequency and severity of episodes (Nattero 
and Enrico, 1996). 

It is noteworthy that, despite extensive research indicating positive 
associations between migraines and air pollution exposure, and partic
ularly NO2 (Portt et al., 2023; Elser et al., 2021; Lee et al., 2018), 
exploration of headaches is still limited. In this regard, our study high
lights the link between exposure to air pollution and the occurrence of 

headaches, suggesting that measures aimed at decreasing emissions 
could be beneficial to reduce the impact of pollutants on symptoms. 
Furthermore, Iron in PM2.5 and Silicon in PM10 were linked to reporting 
of headaches in our study population, although their impact appeared to 
be less prominent compared to NO2, PM10, and NOx. To the best of our 
knowledge, this is the first study to identify specific fine particulate 
components in relation to headache, and future research should inves
tigate these associations further to elucidate the contribution of indi
vidual components, both independently and in combination, to 
headache occurrence. 

Our results showed that the heat island effect, that is the temperature 
difference between an urban area and the rural surrounding, was 
causally related with more frequent weekly headache at follow-up. 
Previously, the increase in temperature, particularly in densely urban 
areas and especially during summer heat waves, has been linked to 
immediate body reactions such as heavy sweating, dehydration, skin 
rashes, and headaches, among others (O’Malley et al., 2015; Tong et al., 
2021; Arifwidodo and Chandrasiri, 2020; Aghamohammadi et al., 
2021). 

In the urban exposome, we used satellite pictures to estimate the 
surface temperature on a hot day as urban heat island effect is best 
assessed during heatwaves. Therefore, the effect that we observed in 
AMIGO could be partially explained by some residual urbanicity effect, 
which may include air pollutants and green space density. 

Given the strong interplay between air pollutants and other envi
ronmental determinants assessed in the urban exposome, such as road 
traffic noise and urban temperature, the effect that we found may have, 
independently or in conjunction with air pollution exposure, exacer
bated the reporting of headache. 

In our cohort, about half of the participants who indicated to suffer 
from headache at baseline did not report the same at follow-up, meaning 
that headache represents a transient condition in the study population. 
To explore how the exposures may affect different subgroups of partic
ipants, specifically those with and without symptoms at the baseline, 
and therefore improve our understanding of the potential underlying 
mechanisms that triggered the symptoms, we estimated causal effects 
conditional on weekly headache at baseline. Interestingly, the estimated 
effects appeared to be mediated by weekly headache symptoms at 
baseline. Moreover, baseline weekly headache emerged as the most 
important variable in the causal forests. These suggest the potential 
existence of a vulnerable subpopulation, represented by those reporting 
symptoms at baseline, that is more susceptible and therefore at a higher 
risk of adverse health outcomes if exposed to air pollution and heat is
land effect. 

In our study, we identified a subset of exposures from the urban 
exposome which contributed to the occurrence of headache in the 
population, and estimated the magnitude of their effect under the 
assumption of absence of confounding using a combination of state-of- 
the-art statistical methods that, in part, were previously identified as 
valid tools to address the complexity of the exposome (Ohanyan et al., 
2022; Maitre et al., 2022). 

Results from the main analyses indicated that each exposure at 
baseline identified by Boruta was positively associated with reporting of 
headache at follow-up. In the mutually adjusted models, the estimates of 
the causal effects showed some increase for NO2 and NOx but with 
reduced precision, and the direction of the effects was not always 
consistent with the main results. Spearman correlation coefficients 
showed very strong correlations (ranging from 0.60 to 0.89) between the 
exposures selected by Boruta and included in the causal forests. 

In methods that rely on propensity scores to balance covariates be
tween exposed and unexposed, such as causal forests, many issues that 
arise with traditional regression modelling, such as multicollinearity, 
should no longer be a threat to validity (Arbour et al., 2014; McMurry 
et al., 2015). 

Based on our results, multicollinearity clearly affected the precision 
of effect estimates produced by causal forests, given the larger standard 

Table 3 
Conditional average treatment effects (CATEs) on weekly headache at baseline 
and related standard errors (SEs) estimated with causal forests for each exposure 
separately, adjusted for age, depression diagnosis, painkiller use, general health 
indicator, and sleep disturbance index.  

Exposure CATEa (SE) in the 
subsample of 
participants with weekly 
headache 
at baseline 

CATEa (SE) in the 
subsample of participants 
without weekly headache at 
baseline 

t-valueb 

NO2 (µg/ 
m3) 

0.068 (0.027) − 0.003 (0.004)  7.151*** 

PM10 (µg/ 
m3) 

0.054 (0.027) 0.000 (0.004)  6.761*** 

Heat island 
effect 
(C◦) 

0.058 (0.042) 0.000 (0.006)  7.645*** 

NOx (µg/ 
m3) 

0.035 (0.022) − 0.004 (0.004)  4.471*** 

Iron in 
PM2.5 

(ng/m3) 

0.013 (0.026) − 0.001 (0.004)  6.209*** 

Silicon in 
PM10 (ng/ 
m3) 

0.043 (0.027) − 0.003 (0.004)  3.916***  

a Results for air pollutants indicate changes per interquartile range (IQR) in
crease in mean air pollution exposure. 

b Null hypothesis of no heterogeneity. 
*** p < 0.001, ** p < 0.01, * p < 0.05. 
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error associated with the estimates in the mutually adjusted models. 
Furthermore, the balancing property of propensity scores which as

sumes that, conditional on the propensity score, the distribution of 
observed covariates is expected to be similar between the treated and 
untreated groups, is only true if the propensity scores are relatively well- 
behaved and no extreme values are present (Lee et al., 2011). However, 
following an inspection of the distribution of exposure propensities, this 
did not appear to be the situation in our analysis. 

Our study has strengths: first, to our knowledge, this is the first study 
conducted within the exposome framework to explore the association 
between the urban exposome and headache. Given the high prevalence 
of individuals reporting recurrent or chronic headaches in the popula
tion, our study provides important insights into the relationship between 
environmental stressors that are ubiquitous in urban areas and the 
occurrence of headache symptoms. Our results aim to support the 
formulation of more tailored public health interventions targeting air 
quality improvement and a healthier urban environment in order to 
reduce the burden of headache in the population. 

Second, we used data from a large prospective cohort of Dutch in
dividuals, and detailed information about individual-level exposures, 
including perceived exposures, and neighborhood characteristics, all 
elements that strengthen the robustness and facilitate the causal inter
pretation of our results. With regard to generalizability of the data, 
compared to the general Dutch population, AMIGO participants con
sisted of more females and older subjects, although no indications of 
systematic health-related participation bias based on morbidity and 
associated lifestyle information such as smoking and medication use was 
found (Slottje et al., 2014). 

Third, we used a combination of cutting-edge statistical techniques, 
that is Boruta and causal forests, to explore the urban exposome in 
relation to headache. In particular, causal forests and random forest, 
upon which Boruta is built, were previously identified as valuable tools 
to study the complexity characterizing exposome research and show 
good interpretability of the results (Maitre et al., 2022). Furthermore, 
training Boruta in iterations, despite being time consuming and 
computationally intensive, helped mitigate the effects of class imbalance 
present in our dataset, and ensured stability as well as generalizability of 
our results. In conclusion, we showed that the combination of statistical 
methods used in this study represents a robust approach to identify 
influential predictors, particularly in highly dimensional settings, and 
generate accurate machine learning models to estimate causal effects 
(Kursa and Rudnicki, 2010; Degenhardt et al., 2017; Athey and Wager, 
2019). 

Our study has some limitations: first, weekly headache was self- 
reported by the participants, which may be prone to recall bias or 
over/under reporting of symptoms. However, we assessed weekly 
headache using the validated HIT-6 questionnaire, which is considered a 
reliable and valid tool for discriminating headache impact in daily life, 
and it is employed as a screening tool in clinical practice (Kosinski et al., 
2003). Furthermore, we evaluated severity of weekly headaches as 
secondary outcome to further strengthen our findings, although results 
of this analysis did not lead to the identification of any specific envi
ronmental exposures associated to the outcome, likely due to diminished 
statistical power and even more problematic class imbalance compared 
to the primary endpoint. 

Second, information on weekly headache was available at baseline 
and follow-up, and no information was available in between. As a result, 
the outcome assessment may not precisely capture symptoms occurring 
between these two time points, especially for a transient condition like 
headache. In future studies, it would be beneficial to confirm the asso
ciations that we found between air pollutants and the urban temperature 
and headache exploring the dynamics of these associations over time. 

Third, the exposures included in the urban exposome of AMIGO, such 
as the air pollutants, were modeled at the home address of the partici
pants. As a consequence, it was impossible to quantify the exposure 
levels in places where participants could have spent some of their time 

during the day or when, for example, commuting between work and 
home. In fact, in cohorts such as AMIGO, directly measuring exposure 
levels for the single participant proves impractical due to the large 
sample size and the high costs associated. As a result, it is common to 
rely on exposure modeling, such as land-use regression models to esti
mate air pollution levels, which might introduce additional complexity 
due to the use of shared predictors that may lead to stronger correlations 
between exposures than those existing in the real world (Szpiro and 
Paciorek, 2013). In addition, in our study we did not directly evaluate 
residential self-selection bias, where the decision to relocate is influ
enced by various factors such as age, ethnicity, professional or life 
choices, and socioeconomic status. This dynamic may ultimately result 
in changes in environmental exposures across different life stages (Saucy 
et al., 2023). Given the complex interplay of these factors with the ex
posures assessed in AMIGO, we cannot rule out the possibility of residual 
bias in our dataset originating from residential self-selection. 

Finally, despite recent developments in causal inference methods for 
multiple exposures (Williams and Crespi, 2020), we acknowledge a 
substantial gap in statistical methods for estimating the effect of multi
ple exposures, particularly in situations where these are represented by a 
combination of continuous and categorical exposures, as is common in 
the context of the urban exposome, and high correlation levels between 
exposures are present. Nevertheless, the approach followed in this study 
allowed us to identify a group of exposures involved in the exposome- 
outcome association and estimate the direct effect of single exposures 
on reporting of headache controlling for potential confounding variables 
to obtain more accurate estimates of causal effects. 

5. Conclusions 

Our study indicated that the exposure to environmental stressors, in 
particular air pollutants and urban heat island effects, contributed to 
reporting of weekly headache episodes in our population. Given the high 
global burden associated with headache, understanding the role of 
environmental factors becomes imperative not only for advancing our 
comprehension of the mechanisms generating symptoms but also for 
formulating effective preventing strategies. 
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