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ABSTRACT

Introduction: In medical literature, the logistic regression is frequently used to estimate measures of
association between an exposure, a health determinant or an intervention, and a binary outcome. How-
ever, when the outcome is frequent (>10%), model estimates for relative risks and prevalence ratios
might be biased, with potential impact on medical decision and policymaking. Despite the availability of
several alternatives, many studies still rely on logistic regression models, and a consensus on this matter
is yet to be reached. We aimed to compare the estimation and goodness-of-fit of logistic, log-binomial

and robust Poisson regression models, in cross-sectional studies involving frequent binary outcomes.

Methodology: Two cross-sectional studies with distinct characteristics and on different topics were con-
ducted to estimate measures of association between an exposure and a frequent binary outcome. Study
1 was a nationally-representative study on the impact of air pollution on mental health. Study 2 was a
local study on immigrants' access to urgent health care services. Odds ratios (OR) were obtained
through logistic regression models, while prevalence ratios (PR) were obtained through log-binomial
and robust Poisson regression models. Confidence intervals (Cl), their ranges, and standard-errors (SE)
were also computed, along with models’ relative goodness-of-fit through Akaike Information Criterion

(AIC), when applicable.

Results: In Study 1, the OR (95%IC) was 1.015 (0.970-1.063), while the PR (95%CI) obtained through
the robust Poisson mode was 1.012 (0.979-1.045). The log-binomial regression model did not converge
in this study. In Study 2, the OR (95%CIl) was 1.584 (1.026-2.446), the PR (95%(ClI) for the log-binomial
model was 1.217 (0.978-1.515), and 1.130 (1.013-1.261) for the robust Poisson model. The 95%Cl,
their ranges, and the SE of the OR were higher than those of the PR, in both studies. However, in Study
2, the AIC value was lower for the logistic regression model, followed by the log-binomial regression

and the robust Poisson regression (1.345, 1.350, and 1.656, respectively).

Discussion and conclusions: In the two presented examples, OR overestimated PR, with wider
95%CI and higher EPs. The extent of overestimation was greater as the outcome under study became
more prevalent, in line with previous studies. Employing logistic regression models by default might lead
to misinterpretations, especially by less experienced researchers. Robust Poisson models are viable

alternatives to logistic regression models, in cross-sectional studies with frequent binary outcomes,
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avoiding the non-convergence issues of log-binomial models. Nonetheless, in Study 2, the logistic re-
gression was the model with the best fit, which illustrates the need to consider multiple criteria, rather
than just one, when selecting the most appropriate statistical model for each study. This dissertation
highlights the need for statistical guidelines to support the selection of the most appropriate models and

to facilitate the correct reporting, interpretation, and communication of scientific results.

Keywords: logistic models, odds ratio, risk ratio, log-binomial models, robust Poisson models, preva-
lence ratio, measures of association, health statistics, research methodologies, epidemiology.
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RESUMO

Introducdo: Na literatura médica, a regresséo logistica é frequentemente utilizada para estimar medi-
das de associacao entre uma exposicao, um determinante de salde ou uma intervencéo e um desfecho
binario. No entanto, quando o desfecho é frequente (>10%), as estimativas destes modelos para o risco
relativo ou razéo de prevaléncias (RP) podem ser enviesadas. Apesar de existirem modelos estatisticos
alternativos, muitos estudos continuam a aplicar modelos de regresséo logistica indiscriminadamente.
O objetivo desta dissertagdo foi comparar as estimativas e o ajuste de modelos de regresséo logistica,

log-binomial e Poisson robusta, em estudos transversais com desfechos binarios frequentes.

Metodologia: Elaboraram-se dois estudos transversais com caracteristicas distintas e sobre diferentes
tépicos, de modo a estimar medidas de associa¢do entre uma exposi¢cdo e um desfecho binario fre-
quente. O Estudo 1 tratou-se de um estudo representativo a nivel nacional sobre o impacto da poluicao
atmosférica na satde mental. O Estudo 2 tratou-se de um estudo local sobre 0 acesso de imigrantes a
servicos de urgéncia. Obtiveram-se odds ratio (OR) através de modelos de regresséo logistica e RP
através de modelos log-binomiais e Poisson robustos. Foram ainda obtidos os intervalos de confianga
a 95% (IC95%), suas amplitudes, os erros-padrdo (EP) das estimativas e comparados os valores

Akaike Information Criteria (AIC) entre os modelos elaborados.

Resultados: No Estudo 1, a OR (IC95%) foi de 1,015 (0,970-1,063) e a RP (IC 95%) obtida através do
modelo de Poisson robusto foi de 1,012 (0,979-1,045). O modelo de regresséo log-binomial ndo con-
vergiu. No Estudo 2, a OR (IC95%) foi de 1,584 (1,026-2,446), a RP (IC95%) para o modelo de regres-
séo log-binomial foi de 1,217 (0,978-1,515) e para o0 modelo de Poisson robusto foi de 1,130 (1,013-
1,261). Os 1C95%, as suas amplitudes e os EP das OR foram superiores ao das RP, em ambos os
estudos. No entanto, no Estudo 2, o valor do AIC foi inferior no modelo de regresséo logistica, seguido

pela regresséo log-binomial e pela Poisson robusta (1,345; 1,350 e 1,656, respetivamente).

Discusséo e conclusdes: Nos dois exemplos apresentados, as OR sobrestimaram as RP, apresen-
tando também 1C95% mais amplos e EP superiores. A magnitude da sobrestimacgédo foi tanto maior
quanto mais prevalente o desfecho em estudo, em linha com estudos prévios. No entanto, no Estudo
2, a regressao logistica foi a que melhor se ajustou aos dados. Este exemplo ilustra a necessidade de

avaliar varios critérios, ao invés de apenas um, para a selecdo do modelo estatistico mais apropriado
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a cada estudo. Os modelos de Poisson robustos sdo uma alternativa viavel a regresséo logistica, em

estudos transversais com desfechos binarios frequentes e evitam o problema de néo convergéncia dos
modelos log-binomiais.

Palavras-chave: regresséo logistica, odds ratio, risco relativo, regressao log-binomial, regressao de
Poisson robusta, razao de prevaléncias, medidas de associacao, estatistica aplicada a saude, metodo-
logias de investigagéo, epidemiologia.
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1

INTRODUCTION

In medical research, logistic regression models, a generalized linear models, are frequently used
to estimate measures of association between an exposure, treatment or health determinant and a binary
outcome.[1, 2] Modelling the logarithm odds of the outcome, these models are employed mostly in cross-
sectional and case-control studies to estimate odds ratios (OR) through the maximum-likelihood esti-
mation method.[1] Logistic regression models are very attractive for their simplicity. Their logit link func-
tion ensures that model-predicted probabilities fall within the range of 0 to 1, allowing them to accurately
estimate binomial variances.[1] Another appealing property of these models, particularly to unexperi-
enced researchers, is reciprocity. It means that changing the reference category of a binary independent

variable will result in a reciprocal estimate.[3]

Although, under certain conditions, OR might allow to infer prevalence ratios (PR) and relative
risks (RR), in many other, these inferences cannot be done as they introduce bias (Annex 1). This
means that the expected values or estimates are different from the population parameter.[1] If the out-
come in study is rare (£10%), logistic regression models may appropriately estimate PR and RR. How-
ever, if the outcome is frequent (>10%), OR might not be suitable estimators of PR and RR.[2, 4] Despite
that, in a recent veterinary medicine review, 96.5% of the examined articles employed logistic regression

models regardless of the outcome’s prevalence.[5]

In the case of a frequent outcome, OR tend to overestimate PR and RR when their values are
greater than one, or, conversely, to underestimate PR and RR when values are lower than one.[2, 3] A
study reported that 40% of the papers that employed logistic regression models estimated OR which
deviated by over 20% from the corresponding RR.[6] OR can thus lead to misinterpretations, being
frequently mistakenly portrayed as PR and RR, which is reflected in the results section of research

papers, where “risk” and “probability” are wrongly used instead of “odds” and “possibility”.[2, 4]

While alternative methods to estimate valid adjusted PR and RR, in the presence of frequent
binary outcomes, have been suggested, a consensus on the matter is yet to be reached. Among the
available options, log-binomial[7-9], and modified Poisson regression models[7, 8, 10] are the most
widely accepted (Table 1).



Table 1. Assumptions, estimation, and other characteristics of logistic, log-binomial and Poisson regression mod-

els

Logistic

Log-binomial

Poisson

Model assumptions

Model estimation
method

Model link function

Distribution of errors

Model equation

Model estimates

Other considerations

Categorical or ordinal out-
come, independent obser-
vations, linear relationship
between explanatory vari-
ables and logit

Maximum likelihood esti-
mation
Logit of the proportion

Binomial

In(-%) = By + B Xy + -+
B Xkt e,

where 11 is the probability
of success, Xithe inde-
pendent variables, k the
number of independent
variables, € represents
the error term.

OR, the exponential of the
model coefficients (ef¥)

Probabilities between 0-1,
reciprocity

Binary outcome, inde-
pendent observations, lin-
ear relationship between
explanatory variables and
the log probability

Maximum likelihood esti-
mation

Logarithm of the propor-
tion

Binomial

log(m) =g, + 6, X + -+
B Xk + €,

where 1 is the probability
of success, Xi the inde-
pendent variables, and k
the number of independ-
ent variables, ¢ repre-
sents the error term.

RR/PR, the exponential of
the model coefficients
(e”*)

Probabilities can be > 1,
may have convergence
issues, non-reciprocity

The outcome is count
data (non-negative inte-
gers), independent obser-
vations, linear relationship
between explanatory vari-
ables and the logarithm of
the mean, variance equal
to the mean (no overdis-
persion)

Maximum likelihood esti-
mation

Logarithm of the mean

Poisson

log™ = B, + B Xy + -+

B Xk +e,

where n is the count of
events for a given individ-
ual, t the follow-up time,
Xi the independent varia-
bles, k the number of in-
dependent variables, ¢
represents the error term.
RR/PR, the exponential of
the model coefficients
(e)

Probabilities can be >1,
non-reciprocity

The log-binomial regression model, another generalized linear model, is characterized by a bino-
mial distribution of errors and uses the maximum likelihood estimation method, similarly to the logistic
regression model. However, the log-binomial model uses a logarithmic link function, instead of the logit.
This function models the logarithm of the proportion of a binary outcome, allowing for the direct estima-
tion of PR and RR. But, unlike the logit link function, which confines the model-predicted probabilities
between 0 and 1, the logarithmic only constrains this probability to be = 0. Besides that, log-binomial
models may encounter other challenges like non-reciprocity and non-convergence, which might limit
their use.[8, 11]

The Poisson regression model, another generalized linear model, and the nominal model for
count data, is usually regarded as an appropriate approach for analysing rare events when subjects are
followed for a length of time.[8, 10] This model uses a logarithmic link function, similarly to the log-
binomial model, but with a Poisson distribution of errors instead of a binomial distribution. By assuming

that the logarithm of the Poisson parameter (the mean) is linearly related to a set of independent



variables, the exponentiation of the model coefficients will yield estimates of a ratio of Poisson parame-
ters. Poisson regression models are commonly used in cohort and other incidence studies to estimate
RR. In cross-sectional studies with binary data, the computed ratios can still be interpreted, but this time
as an approximation to the PR.[8, 10] This approach yields correct estimates of the PR directly like log-
binomial models, but typically with larger variances and standard errors.[8, 10] Modified Poisson regres-
sion models, like the robust Poisson model, are available to address this issue. Robust standard errors,
determined through the Huber sandwich estimation (Annex 2), correct the Poisson model for data over-
dispersion (when variance is higher than the mean) and variance inflation, being this correction the
essence of the robust Poisson model. This robust estimator performs well even when data does not
perfectly meet the model's requirement, like in this specific case where Poisson regression models are
applied to cross-sectional binary data.[10]

As most researchers still rely on logistic regression models because of their simplicity, the com-
plex process of statistical model selection might pose a real challenge, and lead to inaccurate deci-
sions.[3] Since methodological consistency is important to epidemiological and clinical research and
given the potential impact of biased estimates on clinical practice, policymaking, public health commu-
nications and community behaviour, the selection of the appropriate statistical model holds paramount
importance and should be clarified.

The hypothesis in study was that log-binomial and robust Poisson models are more appropriate
than logistic regression models to estimate measures of association in cross-sectional studies involving

frequent binary outcomes, provided the assumptions for the models' application are met.

1.1 Objective

This dissertation aimed to compare the estimation and goodness-of-fit of logistic, log-binomial,
and robust Poisson regression models, in cross-sectional studies with frequent (>10%) binary out-

comes.






2

METHODS

We carried out two cross-sectional studies (Study 1 and Study 2) to estimate the measures of
association between two different exposures and two different frequent (>10%) binary outcomes, ac-
counting for confounding from several variables identified as potential confounders through directed
acyclic graphs, elaborated based on a literature review of the associations in study. We conducted a
comparative analysis of the estimates of the measures of association (OR in the case of logistic regres-
sion models, and PR in the case of log-binomial and robust Poisson regression models), in terms of
their magnitude and significance. The estimates’ confidence intervals, their ranges and standard errors

were also compared.

The maximum likelihood estimation method was employed in all the computed models, even for
those using complex survey data (Study 1). In this case, we fitted models to complex data incorporating
the sampling weights in a designed-based analysis (a statistical analysis of survey data which took the

survey design, its stratification and clustering, and the sampling weights into consideration).

As the Akaike Information Criterion (AIC), ideally suited to generalized linear modelling applica-
tions, is a widely used tool in model selection and allows to compare the relative goodness-of-fit of
different models, AIC values were obtained for every model in study fitting non-complex data (Study 2)
and compared. The optimal model should be the one with the minimum AIC value. Any model yielding

an AIC value within two units of the minimum AIC value might also be an appropriate candidate.[12]

All statistical analyses were conducted using Stata®, version 15. The significance level was es-
tablished at 5%.



2.1 Study 1 - Association Between Long-term Exposure to
Ambient Air Pollution and Probable Diagnosis of De-

pressive and Anxiety Disorders

Particulate matter smaller than 10 ym (PMuo) accounts for much of the impact of air pollution on
health.[13, 14] The physiological path between PMio and mental disorders has been proposed.[15, 16]
Some studies have assessed the association between long-term exposure to PMio and common mental
disorders (CMD), namely depressive and anxiety disorders, but evidence is inconsistent.[17-22] To es-
timate the association between long-term exposure to PMio and the frequency of probable diagnosis of
CMD, a population-based, nationally-representative cross-sectional study was conducted, in mainland

Portugal.

Long-term exposure to PM1o was estimated through 1-year average concentrations of PMio, cal-
culated with data from the Portuguese Environment Agency’s air quality monitoring stations, and at-

tributed to each individual considering their 7-digit postal codes of residence.

The probable diagnosis of CMD was ascertained through the scores obtained in the 5-item Mental
Health Inventory (MHI-5). MHI-5 is a self-report scale from 0 to 100 points, which measures negative
and positive dimensions of mental health, in the four weeks prior to the day of assessment (Supplemen-
tary Figure 1).[23-25] It was nationally[26, 27] and internationally[25, 28, 29] validated for the screening
of major depressive disorder, affective disorders (unipolar and bipolar depressive disorders), and anxi-
ety disorders. A score < 52 in the MHI-5 represents a situation that implies proper clinical evaluation by
a doctor (a “Probable diagnosis of CMD"), while a score > 52 represents a situation that does not imply

proper clinical evaluation.

Based on our literature review, demographic variables (sex, age), individual socioeconomic vari-
ables (education level, employment status, professional occupation), aggregate socioeconomic varia-
bles (area-level socioeconomic deprivation), and environmental variables (individually allocated 1-year
average temperature, degree of urbanization, area-level walkability) were included in the minimal set of

adjustment required to correct for confounding in the study of the present association.

MHI-5 scores and the independent variables’ data were obtained from a restricted sample of the
participants of the first Portuguese National Health Examination Survey (INSEF), implemented in Por-
tugal, from February 2 to December 21, 2015. INSEF targeted non-institutionalized individuals from 25
to 74 years old, living in Portugal for at least 12 months, who were able to follow an interview in Portu-
guese, and collected self-reported data on demographic, socioeconomic, lifestyle and health varia-
bles.[30] The individuals in study were the INSEF participants from mainland Portugal who consented
on data linkage, had their 7-digits postal codes of residence available in the database, were living within
a 30-km radius from a background air quality monitoring station (with available data on PMio atmos-

pheric concentration), like previously detailed.[31-34], and who had answered all the five items of the



MHI-5. Data on area-level socioeconomic deprivation, the Portuguese version of the European Depri-
vation Index, was available online for all the Portuguese parishes at
https://figshare.com/s/3a4226d520df3b18cb71 and was studied in terciles of increasing deprivation.[35]
Individually allocated 1-year average temperatures were obtained through a similar methodology to the
one applied to estimate exposure to PM1o, making use of 1-year average temperatures collected from
the National Oceanic and Atmospheric Administration database, available online at
https://www.ncdc.noaa.gov/.[31, 32, 34] Data on area-level walkability was obtained through the
weighted sum of residential density, street connectivity, and a land use mix index, for all the parishes of

mainland Portugal, and is available at request, in terciles of increasing walkability.

Age was categorized into four categories: 25-34 years, 35-49 years, 50-64 years, and 65-74
years, according to the cut-offs used in the World Mental Health Survey.[36] Sex and degree of urbani-
zation were studied as available in INSEF database: female/male and rural/urban, respectively.[30] Ed-
ucation level was categorized into three categories, considering the highest level of education completed
and according to the 2011 International Standard Classification of Education (ISCED, 2011)[37]: low
education (levels 0-2 of ISCED, 2011), medium education (levels 3—4 of ISCED, 2011), and high edu-
cation (levels 5-8 of ISCED, 2011). Employment status was categorized into three categories, as in
previous studies[38]: employed, unemployed, and other without a professional activity (student, retired,
disabled, housewife, or other). Professional occupation was categorized into two categories, according
to the International Standard Classification of Occupations (ISCO-08)[39]: white-collar (managers; pro-
fessionals; technicians, and associate professionals; clerical support workers; and services, and sales
workers) and blue-collar (skilled agricultural workers; craft, and related trades workers; plant, machine

operators, and assemblers; and elementary occupations).

As the outcome's frequency was higher than 10%, logistic, log-binomial, and robust Poisson re-
gression models were computed (Table 2). We performed single-level multivariate analyses since, even
if we used individual and aggregated variables (at parish level) in our models, the assumptions for car-

rying out a multilevel analysis were not met (some parishes had just one individual).

Table 2. Study 1 models’ specification

Logistic Log-binomial Robust Poisson
Hypoth- | Long-term exposure to PMio is associated to an increased probable diagnosis of common mental
esis in disorders
study
Expo- Long-term exposure to PM1o (individually allocated 1-year average measured concentrations of
sure PMyo, in um/m3)

Sex (female/male, reference), age (25-34, reference/35-49/50-64/65-74 years), education level

Other in- . .

depend- (low, reference/medium/high), employment status (employed, reference/unemployed/other), profes-
entpvari- sional occupation (white, reference/blue-collar), area-level socioeconomic deprivation (terciles), in-
ables dividually allocated 1-year average temperature (continuous, in °C), degree of urbanization (ur-

ban/rural, reference), area-level walkability (terciles)



Out- Probable diagnosis of common mental disorders (yes, if <52 in the MHI-5 score/no, if >52)
come
In (L) =bo+ b, x long — Did not converge log(p) = by + by X long —

G term exposure to PM,, + b, X
sex (female) + by X age (35 —49) +
b, x age (50 —64) + bs X age (= 65) +
bs % education level (medium) + b, X
education level (high) + bg X
employment status (unemployed) +
by X employment status (other) +
b,y X professional occupation (blue —
collar) + by, X area —

: X
Fitted eroofessional occupation (blue level socioeconomic deprivation (medium) +
model -

. collar) + by; X area —
equation ) ) o .
level socioeconomic deprivation (mediu
by, X area —
level socioeconomic deprivation(high)
bi3 X temperature + by, X

term exposure to PM, + b, X

sex (female) + b; x age (35 —49) +
b, x age (50 —64) + by x age (=
65) + bg X

education level (medium) + b, X
education level (high) + bg %
employment status (unemployed) +
by X employment status (other) +

by, X area —

level socioeconomic deprivation(high) +
by; X temperature + by, X

degree of urbanization (urban) + bys X
area — level walkability (medium) +

degree of urbanization (urban) + big X arrt’a — level Walk.u.Lbzlzty (hl-?h) 2
bis X area — where p is the probability of having a

level walkability (medium) + by X probable diagnosis
area — level walkability (high),

where p is the probability of hav-

ing a probable diagnosis

PMio — particulate matter lower than 10 micrometres, MHI-5 — Mental Health Inventory 5.

All estimates were weighted to account for different selection probabilities resulting from the com-
plex sampling design, and to match the population distribution in terms of geographic region, age group

and sex, unless specifically stated.

In this study, no ethical or legal issues of confidentiality were raised, since all the data came from

anonymized databases, and the due approvals were gathered from the different competent authorities.

2.2 Study 2 - Association Between Immigration Status and

Urgent Care Use in the Paediatric Population

Foreign residents have been increasing in Portugal, in the past years.[40] In 2021, 542 165 mi-
grants were estimated to be living in Portugal.[40] One of the biggest challenges immigrants face in the

host countries is to obtain access to health care services.[41]

The Portuguese National Health Service offers universal and free healthcare services for children
up to 18 years old. As a result, healthcare provisions are consistent for all children, irrespective of their
immigration status.[42] Several studies have already reported the increased urgent care use by mi-
grants, compared to non-migrants[43-45], but evidence is inconsistent[43, 46-50], and differences exist

according to migrants’ characteristics and to countries' different health systems.[43, 51]

To estimate the association between being an immigrant and the urgent care use, in the paediatric

population living in Amadora, a population-based, non-representative cross-sectional study was



conducted there, in the most densely populated Portuguese municipality, and the second with the high-

est density of foreign residents.[42]

Data was obtained from the participants of the first wave of the CRIAS (Health trajectories of
Immigrant Children in Amadora) cohort, implemented in Portugal from June 2019 to March 2020. CRIAS
targeted children born in 2015, aged 4 or 5 years old, and who had records of attending at least one of
the primary health care centres of Amadora in the 2 years before the assessment time, also targeting
their parents. Self-reported data on the families’ demographic and socioeconomic characteristics, mi-
gration history, and on the children's lifestyle and health was collected and integrated with data on the
children’s health care use, obtained through electronic health records.[42] The objective of the cohort
managers was to include 50% of immigrants in the cohort sample. From the CRIAS participants, those
with missing data on the variables immigration status or urgent care use were excluded from the present

study.

Immigration status was categorized in "immigrant" (born to non-native parents, even if in Portugal)
and "non-immigrant" (born in Portugal, to native parents). Urgent care use was categorized in "yes" or
"no", according to the children having or not at least one visit to the urgent care service of the Hospital
Professor Doutor Fernando Fonseca (the referral hospital of Amadora’s primary health care centres) in
20109.

Based on our literature review, a demographic variable (caregiver's age), and two individual so-
cioeconomic variables (caregiver's education level and caregiver’'s professional occupation) were in-
cluded in the minimal set of adjustment required to correct for confounding in the study of this associa-
tion. Caregiver’s age was categorized in two categories: <35 and 235 years old. Caregiver’s education
level and professional occupation were categorized into three and two categories, according to the
ISCED, 2011 and to the ISCO-08, respectively, as in Study 1.

As the outcome's frequency was higher than 10%, logistic, log-binomial, and robust Poisson re-

gression models were computed (Table 3). AIC values were obtained for all the fitted models.

Table 3. Study 2 models’ specification

Logistic Log-binomial Robust Poisson
Hy- The immigration status of a child is associated to the urgent care service use, in the paediatric popu-
pothe- | lation living in Amadora
sisin
study
Expo- Immigration status (immigrant/non-immigrant, reference)
sure
Other Caregiver's age (<35, reference/=35 years), caregiver's education level (less than secondary, refer-
inde- ence/secondary/ professional, or higher) and caregiver’s professional occupation (white, refer-
pend- ence/blue-collar)
ent




varia-
bles
Out-
come

Fitted
model
equa-
tion

Urgent care service use (yes, if the child had at least one visit to the urgent care service of the Hos-
pital Professor Doutor Fernando Fonseca, in the year 2019/no, if there were no visits)

ln(ﬁ) = by + by X

immigrant status (immigrant) +
b, X caregiver's age (= 35) +

by X

education level (secondary) +

b, X

education level (professional) +
bs x

professional occupation (blue —
collar),

where p is the probability of
having used the urgent care
service

log (p) = by + by X

immigrant status (immigrant) +
b, x caregiver's age (= 35) +

b; x education level (secondary) +
b, x

education level (professional) +
bs x

professional occupation (blue —
collar),

where p is the probability of
having used the urgent care
service

log (p) = by + by X

immigrant status (immigrant) +
b, x caregiver's age (= 35) +

b; X education level (secondary) +
b, X

education level (professional) +
bs x

professional occupation (blue —
collar),

where p is the probability of
having used the urgent care
service

In this study, no ethical or legal issues of confidentiality were raised, since all the data came from

anonymized databases, and the due approvals were gathered from the different competent authorities.

10



3

RESULTS

3.1 Study 1 - Association Between Long-term Exposure to
Ambient Air Pollution and Probable Diagnosis of De-

pressive and Anxiety Disorders

A total of 2 398 individuals were included in the study, following the application of the inclusion
and exclusion criteria (Supplementary Figure 2). Included and excluded individuals were similar regard-
ing most of the analysed characteristics. Differences between these two groups were only found regard-
ing the individual allocated 1-year average temperature, and the area-level walkability terciles (Supple-
mentary Table 1).

The study population had higher percentages of females (52.6%, 95%ClI: 50.2-55.1) and individ-
uals belonging to the age groups 35-49 years (34.1%, 95%CI: 32.0-36.4) and 50-64 years (31.5%,
95%Cl: 29.4-33.7) (Table 4). The median [interquartile range (IQR)] individual allocated 1-year average
PMio concentration was 18.6 (15.3-19.3) uyg/m? (Table 5). A probable diagnosis of DMC was found in
22.7% (95%CI: 20.0-25.6) of the study population (Table 4).

Table 4. Estimates for the characteristics in study of the included individuals

Sample es-  Weighted estimates

timates (95%Cl)
n (%/median)® (%/median)®

Exposure
Individual allocated 1-year average PMio (ug/m?) 2398 19.0 18.6 (18.4-18.7)
Independent variables
Sex

Female 1294 54.0 52.6 (50.2-55.1)

Male 1104 46.0 47.4 (44.9-49.9)
Age group

25-34 years 353 14.7 18.9 (17.2-20.7)
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35-49 years 826 34.4 341  (32.0-36.4)

50-64 years 827 34.5 315 (29.4-33.7)

65-74 years 392 16.4 155  (13.9-17.2)
Education level*

Low? 679 28.3 26.5 (24.4-28.7)

Medium®P 1279 53.4 535  (50.2-56.8)

High* 439 18.3 20.0 (16.7-23.7)
Employment status*

Employed 1448 60.4 62.3 (59.4-65.0)

Unemployed 272 11.4 114 (9.7-13.4)

Otherd 677 28.2 26.3 (24.1-28.7)
Professional occupation*

White-collar® 1376 62.3 62.9 (58.5-67.1)

Blue-collarf 834 37.7 37.1 (32.9-41.5)
Area-level socioeconomic deprivation terciles

Low deprivation (T1) 475 19.8 16.0 (10.5-24.5)

Moderate deprivation (T2) 609 25.4 31.6 (19.3-47.2)

High deprivation (T3) 1314 54.8 52.4 (37.8-66.6)
Individual allocated 1-year average temperature (°C) 2398 15.2 15.0 (14.8-15.3)
Area-level walkability terciles

Low walkability (T1) 84 35 1.3 (0.6-2.9)

Moderate walkability (T2) 574 23.9 184  (13.5-24.6)

High walkability (T3) 1740 72.6 80.3 (73.2-85.9)
Degree of urbanization

Rural 702 29.3 28.2 (22.7-34.5)

Urban 1696 70.7 71.8  (65.5-77.3)
Outcomes

Probable diagnosis of common mental health disorders
Yes 555 23.1 22.7 (20.0-25.6)
No 1843 76.9 773 (74.4-80.0)

95%Cl - 95% confidence intervals, PMio - particulate matter with an aerodynamic diameter less than or
equal to 10 micrometres, T1 - first tercile, T2 - second tercile, T3 - third tercile.

*1 missing in education level, 1 missing in employment status, 188 missings in professional occupation.

$ percentages or medians were presented according to the type of variable being described (categorical or
continuous, respectively).

a: Less than secondary: levels 0-2 of the International Standard Classification of Education 2011 .

b: Secondary: levels 3—4 of the International Standard Classification of Education 2011 .

c: Professional or higher: levels 5-8 of the International Standard Classification of Education 2011.

d: Other: students, retired, stay-at-home parents, other.

e: White-collar: managers, professionals, technicians and associate professional, clerical support workers,
and services and sales workers (according to the International Standard Classification of Occupations).
f: Blue-collar: skilled agricultural workers, craft and related trades workers, plant and machine operators,
and elementary occupations (according to the International Standard Classification of Occupations).

Table 5. Characteristics of the included individuals (n=2 398) and comparison between groups of probable diag-
nosis of common mental health disorders

Total Probable Without p-value/
(n=2 398) diagnosis probable 95%CI®
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of CMD diagnosis of

(n=555) CMD
(n=1 843)
o (15.2
Individual allocated 1-year average PM1o 18.6 (15.3- 18. i 18.6 (15.3- (0.012,
(ug/m?3) — median (IQR) 19.3) 3 19.2) 19.3) 0.423)
Sex - % <0.001
Female 52.6 70.4 47.4
Male 47.4 29.6 52.6
Age group - % 0.072
25-34 years 18.9 14.3 20.2
35-49 years 341 311 35.0
50-64 years 315 37.3 29.9
65-74 years 15.5 17.3 14.9
Education level* - % <0.001
Low? 26.5 33.2 24.5
Medium® 53.5 53.2 53.6
Hight 20.0 13.6 21.9
Employment status* - % <0.001
Employed 62.3 51.5 65.4
Unemployed 114 14.3 10.6
Otherd 26.3 34.2 24.0
Professional occupation* - % 0.071
White-collar® 62.9 58.1 64.2
Blue-collarf 37.1 41.9 35.8
Area-level socioeconomic deprivation
terciles - % 0.087
Low deprivation (T1) 16.0 16.4 15.9
Moderate deprivation (T2) 31.6 36.0 30.3
High deprivation (T3) 52.4 47.6 53.8
- (14.6
Individual allocated 1-year average tem- 15.0 (14.8- 14. i 15.2 (14.8- (0.015,
perature (°C) — median (IQR) 16.7) 9 16.7) 16.7) 0.141)
Area-level walkability terciles - % 0.489
Low walkability (T1) 1.3 15 1.3
Moderate walkability (T2) 18.4 20.6 17.7
High walkability (T3) 80.3 77.9 81.0
Degree of urbanization - % 0.051
Rural 28.2 33.0 26.9
Urban 71.8 67.0 73.1

CMD - common mental health disorders, 95%CI - 95% confidence interval, PM1o - particulate matter with an
aerodynamic diameter less than or equal to 10 micrometres, T1 - first tercile, T2 - second tercile, T3 - third
tercile.

*1 missing in education level, 1 missing in employment status, 188 missings in professional occupation.

$ p-values or 95%CI were presented according to the test used to compare proportions (Chi-squared test)
or medians (robust confidence intervals for generalized Hodges-Lehmann median differences), respectively.
Results in bold are those with statistically significant differences between individuals with and without proba-
ble diagnosis of CMD.

a: Less than secondary: levels 0-2 of the International Standard Classification of Education 2011 .
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b: Secondary: levels 3—4 of the International Standard Classification of Education 2011 .

c: Professional or higher: levels 5-8 of the International Standard Classification of Education 2011.

d: Other: students, retired, stay-at-home parents, other.

e: White-collar: managers, professionals, technicians and associate professional, clerical support workers,
and services and sales workers (according to the International Standard Classification of Occupations).
f: Blue-collar: skilled agricultural workers, craft and related trades workers, plant and machine operators,
and elementary occupations (according to the International Standard Classification of Occupations).

All the estimates were weighted to account for different selection probabilities and population distribution.

3.1.1 Regression Models

The adjusted logistic regression model obtained an OR (95%CI) = 1.015 (0.970-1.063), and the
robust Poisson model a PR (95%CI) = 1.012 (0.979-1.045). The adjusted log-binomial regression model
did not converge. Adjusted OR overestimated the adjusted PR obtained through the robust Poisson
model by 0.003 and presented wider 95%CI (95%CI range: 0.093 vs 0.066, respectively) and a higher
standard-error (0.022 vs 0.016, respectively) (Table 6).

Table 6. Characteristics of logistic, log-binomial and robust Poisson regression models fitted for the estimation of
measures of association between the exposure to particulate matter with an aerodynamic diameter equal than or
lower to 10 micrometres and the frequency of common mental disorders

Logistic Log-binomial Robust Poisson
Numbgr of individuals included in 2210 2910 2210
the adjusted models
Adjusted OR/PR* (95%CI) 1.015 (0.970-1.063) Did not converge 1.012 (0.979-1.045)
95%Cl range 0.093 Did not converge 0.066
Standard-error of the adjusted es- 0.022 Did not converge 0016
timates

OR - odds ratio, PR - prevalence ratio, 95%CI - 95% confidence interval, PM10 - particulate matter with an aer-
odynamic diameter less than or equal to 10 micrometres.

* Adjusted for sex, age groups, education level, employment status, professional occupation, area-level socio-
economic deprivation terciles, individual allocated 1-year average temperature, area-level walkability terciles,

degree of urbanization [OR for logistic and log-binomial regression models, PR for robust Poisson regression
model].

No statistically significant association between long-term exposure to PMio and the frequency of

probable CMD diagnosis was observed in any of the models, after adjustment.

3.2 Study 2 - Association Between Immigration Status and

Urgent Care Use in the Paediatric Population

From the CRIAS participants, 410 children were included in the study, since 10 were excluded

due to missing data in the variable urgent care use.
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Most of the children were males (50.7%), being most of their caregivers (or questionnaire re-
spondents) females (87.6%) with a median (IQR) age of 34 (18-75) years old (Table 7). Among the
children in study, 50.5% were immigrants (Table 7). Approximately 48.0% of all children used urgent

care services (58.4% of them being immigrants) (Tables 7 and 8).

Table 7. Baseline characteristics of the children and their caregivers, by immigration status

Immi- Non-immi-
Total grants grants
(n =410) (n =207) (n=203) p-value
Children’s sex - % 0.697**
Male 50.7 49.8 51.7
Female 49.3 50.2 48.3
Caregivers’ sex - % 0.331*
Male 12.4 14.0 10.8
Female 87.6 86.0 89.2
Caregivers’ age* - median(min-max) 34 (18-75) 34 (20-75) 35 (18-68) 0.196%
Caregivers’ relationship with the child - % 0.348*
Parent 97.3 96.1 98.5
Other 2.7 3.9 15
Caregivers’ education level* - % 0.093**
Less than secondary? 37.4 38.8 36.0
Secondary® 37.7 40.8 34.5
Professional or higher® 24.9 20.4 29.5
Caregivers’ employment status - % 0.181*
Employed 82.2 79.7 84.7
Unemployed or otherd 17.8 20.3 15.3
Caregivers’ professional occupation® - % <0.001**
White-collar® 35.6 205 51.3
Blue-collarf 64.4 79.5 48.7
Household monthly income* - % <0.001**
< 750 euros 41.1 52.0 30.0
=750 euros 58.9 48.0 70.0
Children urgent care use* - % 0.002**
No 52.0 44 .4 59.6
Yes 48.0 55.6 40.4
Children number of urgent care visits* - median
2 (1-10) 2 (1-10) 2 (1-10) 0.438%

(min-max)

Results in bold are those with statistically significant differences between immigrants and non-immigrants.
*3 missings in caregivers’ age, 1 missing in caregivers’ education level, 18 missings in caregivers’ profes-
sional occupation, 22 missings in household monthly income, 10 missings in children urgent care use, 23
missings in children number of urgent care visits.
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**Chi-squared test. *Mann-Whitney U test.

a: Less than secondary: levels 0-2 of the International Standard Classification of Education 2011 .

b: Secondary: levels 3—4 of the International Standard Classification of Education 2011 .

c: Professional or higher: levels 5-8 of the International Standard Classification of Education 2011.

d: Other: students, retired, stay-at-home parents, other.

e: White-collar: managers, professionals, technicians and associate professional, clerical support workers,
and services and sales workers (according to the International Standard Classification of Occupations).
f: Blue-collar: skilled agricultural workers, craft and related trades workers, plant and machine operators,
and elementary occupations (according to the International Standard Classification of Occupations).

Table 8. Characteristics of children and their caregivers, by having or not used urgent care in 2019

No ur-
Urgent gent care
Total care use use
(n=410) (n=197) (n=213) p-value
Children's immigration status - % 0.002**
Non-immigrant 49.5 41.6 56.8
Immigrant 50.5 58.4 43.2
Caregivers’ age* (years) - median(min-max) 34 (18-75) 33 (20-69) 36 (18-75) <0.001°%
Caregivers' education level* - % 0.004**
Less than secondary? 37.4 43.3 31.9
Secondary® 37.7 38.8 36.6
Professional or higher® 24.9 17.9 315
Caregivers' professional occupation* - % <0.001**
White-collard 35.6 24.7 45.8
Blue-collar® 64.4 75.3 54.2

Results in bold are those with statistically significant differences between immigrants and non-immigrants.

*3 missings in caregivers’ age, 1 missing in caregivers’ education level, 17 missings in caregivers’ professional
occupation.

**Chi-squared test. *Mann-Whitney U test.

a: Less than secondary: levels 0-2 of the International Standard Classification of Education 2011 .

b: Secondary: levels 3—4 of the International Standard Classification of Education 2011 .

c: Professional or higher: levels 5-8 of the International Standard Classification of Education 2011.

d: White-collar: managers, professionals, technicians and associate professional, clerical support workers, and
services and sales workers (according to the International Standard Classification of Occupations).

e: Blue-collar: skilled agricultural workers, craft and related trades workers, plant and machine operators, and
elementary occupations (according to the International Standard Classification of Occupations).

3.2.1 Regression Models

The adjusted logistic regression model obtained an OR (95%Cl) = 1.584 (1.026-2.446), the ad-
justed log-binomial regression model a PR (95%ClI) = 1.217 (0.978-1.515), and the robust Poisson re-
gression model a PR (95%CI) = 1.130 (1.013-1.261). The adjusted OR overestimated the adjusted PR
obtained through the log-binomial and robust Poisson regression models by 0.367 and 0.454, respec-
tively, presented wider 95%CI (95%CI range: 1.420 vs 0.537 and 0.248, respectively) and higher stand-
ard-errors (0.351 vs 0.136 and 0.063, respectively). However, the AIC value was lower for the logistic
regression model than for the log-binomial and robust Poisson models (1.345 vs 1.350 and 1.656, re-

spectively) (Table 9).
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Table 9. Characteristics of logistic, log-binomial, and robust Poisson regression models fitted for the estimation of
measures of association between immigration status and urgent care use

Logistic Log-binomial Robust Poisson
Number of individuals included in
the adjusted models 389 389 389
Adjusted OR/PR* (95%CI) 1.584 (1.026-2.446) 1.217 (0.978-1.515) 1.130 (1.013-1.261)
95%Cl range 1.420 0.537 0.248
AIC for the adjusted model 1.345 1.350 1.656
standard-error of the adjusted es- 0351 0.136 0,063
timate

OR - odds ratio, PR - prevalence ratio, 95%CI - 95% confidence interval, AIC - Akaike information criteria.
* Adjusted for caregiver's age, education level and professional occupation [OR for logistic and log-binomial
regression models, PR for robust Poisson regression model]. Results in bold are those statistically significant.

Only logistic and robust Poisson regression models showed statistically significant associations
between immigration status and urgent care service use, in the adjusted models. The log-binomial

model, however, did not yield statistically significant associations.
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4

DISCUSSION

This dissertation, based on two distinct real-life epidemiological examples involving outcomes
with different prevalence (22.7% in Study 1, and 48.0% in Study 2), contributed to the knowledge about
the estimation of measures of association, in cross-sectional studies with frequent outcomes, in different
settings. Study 1 assessed a nationally-representative sample of 2 398 individuals, whereas Study 2
focused on a local sample of 410 individuals. Study 1 estimated the association between a continuous
exposure and a binary outcome, adjusting for 9 independent variables (including one continuous varia-
ble); and Study 2 estimated the association between a binary exposure and a binary outcome, adjusting
for 3 covariates.

In Study 1, the log-binomial regression model did not converge. This likely happened due to the
inclusion of two continuous independent variables in the model (one variable which was a potential
confounder and the exposure in study).[9, 52, 53] When in the presence of quantitative variables, the
maximum likelihood estimate can lie on the boundary of the parameter space which can lead to model
non-convergence as the instantaneous slope of the likelihood may not reach zero at this boundary.[7]
This issue supports authors who advocate for the robust Poisson regression model as the preferred
choice to logistic models, when addressing frequent outcomes in cross-sectional studies, instead of log-

binomial models.[52, 53]

In this study, as the obtained measures of association were higher than 1, the OR overestimated
the PR obtained through the robust Poisson regression model. The magnitude of the overestimation
was 0.003 units (OR = 1.015 vs PR = 1.012). The precision of the OR was lower than the precision of
the PR, which presented narrower 95%Cl, with the 95%CI range for the OR being 0.027 units higher
than the obtained for the PR through the robust Poisson regression model (0.093 vs 0.066, respectively).
Consistently, the standard-error was 0.006 units lower for the robust Poisson (Robust Poisson: 0.016

vs Logistic: 0.022, respectively).

In Study 2, the obtained measures of association were also higher than 1, with the consequent
overestimation of PR by OR already reported in Study 1. The magnitude of the overestimation was
higher when the OR was compared with the PR obtained through the robust Poisson model, than with
the PR obtained through the log-binomial model (overestimations of 0.454 and 0.367 units, respec-
tively). This happened because the robust Poisson model obtained a lower value for the PR than the
log-binomial model (PR: 1.130 vs 1.217, respectively). The robust Poisson model also obtained the
most precise estimate (the one with the lowest 95%CI range), followed by the log-binomial and, lastly,

by the logistic regression model (95%CI ranges: 0.248, 0.537, and 1.420, respectively), as well as the
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lowest standard-error for the estimate. However, the AIC values were lower for the logistic regression
model, followed by the log-binomial model, and, lastly, by the robust Poisson model, indicating that the
logistic was the one better fitting to the data, which was counterintuitive. This might have been because
the binomial distribution is ultimately more appropriate to module binary outcomes than the Poisson
distribution, and because the mean and the variance of the outcome were different in this study (vari-
ance = 0.250, mean = 0.480), affecting the fit of the Poisson model, even if a robust estimator was being
used.[8] This example illustrates why relying solely on the AIC value for the selection of the most appro-
priate statistical model is not adequate.

In this study, we also observed that the log-binomial model could not obtain a statistically signifi-
cant association, while the logistic and robust Poisson models did. This might have been due to the
conjunction of the estimation of a not so inflated estimate through the log-binomial model, as through

the logistic model, with wider 95%CI for the log-binomial than for the robust Poisson model.

Moreover, in Study 2, the magnitude of the overestimation exceeded the overestimation observed
in Study 1 (Study 2: 0.454 and 0.367 units, Study 1: 0.003 units), which was also verified in terms of the
95%CI ranges. This discrepancy was likely due to the higher prevalence of the outcome in Study 2
compared to Study 1 and illustrates that higher outcome prevalence represent larger OR inflations.[1,
4]

In both Study 1 and Study 2, the robust Poisson model exhibited greater precision (narrower
95%CI and lower 95%CI ranges) than log-binomial and logistic regression models. This characteristic
is particularly relevant when the aim of a study is to estimate unbiased measures of association (where
the expected value is identical to the population parameter being estimated), but not so when the aim

is solely to comprehend the general trend or direction of it.[2]

In both examples, we observed that OR obtained through logistic regression models provide bi-
ased estimates of PR, in the presence of frequent binary outcomes, providing also wider confidence
intervals, which magnified the probability of a type Il error. Additionally, we verified that the extension of
the bias became more pronounced as the prevalence of the outcome increased, consistently with find-
ings from prior studies.[3, 5, 7, 9, 52-55]

The challenges associated with estimating measures of association through logistic regression
models when there are frequent outcomes in study are not limited to cross-sectional designs. Longitu-
dinal studies and randomized clinical trials might encounter similar estimation issues, and also need to

be investigated.[6]

This dissertation reinforces the viability of alternative statistical models and reopens a discussion
that has yet to reach a definitive solution. These alternative models are readily accessible within com-
monly used statistical software packages like SPSS®, Stata® and R Studio®. Nonetheless, they have
potential disadvantages that could lead researchers to discard them and stick to the logistic regression
models. A disadvantage of the log—binomial regression is that the model might not converge, like in

Study 1.[11] While robust Poisson regression does not have convergence issues, this model, like the
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log-binomial, may yield individual predicted probabilities above 1. The robust Poisson regression is in-
deed a suitable method to obtain valid, unbiased estimates, but not to predict individual probabilities (as
in diagnostic or prognostic studies).[4, 8, 10] Moreover, both models lack reciprocity, underscoring the

importance of being mindful of the reference category selected.[3]

Given the curriculum requirements that often compel medical doctors and other health profes-
sionals to publish, recognizing the time constraints clinicians face to master research methodologies
and statistics, and considering the need for consistency in research, it is imperative to establish a simple
and, as much as possible, standardized approach for the selection of the most suitable statistical model
to employ in a study. Several processes have been proposed. One of them involves constructing a
contingency table between the exposure and the outcome and comparing the OR and RR/PR obtained
through epidemiological formulas of calculation. Relevant disparities between the values would suggest
the employment of a model that estimates RR/PR instead of OR (such as the log-binomial and robust
Poisson models).[55] However, this methodology is too simplistic, can only be applied in the presence
of a categorical exposure, and does not help to choose between log-binomial and robust Poisson mod-
els. Another proposal was made by a group of authors who created a flowchart to support researchers,
but its interpretation could be complex as it requires some methodological knowledge, and it was not

agreed upon consensus.[56]

While other options exist, the log-binomial and the robust Poisson regression models are rela-

tively straightforward to apply, easy to interpret, and offer the ability to control for confounding.[8, 10]

4.1 Strengths and Limitations

This dissertation has several strengths. First, it contributed to reignite the discussion around the
validity of the OR to infer RR/PR, in the context of frequent binary outcomes, in cross-sectional studies.
Second, it used real-life datasets applied to different settings - in terms of topics investigated (the health
impact of air pollution, and the access to healthcare services), types of exposure assessed (continuous,
and categorical), types of independent variables included (categorical and continuous, or just categori-
cal), and outcomes’ prevalence (22.7%, and 48.0%) -, allowing for a comprehensive discussion, perti-
nent to several different scientific fields and aims. Third, the example studies were conducted according
to robust and previously published methodological approaches (for instance, in terms of exposure as-
sessment), allowing us to diminish biases and confounding, and to add findings relevant for the scientific

literature with each of the example studies developed.

Some limitations should also be noted. First, the assessed associations did not have substantial
effect magnitudes, making the estimates’ values closer to one and, across models, to each other (due
to a reduced variability). Second, it uses just two examples, and does not make use of simulation. Third,
logistic regression models were just compared against log-binomial and robust Poisson regression mod-
els. This choice was made not only based on the appropriateness of these models, but also on their

popularity and user-friendliness.

20



4.2 Conclusions

In this dissertation, we presented two different examples of the overestimation of the PR made

by OR, in cross-sectional studies with frequent (>10%) outcomes.

Even if both the OR and the RR or PR might be appropriate to understand the direction of a
certain measure of association, in a study whose aim is to obtain unbiased estimates, using OR instead
of RR/PR might lead to misinterpretations and potential consequences in terms of health communica-
tion, policymaking, medical decisions, and, lastly, human health. OR should not be interpreted as RR or
PR in cross-sectional studies whose outcomes are not rare. When the outcome’s frequency is >10%,
robust Poisson models could be a viable alternative to logistic regression models, avoiding the non-

convergence of log-binomial models.

However, there is neither consensus nor a standardized approach of the process of selection of
the most suitable model. The type of outcome variable (for instance, binary or not), the aim of the study
(the need or not of unbiased estimates), its expected epidemiological/clinical interpretation, the fulfilment
of the assumptions for causal inference, and the fulfilment of the assumptions of the available statistical
models should guide this complex decision. Several statistical measures and processes could be used
to support the models’ selection, including comparing models' estimates, their standard-errors, 95%ClI,
and AIC values, but no single value can serve as the sole criterion to determine the most appropriate
model to choose.

More studies should be conducted to compare different alternatives to logistic regression models
(like modified Cox, quasi-Poisson, negative binomial, and probit models), not only within cross-sectional
studies, but also across longitudinal studies and clinical trials. A standard approach to the estimation of

measures of association involving frequent binary outcomes should be established.
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A

SUPPLEMENTARY MATERIAL

A.1l Supplementary Figures

The 5-item Mental Health Inventory

How much of the time in the previous 4 weeks:

1. Have you been a very nervous person?

2. Have you felt so down in the dumps that
nothing could cheer you up?

3. Have you felt calm and peaceful?

4. Have you felt downhearted and blue?

5. Have you been a happy person?

Supplementary Figure 1. Items of the 5-item Mental Health Inventory
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INSEF participants (n = 4 911)

Not living in mainland Portugal
y (n =1444)

\ 4

No consent to link INSEF to other da-

v > tabases
(n = 86)
n= 3381
v > Unavailable postal code (n = 2)
n= 3379

Living out of the 30km radius from a
background air quality monitoring sta-
A4 tion with sufficient data on PM,, con-

centrations (n = 955)

A 4

n=2424
> No response to one or more of the
y five items of the MHI-5 scale (n = 26)
n =2 398

Supplementary Figure 2. Selection flow diagram for the individuals in study
PMaio - particulate matter with an aerodynamic diameter less than or equal to 10 micrometres, INSEF — First Por-
tuguese National Health Survey with Physical Examination, MHI-5 - 5-item Mental Health Inventory.
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A.2 Supplementary Tables

Supplementary Table 1. Comparison of the characteristics between the included and the excluded INSEF partic-

ipants
In-
All cluded Excluded p-value/
(n=4 911) (n=2 398) (n=2 513) 95%CI ®
Exposure
Individual allocated 1-year average 18.  (15.3- (15.3- (16.7- (-0.345,
PM10* (ug/m?) — median (IQR) 5 19.3) ' 19.3) ' 19.1) 0.178)
Independent variables
Sex - % 0.805
Female 52.5 52.6 52.0
Male 475 47.4 48.0
Age group - % 0.245
25-34 years 18.3 18.9 16.3
35-49 years 34.4 34.1 35.6
50-64 years 314 315 30.7
65-74 years 15.9 15.5 17.4
Education level* - % 0.024
Low? 27.7 26.5 32.2
Medium® 52.9 53.5 50.5
Highe 19.4 20.0 17.3
Employment status* - % 0.441
Employed 61.9 62.3 60.7
Unemployed 11.3 114 10.8
Other® 26.8 26.3 28.5
Professional occupation* - % 0.236
White-collar® 62.2 62.9 59.7
Blue-collarf 37.8 37.1 40.3
Area-level socioeconomic deprivation
terciles* - % 0-512
Low deprivation (T1) 16.9 16.0 204
Moderate deprivation (T2) 33.4 31.6 40.2
High deprivation (T3) 49.7 52.4 39.4
Individual allocated 1-year average 15. (14.5- 15, (14.8- 14 (14.5- (-0.440, -
temperature (°C) — median (IQR) 0 16.7) 16.7) 16.2) 0.326)
Area-level walkability terciles* - % <0.001
Low walkability (T1) 5.3 1.3 20.8
Moderate walkability (T2) 18.2 18.4 17.6
High walkability (T3) 76.4 80.3 61.6
Degree of urbanization- % 0.282
Rural 25.4 28.2 19.2
Urban 73.6 71.8 80.8

Outcome variables
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Probable diagnosis of common mental

. 0.797
health disorders* - %
Yes 22.6 22.7 22.1
No 77.4 77.3 77.9

INSEF — First Portuguese National Health Survey with Physical Examination, 95%CI - 95% confidence in-
terval. IQR - interquartile range, PM1o - particulate matter with an aerodynamic diameter less than or equal
to 10 micrometres, T1 - first tercile, T2 - second tercile, T3 - third tercile, MHI-5 - 5-item Mental Health In-
ventory.

* 2 339 missings in individual allocated 1-year average PMio and PMio exposure terciles, 2 missings in
area-level socioeconomic deprivation, 2 missings in area-level walkability, 4 missings in education level, 3
missings in employment status, 476 missings in professional occupation, 53 missings in at least one of the 5
items composing the MHI-5 (instrument whose score was categorized in two to obtain the categorical varia-
ble "probable diagnosis of common mental health disorders", being a score <52 indicative of a probable di-
agnosis).

$ p-values or 95%Cl were presented according to the test used to compare proportions (Chi-squared test)
or medians (robust confidence intervals for generalized Hodges-Lehmann median differences), respectively.
Results in bold are those with statistically significant differences between individuals included and excluded
of the study.

a: Less than secondary: levels 0-2 of the International Standard Classification of Education 2011 .

b: Secondary: levels 3—4 of the International Standard Classification of Education 2011 .

c: Professional or higher: levels 5-8 of the International Standard Classification of Education 2011.

d: Other: students, retired, stay-at-home parents, other.

e: White-collar: managers, professionals, technicians and associate professional, clerical support workers,
and services and sales workers (according to the International Standard Classification of Occupations).

f: Blue-collar: skilled agricultural workers, craft and related trades workers, plant and machine operators,
and elementary occupations (according to the International Standard Classification of Occupations).

All the estimates were weighted to account for different selection probabilities and population distribution.
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A.3 Annex 1 - Odds ratio, prevalence ratio and relative risk

In cross-sectional studies, the association between an exposure, treatment or health determi-
nant and a binary outcome/event is assessed through the odds ratio (OR), the odds of the disease
occurrence between exposed and unexposed. The prevalence ratio (PR) is the equivalent to the relative
risk or risk ratio (RR), used in prospective studies, but applied to cross-sectional studies and, thus,
prevalence (instead of incidence like in prospective studies).

RR is defined as the ratio of the probability of the outcome in those exposed to the probability
of the outcome in the unexposed. Therefore, as a measure, RR estimates how much higher (or lower)
is the probability of developing the outcome for those exposed to the risk factor compared to the unex-

posed. The data of such an investigation can be summarized in a 2-by-2 table (Table A.3.1).

Table A.3.1. Notation for entries in a 2-by-2 table

Event No event Total
Exposed a b a+b
Unexposed c d c+d
Total a+c b+d n=a+b+c+d

The RR (and PR) can be estimated by the equation:

When the probability of the outcome is low, the difference between the odds ratio and relative risk is
negligible, as expressed by the formula:

_ax(c+d) axd
¢ x(a+b) bXc




A.4 Annex 2 - Huber sandwich estimator

In regression and time-series modelling, models make use of the assumption that errors have
the same variance across all observation points (homoscedasticity). When this is not the case, errors
are said to be heteroskedastic, and this behaviour will be reflected in the residuals estimated from a
fitted model.

Heteroskedasticity-consistent standard errors are used to allow the fitting of a model that does

contain heteroskedastic residuals. The first such approach was proposed by Huber (1967).

The Poisson regression with robust standard errors specify that the variance-covariance matrix
neither assumes E(yi) = Var(yi), nor requires Var(yi) to be constant across all i. This alternative is known

to underestimate the true variability with moderately sized samples.

The sandwich idea is to estimate the second partial derivative of the log likelihood function [L(0)
=¥" logfi (Yi|0)], with respect to 8, L”(8), directly from the sample data, as L"(0).The Huber sandwich
estimator is represented by (-A)~'B(-A)~", where A= L"(0) and B = ¥, gi (Yi |0)7 gi (Yi|0).
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