e a1 evmuscn Taylor & Francis
Taylor & Francis Group

International Journal of Environmental Health Research
ENVIRONMENTAL

HeartH RESEARCH

ISSN: (Print) (Online) Journal homepage: https://www.tandfonline.com/loi/cije20

PM, s exposure and olfactory functions

John Andersson, Anna Oudin, Steven Nordin, Bertil Forsberg & Maria Nordin

To cite this article: John Andersson, Anna Oudin, Steven Nordin, Bertil Forsberg & Maria Nordin
(2022) PM, 5 exposure and olfactory functions, International Journal of Environmental Health
Research, 32:11, 2484-2495, DOI: 10.1080/09603123.2021.1973969

To link to this article: https://doi.org/10.1080/09603123.2021.1973969

8 © 2021 The Author(s). Published by Informa
UK Limited, trading as Taylor & Francis
Group.

ﬁ Published online: 30 Aug 2021.

\]
C»/ Submit your article to this journal (&

||I| Article views: 812

A
& View related articles &'

)

View Crossmark data &'

CrossMark

@ Citing articles: 1 View citing articles &

Full Terms & Conditions of access and use can be found at
https://www.tandfonline.com/action/journalinformation?journalCode=cije20


https://www.tandfonline.com/action/journalInformation?journalCode=cije20
https://www.tandfonline.com/loi/cije20
https://www.tandfonline.com/action/showCitFormats?doi=10.1080/09603123.2021.1973969
https://doi.org/10.1080/09603123.2021.1973969
https://www.tandfonline.com/action/authorSubmission?journalCode=cije20&show=instructions
https://www.tandfonline.com/action/authorSubmission?journalCode=cije20&show=instructions
https://www.tandfonline.com/doi/mlt/10.1080/09603123.2021.1973969
https://www.tandfonline.com/doi/mlt/10.1080/09603123.2021.1973969
http://crossmark.crossref.org/dialog/?doi=10.1080/09603123.2021.1973969&domain=pdf&date_stamp=2021-08-30
http://crossmark.crossref.org/dialog/?doi=10.1080/09603123.2021.1973969&domain=pdf&date_stamp=2021-08-30
https://www.tandfonline.com/doi/citedby/10.1080/09603123.2021.1973969#tabModule
https://www.tandfonline.com/doi/citedby/10.1080/09603123.2021.1973969#tabModule

INTERNATIONAL JOURNAL OF ENVIRONMENTAL HEALTH RESEARCH .
2022, VOL. 32, NO. 11, 2484-2495 Taylor & Francis

https:/doi.org/10.1080/09603123.2021.1973969 Taylor &Francis Group

a OPEN ACCESS W) Check for updates

PM, s exposure and olfactory functions
John Andersson?, Anna Oudin®, Steven Nordin?, Bertil Forsberg® and Maria Nordin®

2Department of Psychology Umea University, Umed, Sweden; ®PDepartment of Public Health and Clinical Medicine,
Umea University, Umea, Sweden

ABSTRACT ARTICLE HISTORY
Growing evidence indicates that air pollution can negatively impact cog- Received 18 May 2021
nitive functions. The olfactory system is interesting in this context as it is Accepted 25 August 2021
directly exposed to pollutants and also associated with cognitive func-
tions. The aim of this study was to investigate long- and short-term PM; 5
exposure in association with olfactory functions. Scores from odor tests
were obtained from the Betula project — a longitudinal cohort study.
Estimates of annual mean PM, s concentrations at the participants’ resi-
dential address were obtained from a dispersion-model. Daily mean PM, 5
concentrations were obtained from a measuring station close to the test
location. We found a positive association between long-term PM, 5 expo-
sure and odor identification, i.e. exposure was associated with a better
ability to identify odors. We also found an interaction effect between
PM, s and age on odor identification. We found no associations between
any PM,s exposure and odor detection or between short-term PM; ;s
exposure and olfactory functions.
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air pollution; olfaction

Introduction

Long-term exposure to air pollution is known to increase the risks of many diseases, such as
respiratory and cardiovascular diseases, and cancer (Manisalidis et al. 2020). In the past few
decades, a growing body of evidence has highlighted the detrimental effects of air pollution on
various cognitive abilities (Clifford et al. 2016; Power et al. 2016). In addition, studies have shown
associations between air pollution and risk of dementia (Fu and Yung 2020), including results from
the same relatively mildly polluted area as this current study (Oudin et al. 2016, 2017).

One important component of pollution is particle matter (PM), which has been associated with
negative cognitive outcomes (Ailshire and Crimmins 2014) and increased risk of dementia (Fu and
Young 2020). Ultrafine particles (UFPM) (particles with a diameter less than 0.1 pm) can reach the
brain, activate the immune system and thereby cause small inflammations. If the inflammations
become chronic, they can result in neuronal death (Meraz-Rios et al. 2013). Several pathways
through which UFPM can affect the brain have been proposed. These pathways are not mutually
exclusive, and it is not clear which one is the most important. One is a systemic pathway (Block and
Calderon-Garciduefias 2009), in which UFPM cause inflammations in the body, which raises the
levels of cytokines in the blood stream. These cytokines transfer the inflammation to the brain via
the circulatory system. Another suggested pathway involves UFPM reaching the CNS by entering
the blood stream via the lungs, breaking the blood-brain barrier through various kinds of transport
(Heusinkveld et al. 2016). A third pathway involves the olfactory system. Since the olfactory
receptors are directly exposed to ambient air, olfactory functions are especially vulnerable to air
pollution exposure. Experiments using rodents (Oberdorster et al. 2004), as well as postmortem
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examinations of canines (Calderon-Garcidueiias et al. 2002) and humans (Calderon-Garciduenias
et al. 2004, 2008) suggest that particulate matter can reach the brain directly via the olfactory system.
As we breathe, the air along with any PM and pollutants in it comes into contact with the olfactory
epithelium in the nasal cavity. These particles can bind to the olfactory neurons and via retrograde
transport end up in the olfactory bulb in the paleocortex (Heusinkveld 2016).

Our sense of smell is important for our ability to perceive the world around us. Olfactory
impairments can have a negative impact on quality of life (Croy et al. 2014), are associated with
many neurological disorders (Barresi et al. 2012), and can be an early marker of Alzheimer’s disease
(Murphy 2019). As with other cognitive functions, it is well documented that odor identification
declines considerably with age (Nordin 2017). In addition, as an example of the impact of particles,
smoking has been shown to increase the risk of olfactory deficits (Vennemann et al. 2008).

Drawing data from the same prospective cohort study as we use in this current study (Betula;
Olofsson et al. 2009), Olofsson et al. (2010) investigated odor identification ability over a five-year
period. Their results showed that odor identification ability deteriorated with increasing age but was
also associated with sex (with women outperforming men), education, and the &4 allele of the APOE
gene. APOE-¢4 is a major risk factor for dementia (Roses 1996), but Olofsson et al. (2010) found
that the €4 allele was also associated with a decline in odor identification ability that was indepen-
dent of clinical dementia.

As for all sensory systems, the olfactory sense consists of several functions. Odor identification,
an important function in daily life, is dependent on both executive functions and semantic memory
(Hedner et al. 2010) and is thus a cognitive ability. Hence, odor identification ability may be affected
by exposure to PM in the same manner as other cognitive functions. Meanwhile, our ability to detect
odors seems to be relatively independent of cognitive factors (Hedner et al. 2010). Apart from
olfactory neurons being directly exposed to ambient air (e.g. PM and other pollutants) with
potential impact on odor detection, odor detection is dependent on odorants reaching the sensory
neurons, which can be compromised by, e.g. sinus infections and allergic reactions. Even so, there is
a lack of research on the associations and effects of air pollution on olfaction. In a 2016 review,
Ajmani et al. concluded that exposure to air pollution is associated with a decrease in multiple
olfactory functions - such as odor identification, discrimination and detection. Yet, the authors
warn that these results must be interpreted carefully as ‘most studies have used proxies for pollution
exposure in small samples of convenience’ (Ajmani et al. 2016, p. 1683) and highlight the need for
large-scale studies.

Another interesting aspect, which to our knowledge has not yet been investigated, is the possible
effect of short-term PM exposure on olfactory functions. PM levels vary greatly over the year, partly
due to variations in motor traffic, but also due to variations in weather, which leads to varying
concentrations of dust particles, pollen, etc. This may in turn lead to a short-term effect on the
ability to detect odors at that specific time. It could perhaps even affect odor identification ability, as
a temporarily lowered odor threshold would make the perception of an odor weaker and thereby
more difficult to identify. If this is the case, short-term exposure to PM needs to be taken into
consideration when conducting research on olfactory functions.

The aim of this study was to investigate associations between i) the daily mean average levels of
PM, s (particles with a diameter less than 2.5 um) on the day of the testing and performance on odor
detection and ii) long-time air pollution exposure and odor identification and detection.

Materials and methods
Participants

With the exception of the air pollution estimates, the data used in this study is drawn from the
Betula project, a population-based prospective cohort study on health, memory, and aging. The
Betula project has been described in detail elsewhere (Nilsson et al. 1997, 2004). In short, a first test
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wave (T1) took place in 1988-1990. The first sample (S1) was randomly selected from the popula-
tion of Umed municipality in northern Sweden. Each participant first underwent a health evalua-
tion, and a week later a battery of cognitive tests. New test waves (T2-T6), in which new samples
were introduced and participants from previous test waves were subject to follow-ups, took place
every five years. Each sample consisted of 500-1000 participants, distributed among 10 age cohorts.
The age cohorts were five years apart in age, ranging from 35 to 80 years. Participants were excluded
from further follow-up if they moved from Umeé& Municipality, were diagnosed with dementia, or
chose to decline further participation. In all, close to 4500 people have participated in at least one
test wave.

Exposure measurements

Estimates of short-term PM, s exposure

In order to investigate possible effects of PM, 5 levels on the day of testing and the subsequent odor
detection threshold, estimates of daily mean average concentrations of PM, 5 were retrieved from
the Swedish Meteorological and Hydrological Institute (SMHI). We used data from the measuring
station closest to the test location (Umea University campus). This data was available from 2012,
and thus not available prior to T5 of the Betula study. The linear distance between the test site and
the measuring station was approximately 1 km. Hourly measurements for the period were retrieved.
Daily means were calculated for days that had at least 18 of 24 valid hourly measurements. For days
where more than 6 hourly measurements were missing, the daily mean concentration was coded as
missing .

Estimates of long-term PM, s exposure

Depending on which point in time was our baseline (see Figure 1), we used the annual mean levels
of traffic-related PM, s at the participant’s residential address at baseline - i.e. the year 2000 or 2011.
The calculations of these estimates have been described in detail by Segersson et al. (2017). In short,
the SMHI used a wind model and a Gaussian air quality dispersion model to estimate PM, s
concentrations. Road networks were described in detail, and for most major roads, measurements
of traffic flow were available for both heavy and light vehicles. For other roads, SMHI’s models of
traffic flow were used. The vehicle fleet composition was derived from the National Vehicle Registry
and was grouped into passenger cars, light commercial vehicles, heavy goods vehicles, and buses.
Emission factors for exhaust for different vehicle types, speeds, and driving conditions were
calculated based on the Handbook Emission Factors for Road Transport 3,1 (TU Graz 2009). The
model grids had an original spatial resolution of 3200 x 3200 m, but as the areas became more urban
the resolution was successively improved to 50 m x 50 m. The main local contributors to combus-
tion PM2.5 emissions were road traffic (vehicle exhaust) and residential wood burning.

T1 T2 T3 T4 T5 T6 15t set of analyses
1988-1990 1993-1995 1998-2000 2003-2005 2008-2010 2013-2014 Exposure: Short term PM, 5
s1 % % % % - Outcome: Odor detection &
i odor identification
S2 X
S3 X X 2™ set of analyses
sS4 X Exposure: Long term PM, 5
S5 X Outcome: Odor identification
— e —— -
$6 ™7 3" set of analyses I

Exposure: Long term PM, ¢
Outcome: Odor detection

Figure 1. Overview of the Betula project, showing the samples and test waves from which data were drawn for the different set of
analyses.
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Outcome variables

Odor identification

Starting with T3 (1998-2000), a version (Bende and Nordin 1997) of the Scandinavian Odor
Identification Test (SOIT) (Nordin et al. 1998) was included in the Betula project. In this version
of the SOIT, the response alternatives were more similar to the stimuli than in the original
version in order to avoid ceiling effects (Larsson et al. 2004). Thirteen odorants assumed to be
familiar to the study population were used, namely: pine-needle; juniper berry; violet; anise; clove;
vanilla; bitter almond; orange; cinnamon; lemon; lilac; tar, and apple. The odors came from
natural etheric oils (Stockholm Ether and Essence Manufactory, Stockholm, Sweden) with the
exception of tar, which was a virtual product. The procedure has been described in detail by
Larsson et al. (2004). In short, the odors were presented to the participants with at least
a 30 second interval between the odors. After each presentation, the participants chose one of
four response alternatives. The order in which the odors were presented was randomized, but the
odors and the corresponding response alternatives were the same for all participants (Larsson
et al. 2004). A number of correct answers were recorded and calculated as means and standard
deviations for the group.

Odor detection — Odor detection thresholds were determined using ‘Suiffin’ sticks’ (Hummel et al.
1997), i.e. felt tip pens filled with n-butanol of various concentrations. Sixteen dilution steps were
established in a geometric series, numbered from 1 (strongest) to 16 (weakest). While either
blindfolded or asked to close their eyes, two pens were presented in subsequent order to the
participants by a research assistant. Of the two pens, one contained a certain concentration of the
odorant, whereas the other was a blank. The order in which the two were presented was randomized
between presentations. The pen was placed approximately 5 cm under the nostrils for a few seconds
as the participant was asked to sniff. After being presented with both an odorant and a blank pen,
the participant was asked which pen had the strongest odor. If the answer was wrong, the
participant was presented with the next dilution step. If the answer was right, the procedure was
repeated with the same dilution step. If the participant answered correctly four times in a row, it was
determined that the participant had successfully detected the odor of that particular concentration.
The 8th dilution step was the first odor presented to participants. If a participant was able to detect
the odor at this concentration, the research assistant moved on to the 16th (weakest) dilution, if not,
the research assistant moved on to the 7th (i.e. slightly stronger) dilution step. In either case,
participants were thereafter presented with increasing concentrations, until they reached a dilution
step where they could detect the odorant. The number of the weakest dilution step detected also
became their score on the test. This means that a higher score indicates a lower odor threshold and
thus a better ability to detect odors. The odor thresholds were recorded and calculated as means and
standard deviations for the group.

Covariates

Age, years of education, sex, APOE-&4 status and smoking status were included in the analysis as
covariates. All covariates are known from previous research to have an impact on cognitive
functions. In our linear mixed analyses, age was ascertained at the time of the participant’s first
odor identification test or odor detection test, depending on which outcome variable the analysis
was focusing on. All other covariates were ascertained at baseline. Which test wave served as
baseline depended on whether odor identification or odor detection were used as the outcome
variable, as the tests were introduced at different test waves (T3 for odor identification and T5 for
odor detection). Participants with at least one €4 allele were classified as APOE-¢4 carriers. Smoking
was categorized depending on the answer of yes or no to the question ‘Do you smoke, or used to,
practically daily?. For the cross-sectional analyses of odor detection and identification at T5, all
covariates were drawn from T5.
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Statistical analysis and study samples

Frequencies and percentages were used to describe sex, APOE-e4 status, and smoking status.
Frequencies, means, and standard deviations were used to describe age, years of education, odor
detection, and odor identification. Results from analyses using general linear models (GLMs) are
presented as beta values with their 95% confidence intervals (ClIs). Due to occasional internal
missing values, the number of participants differs slightly between models. In all the analyses,
participants with data missing for either the exposure or outcome variable were excluded. Missing
values ranged from 0.3% to 1.8%, with the exception of data on APOE-¢4 status where rates of
missing data were higher (ranging from 21.5% to 25.4%)

We performed three sets of analyses with different exposure measures and/or outcome variables.
Figure 1 gives an overview of the samples and test waves from which data were drawn for the
respective analyses. In the first set of analyses, we investigated short-term exposure to PM2.5, by
using data from all participants tested at T5 in a cross-sectional analysis using linear regressions to
investigate associations between daily mean PM, 5 concentration on the day of testing and odor
identification and detection. In the second set of analyses, we investigated associations between long-
term exposure to PM2.5, and odor identification. Within the timeframe for this study, participants
were tested on between one and four occasions. Estimated PM2.5 exposure was measured at the end
of T3 (2000) and used as a proxy for long-term exposure. In the third set of analyses, we investigated
associations between long-term exposure to PM2.5, and odor detection. For these analyses, the study
sample consisted of all participants tested at T5. Estimated PM2.5 exposure from the year 2011 was
used as exposure variable, as estimates for the end of T5 (2010) were not available. For the second
and third sets of analyses, a repeated measure approach was used, entering individual measure-
ments at each time point. GLMs were used to specify a repeated measures model with a linear
outcome (linear regression) and multiple independent factors. Additionally, we used the same
approach to investigate associations between long-term PM2.5 exposure and rate of change in odor
identification and odor detection. For both odor detection and odor identification, new variables
were created to investigate the rate of change of these outcomes over time. These new variables were
calculated as the differences between the test result at a certain test wave, and the result on the first
test occasion. For odor identification, up to three differences were calculated for each participant —
the first between T4 and T3, the second between T5 and T3, and the third between T6 and T3. For
odor detection, only the difference between T5 and T6 was calculated, as this test was only included
in these two test waves (see Figure 1).

The residuals for the main analyses were inspected, and found to be normally distributed.
Interaction analyses were performed by using GLM and included the two variables of interest
along with an interaction term created by multiplying these two variables. Alpha was set to 0.05 in
all analyses. All statistical analyses were conducted using the SPSS version 26 software.

Results
Descriptive statistics

As described above, the samples, though all drawn from the Betula project, differed in size
depending on the type of exposure and outcome variable. The samples’ characteristics are described
in Table 1, and the outcome variables are summarized in Table 2.

Table 1 shows the variation in the mean levels of PM, 5 exposure, with higher levels in 2000
compared to 2011. This is likely explained by decreasing levels of air pollution in general over
time (Olstrup et al. 2018). The mean age in the first test varies between 60.4 in the sample used for
investigating the rate of change in odor identification, and 67.2 in the sample used for investigat-
ing the rate of change in odor detection. Furthermore, we see that the samples are fairly similar
regarding gender distribution, education levels, and proportion of APOE-e4 carriers, and
smokers.
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Table 2. Mean values and standard deviations for the outcome variables used in the
different analyses.

Odor identification

Odor detection

Score at T5% (m, (sd))

Score at participant’s”

1st test (m, (sd))

6.7 (2.3), n = 1088

7.0 (2.3), n = 2521

5.6 (3.1), n = 1088

5.6 (3.0), n = 1051

2nd test (m, (sd)) 6.4 (2.2), n = 1055 5.1(2.8), n =511
3rd test (m, (sd)) 6.6 (2.3), n = 740 -

4th test (m, (sd)) 7.3 (2.3), n =451 -
Difference between®

2nd-1st test (m, (sd)) -1.1(2.4),n =1019 —0.5 (3.5), n =511

sd)
3nd-1st test (m, (sd)) -1.2(2.3),n=730 -
4nd-1st test (m, (sd)) —0.7 (2.4), n = 451 -
a) Used in analyses of short-term exposure and olfactory outcomes. b) Used in analyses

of long-term exposure and olfactory outcomes. ¢) Used in analyses of long-term
exposure and rate of change in olfactory outcomes

In Table 2, means and standard deviations for odor identification and odor detection are
presented. It may be worth noting that, for odor identification, the number of participants who
participated in at least two test waves (n = 1055) is lower compared to the number of participants
who were tested only once (n = 1981). This difference can be explained by the fact that S2 and S4
only were tested at T3 (see Figure 1), which also was the first test wave that included the odor
identification test. For odor identification, we also see that the mean score between subsequent tests
first drops from 7.0 to 6.4 between the first two tests, but then rises so that the mean score for the 4™
test occasion is 7.3 and thus higher than the mean score for the first test. This trend is also reflected
in the change in score from baseline. For odor detection, the mean score was 5.6 at the participant’s
first test and 5.1 for the second. The mean change from baseline for the 511 participants who took
the odor detection test twice, was a 0.5-point decrease in score.

Short-term PM, s exposure and olfactory outcomes

In the first set of analyses, we performed a linear regression, adjusted for age and sex, to investigate
the possible associations between of daily mean concentrations of PM, 5 at the day of testing and 1)
odor identification and ii) odor detection. For these analyses, we used all participants tested at T5.
We observed no statistically significant associations between daily mean PM, 5 concentration and
odor identification (f = 0.01, 95% CI: —0.04, 0.06) or odor detection ( = 0.01, 95% CI: —0.08, 0.05).
Hence, we did not adjust for daily mean exposure in the subsequent analyses.

Long-term PM, ;s exposure and olfactory outcomes

We used GLM to investigate associations between PM, 5 and odor identification and detection, and
the rate of change of these odor functions. The results are summarized in Table 3. For each
outcome, we also investigated interaction effects between PM, 5 and i) age, and ii) APOE status.

We first investigated the possible effects of long-term PM, 5 exposure on odor identification
ability. As shown in Table 3, there was an association in a crude model. We also found that this
association was strengthened when adjusted for age. It should be noted that our results indicate that
an increase in pollution exposure is associated with an increase in score on the odor identification
test, and thereby an increased ability to identify odors. This association remained in the fully
adjusted model.

When investigating the interaction effect between PM, 5 and age on odor identification, we
found a main effect for age ( = —0.15%**, 95% CI: -0.23, —0.09) but not of PM, s (f = —0.53, 95% CIL:
-1.17,0.12), and an interaction effect between the two (f = 0.01%, 95% CI: 0.00, 0.20). We also found
a small but statistically significant correlation between PM2,5 exposure and age (r = 0.10, p < 0.01).
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Table 3. Estimated regression parameters () and 95% confidence intervals (95% Cl) on odor identification and detection and rate
of change of these scores over time. The fully adjusted model was adjusted for age, sex, education, APOE-£4 status, and smoking
habits. Rate of change is defined as the difference in test score from the participants' first test occasion. All models using rate of
change as outcome variable were also adjusted for baseline performance (*p < 0.05, **p < 0.01, ***p < 0.001).

ODOR IDENTIFICATION ODOR DETECTION
Test score Rate of change Test score Rate of change
B 95% Cl B 95% CI B 95% Cl B 95% Cl
Crude model
PM, 5 0.15% 0.01, 0.29 0.03 —-0.23, 0.17 0.12 —0.20, 0.44 0.07 —0.40, 0.53
Age adjusted model
PM, 5 0.27*** 0.13, 0.41 0.06 -0.12, 0.25 0.20 —0.10, 0.51 0.15 —0.30, 0.61
Age —0.08*** -0.81, -0.70 —-0.07*** —0.07, —0.06 -0.06*** —-0.07, —0.48 -0.06*** —0.08, —0.03
Fully adjusted model
PM, 5 0.20%* 0.06, 0.34 0.03 -0.15, 0.21 0.10 —0.22, 0.43 0.06 —0.40, 0.53
Age —0.07*** -0.07, -0.06 —0.06*** -0.07, —0.05 -0.06*** —0.07, —0.04 -0.47*** —-0.07, —0.22
Education 0.05***  0.03, 0.07 0.04* 0.01, 0.06 0.02 —0.02, 0.07 0.04 —0.25, 0.10
Sex = female 0.57***  0.43,0.72 0.38***  0.18, 0.58 0.32 —0.01, 0.64 0.11 —0.36, 0.59
APOE-€4 non-carrier 0.16* 0.00, 0.32 0.09 -0.12, 0.30 0.08 —0.27,043 -0.27 —0.79, 0.45
Current/former smoker  0.09 -0.61, 0.23 0.07 -0.12,0.27 -0.01 —-0.33,0.32 -0.22 —0.69, 0.26

Thus, we divided our sample, and repeated the analysis for those 65 years or older (n = 1315) and
those younger than 65 (n = 1206) separately. Using the fully adjusted model (including age), we
found that the associations between PM, s and odor identification score persisted in the older group
(B =0.30**,95% CI: 0.10, 0.50), but not in the younger (B = 0.10, 95% CI: —0.09, 0.29). We found no
significant interaction effect between PM, 5 and APOE.

Using GLM models adjusted for the same covariates as in previous analyses, we investigated the
possible association between long-term PM, 5 exposure and i) the rate of change in odor identifica-
tion, ii) odor detection ability, and iii) the rate of change in odor identification. No significant
associations were found between PM, 5 and any of these outcome variables, nor did we find any
significant interaction effects between PM, 5 and age or between PM, 5 and APOE status.

Long-term exposure to traffic-related PM, s exposure and olfactory outcomes

Our long-term exposure data in the analyses reported above were a combined PM exposure from
different sources. This allowed us to repeat our analyses using PM, s estimates from traffic-related
sources (engine exhaust and road wear) specifically, which constituted approximately 5% of the
total exposure. Overall this did not change our results. We saw no significant associations between
PM, 5 and rate of change in odor identification or between PM, 5 and any of the odor detection
outcomes. The significant positive association between PM,s and odor identification score
remained for the age adjusted model (B = 0.38, 95% CI: 0.15, 0.60), but not in the crude model.
Nor did we find an interaction effect between PM, s and age, but as with the analysis using the total
PM, 5 exposure, the significant associations persisted only for the older group when the sample was
divided into an older (65 years or older) and a younger group.

Discussion

The aim of this study was to investigate associations between long-term PM, s exposure and odor
identification and detection. We first investigated whether short-term exposure to PM at the time of
testing had any effect on the test scores. As this was not the case, these concentrations were not
adjusted for in subsequent analyses.
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In a crude model, we found statistically significant associations between long-term PM, s
exposure and odor identification, in that a 1 pg/m3 increase in PM, 5 concentration was associated
with a 0.15 increase in score on the odor identification test, i.e. an increase of 2% of the mean score.
This association became stronger when the model was adjusted for age. We also found an
interaction effect between PM, 5 and age, on odor identification. When dividing the sample into
a younger and an older group, the association between PM, s and odor identification persisted only
in the older group. We found no associations between PM, 5 exposure and rate of change in odor
identification ability. When repeating the analyses and only using traffic-related sources for PM, s,
the overall results stayed the same, indicating that the traffic-related PM contributes to a fair share
of the results.

Based on previous research, we would have expected that long-term PM, 5 exposure would either
have a negative association with odor identification score or show no association between the two at all.
Instead, our results indicate a positive association for the older participants in our sample, i.e. that PM, 5
exposure would be beneficial to the ability to identify odors. There is a possibility that the observed
positive association occurred by chance, resulting in a type 1 error. Another possibility is that PM, 5
exposure actually has a protective effect on odor identification specifically. However, as far as we know,
no previous research has found such positive associations between air pollution and odor identification
or any other cognitive function. Nor are we aware of any biological mechanism that could explain such
an association. Therefore, we need to consider alternative explanations for our findings.

Since exposure to PM2.5 in Umed has been shown to be associated with an increased risk of
developing dementia (Oudin et al. 2018) as well as the incidence of cardiovascular disease (Raza
et al. 2021), healthier older adults may be over-represented at higher exposure levels. Competing
risks and selection may therefore be a source of bias in the present study, especially in older ages,
which could theoretically at least partly explain our findings. Another possible explanation could be
a self-selection away from areas with polluted areas among individuals with asthma. Since asthma
has been shown to be associated with worse olfactory function (Rhyou et al. 2021) this could
potentially lead to bias towards the null in our study. A limitation in this study is that we do not
have access to data regarding asthma for our participants; thus, we could not investigate the role of
it in this study. Another possible explanation involves ozone (Os), which may have a negative
impact on olfactory functions (Colin-Barenque et al. 1999). However, as nitrogenous oxides (NOy)
is emitted by combustion engines, O; is consumed (Han et al. 2011) resulting in a negative
correlation between NO, and Os. In turn, NOy is expected to be highly correlated with our PM, 5
measure as both are markers of traffic-related air pollution. Thus, if neither NO, nor PM, 5 directly
impacts olfactory functions, our results might partially be explained by lower O; levels in areas with
high levels of traffic, but this is highly speculative. If so, PM, s would indeed appear to improve the
olfactory function in our study setting.

Age is an important factor that needs to be considered given the observed interaction effect
between PM, 5 and age on odor identification ability. Many older participants with poor general
health, may be more likely to have dropped out of the study. The same may be the case for people
with relatively low cognitive ability, who may find it less enjoyable to participate in cognitive testing
and thus be more likely to drop out of the study. In other words, the oldest participants in our
dataset may not be representative for the older population as a whole when it comes to cognitive
abilities. This, in and of itself, does not explain the associations with PM, 5. Our results show a small
but statistically significant correlation between age and PM, 5 exposure, indicating that older people
experience higher levels of PM, 5 at their residential address. A possible explanation may be that
older people are more prone to live in apartment buildings in urban - and thus more polluted -
areas close to public services, rather than larger houses in more remote rural areas

We found no association between PM, 5 exposure and rate of change in odor identification over
time. Nor did we find any association between long-term PM, 5 exposure and i) odor detection or ii)
rate of change in odor detection. However, most studies showing the effects of pollution on
cognition and brain health have taken place in large metropolitan areas with higher levels of
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pollution than in our setting. Therefore, it is possible that the lack of associations observed in our
study is due to the relatively small range of exposure. The levels of particles in the air on the day of
testing had no significant effect on odor detection or odor identification test scores. Still, these
results may not be generalizable to areas with higher levels of pollution.

There are limitations to this study. Limitations of cross-sectional studies in general are well
known. For example, it is not possible to correctly interpret associations between variables and draw
conclusions regarding causality. Most of our data come from a prospective cohort study, however,
and we have used repeated measures in most of the analysis, making it possible to investigate
changes over time. This in turn has the consequence that the samples from the various test waves
are not identical or even of equal size. With many participants participating in several test waves
there is also the possibility of a learning effect.

As in any study on air pollution and health, the possibility of exposure classification needs to be
mentioned. We used residential address to estimate long-term exposure to air pollution, not taking
into account exposure due to commuting, indoor sources or leisure-time activities, for example.
Although this approach clearly is prone to exposure measurement error, it is the standard approach
in air pollution epidemiology (Beleen et al. 2013). All in all, however, this means that exposure
misclassification cannot be ruled out as a possible source of error and could have masked any actual
associations. If this is the case, we can only speculate on the strength and direction of this bias.
Especially as the reliance on secondary data from the Betula study, a study that was not designed to
investigate the effects of air pollution on health, may be a limitation to this study. However, this is
a standard approach in air pollution epidemiology and has contributed to associations being
detected previously (Oudin et al. 2016; Grande et al. 2020).

Our study also has several strengths. One being the high-quality data from the Betula Project,
providing longitudinal data from a large population-based sample. Another strength is the PM, 5
exposure estimates. Most previous studies on air pollution and health-related outcomes have used
exposure estimates based on, e.g. neighborhood averages or distance to the nearest road, whereas
our exposure estimates come from a high precision, fine-scale dispersion model with a grid size of
50 x 50 m. Having estimates of PM, 5 exposure specifically can also be considered a strength, as
many studies within this field have used other exposures (e.g. nitrogenous oxides) as a proxy when
PM, 5 estimates have not been available.

Due to the unexpected positive association found between PM, 5 exposure and odor identification,
the relative lack of larger studies on the effects of air pollution on olfactory functions, and the key role of
the olfactory system in the pathway PM, s use to reach the brain — more research is needed. We believe
that research within this field conducted in a more highly exposed area, with a focus on an older
population, and with diverse measures of socioeconomic status, may be particularly useful.
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