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Abstract

The evaluation of personal exposure to PM is a critical component of risk assessment: one of the main challenges is rep-
resented by the difficulty in simultaneously obtaining extensive and accurate personal exposure data for large populations.
This study provides an empirical comparison between personal PM, s and PM,, exposure measurements and routinely
available ambient data from fixed monitoring stations and air quality models in a hybrid working scenario. Time-activity
information was also explored to identify activity patterns descriptively associated with larger discrepancies between
personal and ambient estimates. To achieve this goal, a complex scenario consisting of a working day from home and a
working day from office was considered. Personal exposure data were compared with daily average ambient data retrieved
for both the residential and workplace addresses of each subject, using three different approaches: (i) Address-Specific;
(i1) Residential-Address; (iii) Workplace-Address. According to the results, ambient data may provide useful proxies for
average exposures whereas their ability to represent individual exposure was limited. Exceptions were observed for PM, 5
ambient data from monitoring for the Address-Specific and Residential-Address references. The main discrepancies were
observed at high personal exposure levels, where ambient data showed a strong tendency to underestimate. Finally, larger
discrepancies were descriptively associated with selected activity patterns, including indoor free time away from home,
personal care, and secondhand smoke exposure.

Keywords Particulate matter - Personal exposure - Comparison - Ambient pollution - Exposure variability -
Microenvironment

Abbreviations CF Correction Factor

A-E Absolute Error FARM Flexible Air quality Regional Model
A-S Address-Specific HEPA  High Efficiency Particulate Air
CCC Concordance Correlation Coefficient HI Harvard Impactor
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PM Particulate Matter
Ql First quartile

Q3 Third quartile

R-A Residential-Address
R-E Relative Error

RH Relative Humidity

T Temperature

TAD Time-Activity Diary
W-A Workplace-Address
WFH  Working From Home
WFO  Working From Office
Introduction

Air pollution is a widely recognized issue for human health,
responsible for more than eight million premature deaths
worldwide annually (Health Effects Institute 2024). Among
air pollutants, airborne Particulate Matter (PM) is one of the
most concerning, since once inhaled, it can reach the respi-
ratory tract and settle in the tracheobronchial tree (PM;,
fraction), and respiratory bronchioles and alveoli (PM, s
fraction) (Kim et al. 2015; Landrigan 2017; Manisalidis et
al. 2020). This can potentially lead to adverse health effects,
mainly (but not only) on the respiratory and cardiovascular
systems. The prevalence and incidence of diseases related
to pollutant exposure are the focus of epidemiology. In epi-
demiological studies the assessment of exposure to airborne
pollutants is typically based on ambient air measurements,
even if they are not the best approach to evaluate the per-
sonal exposure of individuals (Morawska et al. 2013; Zac-
cai 2004; Zou et al. 2009). Personal sampling, performed
through light and wearable devices, is considered as the ref-
erence method (i.e., the most accurate and representative)
in exposure assessment (Broich et al. 2012) given that it is
performed in the breathing zone, defined as the hemispheri-
cal volume within a 30 cm radius of the nose and mouth
(Asbach et al. 2017; Cattaneo et al. 2010; Esmen and Hall
2010). However, it is inherently limited as a method for
measuring human exposure levels for large population, due
to obvious practical and resource limitations (Koehler and
Peters 2015; Zou et al. 2009). To overcome this problem,
ambient air concentration measures or estimates are alter-
natively attributed to individuals or populations. Ambient
air quality is typically evaluated through static monitor-
ing stations equipped with certified reference instruments
for measuring regulatory pollutants. Monitoring stations’
distribution in the territory is highly variable, leading to a
potential poor spatial variability in certain areas(Castell et
al. 2017) and - possibly - a loss of representativeness for
the greater variable ambient pollutants, especially those
affected by anthropic and natural local conditions, such as
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PM (Casati et al. 2007; Ebelt et al. 2023; Kim et al. 2015;
Kousa et al. 2002). Moreover, although ambient concentra-
tions are an important contribution to the personal expo-
sure of a subject, they cannot represent the real exposure,
since they are not able to capture many pollution sources,
like those in indoor environments (where pollutants con-
centration levels can be significantly higher or lower than
those outdoors) (Avery et al. 2010; Bo et al. 2017; Du et al.
2010; Kim et al. 2015). An alternative approach in exposure
assessment to both environmental and personal monitoring
is represented by modeling. Models are various calculation
tools that allow for obtaining individual or population expo-
sure estimates using available input data, such as concentra-
tion levels from monitoring stations, and integrating spatial
interpolation methods (Koehler and Peters 2015; Manisa-
lidis et al. 2020; Steinle et al. 2013; Wilson et al. 2002;
Zou et al. 2009). However, models for estimating expo-
sure to air pollution can require several input parameters to
improve final data quality, increasing their complexity and
the number of data to be collected. This leads to the need
to achieve a cost-benefit trade-off which may result in data
that are not always highly accurate and precise (Blanco et
al. 2023; Gulliver et al. 2015; Spinazze et al. 2017, 2019).
Therefore, one of the main problems related to the exposure
assessment to particulate matter (but also other air pollut-
ants in general) for large groups of subjects is the difficulty
of obtaining accurate and extensive personal exposure data
at the same time, as well as developing an accurate and eco-
nomical method to measure personal exposure (Brhlikova
et al. 2011; Farzadfar et al. 2011). Several studies in the lit-
erature focused on the contribution of indoor sources to per-
sonal exposure, but without investigating associated errors
in exposure levels estimate (Abdullahi et al. 2013; Bo et al.
2017; Morawska et al. 2013; Oliveira et al. 2019). Another
problem is that in studies where population exposure data
are attributed from monitoring stations or modeled data,
these usually refer to the residential address of each subject.
In this way, significant potential exposure variability fac-
tors, such as the spatial heterogeneity of the airborne con-
centrations of pollutants or the possibility that the subjects
can spend a significant portion of their day elsewhere (i.e.,
at school or at work), are not considered (Dias and Tche-
pel 2018; Hoek et al. 2008; Monn 2001). Previous studies
have already shown that spatial variability, temporal vari-
ability, individual mobility, and microenvironmental contri-
butions can strongly affect the agreement between ambient
concentrations and personal exposure (Dias and Tchepel
2018; Shafran-Nathan et al. 2018). Therefore, the issue is
not whether such factors matter, but how routinely available
ambient proxies perform when they are applied to specific
and changing daily-life scenarios. These aspects, however,
correspond to different exposure scenarios, each of which
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may lead to varying degrees of accordance between per-
sonal exposure and ambient data. One emerging scenario is
represented by the remote working which has experienced
a significant spread since the COVID-19 pandemic. Remote
working allows individuals to carry out their office activi-
ties either at the workplace or in alternative settings, most
commonly at home, for one or more days during their work-
ing week (Borghi et al. 2025), leading to complex exposure
conditions to define. Building on data collected in a previ-
ous study, the authors aimed to provide a targeted empirical
assessment of exposure misclassification in a specific and
increasingly relevant scenario, namely remote working. In
particular, personal exposure assessment error to PM (i.e.,
PM, 5 and PM,,) was quantified by comparing personal
exposure data (acquired via direct-reading instruments) to
regulatory monitoring stations and modeled ambient data,
considering the possibility of obtaining them both from
residential and workplace addresses for a group of selected
subjects. In this way the extent to which these ambient prox-
ies could approximate personal exposure under different
location-reference assumptions was explored. Moreover, an
exploratory approach was adopted to identify activity pat-
terns associated with the largest discrepancies between per-
sonal exposure and ambient estimates.

Materials and methods
Study design

Coherently with the aim of the study, PM,s and PM,,
exposure data were collected via personal monitoring for
a population of selected subjects. More in detail, the study
population consisted of 35 individuals living and working
in the Lombardy region (Italy), recruited in a previous study
conducted by Borghi e co-workers (Borghi et al. 2025). Data
were collected from May 2021 to May 2022. Each subject
was continuously monitored with three personal direct-read-
ing monitors model Aerocet-831 (abbreviated “Aerocet”-
Aerosol Mass Monitor, Met One Instruments, Inc., Grants
Pass, OR, USA; accuracy+10% to calibration aerosol;
time resolution: 1 min) for two consecutive days: one of
Working From Home (WFH) and the other Working From
Office (WFO). All manufacturer guidelines were strictly
followed to ensure the collection of quality-controlled
data. A zero-calibration using an appropriate HEPA (High
Efficiency Particulate Air) absolute filter (99.96% removal
efficiency for 0.45 pum particles) was performed before and
after each monitoring session. In addition, the accuracy
of the instruments used (+5%) was verified through inter-
comparison tests with factory-calibrated instruments. To
ensure better quality and, therefore, comparability of data,

the measurements of the instruments were corrected ad-
hoc (more details in the paragraph “Data treatment”). Each
subject, during their monitoring period, filled in a question-
naire and a Time-Activity Diary (TAD) to allow for the
collection of personal and ambient characteristics, as well
as performed activities (i.e., (i) desk work, (ii) laboratory
work, (iii) break, (iv) meal preparation and consumption
(also abbreviated as “meal”), (v) personal care, (vi) indoor
free time at home, (vii) outdoor free time at home, (viii)
indoor free time away home, (ix) outdoor free time away
home, (x) exposure to secondhand smoke (also abbreviated
as “secondhand smoke”), (xi) use of means of transport
(also abbreviated as “means of transport™). Enrolled sub-
jects included teaching staff, Ph.D. students and trainees at
the University of Insubria (Como and Varese, Italy), as well
as subjects outside the university context. The participants
spent their WFO day in academic, administrative, or com-
mercial offices. During the monitoring campaign, all the
subjects were working and living in a limited geographical
area (provinces of Como, Milano, Monza and Brianza and
Varese, in the Lombardy Region, Northern Italy). Further
details are reported in (Borghi et al. 2025).

Ambient concentration levels were also collected from
static reference monitoring stations and by air quality mod-
eling. Both ambient data were obtained from the Agency
for Prevention and Environment of the Lombardy Region
(“ARPA Lombardia”) website (ARPA Lombardia 2025c,
2025b, 2025a). ARPA monitoring station network provides
daily average concentrations of different pollutants across
the regional territory. Since stations are not available in
every municipality, PM, s and PM,, data were obtained
from the monitoring station closest to each subject’s resi-
dential and workplace addresses. For ambient modeled
data, ARPA provides municipal-level air quality estimates
derived from the three-dimensional Eulerian FARM (Flex-
ible Air quality Regional Model), making modeled PM, s
and PM,, concentrations available for all municipalities.
For this reason, data were obtained from the ARPA website
(ARPA Lombardia 2025b) using the same approach as for
the monitoring station data, selecting values corresponding
to each subject’s residence and workplace municipalities. A
schematic representation of the study design is reported in
Fig. 1. Moreover, weather parameters were considered in
this study, as they can affect PM (as well as other air pol-
lutants) concentration levels (Alameddine et al. 2016; Kaur
and Nieuwenhuijsen 2009; Onat et al. 2019; Owoade et al.
2012; Tian et al. 2014). As done for air quality data, weather
data were downloaded from the ARPA website (ARPA
Lombardia 2025a) for both the weather monitoring station
closest to the residential address and the one closest to the
workplace address for each of the two monitoring days of
each subject. The meteorological parameters considered are
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Fig. 1 Schematic representation
of the study design

Work From Home (WFH)

S

v

Personal monitoring

Data with a 1-minute time resolution

the following: temperature - T (°C), relative humidity - RH
(%), rainfall (mm) and wind speed (m/s).

Data treatment

Data collection and initial processing were already carried
out and described in Borghi et al. 2025; the main steps are
briefly summarized below. Personal data collected through
the personal real-time monitors used in this study are
affected by an intrinsic measurement error (Borghi et al.
2025). To address this issue, data were corrected a poste-
riori with a seasonal and location correction factor (CF),
obtained through a comparison between exposure concen-
tration measured via each Aerocet and via a gravimetric
reference method for PM, s (a Harvard Impactor MS&T
Area Sampler Diagnostic and Engineering, Inc., Harrison,
ME, USA, named here as “HI” - Harvard Impactor), dur-
ing a simultaneous sampling period. Details of the proce-
dure can be found elsewhere (Babich et al. 2000; Borghi et
al. 2025; Yanosky and Maclntosh 2001). Although the CF
was derived from PM, 5 comparisons, it was also applied to
PM10 to harmonize the correction procedure across particle-
size fractions. This assumption was retained because no par-
allel PM,, gravimetric correction factor was available and
is explicitly considered as a source of residual uncertainty.
The concentration distributions (for each subject/monitor-
ing day) were truncated above the 99th percentile and below
the 1st percentile to exclude unrealistic values (Hanninen et
al. 2003; Robakiewicz and Ryder 2000). Additionally, each
personal monitoring period was time-truncated to align the
exposure profiles under the two working conditions (WFO
vs. WFH), ensuring a comparable time window between the
two monitored days for each subject. With “truncated” data-
set, geometric mean and standard deviation were calculated
for both monitoring days of each subject.

@ Springer
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Work From Office (WFO)
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v

Ambient data from model
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Nearest to workplace address Modelled for workplace address

Data elaborations

All the statistical analyses and data treatment presented
below were performed through the following software:
Microsoft Excel for Microsoft 365 MSO (Microsoft Cor-
poration, Redmond, WA, USA), SPSS Statistics 20.0 soft-
ware package (IBM, Armonk, NY, USA) and RStudio
2024.04.1+748 (Posit Software, PBC, Boston, MA, USA).

Error quantification

A key concept of this study is that subjects do not always
stay full-time in their municipality of residence, but that they
can spend a substantial portion of their day at a workplace
located elsewhere. Therefore, this study considers alterna-
tive approaches for exposure assessment, based either on
monitoring stations or air quality modeling, and referring to
either the residential or workplace address.

Absolute and relative measurement errors (hereafter also
abbreviated as A-E and R-E, respectively) for exposure to
PM, 5 and PM,,, for all subjects for both monitoring days
were calculated. A-E (ug/m?) were calculated as the differ-
ence between monitoring stations or modeled data and geo-
metric mean of personal exposure, used as the operational
comparator in this study because it was measured in the
breathing zone and corrected using the available CF. Given
the interest in referring to both residence and workplace
addresses to attribute exposure data, three “location refer-
ences” (hereafter also referred to as “references”) to quan-
tify the error for each subject in both working days were
considered (Table 1):

1. “Address-Specific” (A-S): errors were calculated consid-
ering the specific type of working day (WFH or WFO).
For WFH days, errors were quantified by comparing
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Table 1 Schematic representation of the errors calculated for each sub-
ject during their two monitoring days (WFH and WFO) according to
the three approaches: (i) Address-Specific; (ii) Residential-Address;
(iii) Workplace-Address

Location reference Working day Ambi-
(Personal data location)  ent data
location
i Address-Specific Working From Home Residential
Working From Office Workplace
ii.  Residential-Address Working From Home Residential
Working From Office Residential
iii.  Workplace-Address Working From Home Workplace
Working From Office Workplace
2PM 2 data 3 location
fractions sources references
o~ g ™
/ \
& As B
—_ —— J
Vi X & o r
PM; 5 E monitor
\\"/" \\"// /,““\\
' RA ]
— — 4
y " y N o
" PMy ) model
\ 4 \ 4 e,
b . i b
WA
% F 4

Fig. 2 The 12 “cases” given by the combination of the two PM frac-
tions, two data sources and three location references. A-S: Address-
Specific; R-A: Residential-Address; W-A: Workplace-Address

personal exposure to ambient data from monitoring sta-
tions closest to the residence address and to data modeled
for residential municipalities. Instead, for WFO days,
errors were quantified by comparing personal exposure
with ambient data from monitoring stations closest to the
workplace address and ambient data modeled for work-
place municipalities.

2. “Residential-Address” (R-A): errors were calculated
comparing the personal exposure to data provided from
monitoring stations closest to the residential address
and modeled data for residential municipalities, both for
WFH and WFO days.

3. “Workplace-Address” (W-A): errors were calculated
comparing the personal exposure to data provided from
monitoring stations closest to the workplace address
and modeled data for workplace municipalities both for
WFH and WFO day.

Table 2 Explained 12 cases, meaning the 12 different (absolute/rela-
tive) errors calculated for each subject

“Case” Location reference PM Ambient data
number fraction source

1 Address-Specific PM, 5 Monitoring station
2 Address-Specific PM, 5 Model

3 Address-Specific PM,, Monitoring station
4 Address-Specific PM,, Model

5 Residential-Address ~ PM, 5 Monitoring station
6 Residential-Address ~ PM, 5 Model

7 Residential-Address ~ PM,, Monitoring station
8 Residential-Address ~ PM, Model

9 Workplace-Address PM, 5 Monitoring station
10 Workplace-Address PM, 5 Model

11 Workplace-Address PM,, Monitoring station
12 Workplace-Address PM,, Model

Missing ambient values were not imputed. Missing observa-
tions were primarily due to the unavailability of monitoring-
station data for the relevant location and monitoring day.
The number of expected, available, and missing observa-
tions for each pollutant, data source, and location-reference
approach is reported in Table SM1.

Since A-E and R-E were calculated for both PM, 5 and
PM,,, obtained from monitoring stations and model and
considering each of the three references for the compari-
sons, a total of 12 different “cases” (i.e., way to calculate the
error for each subject during both monitoring days) resulted
from this combination. Figure 2 provides a schematic over-
view of these different approaches, bringing to the twelve
different cases and better highlighted in Table 2.

Activity patterns associated with exposure
discrepancies

Once both absolute and relative error were calculated, the
distribution of time spent in each activity was explored in
relation to the largest positive and negative discrepancies
between ambient estimates and personal exposure. This
exploratory analysis was intended to generate hypotheses
on activity-related contributors to exposure misclassifica-
tion, rather than to demonstrate independent causal effects
of specific activities. To achieve this goal, three “cluster-
subjects” were identified based on the distribution of the
errors. These 3 cluster-subjects were named as (i). “Median
subject”; (ii). “Outlier<10th percentile” subject (also
namely “Outlier<10th ”); iii. “Outlier>90th percentile”
subject (also namely “Outlier>90th ). This process was
followed for each of the 12 cases (Table 2). It is worth not-
ing that these “median” and “outlier” labels are used only
for descriptive purpose and do not imply the identification
of statistically defined exposure phenotypes.

@ Springer
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More in detail, these three derived subject groups were
obtained through a series of intermediate steps (Fig. 3).
For each case, the study population was divided into three
groups based on the frequency distribution of their errors:
(i) those below the 10th percentile, identifying subjects with
large negative errors; (ii) those between the 10th and 90th
percentiles, representing subjects with lower or moderate
errors; and (iii) those above the 90th percentile, identifying
subjects with high positive errors.

After dividing subjects into three groups, the second step
involved analyzing the time fractions (with respect to the
monitoring period) dedicated to each activity. For the two
groups with subjects characterized by high errors (i.e. those
below the 10th percentile, and those above the 90th percen-
tile), the average time fractions spent on each activity were
calculated across all subjects within each group, resulting in
two representative profiles: the “Outlier<10th percentile”
and the “Outlier>90th percentile” subjects. For the group of
subjects with errors between the 10th and 90th percentiles,
percentile values for each activity’s time fraction were com-
puted, including the minimum, first quartile (Q1), median,
third quartile (Q3), and maximum. These values were used
to define and characterize the “typical” subject (i.e., the so-
called “Median subject”).

In this way, the time fractions of each activity were
compared among the three cluster-subjects, by considering
where the values of the outlier subjects fell in relation to the
percentiles of the median subject. This approach allowed us

to observe and assess whether spending more or less time
on each activity corresponded to a higher absolute error,
regardless of its positive or negative sign.

Results
Descriptive analyses

Tables 3, 4 and 5 present the results of descriptive analysis
about daily average time fractions spent on each activity,
ambient and personal PM concentrations and meteorologi-
cal data, respectively.

As shown in Table 3, due to the study design, desk work
has been the most performed activity, with a daily average of
about 0.5 (i.e., 50% of the whole daily monitoring period),
followed by free time at home indoors (mean: 0.23; median:
0.21) and meal preparation and consumption (mean: 0.10;
median: 0.09). The other activities have lower averages, but
it is interesting to note that some of them show a high maxi-
mum value, indicating that at least one subject has spent a lot
of time on them. For example, situations related to second-
hand smoke and working in a laboratory show a maximum
of 0.58 and 0.50, respectively, and also, the time spent on
personal care and the use of means of transport show maxi-
mum values ranging between 0.33 and 0.25, respectively,
corresponding to a quarter and a third of the monitoring day.
No relevant differences are notable between WFH and WFO

Errors measured for each subject and for a

Highest negative
errors

given comparison

Highest positive
errors

Statistic indicators for each activity calculated for the above three clusters

~

Minimum, 15t quartile, Median, 3™ Quartile, Maximum

N

Median Subject

Average

Outlier < 10"

]

Average

N

Outlier > 90t"

Fig. 3 Schematic representation of the approach adopted to evaluate the contribution of different activities in causing errors. 10th perc.: 10th per-

centile; 90th perc.: 90th percentile
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Table 3 Descriptive statistics of time fractions of daily averages spent on each activity by the study population, during the monitoring days. For
each activity, the first row reports the overall descriptive statistics of both monitoring days, the second row refers to WFH days, the third row refers
to WFO days. N: number of monitoring days considered; Min.: minimum value; Max.: maximum value; S.D.: standard deviation

Activity N Min. Mean Median Max. S.D.
Desk work 70 0 0.49 0.51 0.83 0.18
WFH 35 0.10 0.52 0.51 0.83 0.16
WFO 35 0 0.46 0.51 0.73 0.21
Laboratory work 70 0 0.04 0.00 0.50 0.12
WFH 35 0 0 0 0 0
WFO 35 0 0.08 0 0.50 0.16
Break 70 0 0.03 0.01 0.14 0.04
WFH 35 0 0.02 0.01 0.14 0.03
WFO 35 0 0.03 0.03 0.14 0.04
Meal preparation and consumption 70 0 0.10 0.09 0.33 0.06
WFH 35 0 0.12 0.12 0.26 0.07
WFO 35 0 0.08 0.07 0.33 0.06
Personal care 70 0 0.04 0.02 0.33 0.06
WFH 35 0 0.04 0.03 0.26 0.05
WFO 35 0 0.04 0.01 0.33 0.08
Free time Indoor Home 70 0 0.23 0.21 0.59 0.15
WFH 35 0.02 0.26 0.27 0.59 0.15
WFO 35 0 0.19 0.19 0.48 0.14
Free time Outdoor Home 70 0 0.01 0.00 0.20 0.02
WFH 35 0 0.01 0 0.20 0.03
WFO 35 0 0 0 0.04 0.01
Free time Indoor Away Home 70 0 0.01 0.00 0.16 0.03
WFH 35 0 0 0 0.13 0.02
WFO 35 0 0.01 0 0.16 0.03
Free time Outdoor Away Home 70 0 0.03 0.00 0.17 0.05
WFH 35 0 0.02 0 0.17 0.05
WFO 35 0 0.03 0.01 0.16 0.05
Exposure to secondhand smoke 70 0 0.02 0.00 0.58 0.08
WFH 35 0 0.02 0 0.58 0.1
WFO 35 0 0.01 0 0.13 0.04
Use of means of transport 70 0 0.05 0.03 0.25 0.06
WFH 35 0 0.1 0 0.14 0.03
WFO 35 0 0.09 0.11 0.25 0.06

days, except for the work in laboratory which was obviously
carried out during only the WFO day.

Descriptive analysis of particulate matter concentrations
[Table 4] shows that personal monitoring campaign is char-
acterized by the widest standard deviation, both for PM, s
(£25.6 pg/m?®, £30.0 pg/m’, £19.8 pg/m® - when refer-
ring to total, WFH and WFO data, respectively) and PM,,
(£34.6 pg/m?, £41.5 pg/m?, £24.6 pg/m? - when referring
to total, WFH and WFO data, respectively), with minimum
and 5th percentile values lower, and maximum and 95th per-
centile higher than those from static monitoring stations and
model data. Moreover, for both PM fractions, WFH mean
and median are higher than those of WFO, but these differ-
ences are not so appreciable when comparing data obtained
from monitoring stations and modeling for different loca-
tion references (i.e., Address-Specific, Residential-Address,
Workplace-Address). Moreover, it is interesting to note

that for both PM, 5 and PM,,, ambient monitoring stations
provided higher mean and median values than the model,
suggesting that modeled estimates tended to underestimate
station-based ambient concentrations in this dataset.

Finally, descriptive analysis for meteorological variables
[Table 5] shows similar values for both central tendency
and dispersion indicators between residential and working
addresses for each meteorological parameter. This can be a
predictable outcome given that all monitored subjects live
and work in the same area of the Lombardy Region.

Error quantification and comparability
Error quantification

Table 6 presents the descriptive analysis of abso-
lute and percentage relative errors, quantified for each

@ Springer
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Table 4 Descriptive analysis for PM, s (a) and PM,, (b) exposure and ambient levels. Data: monitoring method (Monitoring campaign: data from
personal monitoring campaign, Monitoring stations: data from ARPA static monitoring stations; Modeling: data from ARPA air quality model).
Location reference: Total: overall from WFH and WFO. WFH: Working from Home; WFO: Working from Office; N: number of data; Min.: mini-
mum value; ps: 5th percentile; pys: 95th percentile; Max.: maximum value; S.D.: standard deviation

PM, 5 (ug/m3)

(a) Data Location reference N Min.
Monitoring campaign Total 70 2.1
WFH 35 2.9
WFO 35 2.1
Monitoring stations Address-Specific 35 8.0
Residential-Address 20 5.0
Workplace-Address 49 5.0
Modeling Address-Specific 69 2.0
Residential-Address 68 2.0
Workplace-Address 70 2.0
PM,, (pg/m’)
(b) Data Location reference N Min.
Monitoring campaign Total 70 7.0
WFH 35 7.4
WFO 35 7.0
Monitoring stations Address-Specific 38 5.0
Residential-Address 24 5.0
Workplace-Address 52 5.0
Model Address-Specific 69 5.0
Residential-Address 68 3.0
Workplace-Address 70 5.0

Ps Mean Median Pys Max. S.D.
42 26.8 17.3 85.6 110.0 25.6
3.0 314 18.8 103.2 110.0 30.0
4.2 222 159 75.9 79.1 19.8
9.0 254 21.0 74.0 75.0 15.8
7.0 25.9 20.5 74.5 75.0 19.8
8.0 26.1 21.0 74.0 75.0 16.9
6.0 22.8 19.0 51.0 67.0 14.6
6.0 232 19.5 51.0 67.0 14.8
6.0 22.7 19.0 52.0 67.0 15.0
Ps Mean Median Pys Max. S.D.
9.7 42.8 329 105.9 193.4 34.6
9.5 50.2 355 142.7 193.4 41.5
9.7 354 31.1 87.4 95.8 24.6
5.0 33.8 29.5 78.0 87.0 17.4
11.0 33.7 28.0 78.0 87.0 19.8
9.0 34.0 30.0 78.0 93.0 19.1
8.0 28.9 25.0 67.0 72.0 16.5
8.0 29.4 26.0 65.0 72.0 16.9
8.0 28.6 24.5 65.0 72.0 16.1

Table 5 Descriptive analysis for meteorological data. Location reference: monitoring station reference address; T: temperature; RH: relative
humidity; N: number of data; Min.: minimum value; p;: Sth percentile; pys: 95th percentile; Max.: maximum value; S.D.: standard deviation

Meteorological Variables

Location reference Meteorological parameters N Min. Ds Mean Median Pos Max. S.D.
Residential address T (°C) 60 1.1 2.8 11.6 10.1 20.7 23.4 5.7
RH (%) 42 35.8 38.6 63.3 61.4 89.7 96.1 17.0
Wind speed (m/s) 18 0.9 0.9 2.0 1.7 5.8 5.8 1.2
Precipitation (mm) 67 0.0 0.0 1.2 0.0 7.2 18.0 3.8
Working address T (°C) 68 23 3.2 12.1 11.3 21.2 232 5.7
RH (%) 62 28.4 347 59.0 55.5 88.0 94.1 16.5
Wind speed (m/s) 44 0.6 0.8 1.6 1.4 33 3.9 0.8
Precipitation (mm) 70 0.0 0.0 0.8 0.0 7.2 11.6 2.5

subject by comparing personal exposure with PM con-
centrations collected by fixed monitoring stations and
the model, according to the three location references.
As can be observed, the number of comparisons varied
across location references, as measured ambient data
were not always available from the reference monitoring
station, as also shown in Table SM1. Focusing on abso-
lute, a comparable trend is observable among each loca-
tion reference. Means and medians of PM, 5 A-E (both
for monitoring stations and model data, as well as PM,,
A-E from monitoring stations) are characterized by quite
low values (almost all lower than +5.0 pg/m®, meaning
closer to zero). In contrast, for PM,, comparisons (for
which personal monitoring concentrations were cor-
rected through the CF retrieved for the PM, 5), A-E from
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modeled data show higher values (in the range—9 and
— 14 pg/m®). These outcomes are not so appreciable when
considering relative errors. More specifically, means and
medians of PM, 5 for Address-Specific and Workplace-
Address approaches show the highest values, in contrast
with the A-E. Moreover, PM, 5 always shows higher
mean R-E (both for monitoring and model data) than
PM,, for the same location reference. This latter trend
is almost reversed when considering median values,
with the exceptions of PM, 5 medians for the Address-
Specific and Workplace-Address approaches. Also, it is
worth noting that modeled data provide lower values (in
absolute terms) for mean and median errors (both abso-
lute and relative) than the respective ambient data errors
(i.e., error calculated for the same PM fraction and for



Air Quality, Atmosphere & Health (2026) 19:175

Page90of19 175

Table 6 Descriptive analysis of quantified absolute and relative errors for Address-Specific (a), Residential-Address (b) and Workplace-Address
(c) references. Relative errors are reported in the square brackets N: number of data; 10th perc.: 10th percentile; Min.: minimum value; 90th perc.:

90th percentile; Max.: maximum value; S.D.: standard deviation

Absolute and Relative Errors: Address-Specific - Personal

(a) Pollutant Ambient data comparison N  Min. 10th perc. Mean Median  90th perc. Max. S.D.
PM, 5 Monitoring 35 -396 -17.2 32 52 17.0 23.1 14.1
[-51.0%] [-34.2%] [55.4%] [51.0%] [162.5%] [261.7%]  [74.9%]
Model 69 -69.2 -37.8 -3.7 0.9 15.2 374 19.4
[-86.3%] [-61.8%] [35.9%] [10.6%] [149.1%] [664.7%]  [111.6%]
PM,, Monitoring 38 -1464 -39.4 -4.6 39 24.0 30.6 30.7
[-78.6%] [-58.8%] [22.2%] [18.6%] [129.6%] [271.4%] [78.4%]
Model 69 -1474 -51.3 -13.8 -8.7 16.6 54.2 28.9
[-82.0%] [-67.0%] [-1.0%]  [-26.1%] [115.5%] [424.7%] [85.5%]
Absolute and Relative Errors: Residential-Address - Personal
(b) Pollutant Ambient data comparison N  Min. 10th perc. Mean Median  90th perc. Max. S.D.
PM, 5 Monitoring 20 449 -39.3 2.1 1.2 16.6 18.1 18.0
[-59.2%] [-45.0%] [23.9%] [14.1%] [102.7%] [105.4%]  [52.5%]
Model 68 -69.2 -37.9 -3.1 1.1 16.4 37.4 19.9
[-86.3%] [-61.8%)] [41.1%] [14.1%] [180.2%)] [664.7%] [115.7%]
PM,, Monitoring 24 -56.2 -29.8 3.7 9.1 253 29.1 20.2
[-33.3%] [-27.6%)] [33.5%] [32.6%] [104.3%)] [119.1%]  [45.0%]
Model 68 -147.4 -51.3 -13.1 -8.2 18.7 50.2 29.7
[-87.2%] [-67.4%] [2.2%)] [-28.1%] [145.2%] [393.4%]  [88.1%]
Absolute and Relative Errors: Workplace-Address - Personal
(c) Pollutant Ambient data comparison N  Min. 10th perc. Mean Median  90th perc. Max. S.D.
PM, 5 Monitoring 49  -60.2 -19.2 2.5 5.4 17.1 27.9 16.1
[-59.6%] [-38.6%] [62.0%] [48.0%] [175.5%)] [664.7%]  [115.7%]
Model 70 -65.2 -38.9 -4.1 1.0 14.5 374 19.2
[-86.3%] [-62.1%)] [30.4%] [14.7%] [144.2%)] [565.0%] [101.9%]
PM,, monitoring 52 -1354 -38.3 -5.5 -2.0 223 389 29.5
[-78.6%] [-57.9%] [21.8%] [-5.4%] [157.3%] [271.4%]  [82.7%]
Model 70 -144.4 -50.6 -14.2 -10.0 13.9 54.2 28.9
[-80.1%] [-66.9%] [-3.4%] [-28.6%] [119.1%] [424.7%]  [82.2%]

the same reference/comparison). Finally, all the means
of A-E for the model are negative, as are the medians
of both A-E and R-E when considering PM,, modeled
data. This trend is less pronounced when considering the
median or the R-E. This outcome may suggest that, on
average, modeling data could lead to an underestimated
exposure if compared to measured data (for the sake of
clarity, a negative error in this study indicates that the
value obtained from monitoring stations or modeling is
underestimated compared to the measured data).

Linear regressions and concordance correlation coefficient
(cco

Tables 7 and 8 present the results of linear regressions and
Concordance Correlation Coefficient (CCC) calculated
between the geometrical means of personal exposure data
(independent variable) and daily average ambient con-
centrations from either monitoring stations or modeled
estimates (dependent variables), for each case defined
in Table 2. For the linear regressions, the adjusted R?
(Akossou and Palm 2013), p-values, and the regression

coefficients are reported. While adjusted R? indicates the
proportion of variance explained by the model, it does
not account for systematic deviation from the line of per-
fect agreement (Sykes 1993). Therefore, the CCC was
also computed to assess both the precision and accuracy
between personal and ambient exposure estimates.

All the linear regression models are statistically signif-
icant (p <0.05) (Yanosky and MacIntosh 2001). Adjusted
R square (also named “Adj. R?” or even merely “R>”)
and CCC are generally higher for linear regressions per-
formed for PM, s (R? and CCC ranging between 0.40
and 0.65 and 0.54-0.75, respectively) than those per-
formed for PM,, (R? ranging between 0.26 and 0.36 and
0.37-0.46, respectively). However, the Adj. R? and CCC
values which show the best fitting are those referred to
PM, s monitoring, especially for the location references
Address-Specific (Adj. R% 0.615; CCC: 0.731) and Res-
idential-Address (Adj. R%: 0.645; CCC: 0.746). These
outcomes are clearly observable in the linear regression
graphs (Supplementary Material, Fig. SM1-SM12).
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Table 7 Descriptive statistics of linear regressions for Address-Specific (a), Residential-Address (b) and Workplace-Address (c) references. Per-
sonal exposure data: type of data source assumed as the operational comparator method for PM data against which comparisons are made; Ambient
data source : type of source for ambient data compared to the personal monitoring data used as comparator CCC: Concordance and Correlation
Coefficient value, with the lower and upper limits of the 95% confidence interval, reported in square brackets; Adj. R% adjusted R square; Sig.:

level of significance (p-value), considered statistically significant when <0.05; Slope: Slope factor

CCC & Linear Regression parameters — Address-Specific

(a) Pollutant Personal exposure data Ambient data source CCC Adj.R?  Sig. Slope Intercept
PM, 5 Personal monitoring campaign ~ monitoring 0.731[0.566; 0.840]  0.615 <0.001 0.549 13.18
Personal monitoring campaign  model 0.558[0.417-0.673] 0.427 <0.001 0376 12.83
PM,, Personal monitoring campaign  monitoring 0.410[0.198; 0.587] 0.263 0.001 0.257 2393
Personal monitoring campaign  model 0.386[0.246; 0.511]  0.31 <0.001 0.267 17.51
CCC & Linear Regression parameters — Residential-Address
(b) Pollutant Personal exposure data Ambient data source CCC Adj.R?  Sig. Slope Intercept
PM, 5 Personal monitoring campaign  monitoring 0.746[0.532; 0.871]  0.645 <0.001 0.537 10.83
Personal monitoring campaign  model 0.546[0.400; 0.667]  0.401 <0.001 0.367 13.55
PM,, Personal monitoring campaign ~ monitoring 0.431[0.193; 0.622]  0.361 0.001 0.282  20.29
Personal monitoring campaign ~ model 0.376[0.229; 0.506]  0.277 <0.001 0.258 1845
CCC & Linear Regression parameters — Workplace-Address
(c) Pollutant Reference method Comparison method CCC Adj.R?  Sig. Slope Intercept
PM, 5 Personal monitoring campaign  monitoring 0.695[0.542; 0.803]  0.545 <0.001 0.523 13.76
Personal monitoring campaign ~ model 0.572[0.433; 0.686]  0.439 <0.001 0393 12.14
PM,, Personal monitoring campaign  monitoring 0.454[0.268; 0.607]  0.293 <0.001 0.299 22.17
Personal monitoring campaign  model 0.375[0.237; 0.498]  0.302 <0.001 0.26 17.44

Table 8 Number of times the time fraction for the Outlier <10th subject in each activity falls within the ranges defined by the positional indices
referring to the time fraction of the Median subject. The green color scale (chosen arbitrarily) used in the table is intended to highlight and bring
out the different distributions more directly. < Min: lower than minimum; Min-Q1: range between minimum and first quartile (25th percentile);
Q1-Median: range between the first quartile (25th percentile) and the median (50th percentile); Median-Q3: range between the median (50th
percentile) and the third quartile (75th percentile); Q3-max: range between the third quartile (75th percentile) and maximum; > Max: greater

than maximum

Outlier < 10t

Activity < Min Min-Q1 Q1-Median Median-Q3 Q3-Max > Max
Desk work 0 5 7 0 0 0
Lab work 8 0 0 0 4 0
Break 0 0 3 6 3 0
Meal 0 0 5 5 2 0
Personal care 0 0 0 1 9 2
P:ree time at home 0 0 0 6 6 0
(indoor)

Free time at home

(outdoor) ? 0 0 0 . 0
F.ree time away home 12 0 0 0 0 0
(indoor)

Free time away home 0 0 0 5 7 0
(outdoor)

Secondhand smoke 0 0 0 0 6
Transport 0 0 4 7 0 1
Total 29 19 30 40 9
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Trend of errors

Three Bland-Altman plots (Supplementary Material,
Fig. SM13-SM15), one for each location reference, were
reported to evaluate possible error trends in PM, 5 and PM,
(measured and modeled) ambient data (Lakota et al. 2018;
Vesna 2009). All the Bland-Altman plots also report the
mean differences for each pollutant and data comparison as
dashed lines. For each comparison, mean bias and 95% lim-
its of agreement were calculated. In addition, proportional
bias was assessed by regressing the difference between
ambient and personal exposure on the mean of the two mea-
surements. The Bland-Altman analysis showed mean biases
ranging from —14.23 to 3.17 pg/m?® across comparisons.
Mean biases were predominantly negative, particularly for
PM,, and modeled ambient data, indicating that ambient
concentrations tended to underestimate personal exposure
on average. The 95% limits of agreement were relatively
wide, especially for PM,,, indicating substantial variability
in the differences between ambient and personal measure-
ments. A statistically significant negative proportional bias
was identified in all comparisons, with regression slopes
ranging from —0.40 to -0.90 (p<0.006), indicating that
the underestimation of personal exposure by ambient data
increased as the mean concentration increased. Detailed
mean biases, 95% limits of agreement, regression slopes,
95% confidence intervals, and p-values for each compari-
son are reported in Table SM2. Bland-Altman plots showed
greater dispersion of the differences at lower average con-
centrations (up to approximately 30-40 pg/m?). Overall, the
differences showed a downward trend with increasing mean
concentration, consistent with the negative proportional
bias identified by the regression analysis. With the aim to
highlight the error trends simply and clearly, in Fig. 4 are
reported interpolations through a Local Polynomial Regres-
sion of data plotted in the three Bland-Altman plots.

Residential-Address

Differences
Differences

0 25 50 75 100 125 0 25
Average

Fig. 4 Bland-Altman plots reporting Local Polynomial Regression
lines, for each data comparison and reference. The x-axis reports the
average between personal exposure and (measured and modeled)
ambient data (ug/m?). The y-axis reports the difference between ambi-
ent data and personal exposure (ug/m?). Legend: — (red line) PM, s

Address-Specific

Average

Performed activities and quantified errors

Outcomes concerning the estimates of main activities con-
tributing to the errors are presented in Tables 8 and 9. These
tables show how the time fraction spent for each activity by
subjects classified as “Outliers” (i.e. Table 8: Outlier<10th
; Table 9: Outlier>90th ) is distributed across the range
defined by the quartiles of the time fractions of the Median
subject. Frequencies indicate how often the time allocated
to each activity, in each comparison, fell within a specific
quartile range. According to the results, three activities were
most consistently associated with larger discrepancies: (i)
personal care, (ii) indoor free time away from home, and
(iii) secondhand smoke exposure. Concerning “personal
care” activity, 11 times (out of 12) the time fraction dedi-
cated by the Outlier<10th is higher than the 75th percentile
of the Median subject, while for the Outlier>90th it always
falls between Ist and 3rd Quartile. This pattern suggests
that personal care may involve short-term sources that are
captured by personal monitoring but not by daily ambient
data. [Table 3]. This trend is similar to that observed for the
exposure to secondhand smoke, where it emerged that the
Outlier<10th is always exposed to a time fraction greater
than the 3rd Quartile of the Median subject. However, it is
worth noting that this trend is just partly supported by the
outcomes from Outlier>90th, whose distribution falls 6
times lower than the minimum and 6 times between Q3 and
the maximum of Median Subject. The time spent indoors
away from home also looks especially important in causing
errors. As observable from the tables, for the Outlier<10th
the time fractions dedicated to this activity are always lower
than the minimum of the Median Subject, while for the Out-
lier>90th it is always greater than the Q3 of the Median
Subject. According to this outcome, spending indoor free
time away from home was associated with lower personal
exposure relative to ambient estimates in this dataset. Con-
cerning other activities, the time spent by the two Outliers

Workplace-Address

Differences

75 100 125 0 25 50 75 100 125
Average

Ambient monitoring vs. Personal exposure (ug/m?); — (orange line)
PM, s Ambient modeled vs. Personal exposure (g/m*); — (blue line)
PM,, Ambient monitoring vs. Personal exposure (ug/m’); — (green
line) PM,, Ambient modeled vs. Personal exposure (pg/m?)
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Table 9 Number of times the time fraction for the Outlier >90th subject in each activity falls within the ranges defined by the positional indices
referring to the time fraction of the Median subject. The blue color scale (chosen arbitrarily) used in the table is intended to highlight and bring
out the different distributions more directly. < Min: lower than minimum; Min-Q1: range between minimum and first quartile (25th percentile);
Q1-Median: range between the first quartile (25th percentile) and the median (50th percentile); Median-Q3: range between the median (50th
percentile) and the third quartile (75th percentile); Q3-max: range between the third quartile (75th percentile) and maximum; > Max: greater

than maximum

Outlier > 90tk

Activity < Min Min-Q1 Q1-Median Median-Q3 Q3-Max > Max
Desk work 0 0 1 6 5 0
Lab work 5 0 0 0 7 0
Break 0 0 4 5 3 0
Meal 0 4 5 3 0 0
Personal care 0 0 3 9 0 0
I:‘ree time at home 0 1 9 2 0 0
(indoor)

Free time at home 12 0 0 0 0 0
(outdoor)

F.ree time away home 0 0 0 0 1 1
(indoor)

Free time away home 0 0 4 8 0 0
(outdoor)

Secondhand smoke 0 0 0
Transport 8 3 1
Total 23 5 26 41 35 2

looks similar to the Median Subject, falling more often
between the Q1-Q3 range. However, among these activities,
it is notable that the average time fraction for “Free time
at home (outdoor)” spent by the Outliers always or almost
always falls below the minimum of the Median Subject,
such as this activity led both to an under and overestimation
of personal exposure.

Discussion

In this study, PM,s and PM,, exposure data obtained
through different approaches were compared to evaluate
the representativeness of alternative methods to personal
monitoring, considering a complex scenario. Moreover, an
alternative approach to evaluate the main activities which
can contribute to causing differences between personal
monitoring concentrations and monitored or modeled data
was explored. This study should be interpreted as an applied
comparison of commonly available exposure proxies, rather
than as a new exposure-modeling framework. Its contribu-
tion lies in quantifying how fixed-station and modeled data
perform against personal measurements when different
practical location references are used in a hybrid working
scenario.

@ Springer

Firstly, it is worth noting that each meteorological param-
eter shows homogeneous values between residential and
working addresses, suggesting that the weather conditions
are unlikely to act as a major confounding factor .

According to the results, and coherently with the literature
(Brown et al. 2009; Lin et al. 2020; Mohammadyan 2012),
concentration levels of particulate matter retrieved from
static monitoring stations and model present a certain degree
of difference compared to exposure data measured through
a personal monitoring campaign. This is firstly shown by
descriptive analyses of concentration levels acquired with
different monitoring methods [Table 4]. In particular, aver-
age personal exposure levels to both PM, s and PM,, exhibit
higher standard deviations compared to those obtained from
static monitoring stations and modeled data. This indicates
that personal monitoring, which records the real exposure
for a subject, has documented a larger variability among
the study population than the ambient monitoring and mod-
eling, coherently with the literature (Adgate et al. 2003;
Koehler et al. 2019; Scapellato et al. 2009). This variabil-
ity is even clearer when comparing the mean, median, 95th
percentile and maximum values between WFH and WFO
days for personal monitoring campaigns. Specifically, it is
worth noting that personal exposure levels on WFH days
are higher than those on WFO days. These differences are
not observed in the data from monitoring stations or models,
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where ambient concentrations associated with the residen-
tial address and those associated with the workplace address
show comparable values, likely due to the fact that the data
are all referred to a quite small and homogeneous geograph-
ical area (Sarnat et al. 2010). It is reasonable to suppose that
these higher values during WFH day are due to the presence
of many and different sources of air pollutants and human
activities. By observing the average fraction of time spent
on each activity during the two working days [Table 3],
notable differences were observed for meal preparation and
consumption (WFH: 0.12; WFO: 0.08; ratio WFH/WFO:
1.5) and free time indoor home (WFH: 0.26; WFO: 0.19;
ratio WFH/WFO: 1.37). Lower differences are observed in
the WFH and WFO ratio for desk work (WFH: 0.52; WFO:
0.46; ratio WFH/WFO: 1.13), but it is the most performed
activity on both days, each spent in a different environment,
possibly leading to a different load in the personal exposure.
Also, these three activities are those that most contributed
to the total exposure of subjects during WFH, according to
the previous study (Borghi et al. 2025). Therefore, spending
more time inside home can lead to higher concentrations,
also reported in the literature (Gonzélez Serrano and Licina
2022; Morawska et al. 2017; Zhang et al. 2021), mainly due
to higher background levels resulting from poorer air qual-
ity control in residential settings compared to offices. This
can be due to the absence of binding guidelines for house-
holds (Ahmed Abdul-Wahab et al. 2015; Destaillats et al.
2008; Vardoulakis et al. 2020), in which the use of natural
ventilation is more common than in the offices, typically
equipped with HVAC (Heat, Ventilation and Air Condition-
ing) systems with filters (Kalmar and Kalmar 2021; Park
et al. 2014). Moreover, it should be considered that some
activities like meal preparation and consumption, as well
as the personal care, are mainly performed at home during
both days. These activities directly impact on both WFH and
WFO daily exposure, respectively, but also can indirectly
impact on WFH daily exposure, since they can contribute
to higher background indoor home concentrations, to which
subjects were exposed for much longer (as witnessed by
the time fraction of “free time indoor home™ activity). For
completeness, also during WFO days some activities could
have a relevant role, commuting above all else (Borghi et al.
2025). However, and according to the previous results, meal
preparation and personal care, combined with longer time
spent indoors at home during WFH, appeared to contribute
more to total exposure than transport-related exposure dur-
ing WFO days, supporting the aforementioned hypothesis.
Further insights into the impact of this variability in
concentration levels were explored by calculating the
errors with three different location references. As shown in
Table 6, the absolute errors for PM, 5 data (both from moni-
toring stations and modeled estimates) as well as for PM,

data from monitoring stations, appear to be representative
of average personal exposure levels, as indicated by their
low mean and median values. On the other hand, when con-
sidering the relative errors, these results partly change, with
PM, 5 mean and median errors generally higher than those
for PM,, when considering the Address-Specific and Work-
place-Address references. This latter could be expected,
since the smaller the concentration values considered, the
greater the impact of the absolute variation on the relative
error, and viceversa.

Overall, it is worth noting that the comparisons showing
the lowest errors (both relative and absolute) are the median
errors for ambient PM, 5 modeled data for all location refer-
ences, as well as median values for ambient PM, 5 measured
data for the Residential-Address and PM,, modeled data
for Address-Specific and Workplace-Address references.
Moreover, concerning these lowest errors, and except for
the PM,, modeled data for the Workplace-Address, all of
them also have a positive value, meaning that the single
approach led to a slight overestimation, typically preferable
to the underestimation when dealing with risk assessment
(Bolte 2016). In such a case, it is difficult to evaluate the
representativeness of data, since both types of errors pro-
vide important and complementary information. However,
despite the complex results obtained with A-E and R-E,
it seems that ambient data from monitoring stations and
models may approximate average personal exposure at the
study-population level, but with substantial uncertainty for
some individuals and comparisons. Instead, focusing on the
minimum and maximum values, and on 10th and 90th per-
centiles, strong differences occurred. This indicates that for
some subjects, high differences between personal exposure
and ambient data occurred, leading to uncertainty in per-
sonal exposure assessment.

These results are supported and better explained by lin-
ear regression analyses and CCC calculations (Table 7, Fig.
SM1-SM12). Through this combined information it has
been possible to investigate the level of accuracy and pre-
cision of the data from the monitoring station and model
for the average daily exposures of each subject, unlike the
descriptive errors which provided a more general exposure
picture, attributable to the overall study population. More
in detail, the highest adjusted R? values were observed
for PM, 5 data from monitoring stations for the Residen-
tial-Address (Adj. R% 0.645) and Address-Specific refer-
ences (Adj. R% 0.615). These values indicate a moderate
association between personal exposure and ambient PM,
concentrations under the investigated scenario. Especially,
previous reviews have reported a wide range of correla-
tion coefficients (») between ambient PM, 5 concentration
and personal exposure, » values ranging from 0.09 to 0.83
to 0.06-0.97, respectively (Avery et al. 2010; Chen et al.
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2022). Focusing on the articles (included in the reviews)
which considered a period of ~ 1 year (the same of the pres-
ent study), it emerged that r coefficient varied between 0.4
and 0.69 and 0.39-0.72. Although the associations observed
in the present study fall within the broad range reported in
previous literature, direct quantitative comparisons should
be interpreted cautiously because different statistical met-
rics, averaging periods, study populations, and exposure-
assignment approaches were used across studies. However,
by observing the charts for these two comparisons (Fig.
SM5 and SM1, respectively), it is notable the presence of
apparent high-leverage points for high personal exposure
level which may contribute to underestimation and, there-
fore, worse correlations (Fitrianto and Xin 2022). CCCs are
coherent with linear regressions, reporting the highest val-
ues for these two comparisons, ambient PM, 5 from monitor-
ing stations for Residential-Address and Address-Specific
(CCCs: 0.746 and 0.731, respectively), even if large 95%
confidence intervals are observable.

Generally, considering descriptive analysis of errors,
linear regression and CCC calculations, within this study
population and under the investigated WFH/WFO scenario,
fixed monitoring-station PM, s and PM,, data and PM, s
modeled estimates appeared able to approximate average
personal exposure at the population level, although substan-
tial uncertainty remained at the individual level. However,
considering the observed errors, data from static monitor-
ing stations and models cannot be considered reliable in the
single subject personal exposure, providing data affected by
a degree of inaccuracy. Exceptions are ambient PM, 5 data
when considering Residential-Address and Address-Spe-
cific references, for which greater correlation and concor-
dance respect to personal exposure were observed.

It is notable that both the best correlations were observed
with data from monitoring stations, and also that correlations
with modeled data were always lower than the respective
correlations performed with ambient data from monitoring
stations (e.g., for “Address-Specific” PM, 5 correlations,
R? resulting were 0.615 for station ambient data, and 0.558
for modeled data). These evidence suggest that modeled
data are even less representative of real personal exposure
than ambient data measured in a fixed position. Therefore,
although data from regulatory monitoring stations represent
standardized ambient measurements since they are derived
from sampling, the modeled data aim to reproduce those
values but are necessarily affected by a higher degree of
uncertainty. This uncertainty partly arises from the fact that
some of the input data themselves are the result of estimates
or secondary models. As described in Materials and Meth-
ods section, ARPA Lombardia employs a three-dimensional
Eulerian FARM Model, which integrates emission inven-
tories, land-use information, meteorological simulations,
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and outputs from global models (also including satellite
observations). Although this approach is sophisticated and
designed to provide the most realistic reconstruction pos-
sible of pollutant dispersion and transformation processes,
it inevitably inherits uncertainties from its input data. This
may explain why correlations with modeled data are con-
sistently lower, and why model estimates tend to under-
estimate observed concentrations - as also evident from
Table 4, where modeled concentrations are systematically
lower than those measured at monitoring stations. More
generally, the use of model-based estimates in air pollution
studies provides valuable information on spatial and tempo-
ral scales that conventional monitoring cannot capture. For
their proper integration into risk assessment, however, it is
crucial to account for the uncertainty associated with both
input data and model outputs, ensuring that their accuracy,
precision, and representativeness are adequately charac-
terized. In light of these considerations, it is reasonable to
suppose that modeled data tend to exhibit a greater level of
uncertainty compared to environmental data from monitor-
ing stations, potentially leading to an underestimation when
used to assess personal exposure.

Finally, it can be noted that observed significant correla-
tions and CCCs for PM, 5 between personal exposure data
and data from monitoring stations are referred to the location
references “Residential-Address” and “Address-Specific”,
but not to “Workplace-Address”. This can be explained by
the fact that, even during WFO day, a significant portion of
time is still spent at home (e.g., in the morning and evening).
The weaker correlations observed for the “Workplace-
Address” scenario likely result from the fact that, during the
entire WFH day and part of the WFO day, the monitoring
stations used were not the ones closest to the subjects’ actual
locations. Also, it is notable that linear regression for “Res-
idential-Address™ presents a better correlation coefficient
than linear regression for “Address-Specific”. This could be
due to the fact that, as mentioned, a significant part of WFO
day is still spent at home and, for this day, the static monitor-
ing station closest to home represents the personal exposure
better than the static monitoring station closest to the office.
Reasonably, to get greater correlation results from linear
regressions and CCCs for “Address-Specific”, data should
be retrieved from monitoring stations and models for both
home and work addresses and weighted in relation to time
spent at the two locations during the day. Anyway, monitor-
ing stations and models provide daily averages of air pollut-
ant concentrations, hence integrating the average daily data
for a fraction of time that is not representative of the real
exposure could introduce further uncertainty into the data.
This temporal mismatch is a likely source of exposure mis-
classification, because short-term peaks related to activities
such as cooking, commuting, personal care, or secondhand
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smoke can be captured by 1-minute personal monitoring but
are smoothed out in daily ambient averages.

Through Bland-Altman plots (Fig. SM13-SM15), pecu-
liar and comparable error trends emerged. Particularly, for
low exposure levels errors are quite low, with an apparent
tendency to overestimate by monitoring stations and mod-
els. Then, an increase in error with a negative trend can be
observed with the increase in the exposure level (in partic-
ular, above about 4050 pg/m?). According to descriptive
analyses for quantified errors, this means that monitoring
stations and models are not able to capture high exposure
levels, likely reflecting short-term or microenvironmen-
tal exposure peaks that are captured by personal monitor-
ing but not by daily fixed-station or modeled ambient data.
For example, cooking, moving with means of transport and
smoking are common activities that could lead to high expo-
sure levels to PM (Boniardi et al. 2021; Dons et al. 2019;
Reisen et al. 2019; Sun and Wallace 2021).

To explore activity patterns potentially associated with
these discrepancies, time-activity information was com-
pared across subjects with the largest positive and negative
errors. As presented before in the results, the descriptive
comparison highlighted differences in three activities: (i)
personal care, (ii) free time away home (indoor), and (iii)
secondhand smoke. Among these, the time spent indoors
away from home provided coherent results for both the Out-
liers, despite the low average time spent there by the study
population. In detail, the <10th percentile Outlier (aver-
age subject with a large negative error) spent less indoor
time than the minimum of the Median subject, while the
>90th percentile Outlier (average subject with a large posi-
tive error) spent more indoor time than the third quartile
of the Median subject. This outcome suggests that these
indoor environments, where people involved in this study
spent their time, were characterized by lower PM concen-
trations than those inside their homes and offices, which
may be characterized by a good ventilation/filtration sys-
tem and/or absence of relevant PM sources. The role of time
spent on personal care and those affected by the exposure
to secondhand smoke emerged in the comparison table of
the Outlier<10th. As observable, for both activities the
Outlier subject spent more time than the 3rd Quartile of the
median subject, and this means that people characterized by
a higher personal exposure than the corresponding ambient
concentration were more involved in these two activities.
Although personal care and secondhand smoke are recog-
nized potential sources of PM exposure, the present descrip-
tive analysis cannot establish whether these activities
independently contributed to the observed discrepancies.
Among all the activities, it is also interesting to analyses the
free time spent inside home. As previously discussed, when
comparing personal exposure concentration between WFH

and WFO, this activity pattern could lead to higher personal
exposure. However, in the present descriptive comparison,
no clear pattern emerged for this activity, as the time frac-
tion observed for the Outlier <10th percentile fell within the
distribution observed for the Median subject. Finally, a quite
peculiar pattern is notable for the free time spent outdoors at
home. Since during this time, personal monitoring captures
outdoor concentration (i.e., the same as ambient monitor-
ing) it is reasonable to suppose that spending more time out-
doors led to a lower error and viceversa. Tables 8 and 9 show
that both Outliers spent less time outdoors at home than the
Median subject. This apparent inconsistency is likely due to
the very limited time devoted to this activity by the study
population, making the estimates unreliable. No relevant
differences emerged for the other activities, with compa-
rable time fractions between Outliers and Median subjects.

Strengths and limitations of the study

Some limitations and assumptions should be acknowledged.
First, the study involved a relatively small sample (n=35),
all living and working within a restricted geographical
area. In addition, personal monitoring was performed over
only two working days (one WFH and one WFO), which
may not fully capture the variability of each individual’s
exposure, also due to the truncated dataset. For this rea-
son, the findings should be interpreted as exploratory and
context-specific, and should not be generalized to other
populations, seasons, geographic areas, or working patterns
without further validation. Nonetheless, focusing on a spe-
cific population group offered the advantage of exploring an
innovative occupational scenario while reducing potential
confounding factors in the interpretation of results. Another
limitation concerns the assessment of personal exposure
with photometric sensors, which are intrinsically affected
by measurement errors, particularly in terms of concentra-
tion magnitude. In addition, the activity-pattern analysis
was descriptive and hypothesis-generating. It did not test
independent associations between activities and exposure
errors, and the results may be affected by co-occurring
activities, WFH/WFO condition, individual behaviour, and
the compositional nature of time-use data. To mitigate this
issue, a correction factor specifically derived for PM, 5 was
applied, improving the alignment between monitored data
and “true exposure.” The same CF was applied to PM,,,
likely providing more realistic values, though with residual
uncertainty. The application of a PM, s-derived CF to PM,,
remains an assumption and may have introduced additional
uncertainty in PM,, estimates. Another limitation is the use
of daily ambient data, which cannot reproduce the high tem-
poral resolution of personal monitoring and may attenuate
short-term exposure peaks.

@ Springer



175 Page 16 of 19

Air Quality, Atmosphere & Health (2026) 19:175

Despite these drawbacks, the use of direct-reading
instruments compensated for some limitations of gravimet-
ric methods: while gravimetric techniques provide more
accurate absolute concentrations, they sacrifice temporal
resolution and thus the ability to capture variability and
the influence of specific determinants of exposure. Among
the main strengths, this study investigated a specific and
increasingly relevant occupational scenario, namely remote
working, which is increasingly widespread yet still scarcely
addressed in exposure science. The comparative design,
including both WFH and WFO days for the same individu-
als, allowed to control for inter-individual variability and
to directly assess the influence of different microenviron-
ments on exposure. Another strength lies in the integration
of multiple data sources: both fixed monitoring stations and
modeled estimates were used, enabling a more compre-
hensive evaluation of their representativeness compared to
personal measurements. In addition, the inclusion of time—
activity diaries provided valuable insights into behavioral
and microenvironmental correlates of exposure misclassifi-
cation, bridging quantitative data with real-world activities.
The application of a correction factor derived from com-
parison with gravimetric PM..s measurements improved
the comparability of the personal PM..s monitoring data.
Finally, conducting the study in a geographically and mete-
orologically homogeneous area minimized potential con-
founding effects, allowing a clearer interpretation of the role
of personal activities and indoor environments.

Conclusions

This study suggests that ambient data from monitoring sta-
tions and models can approximate average population expo-
sure in this specific WFH/WFO scenario, but their reliability
decreases when individual exposure is considered. The most
pronounced discrepancies emerge at higher concentrations,
where ambient data tend to underestimate actual levels,
thus compromising risk assessment accuracy. In the remote
working exposure scenario, daily activities such as personal
care, time spent in indoor environments away from home,
and exposure to secondhand smoke were descriptively asso-
ciated with larger exposure discrepancies, highlighting how
indoor sources remain largely invisible to traditional moni-
toring systems.

From an operational perspective, while ambient data
remain useful and often indispensable in large-scale epi-
demiological studies and exposure assessments, their
exclusive use may overlook critical exposure scenarios.
Exposure science should therefore move toward integrated
approaches: combining ambient and modeled data with
targeted personal monitoring, time-activity diaries, and
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microenvironmental information can improve representa-
tiveness and reduce uncertainty. In emerging contexts such
as remote working, characterized by significant variability
in indoor conditions, this integration is particularly crucial.
Such integrated approaches may help improve exposure
classification and support more robust prevention and risk-
management strategies.
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