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There is limited data on personal exposure to fine particulate matter (PM,s) for mothers in informal
settlements in Africa. Identifying and characterizing the sources of exposure to PM; s for this population is
key to finding potential solutions for mitigating air pollution exposures. As part of the USAID-funded
Kuboresha Afya Mitaani Urban Maternal, Newborn and Child Health project in Nairobi, Kenya, this study
aimed to (1) characterize and map environments that contribute to fine particulate matter (PM, s) exposure
for mothers and infants and (2) determine which factors drive exposure to PM,s. Mothers were enrolled
and measured for 24 hours with PM, s monitors and GPS loggers in two informal settlements in Nairobi
(Dagoretti and Starehe), with complete data received from 73 participants. Two ambient PM, s monitors
were also installed in each of the respective communities. Time-activity surveys were administered
following the monitoring period. Mean daily exposures were 39.9 and 45.5 pg m~ in Dagoretti and
Starehe, respectively, with 60% of samples exceeding the annual WHO Annual Interim-1 Target of 35 pg
m~>. Normal daily activities such as sleeping, resting, running errands, and visiting with friends constituted
over three-quarters of exposure sampling time. These activities were not associated with elevated PM, s
exposures, and generally tracked diurnal ambient patterns (morning and evening peaks). Personal
exposures, however, did peak higher than ambient in the evenings when cooking was most common, and
cooking with wood or charcoal was associated with higher PM, s personal exposures (daily mean of 54.2
ng m~3 [n = 16], compared to 40.3 pg m~> for those who used gas, liquid fuels or electricity [n = 57]).
These results suggest that transitioning households to cleaner fuels, such as electricity, LPG, or ethanol,
would be the most promising intervention that could rapidly reduce exposures of mothers in informal
settlements where biomass use is common. At the same time, larger-scale sectoral efforts are needed to
bring ambient PM, 5 concentrations, and thus the overall population exposures, closer to WHO guidelines.

There is limited data on personal exposure for pregnant women and new mothers in informal settlements in Africa. Identifying and characterizing the sources of
exposure for these women is key to finding potential solutions for mitigating air pollution exposures for them and their children. We found that this
subpopulation is exposed to daily PM, 5 concentrations above World Health Organization air quality targets and guidelines. Ambient air pollution was likely the
largest driver of exposure but requires the greatest sectoral changes. The most important non-ambient driver that could be addressed in the short term is likely
use of low-quality cooking fuels. Given the prevalence of charcoal, wood, and kerosene for cooking in urban Africa, this work underscores the need to address

these sources in efforts to drive down personal exposures for mothers and their children.
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Exposure to air pollution is associated with several adverse
maternal and child health outcomes, with recent reviews report-
ing associations with low birthweight, stillbirth, growth restric-
tions, preterm birth, and other gestational complications.'
Recent studies have also shown associations between exposure to
fine particulate matter (PM, s) and COVID-19 risk,*” which is of
concern given increased maternal mortality and risk of
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miscarriage associated with COVID-19.*° Childhood morbidity
and mortality, primarily from acute lower respiratory infections
(ALRI), are also associated with air pollution exposure,'*** with
ALRI being the leading cause of death for children under five.'®

These health concerns are of critical importance for mothers
and children living in informal settlements, where adverse
health outcomes are higher than the national average. In
a study of two of Nairobi's informal settlements, the maternal
mortality rate was estimated at 709 per 100 000 live births,
which is twice the national average (362 per 100 000).** Neonatal
and child mortality is also high, with the neonatal mortality rate
estimated at 14.4 per 1000 live births, an infant mortality rate of
39.2 per 1000 live births, and an under-five mortality rate of 79.8
per 1000 live births.* These health risks, coupled with the risk
of air pollutant exposure, puts women and children in these
settings at an added disadvantage.

While there is little direct data on personal exposures for
mothers in informal settlements in Nairobi, ambient and other
exposure studies suggest they are likely exposed to high levels of
PM, 5. A review of air pollution studies in Kenya by deSouza," for
example, found the majority of the studies reported ambient
PM, 5 concentrations exceeding the previous WHO 24 hours and
annual PM, 5 guidelines (25 and 10 pg m™>, respectively), and
those which were associated with informal neighborhoods were
often above 100 pg m™>. Arecent study with several PM, s ambient
installations across Nairobi reported 24 hours mean PM,;
concentration ranging from 22 to 112 pg m~>, with one of the sites
close to informal settlements (Mathare) measured at 50 ug m™3.%
Another study in 2017 documented somewhat lower, almost year-
long ambient concentrations near informal settlements by Kibera
and Viwandani of 23 and 21 pg m™>, respectively.””

These studies have helped characterize the relatively high
ambient PM, 5 concentrations in Nairobi, as well as potential
associations with land-use zones and pollution sources, such as
vehicle emissions; however, they have not provided granular
exposure estimates for subpopulations which may be especially
impacted by air quality, such as expecting mothers in informal
settlements, nor analyses of specific drivers of those exposure
estimates. A better understanding of what is driving potentially
high exposures for mothers is needed to provide insight into
specific interventions or approaches that can help mitigate these
exposures. Towards this end, this study aimed to: (1) characterize
and map environments that contribute to PM, 5 exposure for
mothers in informal settlements in Nairobi, and (2) determine
which factors are associated with increased exposure to PM, s
and prospects for mitigating that exposure through interven-
tions. To address these objectives, we measured location and
PM, 5 exposure for new and expecting mothers in two informal
settlements in Nairobi, and cross-referenced that data with
participant-reported time-activities, in an effort to characterize
exposure and potential sources for this population.

2 Methods
2.1 Kuboresha Afya Mitaani (KAM) project

This air quality study was conducted as part of the Kuboresha
Afya Mitaani (KAM) implementation research project (also
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known as the Urban Maternal, Newborn and Child Health
(MNCH) project). The KAM project is led by Jacaranda Health
with support from Population Council, the Nairobi City County
government, Sanergy, and Berkeley Air Monitoring Group, and
funded by USAID. The project is applying implementation
research to characterize and improve maternal and child health
outcomes in informal settlements in Nairobi. The overarching
approach is to develop systems that improve quality of care and
better health outcomes by integrating often siloed actors, such
as the families themselves and care providers/facilities, as well
as considering environmental health concerns. The need for
better MNCH services is acute in these informal settlements,
which have high maternal and child mortality rates.'> Respira-
tory infections, diarrheal diseases, and malnutrition have
contributed to the elevated mortality and morbidity in these
communities, which are also largely below the poverty line.*

2.2 Sampling and screening procedure

The site selection and participant recruitment process was
designed to make the study population representative of the
KAM program, limiting participants to expecting and new
mothers aged 15-49 years with babies 0-11 months, living in
the selected KAM study villages, and expecting to stay in the
same location for the next 6 months. The sampling frame was
established through a household listing completed in
September 2020 by trained Community Health Volunteers from
Dagoretti and Starehe. A total of 6429 eligible households were
listed. Participants were pre-screened from the study pool to
determine their willingness to enroll and then stratified by
neighborhood to ensure geographic distribution across the
study location. Of the pre-screened sample, a random sample of
209 households was targeted for participation. The sampling
was conducted from February 22, 2021, to March 26, 2021.

Ethical approval for human subjects research was provided
by the Population Council's Institutional Review Board (PC IRB
928) and the African Medical and Research Foundation Ethics
and Scientific Review Committee (AMREF-ESRC 788/2020).
Informed consent was obtained from all women before
participating.

2.3 Personal exposure and location monitoring

PurpleAir monitors (model PA-II SD) were used for ambient and
personal exposure PM, s monitoring and Columbus P-1 GPS
loggers were used to log location (Fig. 1). PurpleAir monitors,
which employ the Plantower PMS 5003 laser sensors to detect
particulate matter, have been used extensively for low-cost
monitoring networks,** including in Africa,”®*® and have
demonstrated strong performance when corrected for humidity
impacts and calibrated against reference-grade monitoring
instrumentation.””** The PurpleAir monitoring devices recor-
ded data, including relative humidity, at approximately two-
minute intervals and the GPS logger recorded every minute.
The instruments were secured to a foam insert, which had
a USB power supply for the PurpleAirs and was placed within
a new mesh-sided backpack for each participant (see Fig. 1).
Given potential safety concerns for the participants, extra
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Purple Air PM2.5 monitor
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Instrument insert/backpack

Instruments used in this study. From top left to right, the Columbus P-1 GPS logger, PurpleAir PA-11-SD, the foam pad used to affix the

PurpleAir for insertion into a sampling pack, the mesh-sided backpack used to hold the instrumentation; and shown deployed in the lower panel.

consideration was given to ensuring that the equipment was
discrete, which meant that conspicuous placement of the
instrumentation nearer the breathing zone was not practical.

In accordance with Giordano et al.*® PurpleAir PM, 5 data were
first cleaned by removing all “NA” values; then negative PM, 5
readings on both channels were checked as well as relative
humidity readings greater than 100 percent. Neither instance was
found in the data. The PurpleAir PM, 5 estimates were corrected
for humidity and PM, 5 response via a linear regression with a co-
located PurpleAir monitor and real-time federal reference
method sampler (BAM 1022, Met One Instruments) at the
University of Nairobi that was running at the same time as our
field campaign. Co-location data was available from 1420 hours
of monitoring. The calibration correction was as follows:

580 | Environ. Sci.: Atmos., 2024, 4, 578-591

PM, s_corrected = a x (average of PurpleAir PM, 5 channels
[ug m~3)) + b x (relative humidity [%]) + c,

where a = 0.58, b = —0.065, and ¢ = 9.7157. The regression had
a root mean square error of 0.478, and a correlation coefficient
(r) of 0.962, indicating a high degree of correlation between the
PurpleAir and BAM 1022 (see a scatter plot in Fig. S1 of the
ESIY). PurpleAir data files with durations of less than 18 hours
were not included in the analysis. Zero exposure samples were
removed due to short durations, and 14 incomplete days for
ambient sampling were excluded, which occurred when the
PurpleAir was picked up or visited for battery replacement.
GPS data was used to determine potential pollution hotspots
and categorize the participants' location as home vs. away from
home. ‘Away from home’ was defined as 100 m or more away

© 2024 The Author(s). Published by the Royal Society of Chemistry


http://creativecommons.org/licenses/by-nc/3.0/
http://creativecommons.org/licenses/by-nc/3.0/
https://doi.org/10.1039/d3ea00074e

Open Access Article. Published on 05 April 2024. Downloaded on 15.02.2026 10:54:10.

Thisarticleislicensed under a Creative Commons Attribution-NonCommercial 3.0 Unported Licence.

(cc)

Paper

from the home location, a large distance range due to
measurement uncertainty when GPS loggers operate indoors. A
sensitivity analysis with less conservative ranges (50 and 75 m)
did notyield substantially different results. While away from the
home, recorded GPS speed was used to determine trans-
portation type. Once it was determined that the participant was
away from home, individual GPS data points were classified as
either static or movement using a method similar to the one
outlined by Wu et al.** GPS data points classified as movement
were then reclassified as ‘walking’ if the speed fell below
2m s, as ‘biking’ if the speed was between 2 and 9 m s, and
as ‘Matatu’ (local minibus) if the speed was above 9 m s~
These classifications were then checked against participant
responses. The analysis only included periods of transportation
if the participant reported using that mode of transportation
during monitoring.

2.4 Survey and time-activity

Enumerators conducted the surveys in the participant's
preferred language (English or Kiswahili) and entered data into
the data collection platform Open Data Kit (ODK, https://
www.getodk.org/) on Android tablets. Participants took part in
two rounds of surveys on either side of the 24 hours
monitoring period. First, a pre-sampling survey focused on
demographic and socioeconomic information, followed by
a post-sampling survey, which recorded all the activities the
participant engaged in over the previous day, including trans-
portation to and from locations where these activities took
place, with special attention paid to any potential sources of air
pollutant exposures.

2.5 Data analysis

All analyses for summary statistics and plots were generated and
developed using R 4.2.1. Socioeconomic status analysis (SES) was
conducted using the prcomp function from the R 4.1.1 stats
package. Assignment to SES groups was based on the house-
holds' quintile positioning within the prediction of the first PCA
component (household PCA scores and associated quintiles are
provided as a csv file in the ESIt). Daily PM, 5 exposures were
compared to the WHO annual targets and guidelines (35 and 5 pug
m >, respectively)®> as they were assumed to be chronic and
representative of typical of long-term exposures, as has been done
for many exposure studies.***® The WHO Interim 1 Target of 35
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pg m~? is also the annual standard for Kenya in industrial areas
(no target is provided for residential or other environments).*”

3 Results

3.1 Sampling and participant characteristics summary

The study team initially intended to sample the exposure of 100
mothers, but a suspension of the data collection campaign due
to COVID-19 limited the sample to 78 participants, and data loss
due to instrument and data entry errors resulted in a total
sample size of 73 mothers (Table 1). The initial sample size
target was mainly determined by the resources available, and
also informed by the expected confidence intervals of a 100-
person sample size. Assuming a coefficient of variation of 108%
from another exposure study in Kenya,*® this variability and
a 100-person sample size would imply 95% confidence intervals
at 20% of the mean estimate. Data collection and sampling in
Dagoretti began later than the sampling in Starehe, resulting in
a smaller sample size when COVID-19 restrictions forced the
suspension of field activities.

Table 2 summarizes the basic demographic information
collected on the participants (more detailed demographic
information is provided in Table S1 of the ESIf). The pop-
ulations were generally similar between Dagoretti and Starehe,
with some small differences suggesting slightly higher socio-
economic status in Starehe (e.g., more television ownership and
more participants with higher levels of education). About 22%
of the participants had not completed secondary school. The
largest difference between the communities was in housing
type, with more Starehe residents in apartment-style buildings
and more Dagoretti residents in stand-alone homes that shared
walls with others. Overall, access to electricity was high in both
communities. Income-generating activities for the primary
earner were most frequently reported to be casual labor (ie.,
construction; 40%), followed by own business (i.e., shop owner,
taxi driver; 23%).

The data on ownership of goods and household construction
characteristics were used to calculate a socioeconomic status
(SES) score using principal components analysis (PCA). The
mean ownership and characteristic fractions are presented by
quintiles in Table S2 of the ESIL,{ and the PCA scores for each
household are also provided in the ESIf (see SES_data_-
with_score_by_hhid.csv). LPG was reported as the most
common primary fuel, followed by kerosene and charcoal.

Table 1 Sample sizes for data collected at each study subcounty and in each data stream

24 hours-personal exposure

Post-sampling

Study subcounty monitoring samples GPS samples Pre-sampling survey survey
Starehe 47 47 48 48
Dagoretti 29 30 30 29
Total 76 77 78 77

Samples with valid survey and PurpleAir exposure data

73

© 2024 The Author(s). Published by the Royal Society of Chemistry

Environ. Sci.. Atmos., 2024, 4, 578-591 | 581


https://www.getodk.org/
https://www.getodk.org/
http://creativecommons.org/licenses/by-nc/3.0/
http://creativecommons.org/licenses/by-nc/3.0/
https://doi.org/10.1039/d3ea00074e

Open Access Article. Published on 05 April 2024. Downloaded on 15.02.2026 10:54:10.

Thisarticleislicensed under a Creative Commons Attribution-NonCommercial 3.0 Unported Licence.

(cc)

Environmental Science: Atmospheres

View Article Online

Paper

Table 2 Demographic characteristics of sample population (more detailed demographic data is presented in Table S1 of the ESI)

Dagoretti (n = 28) Starehe (n = 45) Total (n = 73)

Age (years)
Mean (SD)
Range

Access/ownership
Electricity

Radio

TV

Mobile phone

Marital status
Divorced

Living together
Married

Separated

Single (never married)
Widowed

Education level

College/university (undergraduate)
No formal education

Primary complete

Primary incomplete

Secondary level complete
Secondary level incomplete
Vocational/technical school

Primary cooking fuel
Charcoal

Electricity

Kerosene

LPG

House type

Apartment style home in a single structure/building with many homes
Multiple structures (compound-style)

Stand-alone home with no shared walls

Stand-alone home with shared walls

Socioeconomic index
Mean quintile

30.0 (5.2) 28.5 (4.3) 29.1 (4.7)
20.0-45.0 22.0-39.0 20.0-45.0
27 (96.4%) 42 (93.3%) 69 (94.5%)
20 (71.4%) 27 (60.0%) 47 (64.4%)
22 (78.6%) 28 (62.2%) 50 (68.5%)
28 (100.0%) 44 (97.8%) 72 (98.6%)
0 (0.0%) 2 (4.4%) 2 (2.7%)

0 (0.0%) 1 (2.2%) 1 (1.4%)
23 (82.1%) 31 (68.9%) 54 (74.0%)
2 (7.1%) 3 (6.7%) 5 (6.8%)

2 (7.1%) 8 (17.8%) 10 (13.7%)
1 (3.6%) 0 (0.0%) 1 (1.4%)

2 (7.1%) 7 (15.6%) 9 (12.0%)
0 (0.0%) 2 (4.4%) 2 (2.7%)
10 (35.7%) 10 (22.2%) 20 (27.4%)
1 (3.6%) 4 (8.9%) 5 (6.8%)

7 (25.0%) 11 (24.4%) 18 (24.7%)
6 (21.4%) 10 (22.2%) 16 (21.9%)
2 (7.1%) 1 (2.2%) 3 (4.1%)

5 (17.9%) 3 (6.7%) 8 (11.0%)
0 (0.0%) 1 (2.2%) 1 (1.4%)

3 (10.7%) 15 (33.3%) 18 (24.7%)

20 (71.4%) 26 (57.8%) 46 (63.0%)

1 (3.6%) 25 (55.6%) 26 (35.6%)
10 (35.7%) 12 (26.7%) 22 (30.1%)
1 (3.6%) 1 (2.2%) 2 (2.7%)
16 (57.1%) 7 (15.6%) 23 (31.5%)
2.9 3.1 3.0°

% The 3rd quintile is, by definition, the middle of the 5 quintiles for the entire sample.

About 30% of homes reported using multiple cooking fuel types
during the sampling (see Table S3 in the ESI} for the specific
fuel mix breakdowns). The specific reported fuel type for a given
event was used in the various analyses presented here.

3.2 Exposure and ambient concentrations

Personal PM, ;5 exposures and GPS data were collected for 29
participants in Dagoretti, and 46 in Starehe (Table 3). Ambient
PM, 5 data was collected for 16 days in Dagoretti, over two
administrative wards (Kabiro and Dagoretti North), and 13
days in Starehe, also over two administrative wards (Kiamiako
and Kiboro). The two sites in Dagoretti and Starehe were
averaged to provide one estimate per administrative ward.
More than half the personal exposure samples exceeded WHO
Interim 1 guidelines (35 pg m %) and the variability between

582 | Environ. Sci.: Atmos., 2024, 4, 578-591

participants was high, which we explored using regression
models described in later sections. An example of the time
series showing the personal exposure, with concurrent
ambient data, and the GPS-derived home versus away catego-
rization is shown in Fig. S2 in the ESL.}

Ambient concentrations averaged 28.5 ug m™ > (standard
deviation = 5.0 ug m~?) in Dagoretti, with only two of the 16
days above WHO Interim 1 guidelines of 35 ug m >, Ambient
concentrations were higher in Starehe, with 9 of the 13 days
exceeding the WHO guidance, and a mean of 35.3 pg m > (SD
= 4.9 ug m?) (Table 3 and corresponding box plot provided
in Fig. S3 of ESI{). Personal exposures were generally higher
than the ambient concentrations, with an average of 39.9 pg
m? (SD = 22.9 ug m®) for the 28 samples collected in
Dagoretti, and 45.5 ug m > (SD = 27.0 ug m°) for the 45

© 2024 The Author(s). Published by the Royal Society of Chemistry
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Table 3 PurpleAir overall summary table for the personal and ambient samples

N greater Min PM, 5 Median PM, 5 Mean PM, 5 Max PM, 5 SD* PM, 5
Sample type Location N (days) than 35 pg m—* (ng m™?) (ng m™?) (ngm™?) (g m™?) (ng m™)
Ambient Dagoretti 16 2 27.2 27.2 28.5 40.3 5.0
Ambient Starehe 13 9 25.5 35.8 35.3 42.9 4.9
Personal Dagoretti 28 13 13.6 31.8 39.9 100.6 22.9
Personal Starehe 45 31 19.8 37.4 45.5 172.7 27.0
“ SD is standard deviation.
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Fig.2 Smoothed time series data showing the mean values by time of day for all the combined personal and all the combined ambient samples,

and by subcounty. Horizontal lines show WHO PM; 5 Annual Interim 1 Target (35 ng m

samples collected in Starehe. The median exposures were
within 6 pg m~? of one another in both subcounties, sug-
gesting that the differences in mean exposures were being
driven by a few high exposure samples. Fig. 2 shows
a comparison of realtime exposures and ambient concen-
trations averaged over the course of a day. The exposures
generally track ambient concentrations, with the exception of
evenings, when personal exposures peak to higher concen-
trations compared to ambient.

3.3 Exposure and location

The lower ambient concentrations are corroborated by the
personal exposure data linked with the GPS data. Fig. 5 shows
that when the data is categorically separated by ‘at home’ vs.
‘away from home’ using the GPS data, there was a pattern of
lower exposures away (medians of 24.9 ug m™> and 25.7 pug
m? in Dagoretti and Starehe, respectively) versus at home
(medians of 33.3 pg m ® and 38.7 ug m ® in Dagoretti and
Starehe, respectively). All the personal exposure data collected
was also categorically separated into 20 m grids and averaged
in order to generate a pollution heat map to help us identify
potential pollution hot spots over the sampled subcounties;

© 2024 The Author(s). Published by the Royal Society of Chemistry

~3) and guideline (5 ug m~3).

however, there was minimal indication of areas of concern
(see Fig. 3 and 4). The 20 m resolution was selected for the
pollution heat map because it aligns with the accuracy of the
GPS loggers, allowing for a distinction between pollution
exposure levels at home and in other locations within the
informal settlements of Nairobi.

3.4 Exposure and activities

Time activity data collected at the end of the sampling period
provided time ranges during which participants took part in
various activities, such as cooking with a given stove type or
using transportation. These data are plotted below in Fig. 6,
with the highest exposures being associated with biomass stove
use, although relatively few participants relied on these fuels
(with the majority relying on LPG or kerosene). ‘Away tasks’ (a
catch-all category was used for multiple activities including
working, errands, shopping, and visiting friends), and home
tasks (chores, resting, sleeping, and errands at home) were
respectively grouped as they had similar exposure levels thus,
did not provide additional instructive information by dis-
aggregating. The study team also time-weighted the concen-
trations by activity, and compared to the total exposures for the

Environ. Sci. Atmos., 2024, 4, 578-591 | 583
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Fig.3 Average PM, 5 concentrations for the Starehe (top) and Dagoretti subcounties, combining all available data, and averaging it by 20 m grids.

respective samples. Given this weighting, home tasks, even with
relatively low exposures, were associated with the highest
contribution per daily exposure sample (70%) as these had the
longest associated times (75% of the exposure monitoring time,
including sleeping times, for example). As there were not
elevated exposures during the home tasks, it is likely that much
of the exposure during these times was driven by background or
ambient concentrations. On the other hand, cooking with
biomass stoves indicated a different pattern with shorter time
periods, but higher relative contributions to exposure, sug-
gesting these tasks have a direct effect on increasing exposures.
Specifically, cooking with biomass was associated with the
second-highest respective contributions towards personal
exposures at 17.9%, even though they accounted for only about
11% of the exposure sample times. See Fig. S4 and Table S4 in
the ESIT for a detailed breakdown of time-weighted exposure
contributions.

Below Fig. 7 shows an analysis looking specifically at the
mode of transportation which suggested that exposures may be
lower during walking when compared to riding a bicycle or using

584 | Environ. Sci.: Atmos., 2024, 4, 578-591

a matatu (local minibuses for public transport), although our
analysis included relatively small sample sizes for the latter two
modes of transport. At the same time, the means and medians
for biking and riding in matatus were well above the WHO
Annual Interim 1 Target (35 pg m ), indicating a substantial
source of exposure for some members of the study population.

4 Discussion
4.1 Exposure context

Overall, personal PM, 5 exposures were relatively high, exceeding
the WHO Annual Interim 1 Target of 35 pug m™> in 57% of
samples, and all were higher than the final guideline of 5 ug m .
The mean exposures (43.9 pg m™~> [SD 22.1, n = 29] in Dagoretti
and 44.5 ug m ® [SD 25.0, n = 46] in Starehe) and ambient
concentrations (28.5 pug m? [SD 5.0] in Dagoretti and 35.3 ug
m~? [SD 4.9] in Starehe) measured here are in-line with those
reported by the recent air pollutant studies in Nairobi. A study in
Viwandani, an industrial neighborhood in Nairobi, reported
daily PM, 5 exposures ranging from 22.4 to 39.6 ug m>.* Mean

© 2024 The Author(s). Published by the Royal Society of Chemistry
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Fig. 5 Daily averages of the PM, 5 concentrations, binned by whether the participant was at home or away from home (as derived from GPS
data). Boxes represent the 25th and 75th percentiles, the whiskers are 1.5 times the interquartile range, the center line represents the median, and
the numbers at the bottom are the sample sizes. Note: the sample size is of Starehe (N = 31) and Dagoretti (N = 24) combined is lower than the
total study sample size (73) due to the samples needing viable GPS and PurpleAir data.

ambient PM, 5 measurements in Kibera and Viwandani in 2016—
17 were reported at 23 and 21 ug m >, respectively,"” and another
measured mean daily roadside and background concentrations
of 36.6 and 28.5 pug m >, respectively.*’

The results from these studies and those reported here
suggest mothers and children in Nairobi's informal settlements

© 2024 The Author(s). Published by the Royal Society of Chemistry

are exposed to PM, 5 concentrations associated with substantial
health risks.'® That these exposures are on the steepest sections
of exposure-response curves for childhood ALRI and low
birthweight (among others),***** also indicates potential for
large health gains. For example, reducing mean exposures from

~45 ug m ™ to the WHO Annual Interim 2 Target of 25 ug m >,
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black line represents the median, and blue diamonds represent the group averages. Numbers at the bottom are the number of events reported
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Fig. 7 Exposures during recorded transportation events. Boxes represent the 25th and 75th percentiles, the whiskers are 1.5 times the inter-
quartile range, the black line represents the median, and blue diamonds accompanied by number in blue text represent the group averages.

Numbers at the bottom are the sample sizes.

would be estimated to reduce childhood ALRI relative risk from
~1.4 to less than 1.2,"* and increase birthweight by 100
grams,*>*** suggesting large potential health benefits could be
achieved through interventions which provide even modest air
quality improvements.

This study did not uncover any clear indication of hotspots
where elevated exposures were associated with specific loca-
tions or point sources. The exposure study in Viwandani did

586 | Environ. Sci.: Atmos., 2024, 4, 578-591

report higher exposures for a single participant who traveled
through an industrial area,*” but we did not observe any similar
patterns. The only mildly suggestive indication of hotspots was
noted in Starehe (see Fig. 3 and 4), which could point to loca-
tions of concern, but further investigation into potential sour-
ces and/or activities in these locations would likely be needed to
provide clarity.

© 2024 The Author(s). Published by the Royal Society of Chemistry
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Aggregated personal exposures generally tracked with
ambient exposures over the course of a day, with Fig. 2 showing
the diurnal trend of exposures and ambient concentrations
rising during morning and evenings. Exposures above 100 pg
m ™ were the most common during these times, helping drive
the study means higher than the WHO Interim 1 Target. While
this study was not designed to apportion the sources of ambient
pollution, other studies have reported vehicle emissions as
a dominant source in Nairobi*’***and the diurnal PM, 5
patterns observed here are in line with those results.

While traffic and other ambient sources are certainly
impacting PM, 5 exposures, mean personal exposures were 35%
higher than ambient concentrations, suggesting other sources
were adding to the ambient exposure burden. Fig. 2 shows that
the largest increase over ambient occurred in the evenings when
cooking and other activities are usually occurring at home, and
Fig. 6 shows that the highest activity-associated exposures
occurred during cooking with biomass. Those participants who
used these solid fuels for cooking had a daily mean PM, ;
exposure of 59.7 ug m > (n = 16), compared to 40.3 pug m™* for
those who did not (n = 57) (see Fig. S5 in the ESIf). Given that
recent estimates indicate 58% of urban Sub-Saharan population
relies on biomass as their primary cooking fuel,** this difference
indicates potential for reducing exposure burdens for wood and
charcoal users with programs and policies that support transi-
tion to clean fuels such as LPG, ethanol, and/or electricity.
Promisingly, there are current programs in Nairobi expanding
access to LPG and ethanol,**** which could be readily focused
on mothers in informal settlements if given incentives and
support to do so. Cooking with kerosene stoves also suggested
slightly elevated exposures and kerosene is also not considered
a clean fuel by the WHO,* and thus should be a target for
cleaner fuel interventions.

The other activity-related exposure of interest was walking
versus other modes of transportation. Mean PM, s exposure
during walking was 37 pg m™>, compared to when on a matatu
or (58 ug m>) or a bicycle (51 pg m?). The sample sizes for
matatu and bicycle use were small (n = 5 and 6, respectively), so
drawing any strong conclusion is not possible. However, it may
be worth further investigation into reasons why biking and
riding in matatus had potentially higher exposures compared to
walking as there could be mitigation by encouraging a change
or modes and/or routes of travel.

4.2 Monitoring approach

A relatively novel approach was used to collect exposure
samples on the mothers in this study. PurpleAir monitors,
which have traditionally been used for ambient or area moni-
toring, were adapted and combined with GPS loggers to provide
time- and location-resolved data. The backpacks and inserts
provided a discrete and safe means to collect these exposure
samples and were well-accepted by the participants, which was
especially critical during the COVID-19 pandemic.

There were relatively few PurpleAir malfunctions (e.g. power
cables being unplugged) and PM, 5 response was able to be
adjusted using data from a co-located BAM sampling ambient

© 2024 The Author(s). Published by the Royal Society of Chemistry
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air in Nairobi. At the same time, aerosol characteristics of the
exposure samples certainly differed from and studies have
shown that PurpleAir PM, 5 sensitivity changes depending on
season and sources;*® and even within homes during different
times or activities.*’

Overall, the exposure monitoring, while having some limi-
tations in terms of realtime PM, s response uncertainty, proved
to be relatively inexpensive (each monitoring set was less than
$400 total) and well-accepted approach by participants,
providing a unique set of exposure data for mothers in informal
settlements.

4.3 Limitations

There were several limitations to this study. First, while PM, 5 is
generally considered the most critical air pollutant for moni-
toring and measurement because of its link with health
impacts, there are several other air pollutants to which these
communities are exposed. Carbon monoxide exposure, which is
linked with pre-term babies and low birthweight,*** could be
important for this study population. CO exposures could be
especially high for charcoal users, as CO emissions from char-
coal are generally high,* including from stoves used in Nai-
robi.** Other pollutants of interest include black carbon, NO,,
SO,, poly-aromatic hydrocarbons (PAHs), and volatile organic
carbons, which all have significant household, industrial, and
transport sources.’?

The methods used in this study helped to identify some of
the sources (PM, 5 only) driving exposures for this population by
cross-referencing location, activity, and real-time PM, s
concentrations, but there are additional approaches that could
help better resolve the specific sources. Collecting PM, 5
samples on filters would allow for source-apportionment anal-
ysis, which could help better assign exposures to specific sour-
ces such as biomass smoke, vehicle emissions, road dust,
industrial sources, etc. High-resolution proximity measure-
ments, as has been done with Bluetooth beacons,**** could also
aid in determining sources of exposure. GPS signals can provide
a general indication of where people are, but cannot, for
example, indicate if a participant is in the same room as a wood
stove or diesel generator.

Finally, this study was impacted by COVID-19 restrictions in
terms of sample size and ability to collect more exposure-
relevant data. For example, we did not measure house
volumes or ventilation rates, which can impact exposures, as
surveyors did not enter homes and minimized interaction times
with participants. While the sample provided a rich set of data,
discerning patterns and more sophisticated analysis of factors
impacting exposures could potentially elucidate relationships
and patterns that were not observed here.

It should also be noted that the sample selected may not
have been representative of the KAM project population or other
similar populations in informal settlements. While care was
taken to stratify the sample across the project geography, use
the same criteria as the KAM project (woman's age, and
expecting or new mothers) and the participants were randomly
selected from a larger pool pre-screened for willingness to
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enroll, there is a potential for selection bias (we did not collect
information on those who declined to participate).

5 Conclusions

The relatively novel approach of adapting low-cost sensors and
GPS to monitor mother's exposures in informal settlements
yielded unique and potentially important information, high-
lighting potential sources of air pollutant exposure and corre-
sponding pathways to mitigation. Specifically, the study
supports the following conclusions and recommendations:

e The study's results suggest the most promising and prac-
tical intervention to reduce exposures in the target population
would be to help households using wood and/or charcoal for
cooking transition to clean fuels such as LPG, ethanol, or
electricity. These households generally have access to electricity
and there has been recent research showing the cost-
effectiveness of cooking with electricity.>* There are also inno-
vative fuel programs in Nairobi, aiming to overcome cost and
convenience barriers with pay-as-you-go LPG smart meters and
networks of ethanol dispensing kiosks.**** Importantly, these
interventions, even if they only provide relatively modest expo-
sure improvements, could result in substantial improvements
in maternal and child health as the exposures are on steep
sections of estimated exposure-response curves.'"*%°>%¢

o There is some evidence of other potentially feasible short-
term measures to reduce exposures. The study found a few
potential exposure hotspots in Starehe. Direct observation and
investigation into these locations may provide insight into
PM, 5 sources that could be mitigated and/or avoided.

e Over the long-term, lowering exposures to the most
protective air quality guidelines will require addressing ambient
pollution, as ambient concentrations were likely the greatest
contributor to exposures. Interventions to reduce ambient
exposures generally require government and/or community-
wide efforts. Household air pollution is also a substantial
source of ambient air pollution (estimated at 15% in Sub-
Saharan Africa®”), and thus efforts to transition to cleaner
cooking are also fundamental to mitigating ambient air pollu-
tion. This study provides evidence that a vulnerable population
- mothers and newborns in informal settlements - is being
impacted by household and ambient air pollution, and thus can
be used in advocacy efforts to relevant decision-makers and
stakeholders.

e Further efforts to characterize mothers' and children's
exposures and their sources could better inform what inter-
ventions would be most effective. Measuring multiple pollut-
ants, source apportionment analysis, high-resolution source
proximity measurements, and larger sample sizes would all be
beneficial towards this end.
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