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ARTICLE OPEN

Source apportionment of fine particulate matter (PM2.5)
personal exposures: findings from the Household Air Pollution
Intervention Network (HAPIN) study in rural Guatemala
Erick Mollinedo1, Katherine A. Kearns1,2, Armistead G. Russell3, Michael Johnson2, Christian L’Orange4, Ricardo Piedrahita2,
Ajay Pillarisetti5, Jeremy A. Sarnat6, John P. McCracken7,8, Lisa M. Thompson9, Anaité Diaz-Artiga8, Maggie L. Clark10, Kyle Steenland6,
Lance A. Waller11, Thomas F. Clasen6, Jennifer Peel10, William Checkley12, Luke P. Naeher 1✉ and HAPIN Investigators*

© The Author(s) 2026

BACKGROUND: Source apportionment is a method that reconstructs sources of pollution from monitored values. The identification
of these sources is important to develop interventions and other strategies to improve environmental quality.
OBJECTIVE: This study aimed to identify and quantify potential sources that contribute to fine particulate matter (PM2.5) personal
exposures in a cohort of pregnant women participating in a fuel-cooking intervention trial in Guatemala.
METHODS: We estimated the PM2.5 and black carbon (BC) concentrations from 629 polytetrafluoroethylene (PTFE) filter samples
using gravimetric and transmittance analyses, and we analyzed inorganic elements using energy dispersive X-ray fluorescence (ED-
XRF). The filters correspond to personal exposure samples collected with the Enhanced Children’s MicroPEM™ (ECM) from pregnant
women who cook using biomass or liquefied petroleum gas (LPG) fuels within the Household Air Pollution Intervention Network
(HAPIN) randomized-controlled trial in rural Jalapa, Guatemala. We used the U.S. Environmental Protection Agency’s (EPA) Positive
Matrix Factorization (PMF) model to identify the potential sources.
RESULTS: A four-factor source apportionment model was derived from PMF. The potential sources and their relative contributions
to PM2.5 mass were identified as: biomass burning ( ~ 69.6%), fossil fuels (22%), crustal, and other soil ( ~ 4% each). When
categorizing our samples by study group, baseline (155 µg/m3; 95% CI: 129.7, 180.2) and post-intervention control (127.2 µg/m3;
95% CI: 114.7, 139.7) samples had the highest amount of PM2.5 mass (49.7% and 40.7%, respectively) compared to 9.6% (29.9 µg/m3;
95% CI: 27.2, 32.7) from intervention samples.
SIGNIFICANCE: We identified biomass burning, fossil fuel burning, crustal and other soil as sources of PM2.5 pollution in rural
Jalapa, Guatemala. These findings pave the road for future source apportionment studies in this region and highlight the
importance of source characterization to implement interventions to reduce PM2.5 emissions.
IMPACT: We identified four potential sources of PM2.5 in rural Jalapa, Guatemala, based on personal exposure samples from
pregnant women participating in the HAPIN trial. Biomass and fossil fuel burning are the sources with the highest contributions,
followed by crustal and other soil. The findings of this study highlight the potential to prioritize emissions reduction efforts in rural
Guatemala through the implementation of specific interventions based on the derived sources of pollution.

Keywords: Household air pollution; Exposure assessment; Fine particulate matter; Source apportionment; Positive matrix
factorization; Guatemala
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Graphical Abstract
Sources and average PM2.5 mass contribution in µg/m3 (%) from rural Jalapa, Guatemala.

INTRODUCTION
Household air pollution (HAP) from the combustion of biomass for
cooking is among the most prominent environmental health
issues in low- and middle-income countries (LMICs) [1]. In 2022, it
was estimated that around 2.1 billion people relied on biomass for
cooking [2]. HAP, which includes ambient and indoor particulate
and gaseous air pollutant components, is the leading environ-
mental risk factor contributing to the global burden of disease [3].
The resulting exposure to particulate household air pollution was
linked to more than 3.1 million deaths in 2021 [3, 4]. HAP is
associated with adverse cardiovascular and respiratory diseases
(e.g., chronic obstructive pulmonary disease, ischemic heart
disease, lower respiratory infections, and lung cancer), low
birthweight, and preterm birth [1, 5–7]. Fine particulate matter
with an aerodynamic diameter less than or equal to 2.5
micrometers (PM2.5) is one of the major constituents of HAP.
PM2.5 is chemically and physically heterogeneous and composed
largely of black carbon (BC), organic carbon (OC), ions, and organic
and inorganic elements and compounds, and can originate from
multiple natural and anthropogenic sources [8, 9].
The identification of sources of pollution is important for the

development of control strategies and policies aiming to improve
air quality [10, 11]. Source apportionment (SA) reconstructs
potential emissions’ sources from mixtures of pollutants or
individual pollutants [12]. The top-down receptor-based source
apportionment method involves conducting ambient sampling,
performing chemical analysis on the samples, and then using
receptor models to derive potential sources [13, 14]. Receptor
models are mathematical packages that quantify the contribution
of sources to samples based on the profiles of sources of either
known or unknown identities [15]. Positive matrix factorization
(PMF), a widely used SA top-down receptor model, decomposes the
environmental samples into a matrix of factor contributions and a
matrix of factor profiles. It works by grouping the components from
this decomposition as clusters, and the correlated clusters are
categorized as profiles. Then, these profiles are identified as
potential sources based on pre-existing information from the
literature. PMF forces the contributions to be non-negative, and
incorporates the instrument’s or user-provided uncertainties to
account for the measurement’s confidence, and weighs in the
influence of the individual measurements on the solution [15–17].
One advantage of PMF over other receptor models is that it does
not require prior knowledge of specific information in a specific
location about source emissions and their profiles [15, 18].
PMF was first used for source apportionment studies in the

United States [19–24], but more recently it has expanded globally,
including Mexico [25–27] and countries in Asia [28–32]. In South
America, a few studies have been conducted in Colombia [33],
Brazil [34, 35] and Chile [36, 37]. However, these studies evaluate
the sources of ambient air pollution, instead of from personal
exposure samples, and most of them are conducted in heavily
populated or urban areas. One study in Ghana [38] and another in
India [39] used PMF to highlight the contribution of biomass
burning as a source of ambient PM2.5. In terms of HAP in LMICs,
few studies have evaluated the composition of PM2.5 from
household air pollution samples, one in Ghana and Gambia [40]

and another in China [41]. Both studies determined that biomass
burning was one of the highest source contributors to total
PM2.5 mass.
Given that, to the authors’ knowledge, there are no source

apportionment studies in Central America [11], and there are a limited
number of studies in rural areas where HAP is pervasive, we aimed to
characterize the sources of PM2.5 in rural Guatemala and to quantify
the contributions of PM2.5 by source. This research is anchored to the
Household Air Pollution Intervention Network (HAPIN) trial [42–44], a
randomized controlled trial in four low- and middle-income countries
that aimed to evaluate the effect of a liquefied petroleum gas (LPG)
intervention on exposure to HAP and health.

METHODS
Study setting
Particulate matter sampling was conducted in rural communities of Santa
Maria Xalapam from the Jalapa municipality in the Jalapa department of
Guatemala. There are around 159,840 inhabitants in the municipality of
Jalapa, and around 66% of the population relies on biomass fuel (mainly
wood) for cooking [45]. This site is located between 1500 and 2000 meters
above sea level [46]. The climate is mild and temperate, characterized by a
rainy season and a dry season [42].

Study design
Personal PM2.5 exposure samples were collected from pregnant women
participating in the HAPIN randomized controlled trial at the Guatemala
site. In summary, the intervention consisted of a free LPG cookstove, a
continuous supply of free LPG fuel to the participant’s homes until the
infant was 1 year of age, and educational and behavioral messaging for the
safe and exclusive use of LPG. In Guatemala, the LPG stove consisted of a
small burner, a medium burner, and a large burner with a removable metal
plate (comal). PM2.5 was collected on polytetrafluoroethylene (PTFE) filters
with a diameter of 15mm and a pore size of 2 µm (Measurement
Technology Laboratories, Minnesota, USA). Filters were used in the
Enhanced Children’s MicroPEM™ (ECM, RTI International, Research Triangle
Park, NC, USA). Broadly, participants were fitted with an apron with a
pocket designed to carry an ECM, which was programmed to sample for
24 hours with a flow rate of 0.3 liters per minute. In total, 630 samples and
18 blank filters were randomly selected to be representative of all HAPIN
pregnancy visits. Blank filter samples were collected in ECM monitors
deployed at the same time as personal sampling; these monitors were not
turned on. The samples correspond to visits conducted between August
2018 and February 2020, from baseline and five follow-up visits among
participants assigned to the LPG stove group (intervention arm) and
biomass stove group (control arm). Additional details on the exposure
sampling visits during pregnancy are described by Johnson et al. [43].

Laboratory and data processing
The filter management procedures have been described elsewhere [43].
Briefly, filters were weighed on a 1-µg resolution MSA6.6s-000-DF Sartorius
Cubis microbalance (Sartorius, Göttingen, Germany) to calculate PM2.5 mass
deposition and processed using the SootScan™ OT-21 optical transmiss-
ometer (Magee Scientific, Ljubljana, Slovenia) to obtain black carbon (BC)
attenuations. All filter measurements were conducted at the Environmental
Health Sciences Department at the University of Georgia (Athens, GA, USA).
The equations and data corrections for estimating both PM2.5 and BC
concentrations are described in the Supporting Information (Eqs. S1 and S2).
The concentrations of the inorganic elements were quantified via

energy dispersive X-ray fluorescence (ED-XRF) using an ARL QUANT’X
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spectrometer (Thermo Scientific, MA, USA) at Colorado State University
(Fort Collins, CO, USA). The elements resolved according to predefined
quality standards were magnesium (Mg), aluminum (Al), silicon (Si),
sulfur (S), potassium (K), calcium (Ca), titanium (Ti), chromium (Cr),
manganese (Mn), iron (Fe), nickel (Ni), copper (Cu), zinc (Zn), gallium
(Ga), arsenic (As), selenium (Se), cadmium (Cd), indium (In), tin (Sn),
tellurium (Te), iodine (I), lead (Pb), chlorine (Cl) and sodium (Na), and
their instrumental limits of detection (LoDs) were also provided. These
concentrations were adjusted by subtracting the median blank filter
concentration of every element, separately, and replacing all values
below LoD with LoD/(20.5) [47].
The analytical uncertainties of the concentrations for the inorganic

elements were also recorded and provided by the ED-XRF instrument;
these values were adjusted and combined using the error propagation
method to determine total uncertainty (Supporting information: Eqs.
S3–S5). The error propagation method calculates total uncertainty by
summing the variance of every variable (assuming each one is
independent of the others) [48]. Similar approaches were used to adjust
the attenuation uncertainties (for BC estimates) and mass deposition
uncertainties (for PM2.5 estimates). Finally, the uncertainties below LoD
were adjusted to be (5/6) x LoD [49].

Source apportionment
Source apportionment was conducted using the PMF receptor model from
the U.S. Environmental Protection Agency (EPA PMF 5.0) [15]. The goal of
PMF is to identify the factors (sources) and the amount of mass contributed
by each factor to each individual sample in a mixture of pollutants. PMF
solves the bilinear equation linking sources to observed concentrations

Xij ¼
Xp

k

gikf kj þ eij (1)

where Xij is the concentration of species j on sample i, p is the number of
factors (sources), fkj is the concentration of species j in the source profile k,
gik is the relative mass concentration of source k contributing to the
sample i and eij is the residual for each species and sample. The PMF
algorithm aims to provide the most appropriate solution using the non-
negative constraints on the sources, by minimizing the objective function
Q (Supporting information: Eq. S6).
PMF modeling was performed using a different number of factors

(p= 3, 4, 5 and 6). The input compounds were BC, PM2.5, and all
inorganic elements with >50% of their observations above LoD (i.e.,
those having median values above their respective LoD). The observa-
tions were all the filter samples with non-missing concentrations. The
criteria to select the most appropriate model for each selected number
of sources was based on (1) the interpretation of sources based on
profiles previously described in the literature; (2) the Q(true)/Q(expected)
ratio, where Q(true) is the goodness-of-fit parameter calculated using all
observations and the Q(expected) represents the observations without
analytical difficulties or anomalous values; and (3) the displacement
(DISP), bootstrap (BS) and BS-DISP errors, which estimate how well the
PMF models distinguish the sources. Details about the error estimates
are described elsewhere [15, 17, 18]. A comparison between observed
and predicted PM2.5 mass concentrations was also reported from the
selected PMF model.

Contributions of species by study arm
The Wilcoxon signed rank test, a method that evaluates the significance of
differences in experiments based on a ranking method [50], was computed
to assess significant differences between the intervention and control
groups with respect to their observed concentrations of PM2.5, BC and
inorganic elements. In addition, PMF output provides the average PM2.5

mass concentration contributions categorized by study group, alongside
their 95% confidence intervals. The study groups were divided into three
categories: baseline, and two post-randomization groups (control and
intervention). These calculations, alongside the data concentration
estimates and uncertainty adjustments, were computed in R (version
4.3.2, R Foundation for Statistical Computing, Vienna, Austria).

Ethical approval
All methods were performed in accordance with the relevant guidelines
and regulations. All participants provided written informed consent. The
study protocol was reviewed and approved by institutional review boards

(IRBs) or Ethics Committees at Emory University (00089799), Johns Hopkins
University (00007403), Sri Ramachandra Institute of Higher Education and
Research (IEC-N1/16/JUL/54/49) and the Indian Council of Medical
Research—Health Ministry Screening Committee (5/8/4-30/(Env)/Indo-US/
2016-NCD-I), Universidad del Valle de Guatemala (146-08-2016) and
Guatemalan Ministry of Health National Ethics Committee (11-2016),
Asociación Benefica PRISMA (CE2981.17), the London School of Hygiene
and Tropical Medicine (11664-5) and the Rwandan National Ethics
Committee (No.853/RNEC/2016), and Washington University in St. Louis
(201611159). The study has been registered with ClinicalTrials.gov
(Identifier NCT02944682).

RESULTS
Summary of samples
Six hundred and twenty-nine sample filters were available for
estimating the concentrations of chemical species. One filter
sample was excluded from analysis because it was damaged, and
it was not possible to correctly estimate the species concentra-
tions. A summary of the concentrations of all the species and their
number of observations above LoD is given in Table 1. PM2.5, BC,
and 12 of the inorganic elements: Mg, Al, Si, S, K, Ca, Ti, Mn, Fe, Zn,
Cl, and Na, were the chemical species used for PMF modeling.
When categorizing the samples by study arm, 323 (51%) and 306
(49%) belonged to the control and intervention arm, respectively.
Nine of the species’ concentrations differed significantly between
control and intervention arm samples, namely: Mg, S, K, Ca, Mn, Fe,
Cl, BC and PM2.5. These differences can be observed in Fig. 1,
which also shows results from baseline (pre-treatment) samples,
where results mirror those of the control group. Concentrations by
study group are observed in more detail in the Supporting
Information (Table S2).

Factor designation
An initial run of the PMF model helped determine which species
had more weight than others. Based on the residuals, Mg, Al, and
Ca were categorized as ‘Weak’ species; meanwhile, Zn was
categorized as ‘Bad’ due to the low correlation between observed
and predicted values (R2 < 0.2).
According to the species profiles, the Q(true)/Q(exp) ratio, and

the error estimates, the four-factor model was selected as the most
robust to represent the number of sources for PM2.5 in our personal
exposure samples. A summary of the Q(true)/Q(exp) ratio and the
error estimates for the models with 3 to 6 sources (factors) is shown
in the Supporting information (Table S3 and Figs. S1–S2). Figure 2
shows the profiles of the four sources identified using PMF: biomass
burning, crustal, other soil, and fossil fuels. It was observed that
biomass burning was the highest source contributor to PM2.5

(69.6%), followed by fossil fuels (22%), and then crustal and other
soil in similar proportions (4.1% and 4.2%, respectively) (Fig. 3).
Source 1, the strongest contributor, was determined to be

biomass burning due to the high proportion of K and Cl [38],
which are indicators of combustion of vegetative material or
smoke emitted as potassium salts [40, 51]. This source was
expected, given the high proportion of biomass fuel burning in
this location. Source 2 was determined to be crustal, which is
characterized by Fe, Si, Ti, Mn and Ca in high proportions [22, 40].
This is indicative of typical soil composition, which, for this region
of Guatemala, is rich in Fe. Source 3 was determined as another
type of soil, which is identified by the presence of Mg, Al, and Na
in high proportion, and the presence of Ca, Ti, Fe and BC
[21, 26, 52]. We hypothesize that this is due to the presence of
clay-made biomass stoves in most homes and potentially road
dust [40]. This source, although in different proportions, has
similar components as Source 2 (Fig. 3), which further supports
this representing another type of soil [38], or a soil component
from clay. Source 4 was determined to be a fossil fuel,
characterized by the high proportion of S, which is likely
associated with sulfur in vehicular fuel, which includes gasoline
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and diesel. The proportion of BC and PM2.5 [21, 53] (compared to
the other species) also supports this source.

Predicted fine particulate matter (PM2.5) contributions from
the PMF model
In the PMF model, PM2.5 was categorized as a weak contributor
that does not affect the resulting solution since this species
already includes the mass from other species (e.g., K, Mg, Cl,

others) in the analysis. The predicted (reconstructed) PM2.5

concentrations from the PMF model were plotted against the
observed concentrations (Fig. 4). The final model was able to
reproduce the mass concentrations and account for most of the
variation (β= 0.62 ± 0.02, R2= 0.72).
The highest predicted PM2.5 concentrations were found in the

baseline samples (Fig. 5) (mean: 155 µg/m3; 95% CI: 129.7, 180.2),
followed by samples from post-intervention control (mean:

Fig. 1 Species concentrations selected for PMF modeling, categorized by study group. The figure shows the statistical comparison between
Control and Intervention arm samples only, where **= statistically significant, ns= non-statistically significant, based on theWilcoxon signed rank test.

Table 1. Summary of filter-based concentrations of all the detected chemical species (n= 629).

Species Concentration (µg/m3) N Samples Above LoD (%)

Mean (SD) Median (IQR) Min Max

PM2.5 93.0 (103) 55.0 (25.0–123.0) 9.7 780.0 571 (90.8)

BC 9.10 (7.10) 8.10 (3.40–13.00) 0.95 96.00 571 (90.8)

S 0.39 (0.28) 0.31 (0.20–0.48) 0.003 2.00 628 (99.8)

Ca 0.33 (0.29) 0.24 (0.15–0.42) 0.005 2.90 628 (99.8)

Mg 0.13 (0.09) 0.10 (0.07–0.16) 0.007 0.53 627 (99.7)

K 1.10 (1.10) 0.64 (0.34–1.3) 0.002 9.70 627 (99.7)

Fe 0.31 (0.27) 0.23 (0.12–0.42) 0.006 2.00 627 (99.7)

Cl 1.40 (2.30) 0.52 (0.15–1.7) 0.004 17.0 624 (99.2)

Al 0.67 (0.44) 0.57 (0.40–0.83) 0.008 2.60 599 (96.8)

Si 0.85 (0.86) 0.56 (0.19–1.20) 0.009 4.40 575 (91.4)

Na 0.14 (0.09) 0.12 (0.05–0.18) 0.052 0.52 538 (86.0)

Zn 0.012 (0.014) 0.005 (0.003–0.015) 0.003 0.180 487 (77.0)

Mn 0.019 (0.019) 0.015 (0.007–0.024) 0.004 0.150 472 (75.0)

Ti 0.040 (0.033) 0.030 (0.011–0.055) 0.011 0.280 465 (74.0)

Cu 0.016 (0.012) 0.010 (0.010–0.016) 0.010 0.080 280 (44.6)

I 1.20 (1.40) 0.41 (0.41–1.50) 0.41 9.50 270 (43.0)

Te 0.61 (0.66) 0.28 (0.28–0.69) 0.28 5.00 237 (37.8)

Ga 0.009 (0.007) 0.006 (0.006–0.009) 0.006 0.050 158 (25.2)

In 0.20 (0.14) 0.14 (0.14–0.14) 0.14 1.10 145 (23.2)

Sn 0.30 (0.18) 0.24 (0.24–0.24) 0.24 1.60 112 (17.9)

Ni 0.007 (0.004) 0.006 (0.006–0.006) 0.006 0.060 80 (12.9)

Cd 0.14 (0.06) 0.12 (0.12–0.12) 0.12 0.62 79 (12.7)

Cr 0.008 (0.005) 0.007 (0.007–0.007) 0.007 0.120 58 (9.4)

As 0.009 (0.004) 0.008 (0.008–0.008) 0.008 0.050 51 (8.3)

Pb 0.043 (0.030) 0.042 (0.042–0.042) 0.042 0.780 6 (1.1)

Se 0.023 (0.001) 0.023 (0.023–0.023) 0.023 0.040 1 (0.3)
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127.2 µg/m3; 95% CI: 114.7, 139.7), and the lowest predicted PM2.5

concentrations were from the intervention samples (mean:
29.9 µg/m3; 95% CI: 27.2, 32.7), post-intervention. If we look at
all our samples, this represents 49.7% of mass contribution from
baseline samples, followed by 40.7% for the control and 9.6% for
the intervention, post-intervention samples. In the intervention
samples, the concentrations are significantly lower compared to
the post-intervention control samples, which are slightly below
the low end of the CI as compared to baseline.

DISCUSSION
We identified four potential sources of PM2.5 in rural Jalapa,
Guatemala, based on personal exposure filter samples. The four
sources (biomass burning, crustal, other soil and fossil fuels) were
identified by PMF, one of the most used receptor models in source
apportionment studies.

Figure 3 demonstrates that biomass burning and fossil fuels are
the major sources driving PM2.5 exposures in this area. This further
supports the main idea from HAPIN that clean cooking interven-
tions are needed to lower the concentrations of harmful pollutants,
but as observed, it is also recommended to implement interven-
tions that reduce exposures from other sources, like fossil fuel

Fig. 2 Source profiles resolved from the four-factor model of PM2.5. The chosen PMF model resolved four source profiles based on their
chemical identities. These sources were identified as Biomass burning, Crustal, Other soil and Fossil fuel burning.

Fig. 3 PM2.5 mass contribution by source. This chart shows
the concentration (in µg/m3) and percentage of contribution from
each identified source for the total measured PM2.5.

Fig. 4 Observed versus PMF model predicted PM2.5 mass
concentrations. The plot shows the observed vs predicted values
(dots), showing the trend based on a linear regression model (solid
line) alongside the confidence intervals (shaded area). The
dashed line represents x = y.
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emissions. The implementation of a clean cooking intervention
decreased PM2.5 concentrations and indirectly lowered the
exposures from other sources (Fig. 5). The decrease of PM2.5 in all
sources in the intervention group can be explained by the reduced
or eliminated use of biomass stoves inside the homes, and, since the
analyzed samples belong to personal exposure measurements,
there could have been behavioral changes associated with the
intervention. One behavioral change could be a decrease in the
time that the intervention arm participants spent outdoors,
assuming that before receiving the intervention stove, they spent
a significant amount of time outside collecting biomass fuel;
therefore, being less exposed to vehicle emissions and other
ambient particles associated with the crustal and other soil sources.
The post-intervention control samples had lower PM2.5 concentra-
tions compared to baseline samples, which can be explained by a
decrease in ambient PM2.5 concentrations due to a lower use of
biomass stoves in the intervention group households (assuming
these are near each other). We acknowledge that the PMF model
itself has associated uncertainties that play a role in the quantifica-
tion of the identified and unidentified sources; this is observed
when comparing the PM2.5 concentrations by sources and by study
group (Fig. 5). PMF can not necessarily distinguish between sources
that tend to vary together, or two sources with very similar
compositions [31, 53, 54].
In terms of PMF modeling, we chose the 4-factor model as the

most robust. When comparing the predicted versus observed
PM2.5 concentrations (Fig. 4), this model showed high perfor-
mance (R2= 0.72), although not as high as that observed in other
source apportionment studies [21, 23, 55]. Our selection of the
4-factor model was also influenced by the Q(true)/Q(expected)
ratio, the error estimates, and other parameters detailed in the
Supporting information (Table S3 and Figs. S1–S3). Finally, the
choice of species profiles was also driven by existing literature,
which contributed to model choice, as well as identifying the
potential sources of PM2.5. As expected, biomass burning was
identified as a predominant PM2.5 source in these samples, given
that they represent exposures from an area where a high
proportion of the population relies on biomass for cooking. A
HAPIN publication by Campbell et al. [56]. reported that wood
represented 99% of the primary cooking fuel in the Guatemala
site. This is further supported by the relatively high concentrations
of potassium present in this factor compared to the others, which
is a clear indicator of biomass burning.

The fossil fuel source was identified based on the high
proportion of sulfur, which is an indicator of diesel rich in sulfur.
The EPA began regulating the sulfur content in diesel in the US in
1993 [57], consistently decreasing it to ultra-low sulfur diesel
(ULSD) at 15 ppm. In Guatemala, the regulations to decrease sulfur
content began in 2016, establishing a 500 ppm level; but only 15
gas fuel stations, mostly located in urban areas, reported using
ULSD [58, 59]. It is hypothesized that most of the fuel gas stations
in Guatemala sold diesel with concentrations between 50 and 500
ppm during the time in which the study samples were collected,
and there were no fuel stations that sold ULSD near the study
location in Jalapa. The crustal and other soil sources were harder
to differentiate from each other based on the PMF 4-factor model
outputs (Supporting information: Table S3 and Fig. S3 “D”), but
there are two reasons for their differences. It is hypothesized that
there could be at least two types of soil that represent the micro-
environments of this rural setting, and the model was able to
differentiate between them. Also, it can be that the model was
able to discriminate between particles emitted from the clay
biomass stoves and the soil or floor material. However, these
explanations would have to be confirmed by a more profound
geological and chemical analysis of the types of soils and biomass
stove materials.
When we considered which elements to include in the PMF

model, the 50% above LoD cutoff point was selected, as a balance
between maximizing the number of elements used and having
those elements quantified in most samples. This process aids the
model in more easily resolving the number of sources and avoids
overestimating them based on elements with seasonal patterns.
This also has a disadvantage, since this could have truncated the
input from elements that are present in certain seasons, for
example, crop burning seasons, holiday festivities or others.
Inorganic elements that ultimately were not included in the PMF
modeling due to LoD, mostly heavy metals, showed low
concentrations compared to other XRF studies [60, 61]. Some of
these could be associated with trash or plastic burning. A previous
study by Kearns et al [62]. showed that 76% of participants from a
subset of the HAPIN Guatemala study population preferred trash
burning as their primary waste disposal method. A smaller
proportion reported burning plastic, which could support the fact
that some elements that are tracers for plastic or waste burning
were observed in lower concentrations.
Our findings can be compared to previous source apportion-

ment studies conducted in similar settings. Huang and colla-
borators [63] determined that wood combustion and cooking
sources were the predominant sources of PM2.5 in rural villages
from China, accounting for around 77% of the PM2.5 emissions
in total. Zhou and colleagues [40] also determined that biomass
was the predominant source of PM2.5 in both of their study
sites in Western Africa (39–62% and 74–87%). The second
highest contributing source was identified as road dust and
vehicle/mobile emissions in both studies, and the West Africa
study mentions crustal as a minor source of PM2.5 The Western
Africa study relied on kitchen area and outdoor measurements
instead of personal measurements; however the study
population was more heterogeneous, for example the inclusion
of different study areas and participants that did not used
biomass fuels for cooking. On the other hand, the study from
China collected personal exposure samples as we did, and the
resolution of the model was improved due to the inclusion
of more chemical species detected through additional
chemical analyses. However, the sample population was smaller
than ours, and it only included participants who were exposed
to biomass fuel for cooking. Nevertheless, both study results
are fairly consistent with our findings and show similarities
between totally separate geographical locations but similar
socioeconomic characteristics [63–65].

Fig. 5 Average contributions of PM2.5 by source and study group.
The figure shows the mean concentrations for each source identified,
classified by the study group where the samples belonged to:
Baseline, Control (post-intervention) and Intervention. The error bars
are for the average PM2.5 concentrations by study group.
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Although the results of this study are relevant, it is important to
point out that certain chemical components were not analyzed
and, therefore, not included for analysis. Organic carbon (OC) and
elemental carbon (EC) represent an important fraction of the
carbonaceous species [11], and they could be more representative
than BC for total carbonaceous components in PM2.5. Gaseous
species such as ammonium (NH4

+), sulfates and nitrates have
been previously identified as tracers for secondary aerosols [32]. In
addition, antimony (Sb) has been determined as an important
marker of plastic burning [66]. Sb and other elements can be more
easily incorporated in the analysis using ED-XRF, but OC and EC
would require the use of the thermal reflectance method and the
gaseous species by ion chromatography analysis. The last two
methods are known to be destructive for the sample, so it would
be advisable to perform this analysis at the end or with a different
sampling filter. Another limitation of this study is that these results
provide a snapshot of the chemical characterization of species, but
the seasonal patterns are not determined. This would need an
increased number of samples throughout the year and for
multiple years to capture seasonal variation.
To our knowledge, this is the first source apportionment study

conducted in Central America, and it is the first one reported from
Guatemala. These results contribute to the growing body of
literature for chemical characterization and will likely pave the road
for future source apportionment studies in this region. The HAPIN
study and similar studies are a step in the right direction for
exposure reductions; however, as demonstrated by our results,
source apportionment helps us see the remaining gaps in exposure
assessment. This is proof that, besides clean cooking, other
interventions that target hazardous emissions from other sources
are needed. Although a risk assessment was not conducted, this
study identifies and quantifies the sources of PM2.5 so they can
more easily be mediated by reducing the exposures through
interventions from the public health perspective.

CONCLUSIONS
PMF modeling identified four potential sources of PM2.5 in
personal exposure samples from rural Jalapa, Guatemala. Biomass
burning was identified as the source with the highest contribution
to PM2.5 mass (69.6%), followed by fossil fuel emissions (22%) and
crustal and other soil sources in similar proportions ( ~ 4% each).
When comparing sources by study group, baseline (50%) and
control (41%) group samples experienced the largest amount of
exposure to PM2.5 mass, which further highlights biomass burning
as the most prominent pollutant source in this location. The PMF
model was able to accurately predict PM2.5 mass concentrations
(R2= 0.72) and account for the variation in the samples. This study
demonstrates the potential to prioritize emissions reduction
efforts in this location by implementing source-specific interven-
tions, and it paves the road for future source apportionment
studies.

DATA AVAILABILITY
The datasets generated during and/or analyzed during the current study are available
from the corresponding author on reasonable request.
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