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S1 WBT protocol
The WBT protocol used in this study is illustrated as a schematic in Fig. S1.

Figure S1: Schematic of WBT protocol for each fuel.

S2



S2 List of PAHs analyzed by GC-MS

Table S1: List of PAHs with molecular formula and C/H molar ratios.
Compound Molecular Formula C/H molar ratio
Naphthalene C10H8 1.25
1-Methylnaphthalene C11H10 1.1
2-Methylnaphthalene C11H10 1.1
2,6-Dimethylnaphthalene C12H12 1
Acenaphthylene C12H8 1.5
Acenaphthene C12H10 1.2
Dibenzofuran C12H8O 1.5
Fluorene C13H10 1.3
Methylfluorene C14H12 1.17
Phenanthrene C14H10 1.4
Anthracene C14H10 1.4
9-Methylanthracene C15H12 1.25
Fluoranthene C16H10 1.6
Pyrene C16H10 1.6
Benzo(ghi)fluoranthene C18H10 1.8
Cyclopenta(cd)pyrene C18H10 1.8
Benz(a)anthracene C18H12 1.5
Chrysene C18H12 1.5
1-Methylchrysene C19H14 1.36
Benzo(b)fluoranthene C20H12 1.67
Benzo(k)fluoranthene C23H16 1.44
Benzo(e)pyrene C20H12 1.67
Benzo(a)pyrene C20H12 1.67
Perylene C20H12 1.67
Indeno[1,2,3-cd]pyrene C22H12 1.83
Dibenzo[a,h]anthracene C22H14 1.57
Benzo[ghi]perylene C22H12 1.83
Coronene C24H12 2
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S3 EC information in the FTIR spectra
The absorbance at each wavenumber is the sum of FG absorbances at that wavenumber, PTFE filter
membrane light scattering, organic material light scattering, inorganic material light scattering and
absorption of EC due to electronic transitions. In the current data set, inorganic salts are not present.
Thus, outside of light scattering, only EC and OC change the absorbance. There are some variations in
filter light scattering from sample to sample due to factors such as thickness variation, fiber orientation
and filter porosity. As the filter scattering is believed to be the major absorbing component due to its
substantial mass and thickness compared to particulate matter, initially, its variation should be eliminated.
For this purpose, the highest C-F absorption peak was chosen. Each spectrum was baseline-corrected,
which separated the spectrum in two parts. The first part, called the baseline-corrected spectrum, contains
variations due to FG absorptions, which appear usually as sharp to semi-broad peaks. The second part
contains low level gradual variations, which usually arise from light scattering of filter and particulate
matter, and EC absorption. In order to eliminate filter contribution to background, a scaled version of an
empty filter background spectrum was subtracted from the background part of each spectrum. During
the scaling process, the absorbance at each wavenumber for empty spectrum was multiplied by a factor
which made the highest peak equal to that of the desired spectrum. By regressing the slope of corrected
background absorption to EC and OC we get a relatively high correlation coefficient R2 = 0.85 (Fig. S2).
The EC regression coefficient from the ordinary least squares solution is approximately 2.2 times that of
OC or approximately four times that of OM.
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Figure S2: Baseline at 4000 cm−1 in the FTIR spectra regressed against EC and OC measured by TOT.
The coefficients of the regression are shown on the vertical axis.
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S4 Determination of influential functional groups for prediction
In order to identify the FGs that contribute the most to TOT OC, we statistically combined collocated
TOT OC (on Qf filters) with FTIR (on PTFE filter) measurements. For this purpose, artifact-corrected
TOT OC concentrations regressed against the baseline-corrected, blank-subtracted FTIR spectra using
partial least squares regression (PLSR). Thereafter, influential FGs for OC were determined based on their
VIP scores. By regressing TOT OC concentrations against FTIR spectra, we seek the solution of the
following equation:

y = Xb + e, (S1)

where X (n×p) is the FTIR spectra matrix (n samples and p wavenumbers), y (n×1) is the vector TOT
OC concentration, and e is the vector of residuals. We chose the univariate PLSR to solve the equation
above (Wold et al., 1983). Univariate PLSR projects X onto basis P with orthogonal scores T and residual
matrix E (Eq. S2) such that the covariance between each score column and y is maximized. In Eq. (S3), b
is the regression coefficient of y as a function of scores (T) and f is the vector of residuals.

X = TPT + E, (S2)
y = Tb + f. (S3)

After solving the regression equation using PLSR, a repeated 10-fold cross validation was applied to indicate
the optimal number of latent variables. We used variable importance in projection (VIP) (Wold et al., 1993;
Chong and Jun, 2005; Takahama et al., 2016), to identify the important FGs. The VIP score of the jth
wavenumber is calculated by considering all h latent variables in the model as shown in Eq. (S4):

V IPj =

√√√√p

∑h
k=1 SS(bktk)(wjk/∥wk∥)2∑h

k=1 SS(bktk)
, (S4)

where SS(bktk) = b2
ktt

ktk. Since the average of squared VIP scores is equal to one, wavenumbers with VIP
scores greater than one are considered to have higher-than-average contribution to the response variable
(i.e., are influential).

We also followed a similar procedure to identify important bands correlated with the PAHs measured by
GC-MS (Fig. S11).
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S5 Influential group frequencies for OC
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Figure S3: VIP scores of TOT OC regressed against baseline-corrected mid-infrared absorbances for each
fuel type. Important group frequencies for each fuel are indicated. The regions with negative regression
coefficients are shown in red, and regions with positive regression coefficients are shown in blue.

As seen in Fig. S3, the absorption region of the aCOH group in the 3500–3400 cm−1 range has the highest
VIP scores for red oak combustion, suggesting this group is the the most influential FG for the OC emitted
from red oak combustion. After aCOH, the carbonyl CO, aromatic ring C––C, and out-of-plane aromatic
CH, and aCH regions have the highest VIP scores, respectively. As expected, although the inorganic nitrate
peak is prominent in spectra of the oak burning aerosols at 1400 cm−1, this group does not have either
high VIP scores or positive regression coefficients of TOT OC. The greater-than-one VIP scores in the
3400–2400 cm−1 range are believed to indicate the alcohol group in sugar moieties, which are abundant in
wood burning aerosols. The 3400–3100 cm−1 region, in which ammonium absorbs strongly, has high VIP
scores with negative regression coefficients for all fuel. The PLSR models use the information from this
region to correct the ammonium interference with organics.

For aerosols emitted from kerosene combustion, both the out-of-plane and the stretching bands of rCH have
the highest VIP scores, indicating the importance of aromatic compounds for OC emitted from kerosene
combustion. The carbonyl peak along with the region indicating the dimerized acid OH have also high VIP
scores, suggesting that carboxylic acids are also important constituents of OC. Although aCH is the most
important group in unburned kerosene, it does appear to be as important in OC emitted from kerosene
combustion (i.e., no high VIP scores).

For aerosols emitted from charcoal combustion, the aCH region (3000–2800 cm−1) has considerably higher
VIP scores than other FGs, suggesting that the majority of OC is due to this functional group. Regions
attributed to the aromatic ring C––C, carbonyl CO, and aCOH have, in order, the highest VIP scores after
aCH.

When the PLSR model is developed using all samples instead of each fuel, the resulting VIP scores are
similar to the average of previously calculated VIP scores for each fuel. However, the regression is pulled
more toward those of red oak aerosols due to their higher OC emissions.

Based on the VIP scores, aromatic CH (rCH), alcohol COH (aCOH), aliphatic CH (aCH), aromatic C––C,
non-acid carbonyl (naCO), and carboxylic acid COOH are the most important FGs in the OC emitted
from the combustion of red oak, kerosene, and charcoal. Since FGs such as amine, organonitrate, and
carboxylate absorb in the same region as the aromatic C––C, the quantification of C––C group is uncertain.
Moreover, the absorption coefficient of C––C band is variable and is enhanced by the irregularity of aromatic
molecules caused by different ring substitutions (Russo et al., 2014), adding to this uncertainty. We used
the rCH FG as an alternative means to quantify C and H atoms of aromatic rings.
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S6 OC, EC, and PM2.5 emissions supplement
In Figure S4, the Butterfly model 2412 pressure-style kerosene cookstove displays relatively high emissions
across all phases in three experiments. Higher than optimal emissions in these specific experiments were
caused by a partially clogged burner orifice. A tool with a small wire is provided with the stove for cleaning
the orifice, and the tool was used each time the orifice clogged. If the mentioned outlier samples are omitted,
the average EC/TC ratio for kerosene is 0.44 ± 0.31 and appears to be in general lower in the SIM phase
(Fig. S4).

As can be seen from Fig. S5, for the majority of samples, the sum of EC and OM (OM/OC × OC,
OM/OC is calculated from FTIR measurements) constitutes the majority of PM2.5 mass. This suggests
that PM2.5 is mostly composed of EC and OM and the contribution of inorganics is negligible. Previous
studies suggest that EC and OM (estimated as OM/OC×OC, where OM/OC is estimated from FTIR
measurements) constitute the majority of the gravimetrically-measured PM2.5 mass , and that inorganic
salts (e.g., ammonium sulfate and ammonium nitrate) are believed to contribute negligibly to the emissions
for the majority of samples(Roden et al., 2006). However, some wood and charcoal combustion PM2.5 are
considerably higher than the sum of EC and OM. For example, both the EcoZoom and Jiko Koa stoves
have higher PM2.5 and low EC during the SIM phase (Fig. S4) accompanied by a relatively lower MCE.
These are among samples with relatively high inorganic nitrate absorbances in their FTIR spectra (Fig. S6).
For wood and charcoal combustion samples in the 0.4 <(OM+EC)/PM2.5< 0.7 range, a clear inorganic
nitrate peak is observed (Fig. S6).
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Figure S4: The emissions factors, EC/TC, and modified combustion efficiency (MCE;
(∆CO2+∆CO)/∆CO2) separated by fuel type, test phase, and cookstove.
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Figure S5: Scatter plot comparing PM2.5 (gravimetric) measurements with the sum of artifact-corrected
TOT OM (OM/OC × OC, where OM/OC is calculated from FTIR) and EC on quartz fiber filters.
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Figure S6: Spectra of three samples from charcoal particulate emissions with significant contributions of
inorganic nitrate.
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S7 Fuels Analysis, Original Fuel Compositions

Table S2: Original (pre-burn) fuel analysis.
Fuel moisture volatile fixed carbon ash Sulfur Carbon Hydrogen Nitrogen Oxygen
Charcoal (as received) 2.95% 17.97% 77.32% 1.76% 0.02% 81.72% 3.04% 0.81% 9.70%
Charcoal (dry basis) 18.51% 79.67% 1.82% 0.02% 84.20% 3.13% 0.83% 10.00%
Kerosene 0.03% 85.93% 13.82% 0.01%
Red Oak (as received) 5.28% 82.58% 11.78% 0.36% 0.08% 46.92% 5.74% 0.30% 41.33%
Red Oak (dry basis) 87.19% 12.44% 0.38% 0.08% 49.54% 6.05% 0.32% 43.64%
Alcohol 0.03% 36.34% 11.68% 0.03%
LPG 82.09% 17.91%

Figure S7: Elemental composition of unburned fuels. Numerical data shown in Table S2.
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S8 Mid-infrared spectra of PM2.5 separated by stove type
There are no systematic differences in spectra across stove types for red oak, but variations in overall
emission factors are observed by stove type/experiment. Stove type matters for kerosene as well as charcoal.
While spectroscopy features are similar, the magnitude of emissions can vary quite a bit. The burner type
used (wick or orifice) appears to have a dominant effect on the composition of the emitted OM (Fig. S8).
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S9 Using out-of-plane vibrations for quantifying aromatic CH
The aromatic CH stretching absorbances usually have low absorption coefficients and overlap with the
ammonium NH stretching, making them hard to quantify. In this work, out-of-plane band, which has a
relatively higher absorption coefficient, and do not overlap significantly with other group frequencies are
used for the first time to quantify the aromatic CH group in the organic aerosols. The latter is highly
correlated to that at 3050 cm−1 but is expected to have higher sensitivity (Fig. S9). Contrary to the
peak at 3050 cm−1, the peak at 1600 cm−1 attributed to aromatic C––C is not highly correlated with the
out-of-plane peak, especially for red oak burning aerosols likely due to high abundance of lignin pyrolysis
products substituted rings (Fig. S10).
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Figure S9: Scatter plot of aromatic CH stretching at 3050 cm−1 and out-of plane absorbances at 750 cm−1.
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Figure S10: Scatter plot of aromatic C––C stretching at 1600 cm−1 and out-of plane absorbances at 750
cm−1.
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The aromatic CH concentration estimated using the peak at 750 cm−1 is also correlated (R2 = 0.84; slope
= 19.6 ) with estimated total PAH concentration estimated by GC-MS (Fig. 6, main text).

VIP scores of GC-MS total PAH concentration regressed against mid-infrared absorbances also shows high
scores at 750 cm−1, highlighting the importance of this region for PAHs (Fig. S11).
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Figure S11: VIP scores of GC-MS sum of PAHs regressed against FTIR spectra.

There is also a qualitative relationship between aromatic CH and EC concentrations which is dependent on
fuel type (Fig. S12).
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Figure S12: Scatter plot of aromatic CH concentration estimated using the peak at 750 cm−1 and TOT
EC concentration.
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S10 Comparison of OC estimates
FG OC estimated from sum of FGs is correlated with TOT OC measurements (R2 = 0.83), but predicts
concentrations approximately 40% lower.

ŷ = 2.73 + 0.593 ⋅ x,  r2 = 0.825
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Figure S13: Scatter plot comparing OC (areal density on filters) estimated from TOT and FTIR.
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