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The presence of particulate matter (PM) in the environment can lead to adverse health 

impacts, including respiratory, cardiovascular, neurological, and lung cancer. Air pollution has 

been estimated to cause 4.9 million deaths, and 94% were caused by PM. Sources of combustion-

generated PM range include wildfires, residential wood burning, traffic emissions, etc. While the 

epidemiological link between PM exposure and adverse health effects is clear, there is a lack of 

information regarding source-specific differences in PM toxicity. Thus, there is a clear need to 

quantify PM presence in the environment and identify its sources and toxicity. Reactive oxygen 

species (ROS) have been proposed as one surrogate metric for the toxicity of PM. Excitation 

emission matrix (EEM) spectroscopy has been well documented as a low-cost, reliable method for 

analyzing the organic fraction of PM and can be used in source apportionment. In this study, we 



 

investigate the correlation between EEM signature and ROS measurements in PM. PM collected 

from laboratory flame cookstove (natural and forced draft), and wildfire smoke (collected indoor 

and outdoor) are analyzed by EEM and the dithiothreitol (DTT) assay for ROS. While total 

integrated fluorescence of EEM does not provide clear patterns of association with ROS, with the 

implementation of principal component analysis (PCA) and regression of the EEM spectra, we 

show that specific EEM patterns can be correlated with the ROS measurement. EEM-PCA may be 

a useful alternative to evaluate the ROS level in combustion-generated aerosols.  
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Chapter 1. INTRODUCTION  

Environmental and occupational exposure to particulate matter (PM) is linked to adverse 

health impacts, including respiratory disease, cardiovascular diseases, neurological diseases, and 

lung cancer. Air pollution was estimated to be responsible for 4.9 million deaths and 147 million 

disability-adjusted life years in 2017 [1]. The PM arises from a variety of sources, including 

agricultural processes, traffic, industrial sources, forest fires, and other natural and anthropogenic 

sources [2]. Combustion-generated PM accounts for around 45-60% of urban PM2.5 (particles with 

a size less than 2.5 m) and 40-58% of urban PM10 (particles with a size less than 10 m) [3]. 

PM2.5 has been associated with adverse health impacts, as these particles can penetrate deep within 

the respiratory system and, in some cases, translocate intact into the bloodstream. Growing 

evidence from in vitro studies, animal models, and human studies shows that PM exposure can 

induce oxidative stress, offering one potential mechanism of PM toxicity [4-14]. Several studies 

have suggested that quinones present in PM can act as catalysts to produce Reactive Oxygen 

Species (ROS) directly and may be critical compounds in the PM-based oxidative stress [15-18]. 

ROS are any oxygen-containing molecules that have one or more unpaired electrons, making them 

highly reactive, and include species like hydrogen peroxide (H2O2), superoxide radical (O2
−), and 

hydroxyl radical (•OH) [18]. Although there is a strong epidemiological link between PM exposure 

and adverse health effects, there is only limited evidence of differential toxicity of source-specific 

PM. Several authors commented that the evidence of source-specific PM's health impact is 

insufficient to warrant regulation of specific types of PM air pollution more than others [19-22]. 

Quantitative measurement of the capacity of PM to generate ROS has been proposed as a 

surrogate metric for the PM toxicity [23]. Recent epidemiological studies demonstrated that the 
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ability of particles to consume antioxidants and/or generate ROS, referred to as oxidative potential 

(OP), can be more strongly associated with the reduction in respiratory function compared to PM 

mass, suggesting that OP of PM is a health-relevant metric for air quality [24-26]. The 

dithiothreitol (DTT) assay is an acellular technique that has been used to quantify particle OP by 

monitoring the consumption of DTT, a surrogate for biological antioxidants, in the presence of 

particle components under physiologically relevant conditions [27, 28].  

Wildfires have become more frequent and intense in the Western United States. Summer 

wildfire seasons are 40 to 80 days longer on average than 30 years ago [29]. The intensified 

wildfires will release more smoke into the atmosphere [30], traveling significant distances [31]. 

Fine particulate matter (PM2.5), a major pollutant in smoke from wildfires, can travel deep into the 

respiratory tract [32]. The combustion-generated aerosols consist of elemental and organic carbon 

fractions, which may be more toxic than other PM2.5 sources and have long-lasting impacts on 

the health [33-36]. Complex flow structures associated with large-scale flames and low flame 

temperature in biomass burning lead to low carbonization of organic carbon, thus -- high levels of 

potentially carcinogenic polycyclic aromatic compounds [2, 37-39]. Exposure to PM2.5, 

particularly combustion-generated aerosols, has been linked to adverse respiratory and 

cardiovascular health effects, including ischemic heart disease, stroke, cardiovascular mortality, 

and exacerbations of asthma and chronic obstructive pulmonary disease [40-44]. More recently, 

wildfire smoke exposures have been linked to higher severity and mortality of SARS-CoV-2 [45-

48]. A series of large wildfires impacted air quality in western regions of the United States in 2020. 

The episode measured in this study (2020 Washington Labor Day fires) in September 2020. The 

fires burned over 41,000 acres of the forest [49].  
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Recent advancements in low-cost particulate matter (PM) sensors led to their extensive use 

in various applications, such as air quality (AQ) monitoring in indoor [50-53] and outdoor [54-58] 

environments, large-scale deployments in [59-62] including wildfire smoke monitoring [63-66]. 

Typical optical PM sensors rely on elastic light scattering providing size-resolved PM 

concentrations in the 0.3 – 10.0 μm range and requiring calibration against reference instruments, 

e.g., [67]. The scattering light intensity depends on particle size, morphology, complex index of 

refraction (CRI), and sensor geometry. [68, 69] CRI sensitivity can be addressed by optimizing 

the design to simultaneously measure scattered light at multiple angles or by employing dual-

wavelength techniques. [70, 71] However, these solutions do not address the analysis of aerosol 

chemical composition. Some recent approaches suggested using EEM spectroscopy for sensor 

design, which can potentially analyze PM composition in a compact form factor [72]. 

Fluorescence spectroscopy provides information on the composition of PM by measuring 

fluorescent emissions from the many chemicals present in combustion-derived PM, such as PAHs 

[73]. EEM has been applied to the analysis of environmental water samples as well as atmospheric 

PM samples [74-80]. EEM provides complex spectral information consisting of thousands of 

wavelength-dependent fluorescence intensities. Various approaches have been used to interpret 

EEM spectra [81, 82]. For example, EEM and principal component regression (PCR) can be used 

to classify the PAH content in PM [83]. PCR has also been applied to EEM data for analysis of 

ternary mixtures of organic acids [84] and the PAH content of laboratory PM samples [2]. PCR is 

a two-step process in which predictors are transformed into a lower-dimensional representation by 

principal component analysis (PCA), and linear regression is performed on a chosen number of 

the principal components (PCs) [85]. The number of PCs used is much smaller than the number of 

original predictors and is selected to capture nearly all the variance in the data, giving the best 
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possible model fit and avoiding overfitting. This work investigates the correlation between EEM 

signatures and ROS measurements for biomass combustion aerosols. PM samples collected from 

two cookstove designs and wildfire smoke from the 2020 Washington Labor Day wildfire event 

were analyzed by EEM and the DTT assay for ROS. 
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Chapter 2. METHODS 

2.1 SAMPLE COLLECTION AND PREPARATION 

We collected 18 samples for four types of biomass combustion sources: (a) 6 for cookstove 

smoke with a natural draft, (b) 6 for cookstove smoke with a forced draft design, (c) 3 wildfire 

samples collected outdoors, and (d) 3 wildfire samples collected indoors. These samples were later 

defined in three sub-categories; cookstove (natural-draft), cookstove (forced-draft), and wildfire 

smoke samples. Cookstove samples were generated by burning 1½ by ¾ inch Douglas fir sticks 

cut from dimensional lumber in side-feed, natural-draft [86], or forced-draft cookstoves [87]. The 

cookstoves were located inside a fume hood; the sampling devices were placed in a sealed chamber 

connected to the exhaust duct of the fume hood. The natural-draft and forced-draft cookstove 

samples were collected as replicates of each other using the same conditions respectively. The 

variation between them was mainly due to the variation in flow rates of air pumps used in the 

study. Wildfire smoke samples were collected during the 2020 wildfire season in Seattle, WA. The 

Harvard impactors collected triplicates of samples at indoor (NanoES building, University of 

Washington) and outdoor (in the location near UW campus) locations over a 3-day period. The 

indoor location did not have an active HEPA filtration system [15]. The two types of wildfire 

samples were considered as one sub-category since the wildfires are large-scale events so the 

sample composition does not change over short locations. 

PM was collected using 1.0 µm pore PTFE membrane filters (Fluoropore® membrane 

filters, # FALP03700, 37 mm, MilliporeSigma, Burlington, MA, USA) housed in the Harvard 

impactor (Cat. # HP2518, BGI, Butler, NJ, USA) sampling cassettes placed in the sealed chamber. 

The sampling flow rate was set to 1.8 Lpm using portable sampling pumps (AirChek XR5000 
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pump, SKC Inc., Eighty-Four, PA, USA). Flowrates were verified using a flow calibrator (Gilian 

Gilibrator PN# 800268, Sensidyne, St. Petersburg, FL, USA). 

Following collection, filters are removed from the samplers and placed in a chamber with 

37% (SD = 4%) relative humidity for 24 hours. The filters were then weighed using a micro-

balance with 0.5 µg resolution (Mettler-Toledo UMT-2, Greifensee, Switzerland). Initial weights 

of the filters were recorded in the same manner, and the difference in weights was used to calculate 

the mass of PM2.5 in each experiment. Weight change for the filters was divided by the air volume 

sampled to calculate the PM mass concentration in the original air samples. Filters were then 

submerged in 7 mL methanol (Sigma Aldrich, HPLC grade) and sonicated in an ultrasonic water 

bath for 60 minutes. Following sonication, the filters were removed from the extracts and 

discarded. We prepared a filtered extract and an unfiltered extract for each sample as follows: For 

the filtered extract, 3.5 m of the extract was pushed through a 0.2 m syringe filter (VWR Cat. 

#28145-491) into a 4 mL glass vial to remove insoluble particles. The remaining portion of the 

solution was transferred directly into another 4 mL glass vial. PM extracts were stored in the vials 

until analysis (see Figure 2.1). 

 

Figure 2.1. Sample preparation for the EEM analysis and DTT assay. 
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2.2 EXCITATION EMISSION MATRIX (EEM) ANALYSIS 

EEM data are 2-dimensional matrices where the x-axis is the excitation wavelength and 

the y-axis is the emission wavelength with fluorescence intensity data for each excitation-emission 

wavelength, as shown in Figure 2.2.  For EEM spectroscopy, ~ 3mL of the filtered and unfiltered 

PM extracts were transferred to a 1 cm x 1 cm quartz cuvette (Item # CV10Q3500FS, Thorlabs 

Inc., Newton, New Jersey). The extracts were analyzed using a fluorescence spectrofluorometer 

with an extended-UV 150W xenon-arc lamp (Aqualog-880-C, HORIBA Instruments Inc. Edison, 

NJ, USA). Samples were exposed to the excitation wavelengths from 200 to 600 nm with 

increments of 2 nm. Emission spectra were recorded from 246 to 826 nm with 5nm increments. 

The instrument's raw fluorescent signal is corrected for detector response and lamp intensity [88] 

and normalized to Raman Units [89]. Raman unit is a method for normalizing the raw fluorescent 

spectra of each sample collected from EEM [89]. Daily solvent blanks are recorded and used for 

blank subtraction to minimize the effect of Rayleigh and Raman scattering.  To further reduce the 

effects of Rayleigh scatter values within 10 nm of the first and second-order Rayleigh scattering 

bands were excised, followed by replacing the excised values using a 2-dimensional interpolation 

[90]. The processed EEMs were then passed through a Gaussian filter (sigma=2), and negative 

values were removed numerically in Python 3.6.0 to smooth the data (see Figure 2.3) [81]. 
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Figure 2.2. EEM spectroscopy, (a) Individual fluorescence emission spectra are collected, (b) 

the excitation wavelength is incremented, and additional spectra are collected, and (c) The EEM 

fingerprint is represented using a filled contour plot. 

 

 

Figure 2.3. EEM of wood smoke extract showing data processing steps: Starting with (a) the 

raw data, (b) the solvent blank is subtracted, (c) then values are excised for scattering removal, 

(d) the excised values are interpolated, (e) negative values are replaced with zero, and 2D-

Gaussian smoothing is applied, (f) the EEM is cropped and (g) normalized to Raman units. 

2.3 REACTIVE OXYGEN SPECIES ANALYSIS 

PM samples collected on PTFE filters are also analyzed for DTT activity. The DTT assay 

measures the presence or formation of ROS via the formation of the DTT-disulfide [5].  Unreacted 

DTT is detected colorimetrically after reaction with 5,5’-dithiobis-(2-nitrobenzoic acid) (DTNB), 
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producing 5-mercapto-2-nitrobenzoic acid.  The rate of disappearance of DTT is proportional to 

the oxidant activity.  The assay uses 1,8-phenanthraquinone as a positive control and methanol 

extracts of blank filters as a negative control. 

We adapted the procedure of Li et al. [5] for use with a microplate reader to improve sample 

throughput, sensitivity, and precision. Particle-containing and particle-free extracts were prepared 

for DTT analysis as described above. The samples were well mixed, and 150 µL aliquots, including 

solvent and suspended particles, were removed for analysis.  The remaining portion of each extract 

was concentrated to 2 mL under a flow of nitrogen at 50C in a Turbovap evaporative concentrator, 

vortexed, and a second 150 µL aliquot was removed for possible analysis if the unconcentrated 

extract showed low activity.  The filtered extracts were reduced to dryness and reconstituted in 

150 µL of methanol. After vortexing, water and phosphate buffer were also added to the samples.  

To measure DTT reactivity, the extracts were then incubated in the presence of DTT in a 96-well 

plate. At designated time points (0, 10, 20, 30, 40, and 50 minutes) aliquots of the reaction mixture 

were withdrawn and added to microplate wells containing tris HCl in 20 mM EDTA and DTNB 

(5,5’-dithiobis-(2-nitrobenzoic acid)).  Absorption at 412 nm was recorded. The rate of DTT 

consumption is calculated from a plot of absorbance vs. time, and this value is corrected for 

atmospheric oxidation of DTT calculated from a blank filter extract time series run with each 

microplate. 

2.4 PRINCIPAL COMPONENT REGRESSION ANALYSIS 

The PCR analysis was done in three different analyses. As we move deep into each analysis 

in the results section, we would discuss the reasons behind each analysis. The overview of the 

three analyses is given below: 
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1. Using all 18 samples and training 816 models, that can be possible by different 

combinations of splitting 18 samples into 15:3 ratio. Then we selected the models 

which have R2 (test > 0.8 and used the average of coefficients and intercepts of 

these models to get a general model to predict the DTT value. This cross-validation 

technique removes the bias that may arise since some samples would not be in the 

training set if taken individually. 

2. Training the models using the sub-categories of samples; cookstove (natural-draft), 

cookstove (forced-draft), and wildfire samples. Since the number of samples in the 

training set for PCR is reduced to 6, we do not use the cross-validation technique 

for this step. 

3. Using 12 cookstove samples (natural and forced-draft) and training 220 models that 

can be possible by different combinations of splitting 12 samples into a 9:3 ratio. 

Then we selected the models which have R2 (test) > 0.8 to find a superior 

correlation. 

PCR was performed as a two-step process: (1) transforming the EEM data onto its principal 

components (PCs) and (2) fitting regression models on the transformed EEM data and DTT 

consumption rates from the ROS analysis. EEM spectra were randomly split into training spectra 

and test spectra to train the models. We choose 3 samples every time for the test set. The reason is 

(i) a minimum number of samples in the test set to test the model is 3 and (ii) we have a small 

dataset so we need a maximum number of samples in the training set too. The EEM data contains 

~ 201,000 fluorescent values (predictors) in each data matrix. Linear regression could be 

performed using all values in the EEM independently but would result in overfitting. Instead, linear 

regression is performed on the PC representation of the data. The number of PCs used is smaller 
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than the number of original predictors. It is selected to capture nearly all the variance in the data, 

give the best possible model fit, and avoid overfitting. 

We did three different analyses with a different number of samples in the training set. Here 

we describe the overview of how PCR was conducted for all three analyses. In the first step of 

PCR, each EEM 2D matrix (1000 x 201) was unfolded into a 1D row vector (1 x 20100). The EEM 

row vectors of the training samples (n) were stacked to create a training data matrix 𝐶 (n x 201000). 

The data matrix 𝐶 was reduced with principal component analysis (PCA) using the sci-kit-learn 

library in Python 3.6.0 [91]. The number of PCs (𝑑), required to represent the data in the data 

matrix 𝐶 was varied from 1 to n. The data matrix 𝐶 can be represented as the matrix product of 𝑠 

and 𝑣 and a residual matrix 𝐸, shown in (2.1). 

 𝐶 = s𝑣 + 𝐸 (2.1) 

where 𝑠 (n x 𝑑) is the scores matrix and 𝑣 (𝑑 x 201000) is the loadings matrix having 𝑑 PC 

vectors. The scores matrix 𝑠 is the reduced form of data matrix 𝐶; the operation reduces the number 

of data points required to represent each EEM from 20100 to 𝑑. The value of 𝑑 is chosen such that 

the number of PCs that account for the maximum variance in the EEM dataset is minimized. 

For the second step of PCR, the scores matrix 𝑠 (n x 𝑑) is used to fit linear models for 

estimating concentrations of ROS. We used the ordinary least squares method in the sci-kit-learn 

library in Python 3.6.0 to perform multiple linear regression (MLR) to fit the linear model between 

the EEM scores matrix and the DTT consumption rates from ROS analysis (i) for unfiltered data 

and the the the (ii) filtered data, for each analysis. The mean squared error (MSE), representing the 

error in correlation for each model, was calculated using the “leave one out cross-validation” 

method (LOOCV) [91]. 
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The models for estimating ROS concentrations trained on the smoke samples were tested 

using the three random samples from the 18 samples. The EEM row vectors of the test samples 

were stacked to create a test data matrix 𝐶𝑡𝑒𝑠𝑡  (3 x 201000), where 3 is the total number of test 

samples. The test data matrix 𝐶𝑡𝑒𝑠𝑡  was reduced along the PCs obtained for training samples to 

obtain a test scores matrix (3 x 𝑑). The coefficient of determination (𝑅2) for both models is 

reported.  



Chapter 3. RESULTS AND DISCUSSION 

3.1 EEM ANALYSIS 

PM extracts from natural-draft cookstove smoke, forced-draft cookstove smoke, and 

wildfire smoke show unique EEM spectra (Figure 3.1). Natural-draft cookstove smoke has spectra 

consisting of four peaks in the region λex = 225 – 275 nm, λem = 400 – 475 nm. Some fluorescence 

can also be observed in the region λex = 350 – 450 nm, λem = 400 – 475 nm. Forced-draft 

cookstove smoke has distinctly different spectra consisting of two peaks at λex 350 – 450 nm, 

~ λem 350 nm. The indoor and outdoor wildfire smoke spectra are similar, with a single primary 

peak at λem = 350 – 400 nm and some fluorescence surrounding the peak. Natural-draft cookstove 

smoke shows fluorescence over the broadest region and generally at higher emission wavelengths 

than forced-draft cookstove smoke and wildfire smoke. The spectra from the different sources 

have overlapping regions, so there can be some difficulty in identifying individual sources from 

mixed samples. 

 

Figure 3.1. Representative EEM spectra for (A) natural draft cookstove, (B) forced draft 

cookstove, and 2020 Washington wildfire (C) indoor and (D) outdoor samples. The EEM spectra 

are from the extract in methanol. The spectra were normalized to Raman units (R.U.) 

We also compared the spectra from filtered and unfiltered samples to see how insoluble 

material affects EEM spectra. Figure 3.2 shows the EEM spectra of a filtered natural-draft 

cookstove smoke sample and the spectrum of an unfiltered sample. The spectra have primary peaks 
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at identical locations. The peak fluorescence intensity of the unfiltered extract is three times higher 

than the filtered extract from the same sample. No notable difference in fluorescence contour can 

be observed between these two spectra. 

 

Figure 3.2. EEM spectra of natural-draft cookstove smoke from (a) a filtered extract, and (b) 

an unfiltered extract. The EEM spectra are from the extract in methanol. The spectra were 

normalized to Raman units (R.U.) 

3.2 ROS ANALYSIS 

We measured the oxidative potential of both filtered samples and unfiltered samples using 

the DTT assay. Sample mass and DTT consumption rate for the smoke samples are summarized 

in Table 3.1. The highest DTT consumption rate per mass of collected PM was found in the natural 

draft cookstove samples. Visually the PM samples collected on filters were darker in color, 

indicating a higher fraction of elemental carbon. DTT consumption rate for the unfiltered natural-

draft cookstove smoke samples is higher than the filtered samples. This indicates that for these 

samples, ROS is associated with MeOH extract and the PM-bound compounds (not extracted by 

MeOH). 
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Table 3.1. Summary of sample mass and DTT consumption rate for the smoke samples 

Sample Name Sample Mass (mg) 
DTT Consumption (ng/min/ug) 

Unfiltered Filtered 

Natural-draft Cookstove Smoke 0.11 1.8 2.12 

Natural-draft Cookstove Smoke 0.135 1.64 1.73 

Natural-draft Cookstove Smoke 0.151 2.01 1.21 

Natural-draft Cookstove Smoke 0.118 2.8 1.88 

Natural-draft Cookstove Smoke 0.146 2.1 1.78 

Natural-draft Cookstove Smoke 0.157 0.94 0.9 

Wildfire Smoke 0.325 4.76 5.04 

Wildfire Smoke 0.234 4.75 5.83 

Wildfire Smoke 0.297 6.38 5.25 

Wildfire Smoke 0.371 4.88 4.75 

Wildfire Smoke 0.392 4.65 4.32 

Wildfire Smoke 0.425 4.74 4.4 

Forced-draft Cookstove Smoke 0.114 7.84 5.58 

Forced-draft Cookstove Smoke 0.122 7.56 5.87 

Forced-draft Cookstove Smoke 0.132 6.35 4.71 

Forced-draft Cookstove Smoke 0.132 7.36 5.4 

Forced-draft Cookstove Smoke 0.126 6.85 5.58 

Forced-draft Cookstove Smoke 0.125 8.42 5.43 

 

Table 3.2. The average DTT consumption rate for the samples sub-categories 

Sample Name 
DTT Consumption (ng/min/ug) 

Unfiltered Filtered 

Natural-draft Cookstove Smoke 1.88 1.60 

Wildfire Smoke 5.03 4.93 

Forced-draft Cookstove Smoke 7.40 5.43 

 

The DTT consumption rate per gram of PM in the forced-draft cookstove is significantly 

higher than the natural-draft cookstove and is similar to the DTT consumption rate for the wildfire 

samples as seen in Table 3.2. We have previously shown via GCMS analysis that the forced-draft 
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cookstove sample has a significantly lower concentration of PAH species than the natural-draft 

cookstove sample [73].  Interestingly the DTT consumption is similar in the filtered and unfiltered 

extracts for the wildfire samples and the natural-draft cookstove PM samples, suggesting that DTT 

consumption in these samples is dominated by chemicals that are soluble in the methanol solvent, 

possibly organic carbon. In contrast, there is a greater difference in DTT consumption between the 

filtered vs. non-filtered extract of the forced air cookstove – suggesting that a greater proportion 

of the DTT reactivity remains associated with methanol insoluble chemicals in the forced draft 

cookstove. 

3.3 TOTAL INTEGRATED FLUORESCENCE AND ROS  

To investigate the correlation between EEM spectra and ROS, we first analyzed the relation 

between the mass normalized integrated fluorescent intensity of the EEM and the DTT 

consumption rate for each sample. Integrated fluorescence was calculated by adding all the 

intensity values to a 2D EEM matrix. Figure 3.3 shows the integrated fluorescent intensity 

measurement per sample mass vs. DTT consumption rate for the filtered and unfiltered smoke 

samples. Samples from the same group cluster with the natural-draft cookstove smoke samples 

have higher integrated fluorescence intensity than others. We observed no strong correlation 

between integrated fluorescence intensity and DTT consumption rate for the filtered and unfiltered 

smoke samples. Total fluorescence is greater in the unfiltered samples compared to the filtered 

extracts for all three particle sources. These data show that less than half of the total fluorescence 

is extractable into methanol in contrast to DTT reactivity. 
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Figure 3.3. Mass normalized Integrated Fluorescent Intensity v/s DTT consumption rate for 

filtered and unfiltered samples. Filtered samples are shown in solid symbols 

3.4 PCR ANALYSIS 

The total integrated intensity plot shows a qualitative relationship between the sample sub-

categories but not a clear correlation of the DTT with integrated intensity; hence, we turn to PCR 

analysis to find an underlying correlation. The PCR analysis was performed on the dataset to 

evaluate the correlation between the mass-normalized 2D EEM spectra and DTT consumption 

rates. We took three different approaches for the PCR analysis. 

3.4.1 First Analysis - PCR Analysis of 18 Samples 

PCA was performed on the 15 training spectra to generate the PCs. The first three PCs for 

the unfiltered and filtered smoke samples are shown in Figure 3.4. The first three PCs account for 
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over 98% of the variance in the dataset showing that although the original data contain over twenty-

thousand fluorescent values, the spectra can be effectively represented in a lower-dimensional 

space. 

 

 

Figure 3.4. The first three principal components of the 15 training EEM spectra for filtered 

(top) and unfiltered (bottom) smoke samples. These three PCs shown here account for 99% of 

the variance in the dataset 

Figure 3.5 plots the R2 value using each of the 15 principal components of filtered and 

unfiltered samples calculated from PCR. It shows that we can effectively reduce the higher 

dimensional data to lower dimensions using PCA while retaining most of the information from the 

data. Based on the variance in the EEM data for 𝑑 = 1 - 15 PCs and the R2 values, 𝑑 = 3 for 

unfiltered and filtered samples were chosen for fitting the linear models for DTT consumption rate. 

We ran a total of 816 different cases for all possible models that could be formed from the 18 

samples in data; Figure 3.6 shows the R2 (test) for all the 816 models. 
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Figure 3.5. PCR R2 vs. number of PCs used in PCR for DTT consumption rate. As the 

number of PCs is increased from one to fifteen, the fit to the training data continually improves.  

The fit to the filtered sample data is always better than the fit to the unfiltered sample data 

 

Figure 3.6. PCR R2 for all 816 models 
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Out of 816 models, we found that over 66% of the unfiltered data models had an 

R2 (test) > 0.8. And filtered data had around 59% of models with R2 (test) > 0.8, as seen in Figure 

3.7. This shows that for the models trained using PCR analysis on this dataset, we can predict the 

ROS activity with R2 (test) > 0.8 over 60%. Part of the reason that around 30% of models did not 

give good results, is because two-thirds of data is from cookstove sources (natural and forced-

draft). For the models where the test samples are not significantly different from training data, the 

R2 values would be worse since the model would be trained on different samples than test samples. 

Next, we calculated the coefficients of three PCs and the intercept value for all the models 

with R2 (test) > 0.8 to get the average of the coefficients and intercepts to generate a model to 

predict the DTT in the samples. We plot the coefficients of PCs and intercepts for unfiltered 

samples in Figure 3.8. 

 

Figure 3.7. Percentage of PCR models with R2 (test) > 0.8 vs. sample type 
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Figure 3.8. Coefficients of PCs and intercepts for all the models with R2 (test) > 0.8 for 

unfiltered samples. 

We plot the coefficients of PCs and intercepts for filtered samples in Figure 3.9. 
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Figure 3.9. Coefficients of PCs and intercepts for all the models with R2 (test) > 0.8 for 

filtered samples. 

Using the average values of coefficients of PCs and intercept, we generated a model to 

predict the DTT reactivity of the samples. The averaged models generated using unfiltered (3.1) 

and filtered (3.2) samples are shown in the equations below: 

 DTT(pred)

𝑈𝑛𝑓𝑖𝑙𝑡𝑒𝑟𝑒𝑑
 =  −  0.050 ×  PC1 +  0.076 ×  PC2 +  0.094 ×  PC3 +  4.86 (3.1) 

 DTT(pred)
𝐹𝑖𝑙𝑡𝑒𝑟𝑒𝑑  =  −  0.139 ×  PC1 +  0.076 ×  PC2 +  0.324 ×  PC3 +  4.08 (3.2) 
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Figure 3.10 shows the plot where we use the above model to predict the DTT of the 18 

unfiltered and filtered samples.  

 

Figure 3.10. Parity plots showing results of PCR with an averaged model for (a) unfiltered 

and (b) filtered samples. 

As we can see from the plots above, these models can predict the ROS activity in a 

combustion PM sample very accurately, giving us a platform to build on with more data to make 

an even better model. 

Although we have a good correlation using the averaged model, there is a huge intercept 

in both unfiltered and filtered models. In the ideal case, there should not be an intercept as zero 

fluorescence means the blank sample, so there can be no ROS activity. The presence of the 

intercept led us to believe that the different sample sub-categories would have different models 

and cannot be combined into one general group. Hence, we move to the second analysis. 

3.4.2 Second Analysis - PCR Analysis of Subcategories of Samples 

We generated models for each sub-category. For training the model, we used all six 

samples in each sub-category. Further, we also test the accuracy of the model of one sub-category 

to predict the other two categories. 
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3.4.2.1 Natural-draft Cookstove Models: 

Using PCA and linear regression (PCR), we get the equations for both unfiltered (3.3) and 

filtered (3.4) natural draft cookstove models, as shown below. 

 DTT(pred)

𝑈𝑛𝑓𝑖𝑙𝑡𝑒𝑟𝑒𝑑
 =  0.018 ×  PC1 +  0.199 ×  PC2 −  0.187 ×  PC3 +  2.024 (3.3) 

 DTT(pred)
𝐹𝑖𝑙𝑡𝑒𝑟𝑒𝑑  =  0.105 ×  PC1 −  0.019 ×  PC2 −  0.378 ×  PC3 +  1.73 (3.4) 

Figure 3.11 plots predicted vs. actual DTT consumption for unfiltered and filtered natural-

draft cookstove samples using the above models. The unfiltered model has a better 

R2 (test) = 0.934, while the filtered model has R2 (test) = 0.805. 

 

Figure 3.11. Parity plots showing results of PCR with the model for (a) unfiltered and (b) 

filtered natural-draft cookstove samples. 

This model is then used to predict the ROS activity of other types of samples. Figure 3.12 

shows how the natural-draft cookstove model predicts the ROS activity in wildfire samples using 

EEM and PCR for unfiltered and filtered samples. Black dots are for the natural-draft cookstove, 

and red squares are for the wildfire samples. Here, the model under-predicts the ROS activity for 

wildfire samples. 
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Figure 3.12. Parity plots showing results of DTT prediction of wildfire samples using the 

natural-draft cookstove model for (a) unfiltered and (b) filtered samples. Black dots plot the 

training data (natural-draft cookstove), and red squares plot the test data (wildfire samples) 

 

Similarly, this model is also used to predict the forced-draft cookstove samples, and plots 

are shown in Figure 3.13. Similar to wildfire samples, the natural-draft cookstove model under-

predicted the ROS activity of forced-draft samples. 

      

Figure 3.13. Parity plots showing results of DTT prediction of forced-draft samples using 

natural draft cookstove model for (a) unfiltered and (b) filtered samples. Black dots plot the 

training data (natural-draft cookstove) and red squares plot the test data (forced-draft samples) 
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3.4.2.2 Wildfire and Forced-draft Cookstove Models: 

Similar results were seen in wildfire and forced-draft cookstove models, where the models 

were able to predict the samples they were trained on but not the samples of different sub-

categories. More information is added to APPENDIX A. One exception was the unfiltered wildfire 

model that did not correlate with R2 (test) = 0.174. This was due to the noise in unfiltered wildfire 

samples. 

This analysis provides us with a better picture of the models for different samples that are 

very different from each other. We also see that the models are not good at predicting the ROS 

activity of other sub-category samples. We could not perform the cross-validation method here 

because as stated earlier, the minimum number of required samples for the test set is 3 and that 

would make the training set so small that it would not provide any meaningful results. 

From the results from the second analysis, we decided to do another analysis using just the 

cookstove samples (both natural and forced-draft cookstove). One, because we wanted to remove 

the wildfire samples with the noise, and also the cookstove samples were collected in a laboratory 

setting so that data is much better than wildfire samples. 

3.4.3 Third Analysis - PCR Analysis of Cookstove Samples (Natural and Forced-draft) 

PCA was performed on the nine training spectra to generate the PCs. The first three PCs 

for the filtered and unfiltered smoke samples are shown in Figure 3.14. The first three PCs account 

for over 78% of the variance in the dataset. 
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Figure 3.14. The first three principal components of the nine training EEM spectra for 

filtered (top) and unfiltered (bottom) smoke samples. These three PCs shown here account for 

78% of the variance in the dataset. 

Figure 3.15 plots the R2 value using each of the 9 principal components of the filtered and 

unfiltered samples calculated from PCR. We ran a total of 220 cases for all possible models that 

could be formed from the 12 samples in the data.  
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Figure 3.15. PCR R2 vs. number of PCs for all cookstove samples 

Figure 3.16 shows R2 (test) for all the 220 models. Out of 220 models, we found that around 

83% of the unfiltered data models had an R2 (test) value greater than 0.8. 

 

Figure 3.16. R2 vs. model iterations for all cookstove samples 
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And filtered data had around 85% of models with an R2 (test) > 0.8, as seen in Figure 3.17. 

This shows the reliability of this model for predicting ROS using EEM data. Further, we also 

calculated the coefficients of three PCs and the intercept value for all the models with 

R2 (test) > 0.8. 

 

Figure 3.17. Percentage of PCR models with R2 (test) > 0.8 vs. sample type 

 

We plot the coefficients of PCs and intercepts for unfiltered samples in Figure 3.18. We 

see the segregation of the coefficients since the coefficients of PCs of sub-category models of 

natural and forced-draft cookstoves have opposite signs. 



 

 

30 

 

Figure 3.18. Coefficients of PCs and intercepts for all the models with R2 (test) > 0.8 for 

unfiltered samples 
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We plot the coefficients of PCs and intercepts for filtered samples in Figure 3.19. 

 

Figure 3.19. Coefficients of PCs and intercepts for all the models with R2 (test) > 0.8 for 

filtered samples 

The averaged model could not be produced as it was done in the first analysis because the 

coefficients of some PCs in both filtered and unfiltered models were evenly separated around the 

zero value and the average came out to be close to zero. This segregation was because, in linear 

regression, the combined model of two sub-categories would be a linear combination of the models 

of individual sample categories. And when we look at the individual models of natural-draft and 

forced-draft cookstove samples, the coefficient of PC1 for unfiltered models of both natural and 
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forced-draft samples had opposite numerical signs, one is a positive one is negative. Similarly, it 

was the case for coefficients of PC1 and PC2 for filtered models of natural and forced-draft samples. 

Hence, we see two bands of points in the plots. 
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Chapter 4. CONCLUSIONS 

This study demonstrated the correlation between EEM signatures and ROS measurements 

using PCR for biomass combustion aerosol, albeit it depends on the source of the combustion 

aerosol. PM collected from the cookstove and wildfire smoke were analyzed by EEM and the DTT 

assay. The unfiltered samples had higher ROS signals for natural-draft cookstoves than filtered 

samples, which can be attributed to polycyclic aromatic compounds (PACs) bounded to the 

particles. For the forced draft cookstove, both unfiltered and filtered samples had similar ROS 

signals. We saw that the filtered and unfiltered samples of each type of smoke had relatively similar 

DTT consumption, but the total fluorescence did not show the same pattern. Further, total 

fluorescence shows the grouping of the sample types but does not provide quantitative correlations. 

So, we used EEM-PCR analysis to show that EEM data can be used to predict ROS content 

in PM samples using multivariate features of EEM. We ran all the possible models from the 18 

samples dataset and found that the unfiltered dataset gave a model with R2 (test) > 0.8 for 67% 

(541) of a total of 816 models. The filtered dataset also produced a good 58% (480) of models with 

R2 (test) > 0.8, suggesting that this method can provide reliable predictions of ROS activity. 

Further using the coefficients of PCs for these models (with R2 (test) > 0.8), we also generated the 

model using the average of the coefficients of PCs and intercept and got the resulting DTT 

prediction with the accuracy of R2 (test) = 0.938 for unfiltered data and R2 (test) = 0.931 for 

filtered data. 

Applying PCR to sub-categories shows that different combustion-generated PM samples 

have different attributes and generate different predictive models. Based on this information, one 

can quantitatively correlate DTT consumption (ROS activity), for known PM sources. This point 

is further reaffirmed when we use all the cookstove samples (natural and forced-draft) and use 
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PCR, it provides many reliable results, with over 83% of unfiltered models and 85% of filtered 

models giving R2 (test) = 0.8. 

The filtered models had similar results to unfiltered models in terms of the correlation 

coefficient, R2, which was also the case in total fluorescence analysis where we saw ROS did not 

change on filtration. Further, the filtered models had smaller intercepts compared to the unfiltered 

models of the same training sets. This inference could be useful to decide on using the filtered 

samples for EEM-ROS analysis going forward. 

Although we see a correlation between the EEM and ROS in these samples, there are some 

limitations to this analysis. The models are generated on a small dataset and these models are not 

generalizable yet. The models we got also had a huge intercept in most cases which does not make 

reasonable sense in the physical world but that would change with more samples to train the 

models. This study used linear regression for all the analysis, for a reason that it is the simplest 

and most efficient method in supervised machine learning. But there are other methods that could 

improve the results. Another side of this is ROS analysis, where we used a DTT assay for the 

measurement of ROS activity. Understanding the underlying chemical process and training the 

model based on that rather than using a linear model could provide significant improvements to 

these results. 

In conclusion, these results do show that the EEM with PCR method can provide a good 

correlation with the DTT measurements for different sources of combustion PM. This method 

could be used as an alternative method to direct measurement of DTT reactivity to evaluate the 

ROS levels in combustion-generated aerosols, provided we have a trained model with a greater 

number of samples. 
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Chapter 5. FUTURE WORK 

This study demonstrates a framework for using EEM-PCR for ROS analysis of 

combustion-generated PM. Moving forward, several steps would help establish this method for 

ROS assessment. 

1. Collecting more samples from different combustion sources would be the first step. 

This would help remove the intercept in the model as having a more comprehensive 

range of data would aid model training over a broader range of values. 

2. Currently, we use linear regression, which is a good starting point; however, other 

methods could be potentially better for supervised machine learning, such as 

polynomial regression or a random forest tree method. 

3. Understanding the underlying principles of ROS analysis can give a better insight into 

the model relating PAH fluorescence and DTT consumption. Baseline experiments 

with neat PAH compounds and their mixture are required. 

4. Chemical analysis (GS/MS or LC/MS) for combustion-generated PM samples would 

be beneficial to aid the correlation.   
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Chapter 6. APPENDIX A 

6.1 WILDFIRE MODELS: 

Using PCR for wildfire samples gives the model equations (6.1) and (6.2) for unfiltered 

and filtered samples. 

 DTT(pred)

𝑈𝑛𝑓𝑖𝑙𝑡𝑒𝑟𝑒𝑑
 =  −  0.241 × PC1 −  0.181 ×  PC2 −  0.452 ×  PC3 +  5.027 (6.1) 

 DTT(pred)
𝐹𝑖𝑙𝑡𝑒𝑟𝑒𝑑  =  2.201 ×  PC1 −  0.402 ×  PC2 −  0.106 ×  PC3 +  4.93 (6.2) 

Figure 6.1Error! Reference source not found. plots predicted vs. actual DTT 

consumption for unfiltered and filtered wildfire models. The unfiltered model has the worse 

R2 (test) = 0.174, which could be because of the noise in the unfiltered wildfire data, while the 

filtered model shows a good R2 (test) = 0.977. 

 

Figure 6.1. Parity plots showing results of PCR with the model for (a) unfiltered and (b) 

filtered wildfire samples. 

Figure 6.2Figure 6.2Error! Reference source not found. shows how the wildfire model 

predicts the ROS activity in natural-draft cookstove samples using EEM and PCR for unfiltered 

and filtered samples. Black dots are for the wildfire, and red squares are for the natural-draft 
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cookstove samples. Here, we see that the model over-predicts the ROS activity for natural-draft 

cookstove samples, but the unfiltered wildfire model itself is not good. 

 

Figure 6.2. Parity plots showing results of DTT prediction of natural-draft cookstove samples 

using wildfire model for (a) unfiltered and (b) filtered samples. Black dots plot the training data 

(wildfire samples), and red squares plot the test data (natural-draft cookstove) 

 

Figure 6.3 shows how the wildfire model predicts the ROS activity in forced-draft 

cookstove samples using EEM and PCR for unfiltered and filtered samples. Black dots are for the 

wildfire, and red squares are for the forced-draft cookstove samples. Here, the model over-predicts 

the ROS activity for forced-draft cookstove samples. 
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Figure 6.3. Parity plots showing results of DTT prediction of natural-draft cookstove samples 

using wildfire model for (a) unfiltered and (b) filtered samples. Black dots plot the training data 

(wildfire samples), and red squares plot the test data (natural-draft cookstove) 

6.2 FORCED-DRAFT COOKSTOVE MODELS: 

PCR for forced-draft cookstove samples gives the model equations (6.3) and (6.4) for 

unfiltered and filtered samples. 

 DTT(pred)

𝑈𝑛𝑓𝑖𝑙𝑡𝑒𝑟𝑒𝑑
 =  −  0.155 ×  PC1 +  0.162 ×  PC2 −  0.329 ×  PC3 +  7.39 (6.3) 

 DTT(pred)
𝐹𝑖𝑙𝑡𝑒𝑟𝑒𝑑  =  −  0.293 ×  PC1 +  0.155 ×  PC2 −  0.106 ×  PC3 +  5.42 (6.4) 

Figure 6.4 plots predicted vs. actual DTT consumption for unfiltered and filtered forced-

draft cookstove models. The unfiltered model has a good R2 (test) = 0.852, while the filtered model 

shows a good R2 (test) = 0.849. 
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Figure 6.4. Parity plots showing results of PCR with the model for (a) unfiltered and (b) 

filtered forced-draft cookstove samples. 

 

Figure 6.5 shows how the forced-draft cookstove model predicts the ROS activity in 

wildfire samples using EEM and PCR for unfiltered and filtered samples. Black dots are for the 

forced-draft cookstove, and red squares are for the wildfire samples. Here, the model over-predicts 

the ROS activity for wildfire samples. 

     

Figure 6.5. Parity plots showing results of DTT prediction of wildfire samples using forced-

draft cookstove model for (a) unfiltered and (b) filtered samples. Black dots plot the training data 

(forced-draft cookstove samples) and red squares plot the test data (wildfire). 

 

Figure 6.6 shows how the forced-draft cookstove model predicts the ROS activity in 

natural-draft cookstove samples using EEM and PCR for unfiltered and filtered samples. Black 
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dots are for the forced-draft cookstove, and red squares are for the natural-draft cookstove samples. 

Here, we find that the model over-predicts the ROS activity for natural-draft cookstove samples. 

    

Figure 6.6. Parity plots showing results of DTT prediction of natural-draft cookstove samples 

using forced-draft cookstove model for (a) unfiltered and (b) filtered samples. Black dots plot the 

training data (forced-draft cookstove samples) and red squares plot the test data (natural-draft 

cookstove). 
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