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Abstract: This document serves as supplemental information to Shapero et al. (2023), which is itself a comment 

on Nowell et al. (2022). Environmental Health Perspective’s publishing standards for article comments have strict 

word counts and do not allow the addition of new primary data analyses; therefore, this document provides 

an additional level of detail and supporting analyses that serve as an important backup to and expansion of 

Shapero et al. (2023) and that also respond to some comments within the author’s reply to our comments 

(Holmes and Nowell, 2023). Nowell et al. (2022) evaluated potential PM2.5 community impacts from sugarcane 

harvesting. However, their analysis is flawed by erroneous assumptions and misapplied technical approaches, 

as discussed in Shapero et al. (2023) and as detailed in this supplemental information document. Additionally, 

the authors ended their analysis with 2018 data, but later data shows no marginal increase in PM2.5 during 

sugarcane harvest following 2019 even using the authors’ approach (Holmes and Nowell, 2023). Therefore, the 

authors’ evaluations have no relevance to current conditions. Nonetheless, even their evaluation and 

conclusions regarding PM2.5 concentrations purportedly attributable to sugarcane harvesting prior to 2019 are 

unsupported and technically unsound as detailed below. 
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1. Introduction 

This document serves as supplemental information to Shapero et al. (2023) [1], which is itself a 

comment on Nowell et al. (2022) [2]. Environmental Health Perspective’s publishing standards for article 

comments have strict word counts and do not allow the addition of new primary data analyses; 

therefore, this document provides an additional level of detail and supporting analyses that serve as 

an important backup to and expansion of Shapero et al. (2023) and that also respond to some 

comments within the author’s reply to our comments (Holmes and Nowell, 2023) [3].  

Nowell et al. (2022) evaluated potential PM2.5 community impacts from sugarcane harvesting. 

However, their analysis is flawed by erroneous assumptions and misapplied technical approaches, 

as discussed in Shapero et al. (2023) and as detailed in this supplemental information document. 

Additionally, the authors ended their analysis with 2018 data, but later data shows no marginal 

increase in PM2.5 during sugarcane harvest following 2019 even using the authors’ approach (Holmes 

and Nowell, 2023). Therefore, the authors’ evaluations have no relevance to current conditions. 

Nonetheless, even their evaluation and conclusions regarding PM2.5 concentrations purportedly 

attributable to sugarcane harvesting prior to 2019 are unsupported and technically unsound as 

detailed below.  

2. Air Data Evaluation 

2.1. Background 

In Nowell et al. (2022), surface PM2.5 observations serve as the impetus to use the HYSPLIT model 

to calculate PM2.5 emissions during sugarcane harvest. However, the authors’ analysis of the surface 
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observations data was faulty, and the subsequent model was developed to simply reinforce the 

authors’ erroneous a priori assumptions about PM2.5 during sugarcane harvest and not to corroborate 

their findings. The authors’ main conclusion from the surface PM2.5 observations is the following: “At 

Belle Glade, the only monitoring site within the SGR, PM2.5 was 0.7 µg/m3 higher during the sugarcane 

harvest season than the rest of the year (95% CI: −0.4, 1.8 µg/m3, p= 0.19).” This conclusion is not 

supported by the data or the authors’ own analysis. 

2.2. Purpose 

Using the same data source as Nowell et al. (2022), we re-calculated and re-analyzed the PM2.5 

data. 

2.2.1. Data Download and Cleaning 

• Data for 2009-2022 were obtained from EPA’s outdoor air quality data download page [4].  

• Data from the sites analyzed in Nowell et al. (2022) was selected. 

• Data was categorized into “Harvest” (October through March, inclusive) and “Non-Harvest” 

(April through September, inclusive). 

• In cases where the POC code [5] was greater than 1, data points for a given day were averaged. 

• For days in which there was data with both AQS Parameter [6] “PM2.5 – Local Conditions” and 

AQS Parameter “Acceptable PM2.5 AQI & Speciation Mass,” the data with AQS Parameter 

“PM2.5 – Local Conditions” was selected. 

2.2.2. Data Analysis 

• While the authors’ publication was submitted in 2022, the dataset they relied upon only spanned 

from 2009 to 2018. According to the authors, their analysis did not extend beyond 2018 because 

the satellite-derived PM2.5 data was not available (Holmes and Nowell, 2023). Figure 1 presents 

the data the authors excluded from 2019-2022 that shows some years’ PM2.5 concentrations are 

lower during harvest compared to non-harvest season, contradicting their conclusion.  

• The authors’ use of an unpaired t-test was inappropriate to compare harvest versus non-harvest 

PM2.5 concentrations since the data used in the t-test are not independent—a requirement for 

conducting a t-test. At a minimum, such an evaluation requires use of a regression that accounts 

for yearly fixed effects and clustered standard errors. When using the full dataset from 2009-

2022 and clustering standard errors at the month level, there was a statistically insignificant 

difference at Belle Glade (95% CI: -0.99, 0.25; p = 0.24). Further, adding a fixed effect for the year 

variable did not substantially change the results (95% CI: -0.99, 0.25; p = 0.25). 

• We further evaluated the data by evaluating concentrations in neighboring seasons on a year-

by-year basis. We compared the mean concentration in each harvest season with the mean 

concentration in the previous non-harvest season (“backwards” analysis) and the following non-

harvest season (“forwards” analysis). We conducted this analysis clustering standard errors at 

the month level. We log-transformed the concentration data for these analyses. Regression 

coefficients were transformed to be interpreted as percent increases and are shown in Figure 2.  

• When clustering standard errors, no harvest season had PM2.5 concentrations that were 

significantly greater than both the preceding non-harvest season and the following non-harvest 

season. For example, during the 2012-2013 harvest season, mean PM2.5 concentration was greater 

than the 2013 non-harvest season. But the 2012-2013 harvest season mean PM2.5 concentration 

was no different from the 2012 non-harvest season mean PM2.5 concentration. Since the 2017-2018 

harvest season, mean concentrations during the harvest season have more often than not been 

lower than mean concentrations during the preceding and following harvest seasons. 
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Figure 1. Belle Glade Daily PM2.5 Concentrations (2019-2022). 

 

Figure 2. Seasonal PM2.5 Variation at Belle Glade Monitor with Standard Errors Clustered at the 

Month Level. 

2.3. Discussion: 

The authors state “Only two sites in South Florida—Belle Glade and Royal Palm Beach— 

measured higher mean PM2.5 in winter, which is the sugarcane harvest and prescribed fire season.” 

In fact, other cities in the region have marginally increased PM2.5 concentrations during harvest 

season: Winter Park (seasonal difference 0.04 µg/m3) and Sydney (seasonal difference 0.25 µg/m3). 

Also worth noting is that the absolute concentration of PM2.5 during harvest for 2009-2022 in Belle 

Glade (7.49 µg/m3) and Royal Palm Beach (6.25 µg/m3) is lower than the annual average PM2.5 

concentration in other cities throughout the region: Naples (8.17 µg/m3),  Sydney (7.76 µg/m3), 

Tampa (9.13 µg/m3). 

There is no consistent pattern of elevated PM2.5 concentrations during harvest compared with 

the previous and subsequent non-harvest time periods. Therefore, there is no way to group data into 
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harvest vs. non-harvest season and conclude that any systematic PM2.5 concentration differences are 

a result of sugarcane harvesting. Holmes and Nowell (2023) point out that the lack of consistent 

pattern comparing harvest and non-harvest seasons is due to summer wildfires, which further 

underscores that attributing any marginal PM2.5 difference between seasons to sugarcane harvest is 

not appropriate or scientifically supported. There are multiple potential unaccounted for factors and 

sources that confound the alleged relationship between harvest season and PM2.5 concentrations. 

The comparison of harvest seasons and neighboring non-harvest seasons does not adjust the 

threshold for statistical significance (p=0.05), despite consisting of about two dozen statistical tests. 

Conducting such a number of tests means there is likely to be at least one false positive. However, 

the lack of consistent directional effects, whether they are significant or not, contradicts the authors’ 

harvest vs. non-harvest season analysis and conclusions. 

3. Air Modeling Critique 

3.1. Nowell et al. (2022) Background 

The authors used the Hybrid Single Particle Lagrangian Integrated Trajectory model (HYSPLIT) 

to estimate the contribution of sugar cane fires to annual mean PM2.5 concentrations for selected cities 

in South Florida. The authors report that the model results suggest that sugarcane fires contribute an 

additional 0.65 µg/m3 (95% CI: 0.57, 0.73) of PM2.5 to the annual mean concentration in Belle Glade. It 

is important to understand though that the authors’ model results of 0.65 µg/m3 were inappropriately 

calibrated to match the authors’ reported seasonal difference in PM2.5 observed from 2009-2018 – 

which was not statistically significant. 

Additionally, the authors’ application of the HYSPLIT model for PM2.5 has a spectrum of 

technical issues associated with the use of fire data, plume rise models, sugarcane emission factors, 

sugarcane loading factors, and secondary particle formation factors. These technical issues result in 

biased results and overly confident confidence intervals. 

3.2. Fire Data 

Fire area uncertainty:  

The article acknowledges uncertainty in fire area in two ways, but ultimately does not 

quantitatively build this uncertainty into the model. 

• The authors cite Nowell et al. (2018) [7] in a discussion of uncertainty of fire area inputs and 

indicate that open burn authorization (OBA) data and actual observations differ by <10% overall 

and by up to 20-40% for individual fires. Nowell et al. (2018) was not an analysis of sugarcane 

fires; therefore, its relevance to the matter at hand is questionable, and at a minimum increases 

the uncertainty associated with extrapolation of the data from that study. However, the authors 

do not quantitatively incorporate any uncertainty in fire area into its analysis: the OBA fire area 

data is utilized at face value.  

• The authors compare a random sample of 10 sugarcane OBAs with satellite imagery. It is unclear 

why the authors relied on satellite imagery for this check, given that, “satellites detect only 25% 

of open biomass fire area” (Nowell et al., 2018). Nevertheless, the authors imply that there is 

adequate agreement between the OBA data and the satellite data by stating that they, “found a 

median area discrepancy of just [emphasis added] 2.5 acres (ac) or 6%.” Roux has confirmed this 

median calculation. However, the average discrepancy was 28 acres or 77%. Roux also found no 

statistical relationship between the OBA data and the satellite data (as seen in Figure 3). 

Fire area point estimates:  

In its discussion of fire area uncertainty, the authors state there is good agreement between OBA 

areas and actual observations, citing Nowell et al. (2018), but in fact Nowell et al. (2018) found that 

“fires are typically a little smaller than requested.” Therefore, reliance on OBA data is expected to 

bias the fire area data high. 

Fire location uncertainty:  
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The article makes no attempt to characterize uncertainty in the location of each fire. Nowell et 

al. (2018) found that actual fires were typically about 0.7-0.8 km away from the requested OBA fire 

and that 50-98% of OBA fire point locations were outside the actual fire perimeter. 

 

Figure 3. OBA Validation Dataset from Nowell et al. (2022). 

3.3. Plume Rise Models 

Estimating the release height or plume rise is an important aspect of HYSPLIT modeling [8,9].  

In general, HYSPLIT model results are very sensitive to smoke release height (i.e., plume rise), 

and the final outputs are therefore dependent on how plume rise is characterized (Stein et al., 2009).  

However, accurately estimating plume rise “depends on many factors that may never be known 

with sufficient accuracy to estimate the smoke plume heights using only numerical modeling 

techniques. Further methods may need to rely more heavily on satellite observations” (Stein et al., 

2009). 

The authors rely on numerical methods to generate point estimates, and they then rely on a 

range of correction factors to adjust those estimates.  

The correction factors are derived from a comparison of empirical data from seven smoke 

plumes identified via MISR satellite from 2005 to 2009 and three numerical methods (i.e., the Surface, 

Uniform, and Briggs methods) based on a January 2012 simulation.  

The authors use seven plumes to characterize approximately 70,000 plumes over a seven-year 

period (i.e., 10,000 fires/year from 2012-2018). The article does not indicate how the seven smoke 

plumes identified via MISR satellite were selected for analysis, the extent to which they are 

representative, or the weather conditions during which they occurred.  

These plumes were not selected randomly, and any data generated from these data are therefore 

subject to sampling bias.  

Given that plume rise depends on many factors (such as fire heat release rate, atmospheric 

stability, wind speed, size of the burn, shape of the burn area, moisture, loading, distribution of the 

fire on the landscape, and amount of fire on the landscape) [10–13], data from seven observed plumes 

could not adequately characterize uncertainty and variability across an expected range of conditions.  

Thus, uncertainty in the plume rise portion of the modeling is significant. 
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Figure 3: OBA Validation Dataset from Nowell et al. (2022)
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3.4. Sugarcane Emission Factors 

The article cites the following emission factors from McCarty (2011): 4.35 g/kg (range 3.9–4.99 

g/kg) [14]. These emission factors reflect the values in Table 2 from McCarty (2011) and represent 

central estimates that McCarty (2011) obtained from the literature.  

McCarty (2011) presents as its conclusion the emission factors reflected in Table 1 from McCarty 

(2011). These emission factors reflect the full extent of uncertainty in the emission factors and are 4.35 

g/kg with a standard error 0.57. Using the appropriate McCarty (2011) emissions factor conclusion 

would instead result in a 95% confidence interval range of 3.23-5.47 g/kg.  

The use of incorrect confidence interval from McCarty’s (2011) emission factors also results in 

the authors overestimating the confidence intervals in the model outputs. 

The authors’ model uses a uniform distribution of emission factors. The use of the uniform 

distribution from 3.9-4.99 g/kg results in the authors overriding the given central estimate of 4.35 g/kg 

(inflating it to about 4.46 g/kg), thereby biasing the central estimate model outputs high by about 3%.  

3.5. Sugarcane Loading Factors 

The article cites the following emission factors from McCarty (2011) and Pouliot et al. (2017): 

10,648 kg/ha (range 8,967–15,692 kg/ha) [15]. Roux verified the central estimate in Pouliot et al. (2017) 

but was unable to verify the range.  

A range of sugarcane loading factors are used to generate a range of model uncertainty in the 

PM2.5 concentrations resulting from harvesting. Even if the authors’ range were correct, their 

application of that range as a uniform distribution is inappropriate because it overrides the given 

central estimate (10,648 kg/ha) and inflates it to about 12,330 kg/ha, thereby biasing the central 

estimate of the model outputs by about 15%.  

3.6. Secondary Particle Formation Factors 

HYSPLIT model outputs are multiplied by a factor with a uniform distribution of 1 (i.e., no 

secondary particle formation) to 2 as a representation of secondary particle formation. Therefore, on 

average, the secondary particle formation factor is equal to 1.5.  

This range is supposedly obtained from peer-reviewed literature; however, the article’s 

interpretation of the literature is incorrect. The authors cite seven articles to justify their PM2.5 

secondary particle formation factor [16–22]. However, only one of these articles (Yokelson, et al, 2017) 

provides a PM2.5 secondary particle formation factor. The site conditions from Yokelson et al. (2017) 

do not reflect sugarcane harvest nor Florida air quality conditions, but instead only the condition of 

crop residue biomass burning in the Yucatan. Given that secondary particle formation is an 

atmospheric chemistry process, expected differences in source emissions chemistry and atmospheric 

conditions contributes significant uncertainty into the authors’ evaluation. 

The authors also selected these particle formation factors because they “resulted in dispersion 

modeling data commensurate with surface monitor observations” (Nowell et al., 2022). From a 

modeling perspective, it is inappropriate to use secondary particle formation as a knob to turn in 

order to scale up the model outputs to match an erroneous a priori assumptions about PM2.5 during 

sugarcane harvest. 
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