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Abstract 

Wildfire activity has recently proliferated in the United States, and in the Western US in 

particular. While research has been conducted on the effects of other natural disasters and 

increased air pollution on prenatal health, there is limited analysis on the impacts of wildfire 

exposure. Using wildfire data from the Oregon Department of Forestry (ODF) and natality data 

from the Centers for Disease Control and Prevention (CDC), I investigate the relationship between 

wildfire exposure and prenatal health measures in nine counties of Oregon between 2007 and 2011. 

I find that there is a significant negative connection between wildfire measures and prenatal health 

measures. In particular, an additional acre burned during the gestational period predicts a decrease 

of approximately 0.0007 grams in average birthweight. While the effects are relatively small in 

magnitude, there may be more serious implications in the near future due to recent trends in 

wildfire activity. 

                                                 
*I would like to thank my advisor Gaston Illanes for guiding me through this wonderful experience. An enormous 

thank you to the MMSS faculty and administration who have made this four year journey possible – and to my dear 

family and lifelong friends, who have made it so unforgettable.  



   

 

2 

  

1 Introduction 

According to a study conducted by the Urban Institute, approximately 34 million acres of land 

in the Pacific region of the United States have been burned in wildfires between 2002 and 2013 

(Brusentsev & Vroman, 2016). Furthermore, while the frequency of wildfires has largely remained 

constant since 1960, the total number of acres burned each year has grown dramatically. This 

suggests that wildfires are becoming larger and burning more land than they previously did. Scasta, 

Weir, and Stambaugh (2016) analyzed charcoal and tree scars to predict that the potential for large 

wildfires to increase in the future. Furthermore, a growing fire season leads to drier and hotter 

conditions that last for longer stretches of the year. These trends are leading to various amplified 

effects, including an increased economic burden on the federal government. Between 2009 and 

2013, federal agencies spent an average of over $1.5 billion per year on fire suppression 

(Brusentsev & Vroman, 2016). However, one effect that has not been researched as much is the 

health effects caused by the recent proliferation of wildfires. 

Prenatal and infant health are especially sensitive to harmful environments during critical 

development periods. This has been established through a variety of studies: Dancause et al (2015) 

found that prenatal stress independently predicted increased adiposity between children 2.5 to 4 

years old. In a recent study of infants in utero during Hurricane Sandy, researchers found that 

increased prenatal maternal stress led to a different temperament development trajectory in infancy 

(Zhang et al, 2018). Colborn et al (2013) found that children exposed prenatally to increased 

concentrations of polycyclic aromatic hydrocarbons had lower developmental and IQ scores. 

Paraiso and Gouveia (2015) found that young children exposed to sugarcane burning in São Paulo 

State suffered from more hospital visits due to respiratory issues. Even though these studies have 
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made it clear that infants and fetuses are particularly vulnerable to external influences, this effect 

has not been studied extensively along with wildfire exposure. 

In light of recent notable wildfires in the Western United States, this new connection has begun 

to gain traction in the scientific community. Holstius et al (2012) measured the impact of 2003 

wildfires near the South Coast Air Basin on the birthweights of children exposed in utero. More 

recently, the Camp Fire burned over 150,000 acres and killed at least 85 people in late 2018 

(Reyes-Velarde, 2019). As a response, researchers at University of California, Davis have started 

collecting data to investigate how exposure to the Camp Fire affected pregnant women and their 

babies. It should be noted that most studies have made an effort to distinguish between the potential 

underlying mechanisms. Though one may immediately look to smoke exposure from wildfires as 

the primary cause of these negative effects, studies such as Dancause et al (2015) and Zhang et al 

(2018) suggest that the prenatal maternal stresses caused by wildfires should also be considered as 

a factor. Therefore I aim to study the effect of wildfire exposure on prenatal health, since it seems 

unrealistic to tease out the effect of wildfire smoke exposure on prenatal health, or the effect of 

stress due to wildfires on prenatal health. 

My study will also make use of a novel dataset from nine counties in Oregon. While other 

studies have investigated locations such as California (Holstius et al, 2012), Brazil (Paraiso and 

Gouveia, 2015), and Indonesia (Jayachandran, 2008), I am interested in determining whether the 

same negative effects can be found in this dataset. 

I find that wildfire exposure has a negative causal effect on prenatal health. Specifically, 

increased wildfire activity during the month of conception as well as activity during gestation is 

associated with a decrease in average birthweight and an increase in the likelihood of low 

birthweight. While these effects are significant, they are rather small in magnitude. However, one 
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should keep in mind that given the recent proliferation of wildfires in the Western US, we may see 

increased intensity in the observed negative effects. 

 

2 Review of Literature 

Existing work on the subject of wildfire health impacts is rather sparse. Though there is 

literature that touches on various aspects of the topic at hand, to my knowledge there is little 

research that deals specifically with the effects of wildfire exposure on prenatal health. 

Holstius et al (2012) uses a series of Southern Californian wildfires in 2003 as a natural 

experiment to investigate the impact of wildfire smoke during pregnancy. Taking vital statistics 

from hospitals in the South Coast Air Basin, they estimate the effects of an extended period of in 

utero wildfire smoke exposure on birthweight while controlling for potentially confounding 

variables. They find that babies exposed to wildfire smoke were overall born 6.1 grams lighter on 

average. However, this effect increases to 7.0 grams for babies exposed during the third trimester, 

and to 9.7 grams for babies exposed during the second trimester. While Holstius et al leverage a 

natural experiment to power their analysis, I will be drawing data from a wider range of locations 

and times. It would be beneficial to confirm a similar effect using a separate dataset that is 

distinctive in multiple aspects. In their work, Holstius et al mention that one specific area of interest 

is the underlying mechanism that lowers birthweight – is it caused by the physiological factors of 

smoke exposure, or is it partially due to the stress associated with a wildfire? One should note that 

this study does not account for variations in smoke exposure – Holstius et al analyze the change in 

vital statistics as a response to an indicator variable for wildfire smoke, rather than in combination 

with geospatial data gathered during the wildfire. This is a notable empirical challenge in their 

analysis, but it largely simplifies the data collecting and analyzing process. 
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Though Rosa et al (2017) do not deal specifically with wildfire exposure, their research 

represents significant ideas that could be applied in my research. They are concerned with 

improving the methods by which we estimate the effect of prenatal PM2.5 exposure (particulate 

matter in general, as opposed to wildfire smoke in particular) on birthweight. Specifically, they 

develop a novel data analysis strategy that allows for the combination of data from multiple sites. 

First they examine three independent data sets from previous studies: Asthma Coalition on 

Community Environment and Social Stress (ACCESS), Programming of Intergenerational Stress 

Mechanisms (PRISM), and Programming Research in Obesity, Growth, Environment and Social 

Stressors (PROGRESS). Considering each dataset separately, they note a negative but insignificant 

correlation between PM2.5 exposure in the third trimester and birthweight z-score. However, this 

correlation becomes significant after applying their combinability analysis. They propose that this 

is due to the increased heterogeneity of the combined sample, explaining why a combined analysis 

fares better than a simple model that includes an indicator variable for site. Though this is not 

exactly similar to the research I plan to do, it offers a method of analysis that could potentially add 

to the robustness and significance of results. Furthermore, it would be interesting to see if this 

method could yield similar results for data exclusively on wildfire smoke rather than PM2.5 as a 

whole. 

Paraiso and Gouveia (2015) investigate a phenomenon similar to wildfires by examining the 

practice of pre-harvesting sugarcane straw burning in Brazil. However, they analyze the impact on 

broader measures of health such as mortality and morbidity ratio for respiratory diseases. It is 

possible that these measures are correlated with measures of prenatal health. After controlling for 

covariates, Paraiso and Gouveia found that pre-harvesting burning is significantly correlated with 

increased rates of respiratory disease hospital visits for young children. They find health data for 
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both mortality and hospital admission through records of the Brazilian Ministry of Health, and 

gather burning data from the Brazilian Institute for Space Research. In addition, they find 

socioeconomic data from the 2010 census. Though this study also does not use geospatial data to 

map smoke exposure, they measure burning through three different variables: number of monthly 

outbreaks, monthly depth of aerosols, and percentage of sugarcane harvested without burning. I 

plan to take a similar approach in developing measures of wildfire exposure in my research. This 

allows for more in-depth analysis compared to the single indicator variable used by Holstius et al 

– however, it should be noted that the case of pre-harvesting burning better lends itself to cleaner 

measurement methods, since it is pre-meditated and controlled. 

Lastly, Jayachandran (2008) offers the broadest findings that are perhaps most similar to what 

I aim to uncover. Examining a series of wildfires in Indonesia in 1997, Jayachandran finds that the 

smoke exposure led to an estimated 1.2% decrease in cohort size for those affected, and that 15,600 

infant and fetal deaths are attributable to the effects of the wildfires. Jayachandran proceeds to 

comprehensively analyze the wildfire effects through a variety of measures. Notably, she finds 

that in utero exposure during the third trimester is the most damaging, and that there is a large 

difference in mortality effects between the richer population and poorer population. In fact, smoke 

exposure has twice the magnitude of effect on those with sub-median consumption levels 

compared to those with above-median consumption levels. One notable feature that differentiates 

Jayachandran (2008) from the other discussed literature is the use of daily aerosol measures placed 

on a geospatial map. This creates a detailed day-to-day pollution map that can be used for analysis, 

taken from the Earth Probe Total Ozone Mapping Spectrometer (TOMS). In addition to pollution 

data, Jayachandran finds data for socio-economic factors and other variables through surveys such 
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as the National Socioeconomic Survey and Village Potential Statistics census. Empirical 

challenges noted by Jayachandran is the use of such data because better alternatives do not exist.  

 

3 Data 

Wildfire data was provided by the Oregon Department of Forestry (ODF), while the Centers 

for Disease Control and Prevention (CDC) WONDER dataset supplied all natality data. 

Unfortunately, individualized natality data could not be acquired – instead, CDC WONDER data 

is aggregated monthly at the county level. This limited the analysis that could be done with the 

data available, as is discussed later this section. Combining both databases, we have a linked 

dataset of wildfire and prenatal health measures across nine Oregon counties (Clackamas, 

Deschutes, Douglas, Jackson, Lane, Linn, Marion, Multnomah, and Washington, see Figure 1) 

between 2007 and 2011. 

 

 
 

Figure 1. Nine counties of Oregon included in dataset. 
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The ODF database lists all wildfires occurring in the state of Oregon between 1960 and 2019. 

Each wildfire is characterized by its GPS coordinate, general cause, time of first report, acres 

burned, and county of incident. For all analysis conducted, fires are sorted by time of first report, 

acres burned, and county of incident. Though ODF includes data for all Oregon counties since 

1960, I limit our analysis to the nine aforementioned counties due to data availability in the CDC 

WONDER dataset and their high populations relative to other counties. The natality dataset 

provides categorical data that can be aggregated on a monthly basis grouped by county. 

Unfortunately, it does not specify individual birth observations. However, it specifies measures of 

natality health such as the number of births in each 100-gram increment of birthweight, and the 

proportion of underweight births. 

It would have been ideal to utilize individualized vital statistics in tandem with wildfire data. 

This would give more detail to the conditions of each birth in terms of location, time, and 

birthweight. The fineness of this data would allow for less ambiguity in measurements, though it 

appears that the CDC WONDER data still yielded statistically significant results in most of the 

analysis, as discussed in Section 5. This categorical natality data works well with ODF wildfire 

data because it is also realized on a county level in nine common counties. An advantage of linking 

CDC WONDER and ODF data is the vast amount of data available through multiple years. We 

evaluate an increased number of data points relative to most previous similar studies, which 

primarily focus on singular wildfire events and their subsequent prenatal health effects. Lastly this 

dataset provides sufficient variation in the explanatory variables – the counties sampled vary in 

climate and income (Table 1). This allows for natural variation in the acres burned by the sampled 

wildfires. Indeed, we see that the least acres burned in a sampled month is 0 acres while the most 

acres burned in a sampled month is 70,454.5 acres. 
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COUNTY AVERAGE INCOME PER 

CAPITA (US DOLLARS) 

AVERAGE ANNUAL 

RAINFALL (INCHES) 

Clackamas 31,785 51.0 

Deschutes 27,920 18.3 

Douglas 21,342 44.1 

Jackson 24,410 28.9 

Lane 23,869 56.3 

Linn 22,165 56.3 

Marion 21,915 53.3 

Multnomah 28,883 44.4 

Washington 30,522 43.2 

 

Table 1. Average income per capita and average annual rainfall across nine studied counties. Source: 

2006-2010 American Community Survey 5-Year Estimates, Sperling's Best Places. 

 

Lastly, we discuss the measures of wildfire severity and natality health used in this analysis. I 

begin by filtering all Oregon wildfires between 2007 and 2011 by county, and summing the total 

acres burned in each county-month combination. This creates a panel dataset of monthly acres 

burned (MAB) measures for each month between January 2007 and December 2011. Next, I 

aggregate MAB measures into a rolling measure by trimester. The trimester acres burned (TAB) 

measure for a given month i is given by TABi = MABi + MABi-1 + MABi-2. This yields a panel 

dataset of TAB measures for trimesters starting in each month between January 2007 and October 

2011. Finally, I sum MAB measures to create a measure of acres burned during the full nine-month 

gestation period. The gestation acres burned (GAB) measure for a given month i is given by GABi 

= MABi + MABi-1 + … + MABi-8. We obtain a panel dataset of GAB measures for full terms 

starting in each month between January 2007 and April 2011. 

In addition to constructing the MAB and TAB datasets, we also transform these measures of 

wildfire severity. Due to the wide range of values for wildfire severity, I perform logarithmic 
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transformations on both datasets. Note that some MAB and TAB observations have value zero; 

hence we increase our values by 1 before applying the logarithmic transformation. This ensures 

that the transformed data is also non-negative for all observations. For every observation of x acres 

burned, we transform this to an observation of log(x+1) acres burned. 

Next, I query the CDC WONDER natality dataset to acquire time series data for all nine 

counties between January 2007 and December 2011. For each county-month combination, I 

receive the total number of births, the average birthweight of all births, as well as the number of 

births under 2,500 grams, the threshold for low birthweight (add source). From this we get a panel 

dataset of monthly average birthweight measures for each month between January 2007 and 

December 2011. In addition, we have a panel dataset of monthly low birthweight proportion 

(number of births under 2,500 grams/number of total births) for each month between a January 

2007 and December 2011. 

One complexity of the data of note is the censoring of low birthweight data in the CDC 

WONDER dataset. Though each county-month has a count of the number of births under 2,500 

grams, many observations are populated with a count of zero. This is because the CDC censors 

abnormally low counts in any category in order to protect anonymity – for any category that is two 

percent or less of the overall population, the dataset automatically recodes the count to zero. In 

2017, 8.28% of all births in the United States and 6.8% of all births in Oregon were under 2,500 

grams (National Vital Statistics Report, 2017) so it seems reasonable to expect for the CDC’s data 

censoring policy to be relevant to our low birthweight proportion dataset. Indeed, plotting low 

birthweight proportion in month i against the total number of acres burned in month i-8 displays a 

sharp absence of any observations with low birthweight proportions strictly between zero and two 
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percent (Figure 2). Regression strategies to accommodate this shortcoming are discussed in 

Section 4. 

 

 
 

Figure 2. Plot of low birthweight proportions in month i against acres burned in month i-8. 

 

4 Methodology 

We aim to use the measures described in the previous section in order to establish a causal 

relationship between wildfire severity and prenatal health. I do this primarily via ordinary least 

squares (OLS) regressions. 

I first link the MAB and monthly average birthweight panel data. For each county, we link the 

MAB observation of month i-8 and the monthly average birthweight observation of month i. I then 

combine observations from all counties to construct the complete dataset composed of all county-

month combinations. By regressing the average birthweight in month i on the number of acres 
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burned in month i-8, we obtain a (albeit over-simplified) sense of how prenatal health is related to 

wildfire severity during the month of conception. This gives us an initial idea of the direction (and 

significance) of the relationship between prenatal health and wildfire severity. Next, I continue 

this investigation by utilizing the other measures of wildfire severity. Following analogous linking 

methods, I construct datasets with TAB and GAB measures. This allows OLS regression of the 

average birthweight in month i on the full-term acres burned starting in month i-8, as well as OLS 

regression of the average birthweight in month i on the trimester acres burned starting in month i-

2, month i-5, and month i-8. It is logical to assume that the acres burned during the month of 

conception is not the only potentially relevant month in determining prenatal health – thus 

regressing on the full gestation period should allow us to capture a more accurate picture of how 

wildfire exposure causes changes in prenatal health. 

In order to verify that our results from the aforementioned specifications are valid, I extend 

this analysis by doing OLS regression of the average birthweight in month i on the number of acres 

burned in month i-9. Since the births in month i would not have been exposed to the wildfires 

occurring in month i-9 at any point of their terms, we would expect to see no correlation between 

these two measures. If we find any significant relationship, this may indicate that we need to 

reconsider the specification strategies and the validity of other results. Additionally, this gives us 

a method of determining whether omitted variable bias is present in other results. We are concerned 

whether there are other factors that influence the average birthweight; besides the severity of 

wildfires a fetus is exposed to during gestation. Obviously, this is very likely – perhaps 

characteristics such as family income, maternal age at conception, and maternal education are also 

correlated with average birthweight. But if our regression results suffer from omitted variable bias, 

then we would expect to see a correlation between average birthweight in month i and number of 
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acres burned in month i-9 because these characteristics are all still present in month i-9, even if 

those wildfires are irrelevant to prenatal health. Therefore this specification will also serve as a 

validity check for omitted variable bias in our other results. 

We then turn to the issue of analyzing the effect of wildfires on the proportion of births that 

qualify as low birthweight, our second measure of prenatal health. As mentioned in Section 3, the 

low birthweight data suffers from censoring by the CDC. Hence it would be inappropriate to do 

OLS regression on this dataset and expect to obtain unbiased and consistent estimators. Instead, I 

replace all zero values with missing values in STATA and run a Tobin Probit regression of the low 

birthweight proportion in month i on the number of acres burned in month i-8, with a lower 

censoring limit of two percent. This accounts for the CDC recoding all values strictly between zero 

and two percent to zero. As done with the average birthweight analysis, I then repeat this regression 

strategy with the TAB panel dataset as well. 

Lastly, I run two final regressions to confirm and bolster the results obtained from the previous 

specifications. Combining strategies, I do OLS regression of average birthweight in month i on the 

number of acres burned in month i-8 and on the number of acres burned in month i-9. This is 

another validity check of our original results – ideally, we hope to see the relationship between 

prenatal health and wildfire severity during the month of conception to remain significant. As an 

additional measure, we repeat this specification using a location fixed effects regression with 

additional regressions for the county of the observations. This will hopefully clear any ambiguity 

of whether location is a confounding variable in our dataset. I hope to see that we obtain similar 

results even after accounting for variation in the locations of the wildfires sampled. 



   

 

14 

  

The regressions involving average birthweight data are adjusted to find heteroskedasticity-

robust errors as an additional precaution. It is possible that our data does not satisfy the 

homoskedasticity assumption to obtain correct standard errors 

 – for different levels of wildfire severity (at the monthly or trimester level), the variance of 

average birthweight could reasonably be different as well. As an example, factors such as income 

level could become more relevant at increased levels of wildfire exposure. In extreme cases of 

wildfire exposure, those with more income may choose to temporarily relocate or invest more in 

safety measures. Such actions would lead to increased variance for observations with increased 

wildfire severity. We also repeat most regressions with the MAB and TAB data replaced with their 

respective log-transformed datasets. This gives an additional interpretation of the data and will 

potentially serve to corroborate the conclusions already given by the regressions utilizing the MAB 

and TAB datasets. 

A summary of the discussed specifications is organized in Figure 3 below. 

 

REGRESSION MODEL 
DEPENDENT 

VARIABLE 
REGRESSOR(S) 

ADDITIONAL 

REGRESSIONS 

OLS Average Birthweight 

(month i) 

MAB (month i-8) Robust estimators, 

log-transformed 

regressor 

OLS Average Birthweight 

(month i) 

TAB (month i-8, month i-5,  

month i-2) 

Robust estimators, 

log-transformed 

regressors 

OLS Average Birthweight 

(month i) 

MAB (month i-9) Robust estimators, 

log-transformed 

regressor 

Tobit Low Birthweight 

Proportion (month i) 

MAB (month i-8) Log-transformed 

regressor 

Tobit Low Birthweight 

Proportion (month i) 

TAB (month i-8, month i-5,  

month i-2) 

Log-transformed 

regressors 
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OLS Average Birthweight 

(month i) 

MAB (month i-8, month i-9) Robust estimators, 

log-transformed 

regressor 

Fixed Effects Average Birthweight 

(month i) 

MAB (month i-8, month i-9), 

fixed locations 

Robust estimators 

 

Figure 3. Summary of discussed specifications. 

 

5 Analysis 

I now discuss the results of the regressions outlined in previous section. We begin by reviewing 

preliminary average birthweight grouped by deciles of the GAB measure. I rank each observation 

in the dataset linking average birthweight in month i and GAB starting in month i-8, and group 

them into deciles according to their GAB measures. I then calculate the weighted average 

birthweight of all births occurring in each decile. Table 2 shows the total birth count and average 

birthweight trends for each decile. 

 

GAB DECILE 1 2 3 4 5 6 7 8 9 10 

Total Births 166,808 66,919 41,153 47,892 58,479 47,742 43,740 30,653 33,875 27,266 

Average 

Birthweight 

(Grams) 

3357.71 

 
3370.37 3373.71 3375.55 3367.93 3354.10 3374.59 3368.84 3352.34 3338.36 

Table 2. Total births and average birthweight by GAB deciles. 
 

As expected, significantly more births occur in lower deciles – in fact, more births occur in the 

first decile than the last five deciles combined. We see that much more births occur in conditions 

with low amounts of wildfire. This is in line with our expectations, as wildfires tend to only occur 

during few months of the year and in a relatively limited range of locations. We also see that there 

is a slight negative correlation between average birthweight in month i and GAB starting in month 

i-8. It is important to note that the median birth only experienced approximately 20 acres burned 
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throughout its full term. This skew may help explain why we do not see much variation in average 

birthweight in much of the distribution. In fact, the largest variation between any two deciles 

occurs for the 7th and 10th deciles – even for this case, average birthweight only decreases by 36.23 

grams, a 1.09% drop. 

 

AVERAGE BIRTHWEIGHT VS MAB AND TAB 

 (1) (2) (3) (4) 

Constant 3358.985 

(1.2796) 

3360.434 

(1.4100) 

3360.449 

(1.281) 

3368.902 

(1.8693) 

MABi-8 -.0010306** 

(.0004) 

-1.991** 

(.8141) 

  

TABi-2   -.00072** 

(.00029) 

-1.2483** 

(.5987) 

TABi-5   -.00083*** 

(.00031) 

-2.8554*** 

(.6515) 

TABi-8   -.00074** 

(.00036) 

-1.6972*** 

(.6182) 

Observations 1,539 1,539 1,539 1,539 

Note: *p < 0.1; **p < 0.05; ***p < 0.001 

 

The above table shows results for the initial regressions of average birthweight on MAB and 

TAB data. Regressions (1) and (2) give estimators with robust errors for regressing average 

birthweight in month i on MAB and log-transformed MAB in month i-8, respectively. Both 

coefficients are negative and significant at the 5% level. This aligns with what we expect to see; 

one additional acre burned in month i-8 corresponds to an approximate decrease of .001 grams in 

the average birthweight in month i. (3) and (4) give estimators with robust errors for regressing 

average birthweight in month i on TAB and log-transformed TAB in months i-2, i-5, and i-8, 

respectively. All coefficients are negative and significant at either the 5% or 1% level, further 

strengthening the findings in regressions (1) and (2). Now by burning one additional acre in each 
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trimester of the full term, the average birthweight will decrease by a total of .0023 grams. It is 

important to keep in mind that while these coefficients are small and seem negligible, large 

wildfires typically burn huge magnitudes of acreage. 

 

AVERAGE BIRTHWEIGHT VS MAB 

 (1) (2) 

Constant 3358.841 

(1.2858) 

3359.277 

(1.4213) 

MABi-9 -.00053 

(.00039) 

-.6651 

(.8750) 

Observations 1,530 1,530 

Note: *p < 0.1; **p < 0.05; ***p < 0.001 

 

Next, we run the OLS regression of average birthweight in month i on MAB in month i-9, in 

order to check the validity of our previous results. Observe that while the robust coefficient of 

regression (1) is negative, it is only roughly half the magnitude of the coefficient obtained 

previously (-.0005 compared to -.001). More importantly, note that this estimator is not significant 

at even the 10% level. This shows that while there is still a negative correlation between average 

birthweight in month i and MAB in the month prior to conception, we fail to reject the hypothesis 

that the magnitude of this correlation is non-zero at the 10% level. Indeed, we have the analogous 

result in (2) using the log-transformed MAB measure. This is exactly what we would hope to see 

– we do not expect any amount of wildfire exposure prior to conception to have a significant effect 

on the prenatal health of the fetus. Furthermore, this result serves to eliminate the possibility of 

omitted variable bias in our previous results (as mentioned in Section 4). Hence this result should 

increase our confidence that wildfire exposure during gestation is a driving causal factor in 

influencing prenatal health. 
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LOW BIRTHWEIGHT PROPORTION VS MAB AND TAB 

 (1) (2) (3) (4) 

Constant .0468 

(.00047) 

.0465 

(.0005) 

.0465 

(.00047) 

.0442 

(.0007) 

MABi-8 3.08x10-7 

(4.25x10-7) 

.00054 

(.00035) 

  

TABi-2   2.70x10-7 

(1.68x10-7) 

.00065** 

(.00026) 

TABi-5   3.82x10-7** 

(1.55x10-7) 

.00061** 

(.00025) 

TABi-8   4.08x10-7*** 

(1.01x10-7) 

.00079*** 

(.00024) 

Observations 846 846 846 846 

Note: *p < 0.1; **p < 0.05; ***p < 0.001 

 

Now we turn to the analysis of whether wildfire exposure is a valid predictor of the probability 

that a child will be born with low birthweight. Running Tobit regressions, note that while neither 

of the robust coefficients in (1) and (2) are significant at the 10% level, five of six robust 

coefficients in (3) and (4) are significant at the 5% or 1% level. This is encouraging, as we would 

expect that capturing wildfire exposure over a full term is a more reliable predictor than wildfire 

exposure only during the month of conception. However, one should keep in mind that these 

coefficients are extraordinarily small in magnitude, even though they follow the expected 

direction. In fact, burning an additional 1,000 acres during each trimester (3,000 acres burned 

during the full term of pregnancy) would only yield a corresponding .1% increase in the likelihood 

that the child is born weighing under 2,500 grams. While the direction and significance of the 

coefficients is encouraging, it is nevertheless difficult to state that wildfire exposure is a strong 

predictor of the likelihood of low birthweight. 
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AVERAGE BIRTHWEIGHT VS MAB 

 (1) (2) (3) 

Constant 3359.054 

(1.2885) 

3360.27 

(1.4617) 

3358.822 

(1.1589) 

MABi-8 -.0010** 

(.0004) 

-2.1100** 

(.9088) 

-.0005 

(.0003) 

MABi-9 -.00053 

(.0004) 

.2392 

(.9998) 

.00003 

(.0004) 

Observations 1,530 1,530 1,530 

Note: *p < 0.1; **p < 0.05; ***p < 0.001 

 

Lastly, we discuss the regression of average birthweight on the MAB during the month of 

conception as well as during the month before conception. Using MAB data in (1) and log-

transformed MAB in (2), we see that MAB during the month of conception is a significant 

predictor at the 5% level while MAB during the month prior to conception is insignificant. 

Furthermore, the direction of the robust coefficient is as expected, further corroborating the 

argument that increased wildfire exposure during gestation causes a decrease in prenatal health, as 

measured by birthweight. Unfortunately, we see that this idea is weakened when a fixed effects 

regression is implemented in (3). Once location of the observation is taken into account, the robust 

coefficient fails to be significant at even the 10% level. It also decreases in magnitude by a factor 

of two (-.001 to -.0005), though it does retain the same direction as the coefficient of (1). This 

suggests that the location of wildfire exposure and birth may also be a significant predictor in 

determining prenatal health. 

Income could be a potential explainer for why we see such small coefficients in our analysis. 

Jayachandran (2008) found that richer populations experienced a smaller increase in mortality 

compared to poorer populations. This mechanism could also be a driving factor in our data – the 
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population of Oregon is rich relative to the rest of the world, and could explain why the effects of 

wildfire exposure may be diminished in our data. 

 

6 Conclusion 

Through this specification strategy, it seems reasonable to establish that wildfire exposure has 

a causal effect on prenatal health. Initial OLS regressions of average birthweight on MAB and 

TAB data yield significant robust coefficients in the expected direction; as the number of acres 

burned during pregnancy increase (either during the month of conception or during the full term), 

we find a decrease in average birthweight. 

In addition, we move towards ruling out omitted variable bias in these results. We see that 

wildfire exposure in the month prior to conception has no explanatory power over average 

birthweight. This not only enforce the legitimacy of our initial regression strategy, but also aids in 

the argument that we are obtaining unbiased coefficients. If we are omitting significant factors 

such as income and maternal education, then we would expect to see significant estimators in this 

regression. 

We then turn to investigating the effect of wildfire exposure on the proportion of low 

birthweight births. Though we receive significant robust coefficients in the TAB regressions in the 

expected direction, the magnitude of the coefficients is so miniscule that wildfire exposure is likely 

to be a negligible predictor of low birthweight likelihood in reality. 

Our final regressions reinforce the idea that wildfire exposure is a causal factor in prenatal 

health, by regressing average birthweight on MAB measures for both the month of conception as 

well as the month prior to conception. The fact that we obtain insignificant estimators for the month 
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prior to conception further compels the notion that previous results do not suffer from omitted 

variable bias. 

Though I was unable to access individualized vital statistics data to create measures of prenatal 

health, it was possible to leverage the large CDC WONDER datasets. The sample sizes allowed 

for smaller t-scores, yielding robust estimators that were often significant in the results. CDC 

WONDER data also allows for the inclusion of many other characteristics not investigated in this 

study. One possibility is the creation of another measure of prenatal health, the proportion of pre-

mature births. This could potentially offer reinforcement to the central question, if it is found that 

increased wildfire exposure is correlated with an increased likelihood of pre-mature birth. The 

ODF wildfire dataset also offers opportunity to create new measures of wildfire exposure. Similar 

to Paraiso and Gouveia, we can construct a measure to count the number of wildfires in a given 

month. Used in tandem with the total number of acres burned, we can aim to bolster the results 

found here. In addition, instrument variable analysis could be carried out by making use of the 

other variables in the CDC WONDER dataset, such as maternal education level and marital status. 

Lastly, the dataset offers variables that may be useful as control variables in such analysis, 

including delivery method and duration of prenatal care. 

The results obtained are significant for the most part, successfully explaining part of the 

variation we see in average birthweight and low birthweight proportion across nine counties in 

Oregon between 2007 and 2011. This matches the existing literature in extending the negative 

effects found on prenatal health, due to wildfire exposure and other external factors. However, it 

must be noted that all coefficients are relatively small. While we see that wildfire exposure has a 

significant causal effect on prenatal health, this effect is so small that it could potentially be seen 

as trivial (particularly when considering the effect on low birthweight likelihood). This diminutive 
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effect seems somewhat reasonable – there are surely many factors that influence the average 

birthweight and the proportion of low birthweight births. It is plausible that some of these variables 

could potentially ameliorate (or even overpower) the negative effects of wildfire exposure. Still, 

one must remember the recent growth in wildfire severity and size – even though prenatal effects 

may be relatively small now, we must be careful of what may happen in the near future if such 

trends continue. 
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