
Online Appendix for “Vog: Using Volcanic Eruptions to

Estimate the Health Costs of Particulates”

A Attenuation Bias

In the paper, we discussed how PM10 contains PM2.5 and how this creates an attenuation bias in

estimations that use PM10 since it is the smaller particulates that are the most harmful. To better

understand this, consider a model such as

y = β0 + β1x
∗ + ν,

where the variable, x∗ can be thought of as PM2.5. Let PM10 be given by x = x∗ + e where e

registers coarser particulates between 2.5 and 10 µg/m3. Suppose that e is uncorrelated with x∗.

A regression of y onto a constant and x would then identify

β10 = λβ1,

where λ =
σ2
x∗

σ2
x∗+σ

2
e

which underestimates the combined true impact of the PM2.5. More generally,

one can rely on the data generating process

y = β0 + β1x
∗ + β2e+ ν,

where the outcome y is affected by PM2.5 and the coarser particulates with different coefficients.

A regression of y onto a constant and x = x∗ + e would then identify

β10 = λβ1 + (1− λ)β2 < β1,

where the inequality follows if β1 > β2 as it is conventionally accepted (i.e., the impact of finer

particulates is higher than that of coarser ones).
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B Robustness Checks

We conduct a series of robustness checks. First, we investigate robustness to region-specific trends.

Second, we explore the robustness of the results in Table 5 to using alternative fixed effects that

more thoroughly adjust for seasonality. Third, we estimate the model in equation (1) using the

negative binomial model (NBM). Fourth, we compute the robust and clustered standard errors of

the model and compare these to the Newey-West standard errors that we have already computed.

In Table A2, we investigate the robustness of our results to the inclusion of region-specific

trends. The results are robust to this test. However and perhaps not surprisingly, the point-

estimates are slightly attenuated. Importantly, robustness to the inclusion of region-specific trends

assuages concerns about population changes over time impacting our results.

The alternative fixed effects that we consider are month/year interactions and so we estimate

the model

outcometr = βptr + αd + αmy + αr + εtr. (1)

We re-estimate the specifications from Table 5 with the pulmonary outcomes on the right hand side.

The results are reported in Table A3 in the top panel. First, we see that the main findings are

robust to the inclusion of these alternative fixed effects. Second, we see that, while the magnitudes

are similar, the point-estimates are slightly smaller. For example, the estimate of the effects of

PM2.5 on admissions in Table A3 is 0.023 whereas it was 0.030 in Table 5. Similarly, the estimate

for PM10 with the alternative fixed effects was 0.013 whereas it was 0.015 in Table 5.

In the bottom panel of the same table, we estimate the model using the NBM for admissions

and the Tobit for charges. We still see that there are significant effects of PM2.5 on pulmonary

outcomes. However, while we still see effects of PM10 on charges, we no longer see any effects of

PM10 on admissions.

Finally, in Table A4, we report alternative standard errors. The first row of the table is the

point estimate of the effects of either PM10 and PM2.5 on pulmonary outcomes. These are the

same estimates as those in the first and fourth columns of Table 5. In the next three rows, we

report three standard errors: Newey-West (NW), Eicker-White (EW), and robust standard errors
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clustered by SES community (C). The NW standard errors rely on large T asymptotics and are

robust to arbitrary cross-sectional correlations and serial correlation up to ten lags. The EW

standard errors are the most naive. They rely on large N and T asymptotics while only allowing

for heteroscedasticity. The C standard errors rely on the number of clusters going to infinity and

allow for serial correlation within SES communities. Note that in our data, we only had five SES

communities for the estimations that included PM10 and nine for the models that included PM2.5.

As we have already argued, the NW standard errors are the appropriate standard errors. First,

they are robust to spatial and serial correlation. Second, tests based on the NW covariance matrix

are more powerful as we divide by
√
T . On the other hand, standard errors that rely on the

number of clusters tending to infinity will be needlessly large.

Looking at the table, the following findings emerge. First, as expected, the NW standard errors

are smaller than the clustered standard errors (with the exception of final column). However, note

that all of the point estimates are significantly different from zero even when we use the clustered

standard errors. Finally, while the EW standard errors are smaller than the NW standard errors,

they are remarkably close.

C Additional IV Results

We conduct a series of additional exercises using our IV estimator. First, we estimate the impact of

particulates on our placebo outcome. Next, we estimate the IV model using a more granular first

stage. Finally, we estimate the model excluding months in which Kona weather is most common.

We find zero effects of pollution on fractures suggests that little avoidance behaviour is taking

place. If people are staying indoors on days with “voggy” conditions, we should be observing a

decrease in the rate of fractures on high pollution days. To prove this point, we report IV estimates

of the effects of particulates on fracture outcomes in Table A5 and we can see that the effects are

all statistically insignificant and quite small in magnitude.

We now discuss a series of additional IV estimations with pulmonary admissions as the outcome

which we report in Table A6. All estimations use pulmonary-related admissions as the dependent
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variable. The first row of estimates corresponds to PM10 and the second row corresponds to PM2.5.

To provide a point of reference, in the first column, we estimate the OLS specification from Table

5 using only observations from the island of O‘ahu. The estimates in this table are 0.013 and 0.037

for PM10 and PM2.5, respectively. The corresponding estimates from Table 5 are 0.013 and 0.030

and, so the difference between the IV and the OLS results is not a consequence of only using O‘ahu

for the IV estimations.

Next, in column 2, we use 36 dummy variables for each ten degree increment of the wind

direction variable and their interactions with SO2 levels from South Hawai‘i as the excluded IVs.

For the sake of comparison, we restate the IV results from Table ?? where we use the more

parsimonious first stage with just the dummy for trade winds, SO2 levels from South Hawai‘i, and

the interaction as excluded IV’s. We see that the F -statistics in the second column are 6.24 and

6.08, whereas they are 18.46 and 29.54 in the third column, so increasing the number of instruments

in the first stage weakens it. In addition, the point-estimates in the second column are 0.124 and

0.280 whereas they are 0.418 and 0.553 in the third column. This is a consequence of the problem of

instrument proliferation in which increasing the number of instruments in the first stage decreases

its F -statistic and drives the IV estimate closer to the OLS estimate as discussed by ? and ?. The

contrast between these two sets of estimates is interesting as they both use transformations of the

same two variables, wind direction and SO2 levels from the island of Hawai‘i as IVs but they differ

by factors of four and two for PM10 and PM2.5, respectively. As our criterion for what first stage

to use, we used the specification with the highest F -statistic which is the specification in the third

column. However, this is a cautionary note for IV estimates in general as their magnitudes can vary

by wide margins depending on how much granularity one has in the first stage. For this reason, we

rely quite heavily on OLS in this paper as it does not rely on such discretionary calls. That said,

the IV results provide some indication of where the true effects lie and what the magnitude of the

measurement error is.

Finally, in the last two columns, we estimate the model from the third column but we exclude

August-September in column 4 and August-October in column 5. These months, when “Kona”

weather is common, are hotter with relatively less prevalent trade winds. During the remaining
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months, the weather in the Hawaiian islands is relatively benign and so weather is much less likely

to be a confound. We see in both columns that the estimates are unaffected by excluding these

months.
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Table A1: Mapping between Monitoring Stations and SES communities
Monitoring Station SES Community

Honolulu Central Honolulu
Kapolei Ewa
Pearl City Pearl City-Aiea
Sand Island West Honolulu
West Beach Ewa
Kihei West and Central Maui
Hilo Hilo/North Hawai‘i
Kona Kona
Mt. View South Hawai‘i
Ocean View South Hawai‘i
Pahala South Hawai‘i
Puna South Hawai‘i
Niumalu East Kauai
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Table A3: Robustness Checks
Admissions Charges

Alternative Fixed Effects

PM10 0.013∗∗∗ - 10.04∗∗ -
(0.004) (4.03)

PM2.5 - 0.023∗∗∗ - 34.38∗∗∗

(0.006) (6.19)

NBM Tobit

PM10 0.004 - 12.17∗∗∗ -
(0.004) (3.86)

PM2.5 - 0.020∗∗∗ - 43.53∗∗∗

(0.005) (5.82)
∗ significant at the 10% level; ∗∗ significant at the 5% level; ∗∗∗ significant at the 1% level
Notes: Standard errors are in parentheses. The alternative fixed effects in the first panel are for year/month
interactions, day of the week, and region. For the negative binomial and Tobit models, we include month,
year, day of the week, and region fixed effects and report the marginal effects.

Table A4: Alternative Standard Errors
(1) (2) (3) (4)

Admissions Charges
PM10 PM2.5 PM10 PM2.5

Point Estimate 0.0153 0.0300 13.67 43.61
NW Standard Error 0.0040 0.0060 4.03 6.40
Robust Standard Error 0.0037 0.0052 3.71 5.75
Clustered Standard Error 0.0055 0.0064 6.97 6.04

Notes: We computed the effects of particulates on pulmonary outcomes while computing the standards
errors three different ways. The clustered standard errors clustered by SES community.

Table A5: IV Results: The Impact of Particulates on Fracture Outcomes (in levels)
Admissions Charges

PM10 0.003 6.11
(0.026) (25.92)

PM2.5 -0.03 -39.68
(0.036) (36.22)

Notes: Each cell corresponds to a separate estimate from the same specifications reported in Table ??.
Newey-West standard errors are reported in parentheses.
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Table A6: Additional IV Results: Pulmonary-Related Admissions
(1) (2) (3) (4) (5)

PM10 0.013∗∗ 0.124∗∗∗ 0.418∗∗∗ 0.424∗∗∗ 0.443∗∗∗

(0.006) (0.030) (0.073) (0.084) (0.096)
F -Test 6.24 18.46 14.32 12.00

PM2.5 0.037∗∗∗ 0.280∗∗∗ 0.553∗∗∗ 0.526∗∗∗ 0.583∗∗∗

(0.013) (0.054) (0.087) (0.100) (0.117)
F -Test 6.08 29.54 22.24 17.50
Excluded Months None None None Aug-Sep Aug-Oct
Estimation Method OLS IV IV IV IV
∗ significant at the 10% level; ∗∗ significant at the 5% level; ∗∗∗ significant at the 1% level
Notes: All estimations only use observations from the island of O‘ahu. Each cell corresponds to a separate
regression. The OLS regressions in column (1) have the same specification as the regressions in Table 5.
Newey-West standard errors are reported in parentheses. The F -Test is a test of the joint significance of
the excluded exogenous variables. The specification in column (2) uses 36 dummy variables for the wind
direction variable and their interactions with SO2 as excluded IV’s.

Figure A1: SES communities

O‘ahu Hawai‘i

Maui/Lana‘i/Moloka‘i Kaua‘i
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