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Abstract

Background: On July 21-22, 2012, Beijing, China, suffered its heaviest rainfall in 60 years. Two
studies have estimated the fatality toll of this disaster using a traditional surveillance approach.
However traditional surveillance can miss disaster-related deaths, including a substantial number
of deaths from natural causes triggered by disaster exposure. Here we investigated community-
wide mortality risk during this flood compared to rates in unexposed reference periods.

Methods: We compared community-wide mortality rates on the peak flood day and the four
following days to seasonally-matched non-flood days in previous years (2008-2011), controlling
for potential confounders, to estimate the relative risks (RRs) of daily mortality among Beijing
residents associated with this flood.

Results: On July 21, 2012, the flood-associated RRs of all-cause, circulatory, and accidental
mortality were 1.34 (95% confidence interval, 1.11-1.61), 1.37 (1.01-1.85), and 4.40 (2.98-6.51),
respectively, compared to unexposed periods. No evidence of increased risk of respiratory
mortality was observed. For the flood period of July 21-22, 2012, we estimated a total of 79
excess deaths among Beijing residents; by contrast, only 34 deaths were reported among Beijing
residents in a study using a traditional surveillance approach.
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Conclusions: To our knowledge, this is the first study analyzing community-wide changes in
mortality rates during the 2012 flood in Beijing, and one of the first to do so for any major flood
worldwide. This study offers critical evidence on flood-related health impacts, as urban flooding is
expected to become more frequent and severe in China.
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INTRODUCTION

On July 21, torrential rains fell from mid-day through the night, triggering flash floods.1—3
Almost 90% of the city experienced rainfall totals >100 millimeters (mm),2 and flooding
was reported throughout the city.4 In some regions of the city, the disaster was particularly
severe—for example, Fangshan District experienced >450 mm of rainfall.2 Flooding
affected over 60 main roads at low-lying underpasses and bridges.2 Over 50,000 people were
evacuated,3 and damages totaled over a billion dollars.2 As is often the case for urban flash
floods,> a key factor was that the rate of rainfall exceeded drainage capacity.3# Flood waters
quickly receded after rainfall ended early on July 22,8 as drainage networks caught up,
although clean-up of debris and mud was needed in following days, and some residents
remained evacuated from their homes for several days.237

Two studies estimated the fatality toll from this flood,8? using a traditional surveillance
approach of investigating each death that occurred in Beijing during the flood period, case-
by-case, to identify which were flood-attributable. This surveillance approach searches death
certificates for specific mentions of ties to a disaster and, in some cases, may draw on other
available details on the circumstances of a specific death, including government and media
reports, to determine if that death can be attributed to the disaster.8-10

Based on this approach, 60 or more of the deaths in Beijing on July 21-22, 2012, including
34 among Beijing residents, were attributable to the flood, mostly from drowning.8:9 Most
deaths identified from the two surveillance studies were those caused by direct physical
forces of the flood, such as drowning, or were from accidental causes linked to hazards
created by the event, such as crushing by falling objects and electrical shocks.8:° The
traditional surveillance approach used for these estimates can, however, undercount disaster-
associated deaths, especially from indirect causes that are also common outside of disaster
periods.11 Further, this approach is unable to identify any patterns of potential avoided
deaths during the disaster (e.g., a reduction in automobile fatalities related to people
avoiding driving during severe weather conditions).12 Given these limitations in the
traditional surveillance approach, an alternative approach that implements a counterfactual
scenario in which mortality rates during the disaster are evaluated against mortality rates
from comparable reference periods may provide more robust estimates of risk.

While assessments of community-wide mortality rates have been used to help understand the
health impacts of other climate-related disasters, especially extreme temperature and heat
waves, 1314 few studies worldwide have used a similar technique to better understand the
mortality risks associated with floods. Several previous studies have explored large-scale,
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multi-year patterns in flood-related fatality tolls, including in the United States and
Australia, 1516 but these employed a traditional surveillance approach. Worldwide, only a
few studies have investigated flood-associated mortality risks by comparing the rate of
community-wide mortality observed during the flood to rates in non-flooded periods or
areas,1’-21 making evidence on how community-wide mortality rates change during severe
floods extremely limited, including in China.

Community-wide assessments can be particularly helpful in capturing changes in rates of
circulatory and respiratory mortality during a disaster, as both are common mortality
outcomes outside of disaster periods and so hard to attribute to a disaster on a case-by-case
basis. Limited studies from outside China have found floods can substantially increase the
risk of non-fatal cardiorespiratory outcomes, including risks of heart palpitations22 and heart
attacks,23 making it plausible that major floods could also increase community-wide rates of
circulatory and respiratory deaths. Beijing’s large population (> 21 million)24 provides the
statistical power to investigate how a major flood changed community-wide mortality rates
in a major Chinese city during and immediately after the event, both for deaths from all-
causes and for deaths from several specific causes (circulatory, respiratory, and accidental).

METHODS

Data

We obtained daily mortality counts from the Chinese Center for Disease Control and
Prevention (CDC) for all Beijing residents from January 1, 2008, to December 31, 2012.
Cause of death was coded according to the International Classification of Disease, Revision
10 (ICD-10, 2003 version).25 We aggregated data to create daily community-wide counts of
deaths from four causes: all-cause, accidental (ICD-10: S00-Z99), circulatory (100-199), and
respiratory (J00-J99). We obtained residential population data from the National Bureau of
Statistics of China.2# We obtained daily temperature data from a weather station located in
Nanjiao District (between Beijing’s fifth and sixth ring roads) and daily average
concentrations of particulate matter with an aerodynamic diameter < 2.5 micrometers
(PM3 5) (used in sensitivity analysis) from a station in the Haidian District, both
administrated by the Beijing Meteorological Bureau.

Statistical Analysis

The methodology of analyzing community-wide health risks from a disaster, by comparing
the mortality rates observed during the disaster to the rates that would be expected had the
disaster not occurred, is still in development. One potential approach is to use methods
developed to study continuous ambient exposures like air pollution and temperature: time
series analysis2® and time-stratified case-crossover.2’ However, a potential limitation of both
of these approaches to study the effects of discrete disaster periods is that they use, as
controls, periods that are close in time to the event. While this implicitly helps control for
long-term trends in baseline community mortality rates when studying continuous
exposures, it could lead to biased estimates when studying disasters if disasters have
extended impacts on community health risks and if this period of potential extended disaster
effects is incorrectly specified in the model. A recent study provides a good example of the
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plausibility of such extended disaster effects: following Hurricane Maria’s landfall, the
mortality rate in Puerto Rico for the next three months increased 62% compared with the
same period of the previous year.28

Given these potential concerns with applying the time series or case-crossover study designs
to analyze the effects of a disaster, we instead used a study design that matched the days of
the flood disaster to similar unexposed days from the same time of the year in other years in
Beijing, with control for long-term trends in mortality rates and the influence of temperature
on mortality risk incorporated in the statistical model fit to this matched data. Previous
studies have used similar study design to investigate hospitalization risk of other natural
disasters, including heat waves?® and wildfires.30 As a sensitivity analysis, we also estimated
risks based on time series and case-crossover designs,13:14.26.27 tg help determine the
sensitivity of estimates to the choice of study design.

While some floods can be long-lasting, this flash resulted from extreme rainfall from a
single storm system, which began mid-day on July 21 and ended early in the morning of
July 22.28 The flood waters receded in the hours following the rains, as the city’s drainage
system caught up with the excess water. In heavily affected areas, many residents were
evacuated within a day,? limiting exposure to lingering flood waters in these districts. Given
the rapid onset and dissipation of flooding, we classified the July 21 as the main exposed
day (peak flood day). We also investigated potential changes in health risks in the four
following days, which we modeled as lagged associations from the peak flood day. Such
delayed associations could represent either delayed health effects from exposure on the peak
flood day or health effects associated with exposure to mud, debris, lingering flood waters,
or flood-associated infrastructure damage in the days following the peak flood day.

We matched the peak flood day (July 21, 2012), as well as four days after, with similar
unexposed days. For the matched unexposed days, we selected days that were in: (1) a
different year than the flood year; (2) the same month of year as the flood (July); and (3) the
same day of week as the exposed day (e.g., the peak flood day, a Saturday, was matched to
other Saturdays). To this matched data, we fit a model incorporating an unconstrained
distributed lag while controlling for the potential confounders of long-term trends in
mortality rates and temperature’s influence on mortality risk. We fit the following
generalized linear model, using an over-dispersed Poisson distribution:

4
log[E(Y,)] = log(nYear(,)) +a+ ﬂz[ _oXt—1trYear; + 6T @
where:
. Y; is the daily mortality among all Beijing residents on day £
. Nyear(y 1S the residential population of Beijing in the year of day  included as an
offset term to capture variation in Beijing’s population over the years included in
the study period;
. a is the model intercept;
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. B is a vector of length five (8, /= 0,..., 4) of coefficients estimated from an
unconstrained distributed lag function of flood exposure,3! where x;is 1 for the
peak flood day and O for other days, and therefore xy,is an indicator variable
denoting whether a given day at lag /from day ¢is within the flood-exposed
period or within the matched unexposed period;

. Year;is the year for day ¢, with y as the coefficient for year, allowing control for
a linear trend in mortality rates across study years;

. T:is the mean temperature for day # with & as the coefficient for 7;We also
tested sensitivity to a more flexible control for temperature through a distributed
lag non-linear function of daily temperature for lags 0-2.

With this unconstrained distributed lag model, separate associations are estimated for each
lag; given the study design, data used in the analysis are matched on day of week for each
lag-specific estimate, removing the need for further statistical control of day of week in the
model.

The estimated lag-specific RRs of mortality on lag /from the peak flood day were calculated
as RR;= exp(B)), based on the values of B,estimated from eq. 1. We estimated the flood-
attributable number of deaths (£)as32

RR, -1

E = YI(R—R,)

@

where Y7is the observed death count at lag /from the peak flood day.

Previous research, which calculated the fatality tolls for this flood using a traditional
surveillance method, 8 determined fatality tolls for the two days of July 21-22, 2012. To
allow us to compare estimated flood-associated fatality tolls between our analysis approach
and the traditional surveillance method, we also calculated excess deaths specifically for
these two days. We calculated confidence interval for the estimate of total excess deaths on
this two-day period using Monte Carlo simulations (details in Supplementary Material).

Sensitivity analysis.—In additional to our primary analysis, we also investigated the
sensitivity of estimates to study design and modeling choices. First, we investigated whether
results changed with differing selections of control days, changing to select from any day of
the same month of year as the flood (July) in other years rather than restricting by day of
week (referred to as “Matching by month™ in results). Second, we changed the model’s
control for potential confounders. We first adjusted for the daily average concentration of
fine particulate matter (PM> 5) (“PM3 s-adjusted”). PM> 5 could be a potential confounder
for the association between flooding and mortality. Ambient PM> 5 has been associated with
increased mortality risk in China33 and can also influence summer rainfall frequency34 in
China, a common cause of urban flooding in the country. We next fit a model that did not
adjust for temperature as in the primary analysis (“Not temperature-adjusted”). Finally, we
investigated the sensitivity of effect estimates to using time series and case-crossover designs
rather than matching to similar days from other years. In the time series analysis (“Time
series”), we used year-round data from the five-year study period, fitting a natural cubic
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spline function of time with 7 degree of freedom per year in the model to control for
seasonal and long-term trends and, to control for temperature, a natural cubic spline with 3
degree of freedom. In the case-crossover analysis (“Case-crossover”), we used the time-
stratified variant of this design,2” defining the case day as the peak flood day and control
days as those days in the same year, month of year, and day of week as the case day. We
analyzed the case-crossover data using a conditional Poisson generalized linear model,3°
resulting in a risk ratio estimate that is directly comparable to the risk ratio estimates
generated from the other study designs considered.

Compared to non-flood reference periods in other years, community-wide mortality rates
were substantially higher among Beijing residents during the flood period for all-cause,
circulatory, and accidental mortality compared to rates in matched unexposed periods
(Figures 1 and 2). The highest increased risks were observed on the peak flood day (July 21,
2012) (Figures 1 and 2), when community-wide mortality rates were 34% higher for all-
causes combined (relative risk [RR]: 1.34; 95% confidence interval [CI]: 1.11-1.61), 37%
higher for cardiovascular causes (RR: 1.37; 95% CI: 1.01-1.85), and 340% higher for
accidental causes (RR: 4.40; 95% CI: 2.98-6.51) (Figure 2). These estimated relative risks
translated to 59 flood-related excess deaths overall on the peak flood day among Beijing
residents, including 28 excess circulatory deaths and 24 excess accidental deaths (Table 1).
For respiratory mortality, conversely, there was no evidence of an increase during the flood
compared to matched unexposed days.

The increases in community-wide rates for all-cause, circulatory, and accidental mortality
were largest on the peak flood day (July 21, 2012), with some evidence of a continued
increase on the following day (Figure 2). For the days considered further after the peak flood
day (lags 2-4), we did not find evidence of significantly increased mortality risk for any
cause considered. Since traditional surveillance considered the two-day period of July 21—
22, 2012,89 we also estimated flood-associated deaths for this two-day period and estimated
a total of 79 excess deaths in this period among Beijing residents (Table 1). Most of these
deaths were from circulatory causes (an estimated 46 flood-related deaths) or accidental
deaths (an estimated 28 flood-related deaths) (Table 1).

Estimates of RRs were robust to modeling choice and the matching method for selecting
unexposed days for all-cause, circulatory, and respiratory mortality (Table 2). In all cases,
we estimated increases of approximately 30% in all-cause mortality, increases of
approximately 35% in circulatory mortality, and decreases of approximately 10% in
respiratory mortality on the peak flood day compared to non-flood reference periods.
However, when considering accidental mortality, results were somewhat sensitive to study
design (Table 2). This could be because the accidental mortality rate in July across the years
included in the study varied in a pattern that was difficult to capture using a linear control for
long-term patterns in mortality rates (eFigure 1), as conducted in our primary analysis.
When temperature was controlled with a more flexible control and to a longer lag, effect
estimates were almost identical to the primary results (eFigure 2).
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DISCUSSION

Our results demonstrate this flood’s considerable impacts on public health in Beijing (79
deaths among Beijing residents), with over half of this impact resulting from increased risk
of non-accidental mortality, in particular circulatory mortality (46 deaths among Beijing
residents). The government of China, using a traditional surveillance approach of identifying
flood-related deaths on a case-by-case basis, identified 60 flood-related deaths (among
Beijing residents and non-residents combined) on July 21-22, 2012.8 Another study that
similarly used a traditional surveillance approach—expanding on the government analysis
by combining fatality information on specific deaths from different sources like government
reports and site visitations— found 79 flood-related deaths, 71 of which could be identified
as residents or non-residents, with 34 of these among Beijing residents.® The estimated
fatality toll among Beijing residents based on the traditional surveillance approach is
therefore less than half the number of flood-related deaths we estimated based on an
approach of comparing community-wide mortality rates during July 21-22, 2012, to the
rates in comparable reference periods (Table 1).

Further, the previous surveillance-based research found the majority of flood-attributable
deaths were due to drowning.8° The surveillance approach did identify two circulatory
deaths from the flood—two people who died while conducting rescues because of excessive
work and heart failure.? While we similarly estimated a substantial toll from accidental
deaths (28 excess accidental deaths estimated for July 21-22), we also found an important
increase in non-accidental mortality during the flood period, with 46 excess circulatory
deaths estimated for July 21-22 (Table 1), an impact largely missed through the traditional
surveillance method. The increased risk during the flood for circulatory deaths, and its
associated impact, can be much more difficult to capture using the traditional disaster
surveillance method than accidental deaths (e.g., drowning deaths). This is in part because
circulatory deaths are not directly caused by the physical forces of the flood and in part
because circulatory deaths are not rare outside of flood periods, making it harder to declare
that a specific circulatory death would not have occurred without the flood.

The flood-related circulatory deaths we observed could have resulted in part from the flood
disrupting health services through associated damage to infrastructure (such as
transportation and communications). During this period in Beijing, many roads and bridges
were flooded (about 63 main roads in Beijing),2 crowded with fallen building and trees, or
destroyed.? Infrastructure damage can prevent residents from reaching healthcare resources,
which is especially dangerous among people with pre-existing chronic medical conditions,
or hinder medical personnel from offering services.36-38 Beijing’s dense population and
heavy reliance on public transportation make it particularly susceptible to these
complications. In addition, flooding can be an emotional trigger that exacerbates the
initiating process of acute cardiac events,3 an effect that has been identified for other types
of disasters including earthquakes and human-caused disasters.?041 Flood-related deaths
from circulatory causes have also been reported in flood events in England,23 Bangladesh,*?
and France,*3 and a retrospective study of 1997 floods in the Czech Republic found the rates
of cardiac-related mortality in the month of flood was more than twice the rate in the two
previous months.?1
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Conversely, we did not find a short-term association between respiratory mortality and this
flood. Studies have found the likelihood of indoor mold growth increases in months
following major floods,** and indoor dampness or mold has been shown to be consistently
associated with respiratory problems.#> Thus, while we found no evidence of an association
between this flood and immediate respiratory mortality rates, the flood might have increased
risk of respiratory mortality at a longer period (e.g., months) than that investigated here. A
few epidemiological studies have found increased longer-term risk of respiratory problems
and infections among people in flood-affected areas.4346:47 For example, in Bangladesh,
about half of respondents (46.8%) in two affected districts reported developing or suffering
exacerbation of respiratory problems in the two months following the 1998 flood,*2 and
approximately 13% of reported deaths from the country’s 1988 flood were attributed to
respiratory disease.*’ Further, six months after the 2004 floods in rural Bangladesh, a
substantial increase in risk of acute respiratory infection (RR = 1.25, 95% ClI, 1.06-1.47)
was observed in flooded versus unflooded areas.29 Other health outcomes could also have
increased risk in the weeks and months following the flood, given previous research
indicating increased risk for health outcomes including psychological outcomes following
major disasters, and these could be explored in future research focusing on health risks in the
weeks and months following this severe flash flood.48:49

The increased mortality risks we identified occurred primarily on the peak flood day (July
21), with lower mortality risks on the following day and little or no evidence of elevated
risks on the days following that (Figure 2). This pattern may, however, be specific to this
Beijing flood, which varied in some key characteristics from other major floods that have
been studied. Although this flood was extreme for Beijing (the heaviest rainfall in six
decades), it resulted from an extreme precipitation event that was much shorter (< 24 hours)
and had a much lower total rainfall than other major flood events like the two-month
flooding in Bangladesh in 1998.42 Further, in the most affected districts of Beijing (e.g.,
Fangshan District), most residents were evacuated within a day,2 which may have helped
prevent additional flood-related deaths on following days. Flood characteristics can be
important in determining patterns in flood-associated health risks;#3:50 future research could
explore whether community-wide flood mortality risks, including patterns in lagged effects
following the flood, can be partially explained by variation in factors like the duration of
rainfall and the community’s emergency response measures. Finally, here we take an
approach of modeling associations at a lag from a single peak flood day. While appropriate
given the characteristics of this flood, this approach would be less appropriate for other types
of flood events. For example, river floods can have a slow onset, building over many days,
and can persist for days or weeks.® In that case, continuing flooding would have lasting
impacts on human health, thus modeling associations based on lag from a single peak flood
may be ambiguous.

One limitation of this study is that we were unable to explore district-level mortality risks
and impacts of this flood, as mortality data at the district level were not available. The
intensity of this rainfall was heterogeneous across Beijing;*8 for example, the average
hourly precipitation on July 21-22 in the Fangshan District (in the southwest of Beijing) was
15.2 mm, while in the Huairou District (northeast of Beijing) it was 5.7 mm.8 Based on one
of the studies that analyzed this event using a traditional disaster surveillance method,® the
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amount of rainfall in a person’s neighborhood was found to be an important factor in the
risks of flood-related mortality, a pattern we are unable to explore using city-level data. A
second limitation stems from the difficulty of estimating increases in community-wide
mortality rates compared to reference periods. However, we found our key conclusions (an
approximately 30% increased risk in all-cause mortality associated with the flood, with
important contributions from both circulatory and accidental deaths) were robust across
several study designs considered, all of which compare mortality rates during the flood to
different non-flood reference periods, adding weight to these conclusions, although choices
among study design added some uncertainty to the exact quantitative estimates of risks and
associated impacts, particularly for accidental mortality outcomes. Finally, while the
sensitivity analysis suggested that the main results were not confounded by PM> 5, we were
not able to test for potential confounding by another air pollutant, ground-level ozone, which
can reach concentrations dangerous to human health in Beijing.5! Since the formation of
ozone is a function of sunlight and temperature,>2 its concentration was likely lower on the
peak flood day, when torrential rainfall occurred, than on other summer days, and so failure
to control for ozone pollution may bias our estimates towards the null if some of the
unexposed days were characterized by high ozone levels. We lacked complete ozone data
from 2012 and other study years to test for such confounding, but with the recent
implementation of wide-scale 0zone monitoring in China,>! future research on more recent
flood events could investigate this.

Recent and expected climate trends make it critical to improve our understanding of the
health risks associated with climate-related disasters, including floods, in order to mitigate
the health impacts of future events. Our study city, Beijing, is located in the North China
Plain, where although the amount and frequency of rainfall have decreased over the last
decades,3 the intensity of heavy rainfall is projected to increase substantially over the next
few decades.>* Although flood events as severe as the one investigated in this study have to
date been rare in Beijing, floods of similar magnitude may be more common in the coming
decades. Throughout China, most regions have experienced an increase in extreme rainfall
events and are expected to experience an increased frequency of severe flood events through
the end of the 215t century,53:54 as are many other locations worldwide (e.g., Europe and the
Midwest and Northeast regions of the U.S.).5%6 This study, and similar studies estimating
the community-wide change in mortality rates during flood events, can add to existing
studies of flood-related mortality based on a traditional surveillance method to offer critical
evidence in assessing flood-related health impacts and crafting strategies to limit or prevent
flood-related deaths during future events.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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Figure 1.

Daily mortality counts for Beijing residents in July 2012 (red) compared with average
mortality counts in July of previous years for (A) all-cause mortality, (B) circulatory
mortality, (C) respiratory mortality, and (D) accidental mortality. Shown for comparison are
the mean (blue line) of the five-day moving average of mortality, as well as the range (grey
area) of daily mortality counts in July of the four previous years (2008-2011). The yellow
vertical lines show the peak flood day (July 22).
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Figure 2.
Estimates of the relative risk of mortality for four mortality outcomes on the peak flood day

(lag 0) and on the four following days (lags 1-4) compared with matched unexposed days
from other years, with modeled control for temperature and long-term mortality trends. Dots
show point estimates and horizontal lines show 95% confidence intervals. The gray vertical
line shows as a reference a relative risk of 1.
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Table 1.

Estimates of relative risk of mortality compared to matched unexposed days, as well as the resulting estimates
of flood-associated excess deaths, among Beijing residents on the peak flood day (July 21, 2012) and the
following day. For each point estimate, 95% confidence intervals are shown in parentheses.

Relative risk on July 21, Relative risk on July 22, Excess deaths on peak Excess deaths on July

2012 (peak flood day) 2012 flood daya 21-22, 2012b
All-cause mortality 1.34 (1.11, 1.61) 1.11 (0.91, 1.35) 59 (23, 89) 79 (22, 125)
Circulatory 1.37 (1.01, 1.85) 1.22 (0.90, 1.65) 28 (1,49) 46 (6, 79)
mortality
Respiratory 0.94 (0.52, 1.72) 0.64 (0.32, 1.28) -1(-14,6) =7 (=29, 5)
mortality
Accidental mortality 4.40 (2.98, 6.51) 1.49 (0.82, 2.71) 24 (21, 26) 28 (20, 32)

a ] . . : -
Confidence intervals were calculated based on the uncertainty of estimated relative risk on the peak flood day.

Confidence intervals were calculated using Monte Carlo simulation (details in the Supplementary Material).
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Sensitivity of estimates of relative risk on the peak flood day (July 21, 2012) to study design and modeling
choices. The first row repeats the estimates generated based on our primary analysis (also shown in Table 1).
All other rows show estimates based on alternative study design or modeling choices; see the Methods for
descriptions of each. Shown in parentheses are the 95% confidence intervals for each estimate.

All-cause mortality  Circulatory mortality  Respiratory mortality  Accidental mortality

Primary analysis

Matching by month

PM, s-adjusted

Not temperature-adjusted

Time series

Case-crossover

1.34 (1.11, 1.61)
1.35 (1.11, 1.63)
1.33 (1.09, 1.62)
1.27 (1.02, 1.57)
1.30 (1.11, 1.52)
1.33 (1.09, 1.62)

1.37 (1.01, 1.85)
1.38 (1.01, 1.88)
1.32 (0.97, 1.79)
1.28 (0.92, 1.77)
1.33 (1.06, 1.67)
1.38 (1.04, 1.83)

0.94 (0.52, 1.72)
0.91 (0.50, 1.66)
0.90 (0.49, 1.66)
0.88 (0.48, 1.64)
0.93 (0.55, 1.56)
0.85 (0.46, 1.57)

4.40 (2.98, 6.51)
3.86 (2.70, 5.54)
455 (2.96, 6.98)
422 (2.87,6.21)
5.48 (3.73, 8.06)
6.64 (3.48, 12.67)
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