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Abstract
Background: Indian cities are among the most pedluglobally, yet assessments of short term
mortality impacts due to pollution have been lirditEurthermore, studies examining temperature —
pollution interactions on mortality are largely ebs Addressing this gap remains important in
providing research evidence to better link healtttomes and air quality standards for India.
Methods: Daily all-cause mortality, temperaturemimity and particulate matter less than 10 microns
(PM,o) data were collected for five cities — AhmedabBangalore, Hyderabad, Mumbai and Shimla
spanning 2005 - 2012. Poisson regression modeks deareloped to study short term impacts ofi#M
as well as temperature — pollution interactionslaity all-cause mortality.
Results: We find that mortality associated with(hplg/n? PMy, increase is highest for Shimla
(1.36%, 95% confidence interval = -0.38% to 3.1%qg the least for Ahmedabad (0.16%, 95% CI = -
0.31% to 0.62%). The corresponding values for Bemga Hyderabad and Mumbai are 0.22% (-
0.04% - 0.49%), 0.85% (0.06% - 1.63%) and 0.2%%0-10.3%) respectively. The relative health
benefits of reducing pollution are higher for cleartities (Shimla) as opposed to dirtier cities
(Mumbai). Overall we find that temperature and wiidin interactions do not significantly impact
mortality for the cities studied.
Conclusions: This is one of the first multi-cityudies that assess heterogeneity of air pollution
impacts and possible modification due to tempeeairindian cities that are spread across climatic
regions and topographies. Our findings highligte treed for pursuing stringent pollution control
policies in Indian cities to minimize health impact
Keywords: particulate matter; PN, Health effect; Temperature-pollution interactiptime-series;
GAM

Author contributions: H.H.D and A.G. were responsible for research desiggthodology
and interpretation of results. H.H.D and D.B. aariout statistical analysis. All authors

contributed to writing the manuscript.

Financial interests’ declaration: None declared

L ee———
W.P. No. 2014-04-01 Page 2 of 32



IIMA e INDIA
S Research and Publications

Air Pollution in Indian Cities: Short Term Mortality Impacts and Interactions
with Temperature

1. Introduction

Short term health impacts of air pollution have rbesxtensively studied for developed
countries using time series and case-crossoveiest(icee et al., 2014; Li et al., 2013; Samet
et al., 2000; Samoli et al., 2008; J. D. Schwa?204). These findings have played an
important role in determining air quality standandghe respective countries. For instance,
the U.S. Environmental Protection Agency (USEPAjaews health research every five years
to recommend revisions to National Ambient Air QuyalStandards, as mandated by the
Clean Air Act (Bell, Samet, & Dominici, 2003; USEPA970). However, epidemiological

studies, to inform air pollution policy, are largelimited in the context of developing

countries such as India (Balakrishnan et al., 2011)

Indian cities today are among the most pollutetheaworld and it is estimated that outdoor
air pollution leads to approximately 670,000 deathsually (Lim et al., 2013). In India, the
Central Pollution Control Board (CPCB) set up untter Air Act of 1981(MoEF, 1981) , is
mandated with setting and reviewing the Nationaldent Air Quality Standards (NAAQS).
Current standards, for particulate matter set byGRCB (CPCB, 2009) are much higher than
those recommended by the World Health Organizatiomyzanowski & Cohen, 2008). In
addition, unlike other countries (Bell et al., 20@»minici, Peng, Zeger, White, & Samet,
2007), the CPCB does not take into account finding® health literature when deciding on
air quality standards (Balakrishnan et al., 2014)periodic review of epidemiological
evidence informs policy makers about current heastks associated with air pollution and
sets the agenda towards finding a balance betweskiting health impacts and the costs of

implementing further air pollution controls (DonaniMcDermott, & Hastie, 2004).
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One potential reason for the lack of tight couplobeween ambient air quality standards and
health outcomes may be limited epidemiological em@k in the Indian context. A
comprehensive review of air pollution and healtiAsia found only three time-series studies
that examine the short term impacts of air pollutam mortality for the cities of Delhi and

Chennai (Balakrishnan et al., 2011; HEI, 2010; Rdimam et al., 2011).

However, studies for other cities are needed foleast two important reasons. The first
reason is that for a country like India, citiesywardely in terms of development pathways,
sources and levels of pollution and policy respensg curb pollution. This presents
challenges for generalization of findings from $ngity studies to the whole country.
Second, a changing climate may likely alter potintievels and subsequently modify health
risks over time (Jacob & Winner, 2009; Ren, Willen& Tong, 2006; Tagaris et al., 2009).
Consequently, temperature and pollution interastifor cities that lie in different climatic

regimes may be quite different. An understandingthefse health risks would play an

important role in shaping policy to thwart air paion.

To address the aforementioned research gaps, we tisee-series approach using semi-
parametric Poisson regression to study the short beortality impacts of particulate matter
(PMio) as well as temperature — pollution interactioms five cities — Ahmedabad,
Bangalore, Hyderabad, Mumbai and Shimla. Beingat# in different climactic zones of
India, we hope that the observations derived fram f;ndings on these cities will give a
fairly good idea about the environment — mortaiitieraction patterns prevalent in India as a

whole.
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2. Methods

2.1 Mortality data

Daily all-cause mortality data were collected frahe birth and death registers of the
municipal corporations of Ahmedabad, Bangalore, éigdad, Mumbai and Shimla. For
most cities, information on age and cause of deadle not available. Table 1 summarizes

the climactic characteristics and topography ofaheve cities.

Table 1. Cities distributed by climate zone

Climate zone Representative cities Topography
Hot and dry Ahmedabad Plains
Cold Shimla Hilly regions
Temperate Bangalore Plateau
Composite Hyderabad, Lucknow Plains
Warm and humid Mumbai Coastal areas

India is divided into five climate zones namely et land dry, warm and humid, composite,
temperate and cold. The rationale for choosing ethegies was that they are each
representative of a different climate zone. In &ddito climate zone, these cities represent
varied topography — plains, plateau, coastal amedshilly regions. Air pollution levels vary
from city to city based on sources of pollution gualicy measures. Additionally, different
weather patterns may modify pollution related Heatisks leading to wide spatial
heterogeneity. Thus our choice of cities providesi@shot of differential health risks across
India.

2.2 Weather and Py data

Daily data on maximum and minimum temperature, tiksda humidity and dew point
temperature were collected from the Indian Metaagiolal Department (IMD). The IMD has

a record of daily weather variables since the ye&:48. Daily measurements of RjMvere

W.P. No. 2014-04-01 Page 5 of 32



IIMA e INDIA
S Research and Publications

collected from the Central Pollution Control Bod@PCB) database. Under the National
Ambient Air Quality Monitoring Program (NAMP) the RCB monitors four criteria

pollutants i.e. Sulphur Dioxide (S Oxides of Nitrogen (N¢), Total suspended particles
(TSP) and particulate matter less than 10 micrBi; §) for 342 stations located in 127 cities

across India.

Typically two measurements are taken per week &mhestation implying that 100 - 120
observations are available per year. These measutenare made available through the
CPCB website and the values reported are a 24-aeerage. Every city has a different
number of air quality monitors that range from oneShimla to nine in Hyderabad. For a
given year, if any monitor had less than 75% oforded observations (i.e. less than 90
observations), then it was not used in the analyBcatterplots of daily mortality, Pyl

concentrations and temperature for the differetiesiare shown in the supplementary

material.

To create a population level exposure series fotiqodate matter, we used the centring
approach described by Schwartz (2000). For eamfitor, the mean (over all observations)
of that particular monitor was subtracted from eabiservation. This demeaned data was
then divided by the standard deviation of thatipaldr monitor to get a standardized series
for that monitor. This process was repeated fomalhitors in a given city. The standardized
series across all monitors was averaged to gesiogée series. Finally, this single series was
multiplied by the standard deviation of all mong#taiaken together and the mean of all
monitors taken together was added back to eacmaism (Schwartz, 2000). The resultant

series was the final exposure series used in tression model.
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2.3 Analytical models

We adopted a semi-parametric regression framewmréezelop the exposure — response
relationship between air pollution and mortality fbe sampled cities (Balakrishnan et al.,
2011; Peng, Dominici, & Louis, 2006; Rajarathnamakf 2011). The logarithm of daily
expected deaths was modelled as a function of darlypollution measurements in the
presence of other confounding variables such apageature and humidity. Smooth functions
were used to control for effects of daily temperatihumidity and seasonal and long term
trends as these are non-linearly related to moytétiee supplementary material figures).

Thus the regression equation can be expressed as:

Log[E(Y)] = BPMuoij1+ Y5~ g (xy) + DOW; + & (D).

whereY;j; is the daily mortality count for thi city on the™ day and is assumed to follow an
over-dispersed Poisson distribution. The pollu{ipiv;o) measurement for thé& city on the
i day lagged by one observation is represented Usiid;o;;.;. However, as PM is
measured once every three days, today’s degtlase related to the PMvalue three days
prior (t-3). The covariates; represent daily temperature, relative humidity ame for thei™
city on thej™ day. The effects are expressed by an unknown $mbotction g(e)
constructed using natural cubic splines. Detailsualthe structure ofg(e) are given in the
supplementary material. An indicator variable facke day of week is given YOW. The
error term is modelled using. The parameter of interest fsassociated with the pollution
variable (PMo). This parameter gives an estimate of the increaseortality associated with

a unit change in PMconcentrations.
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For temperature, humidity and time, the amountnodathness (i.e. optimal degrees of
freedom) was determined based on the approach byriim et al. (2004). The underlying
idea is thap is sensitive to degrees of freedom selected fop&gature, humidity and time.
The approach by Dominici et al. (2004), where optinegrees of freedom are chosen such
that they predict PM instead of daily mortality, provides asymptotigalhbiased estimates
of thep parameter. The details of the algorithm implemendearrive at these optimal values

have been provided as supplementary information.

Mortality impacts related to pollution may be dedy.e. exposures on preceding days may
determine current health outcomes (Bhaskaran, Gasp&lajat, Smeeth, & Armstrong,
2013; Braga, Zanobetti, & Schwartz, 2001). To aoctdar this, single lag models (lag 1) was
embedded in Equation (1). The lack of daily 8kheasurements did not allow for use of
distributed lag models as this may introduce langers (Braga et al., 2001; Zanobetti,

Wand, Schwartz, & Ryan, 2000).

2.4 Sensitivity analysis

In order to compare some plausible scenarios, sitsety analysis was undertaken where the
estimates/) were tested using (i) zero lags for the pollut@amniable; (i) minimum
temperature instead of maximum temperature andr(@luding other pollutants such as

sulphur dioxide.

2.5 Temperature — pollution interactions
To study the interaction effects of temperature woitution (PMg) on mortality, a two step
approach as suggested by Ren et al., (2006) wadeatld he first step involved fitting

Equation (1) with an interaction term to capture jinnt effects of pollution and temperature.

L ee———
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This model is given in Equation (2). The tetiiPM;0; expressed the interaction between

daily temperature and pollution while its effecyjisantified by the coefficiernt.

Log[E(Yy)] = BPMuoij1+ Y5~ g (xy) + a(t;*PMioy) + DOWj + & (2)...

If the interaction term (ow) is found to be significant, then a second mosleised to

understand if interaction effects are more sigaificduring hotter or colder temperatures.

2.6 Software

All analysis was performed in the statistical eamiment R version 2.15.1. The packaggcv
(version 1.7-24) was used to fit the models describ equations (1) and (2). The package
ggplot2(version 0.9.3.1) was used for graphical repregemts.

3. Results

3.1 Summary statistics

As seen in Table 2, there is wide variation amaiffgrént cities when it comes to daily
pollution levels, mortality, temperature, as wallrmmber of complete observations available
for analysis. The highest Pievels are observed for Mumbai (174.4 + 86.6) dnedlowest
for Shimla (54.4 + 25.2). The daily number of deathries across cities and seems to be
linked to population size. Shimla had the lowasnber of daily deaths (4.2 + 2.7) whereas

Mumbai (225.6 + 30.7) had the highest.
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Table 2. Observed values for different variable®ss cities (mean + standard deviation)

Temperature (°C) Relative No of
Da”y PMio
City Humidity complete
Maximum  Minimum Deaths (ug/md)
(%) observations

Ahmedabad 34.3+4.6 215%5.6 56.7 +17.8 100 + 18 93.8#5 602
Bangalore 29.4+27 18723 66.6 +15.5 12017+ 108.3 +£69.8 307
Hyderabad 33.6+3.8 20.7+3.6 53.1+17.6 74162 80.4+21.9 498

Mumbai 323+24 227405 69.2+13.8 225.6+30.7174.4 + 86.6 2012

Shimla 20+£5.1 11.2+53 NA 42 +27 544 +252 962

*NA — No data available

Each city had a different number of air quality ntors. The number of air quality monitors
ranged from one in Shimla to nine in Hyderabad.dwary air quality monitor, percentage of
missing data by year varied (see Table S1 in supgary information). Thus, air pollution
impacts were estimated for the period of 2008 fadHyderabad and Bangalore; from 2005-
2009 for Ahmedabad; from 2005 - 2011 for Mumbai 2066 — 2009 for Shimla. The
implication is that since different periods arerfgestudied for different cities, making

comparison of results across cities somewhat ditfic

3.2 Exposure — response estimates

The percentage increase in mortality associateul avitO pg/mincrease in Pl is reported
in Table 3. The highest increase was seen for &hiinB6%) and the least for Ahmedabad
(0.16%). Bangalore and Mumbai showed similar teswith a 0.22% and 0.20% mortality

increase respectively.
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Table 3. Percentage increase in mortality for ed€ryig/nf PMyo increase
Sensitivity analysis

Minimum
Core model No Lag for PM temperature SO, included
Ahmedabad 0.16% 0.06% 0.12% -0.32%
(95% ClI) (-0.31t0 0.62) (-0.42 to 0.55) (-0.380t61) (-1.01 to 0.38)
Bangalore 0.22% 0.16% 0.17% 0.23%
(95% CI)  (-0.04 to 0.49) (-0.11 to 0.43) (-0.09 t0 0.43) .18to 0.64)
Hyderabad 0.85% 0.48% 0.83% 0.41%
(95% ClI) (0.06 to 1.63) (-0.30to 1.27) (0.04 to 1.62) (0t6 1.51)
Mumbai 0.20% 0.18% 0.16% 0.13%
(95% ClI) (0.10 to0 0.30) (0.08 to 0.27) (0.06 to 0.25) (009.23)
Shimla* 1.36% 0.97% 0.54% -
(95% CI) (-0.38t0 3.1) (-0.83t0 2.7) (-1.17 to 2.27)

*No humidity and SQ measurements were available for Shimla; Valugkerbrackets
represent 95% confidence intervals.
Negative values imply that the effect of pollutiom mortality is not significant

The sensitivity analysis showed that mortalityresties were lower when no lag for pollution
was used, across all cities. The estimates of ¢hhe model did not change significantly if
minimum temperature was used as a confoundinghtaridhe inclusion of Sgreduced the
impact of PMoon mortality for Hyderabad and Mumbai, althouglesth differences were not
significant. In addition, no significant interaati@ffect (at a 5% level) between temperature
and pollution on mortality was observed. Table dvghthe estimates, standard errors and p-
values for the interaction term between temperaancepollution.

Table 4. Interaction effects of temperature andugioh for all cities

City B co-efficient Std. error  p —value
Ahmedabad  0.00328 0.00202 0.11
Bangalore 0.00607 0.00473 0.20
Hyderabad 0.00759 0.00757 0.31
Mumbai -0.00380 0.00281 0.16
Shimla -0.00007 0.00054 0.89

Cee——
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3.3 Comparison with other studies

Our results are in close agreement with previougliss (Balakrishnan et al., 2011,
Rajarathnam et al., 2011; Romieu et al., 2012)¢ciwiind 0.44% (95% CI = 0.17 to 0.71) for
0.15% (95% CI = 0.07 to 0.23) increase in mortaliity every 10 pg/rhPMy increase for
Chennai (Balakrishnan et al., 2011), and Delhi #rRdghnam et al., 2011), respectively.
Studies from cities in the United States have sh0\W8#6 to 0.5% increases in mortality with
every 10 pg/m PMyg increase (Samet et al., 200More recent studies for Latin America
also corroborate these findings - 0.48% to 1.26%tatlity increases for every 10 pgim
PMyg increase were observed for cities across Brahile@nd Mexico (Romieu et al., 2012).
These findings imply that the short term mortatisks associated with pollution are not very
different across cities. However, exposure of tamged Indian population in to outdoor
pollution translates into a significant increasenartality. Figure 1 compares the percentage

change in mortality for every 10 ugiiimcrease in PM across different studies.
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This study (Shimla) -

This study (Mumbai) -

This study (Hyderabad) -

This study (Bangalore) -

N

This study (Ahmedabad) -

Romieu et al. 2012 (Sao Paulo) -

Study

Romieu et al. 2012 (Santiago) -

Romieu et al. 2012 (Rio de Janerio) -

Romieu et al. 2012 (Port Alegre) -

Romieu et al. 2012 (Concepcion ) -

Rajarathnam et al. 2011 (Delhi) -

Balakrishnan et al. 2011 (Chennai) -

0 1 2
% mortality increase with 10ug/m3 PM10 increase

Figure 1 shows the central estimate and 95% caméeléentervals for percentage increase
in mortality with every 10ug/fhincrease in Plyp. We compare estimates for five cities
analyzed in this study and with those from seleptedious studies.
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4. Discussion

Our study was designed to explore the differenneshrt term impacts of air pollution on
mortality and possible modification due to temperatin Indian cities that are spread across
climactic zones and topographies. The results adihé existing body of epidemiological

knowledge in the context of a developing countike India.

An interesting finding of our analysis is that egisuch as Ahmedabad and Mumbai that have
higher levels of pollution do not experience a gigant increase in mortality for every 10
ng/nt increase in Ph. In contrast, the percentage increase in mortiitjghest for Shimla
which is among the cleanest cities. These restdt€@roborated by recent studies that have
attempted to develop a new set of exposure — ragpmationships linking pollution and
health (Lim et al., 2013; Smith et al., 2013). @h¢heir main findings was that the impact of
pollution on health may indeed be non-linear irunai.e. when baseline pollution levels are
high, health benefits associated with reductioPly, may be very small as compared to a
situation where baseline pollution levels are lbwn(et al., 2013; Smith & Peel, 2010; Smith

et al., 2013).

The import of these findings is that small redutsion pollution in cleaner cities will yield

large health benefits, whereas in less cleanegsgittven large reduction in pollution may
yield only modest health benefits in a relativesgerAlthough this seems counter-intuitive, it
is not to suggest that the focus should be on iadumliution in cleaner cities alone. On the
contrary it underscores the need for rapid and esgiye policy measures in both types of
cities to curb air pollution. Ambitious targets takls achieving ambient air quality standards
should be set in highly polluted cities. On theeotinand, cleaner cities could leverage

significant health gains even by focussing on smeallictions in pollution.
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The pollutant of choice in our study was particellatatter less than ten micrograms in size
(PMyg). This is because, it is the most routinely mamitbair pollutant in India. Although
studies show that fine particulate matter gZMhas more severe health impacts, this

pollutant is not yet monitored in India on a reguiasis.

The differential health impacts of single versusltiple pollutant models are of interest in
epidemiology, although it is unclear whether inghgd more than one pollutant in the
analysis is necessarily more beneficial as opptsathgle pollutant models (Tolbert, Klein,
Peel, Sarnat, & Sarnat, 2007). We focussed prignaril the impacts of PN on mortality.
Inclusion of sulphur dioxide (Sfp along with PMo did not change our estimates
significantly, similar to previous findings (Raj#naam et al., 2011). High percentage of
missing data precluded incorporating nitrous oxi@€y) in our modelling framework.
Thus, our results seem to be fairly robust and maybe influenced significantly if more

pollutants are added.

In the context of our modelling framework, we dietnfind significant impacts of
temperature-pollution interactions on mortality tbe cities studied. This may be because
temperature — pollution interactions are highly pter and non-linear and therefore may not
have been captured adequately in the current niceework. Some studies e.g. Ren et al.,
(2006), have used more complex approaches suchodglling of the interaction using
locally weighted smoothing functions (LOESS). Hoegva key limitation of such complex
models is the inability to interpret estimates miatuitive manner. Furthermore, the results
from previous studies are varied implying that attion effects may be city specific in
nature. For instance, within the United States @ldRen et al., (2008), found that while

ozone modified the temperature mortality relatiopsh northern cities, no such effects were

L ee———
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observed for southern cities. Further researcleésled to better understand how temperature

and pollution interactions influence health risksoss cities in India.

One key limitation of our dataset is that thereevgignificant missing data for the different
air quality monitors across cities except MumbahisTaffected the parameterization and
structure of the semi-parametric model used in analysis. Furthermore, the fact that
pollution estimates were not significant for Ahmiedd and Shimla may be a reflection of
measurement error. Needless to say, better mangtovill help in developing more accurate

exposure — response relationships across cities.

To create a consistent exposure series, Balakmsanhal. (2011), developed a spatial model
for Chennai. A 0.5 square kilometre grid was suppdsed on a map of zones in the city. For
each grid cell, PM values of the nearest AQM (meabas distance from centroid of grid to

AQM) were assigned. For each zone, the PM exposeres was an average of the air
quality reading on a particular day weighted bytibenber of grid cells it was assigned to in
the zone. This approach was preferred to a simeage or centering approach used in this
study. Whereas, a spatial model has distinct adgast it requires a large amount of
disaggregated information such as daily numberatlts in different zones of the city. Since
that information was not available for cities iretburrent study, a centering approach was
adopted. The advantage of the centering approactthas although a difference in

measurements across monitors may influence vatiabil the exposure series and lead to
underestimates, the slope co-efficient (B.corresponding to the pollution parameter (i.e.
PMig) remains unchanged if one or several AQM’s ared u&alakrishnan et al., 2011;

Rajarathnam et al., 2011; Wong, Ma, Hedley, & Lag01).
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Though it has been pointed out that impacts ofpallution is primarily linked to cardio-
respiratory mortality(Pope 1l et al., 2002; Samelial., 2014; USEPA, 2009) , the present
study only examined all-cause mortality. This wasduse information on cause-of-death and
age groups was not available for the cities whigdrenconsidered. Mortality in India is
underreported and on an average only 67% of athdegets registered, with high variability
across different states (Dhar, 2013). Of theses ibnly institutional deaths that contain
information on cause of death. It is reasonablesuggest that enhancing the quality of

mortality registration data is vital for future dtes.

In conclusion, the study of air pollution on moitiatemains an important area of research in
the Indian context. Clearly there remains a needttengthen data quality and carry out
similar studies for many more cities. In additianthe time-series approach used in this
study, cohort studies are required to understangalution related health risks in India.
Epidemiological evidence can help guide policy bpvding evidence to tightly couple
health outcomes and air quality standards, thermelmymizing the impacts of outdoor air

pollution in India.
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eAppendix
Table eS1. Percentage of missing values for diftemg quality monitors (AQM)
2005 2006 2007 2008 2009 2010 2011
Ahmedabad

AQM1 13 22 18 70 na na na
AQM2 14 23 13 74 na na na
AQM3 63 26 20 18 na na na
AQM4 na na na 43 na na na

Bangalore
AQM1 na na na 15 16 na na
AQM2 na na na 35 19 na na
AQM3 na na na 0 21 na na
AQM4 na na na 23 48 na na

Hyderabad
AQM1 na na na 8 71 na na
AQM2 na na na 20 29 na na
AQM3 na na na 10 10 na na
AQM4 na na na 22 28 na na
AQMS5 na na na 11 11 na na
AQM6 na na na 10 10 na na
AQM7 na na na 10 10 na na
AQMS8 na na na 18 27 na na
AQM9 na na na 11 10 na na

Mumbai*

AQM1 26.3 32.1 23 63 49.9 24.7 47.7
AQM2 na na 57 11.2 8.8 4.4 2.7
Shimla

AQM 1 na 0 0 0 0 na na

The percentage missing has been computed assumaingrnty monitor having 120 observations for a
given year will imply 100% data.

*Mumbai AQM’s had over 135 measurements for eadr.ydence, percentage missing has been
computed assuming that 360 observations for aiggay 100% data.

**na — implies that no data was available for thgears
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Algorithm for optimal degrees of freedom for confounding variables

This study arrived at the optimal degrees of freedaor each of the confounding variables by
using the algorithm developed by Dominici et #Q(4). The idea behind the algorithm is to
estimate the optimal degrees of freedom (i.e. shmmss) for each variable in the regression.

The algorithm has four steps which are as follows:

1. A smooth function of time (or temperature or hunyidis the case may be) was
regressed on the daily values of particulate méf&bt ) using different degrees of
freedom that range from 1 to n. For each of thegengralized cross validation score
(GCV) was obtained. The GCV score is a measuredess the goodness of fit of a

model. The lower the GCV better is the model fit.

The above model is shown in equation (1), whgrepresents the variable of interest
(time, temperature or humidity) for tff city on the/™ day, and the effect is captured
by the smooth functioa The smooth function used was a natural cubieeplihose
structure has been described in equations (2)@ndlfe pollution level for th&"

city on thej™ day is given by M. The degree(s) of freedom that yielded the lowest

GCV score was selected and this was labelletl a&he equation can be written as

PMuojj = ao + S (%) degree(s) of freedom ={1, 2, 8}.. ... 1)...

The expression for the natural cubic spline usedhi® functions is given by a
piecewise polynomial of the form
st (if < X <%
S (xX)= s(X)if < X <X ..(2)...
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$1 (X)if X < X <X
where s (X) = a (X —%)° + b (X = %)% + ¢ (X — %) + d ...(3)...
fork=1, 2, ...n1

2. The above degrees of freedom (dewas multiplied by a factdr > 3. Let this be
denoted ag*. It has been proved theoretically (Dominici ef 2004) that ifd *
degrees of freedom is used to model the Pbrtality relationship, then the estimate

of p for the pollution variable is asymptotically ungea (Dominici et al., 2004).

3. Daily mortality was regressed on particulate madted a smooth function of time

with degree(s) of freedom varying from 1db The equation can be written as

Log [E(Yj)] = ao + BPMugj + Sj (%) degrees of freedom = {1, .d*} ...(4)...

whereY; is the daily number of deaths for tifecity on thg™ day and is assumed to
follow an over-dispersed Poisson distribution. Fiitve above analysis, we can obtain
the asymptotic bias and variance of air pollutisk estimates for each of the degrees

of freedom {ofs(x;)} from 1 tod*.

4. Finally, a bandwidth selection procedure as deedriiy Dominici et al. (2004) is
used to select the optimal degrees of freedom.oTihid, fitted values for deaths were
obtained for equation (4). Using these fitted valwebootstrap procedure was
implemented to randomly generate 100 bootstrap m](ﬁﬁ'i) of the air pollution

risk estimatef).
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5. For each of the 100 samples generated, the regnesgdel (4) was fitted using
varying degrees of freedom for the smooth functibtime starting from 1 all the
way tod*. This process resulted in generating 100 valugsfaf each degree of

freedom. The estimate of the bootstrap averagewds computed as:

1

Byt = 3 B ..(5)....

6. Using these newly generatg@dialues, the unconditional squared bias (USB) and
unconditional variance (UV) was estimated as dbedrby Dominici et al., (2004).
The USB provides an estimate of the difference betwthe average gifgenerated in
the bootstrap for every degree of freedom anddhtite value corresponding w*
degrees of freedong). The UV gives an indication of how precise the&B

estimates are. The formulae for calculating USB dNdare respectively:

UsB = + SN(BY - Bm) .. (6)..
~ IV ZE(BY - B e (D)

The degrees of freedom that give the lowest USBsgéected as these are closest to
the unbiased estimate pf Among these USB estimates, the one that hadtieskt
variance was chosen as it is the most precise @&#tiaff3. The degrees of freedom
thus selected, is the optimal degrees of freeddra.optimal degrees of freedom for
the smooth functions of temperature, humidity anmetconsidered in our study are

shown in Table S.2.
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Table eS2. Optimal degrees of freedom estimatediftarent cities via bootstrap

City Temperature Humidity Time
Ahmedabad 7 5 13
Bangalore 4 5 5
Hyderabad 6 3 30
Mumbai 8 4 24

Shimla 9 - 28

*dffyr — Degrees of freedom
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Daily deaths over time
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Figure eS.1 The scatter plots in these three pahels the association between daily number of
deaths, daily pollution measurements and daily omressents of maximum temperature over time for

Ahmedabad
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Daily deaths over time
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Figure eS.2 The scatter plots in these three pahels the association between daily number of
deaths, daily pollution measurements and daily omressents of maximum temperature over time for

Bangalore
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Daily deaths over time
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Figure eS.3 The scatter plots in these three pahels the association between daily number of
deaths, daily pollution measurements and daily omressents of maximum temperature over time for

Hyderabad
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Daily deaths over time

400
1

Daily number of deaths
300
1

Years

PM10
200 300
1 1

100
1

Years

Daily Tmax (deg. C)
30
1

2006 2008 2010 2012

Years

Figure eS.4 The scatter plots in these three pahels the association between daily number of
deaths, daily pollution measurements and daily omessents of maximum temperature over time for

Mumbai
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Daily deaths over time
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Figure eS.5 The scatter plots in these three pahels the association between daily number of
deaths, daily pollution measurements and daily omressents of maximum temperature over time for

Shimla
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