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Abstract
In this paper, we study the incidence of COVID-19 and the associated fatality with altitude using high frequency, district level

data from India. To understand the implications of the nationwide lockdown after the outbreak, we use data for about four

months- two from the lockdown period starting from March 25 till May 31, 2020 and about two months after unlocking was

initiated (June 1-July 26, 2020). The multivariate regression result indicates slower growth in average rate of infection during

the lockdown period in hilly regions, the gains of which attenuated after the unlocking was initiated. Despite these early gains,

the rate of fatalities is significantly higher during the lockdown period in comparison to the plains. The findings remain robust

to multiple alternative specifications and methods including one that accounts for confounding possibilities via unobservable

and provides consistent estimates of bias adjusted treatment effects. The evidence supports the need for provisioning of pub-

lic health services and infrastructure upgradation, especially maintenance of adequate stock of life support devices, in high

altitude regions. It also underscores the necessity for strengthening and revising the existing Hill Areas Development

Programme and integrating important aspects of public health as part of this policy.
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The outbreak of the COVID-19 pandemic spread by the
SARS-Cov2 virus has resulted in more than 5.5 million
deaths (as of January 18, 2022) worldwide, with India
being one of the worst affected countries. The threat of infec-
tion continues to escalate with the potential emergence of
multiple waves after those driven by the Delta and the
Omicron variants. Importantly, studies have noted significant
inequalities in COVID-19 cases and mortality, reflecting a
“social gradient” of health outcomes.1 There is evidence of
positive association between COVID-19 fatality and
deprived neighborhood2 as well as higher infection suscept-
ibility of ethnic minorities.3 One important aspect that condi-
tions health inequality is the geographical context that
subsumes both social relations and access to physical
resources.4 Specifically, adverse geographical features such
as high altitude and steep terrains may constrain access to
health amenities relative to plain land due to poor transporta-
tion and communication.5 Income poverty, which is related
to health status, is also higher in mountainous regions.6

Thus, systemic health shocks such as COVID-19 are
expected to further elevate health inequality in hilly regions
and result in adverse health outcomes. In this article, we

examine the linkage between variations in altitude and differ-
ences in health outcome in the COVID-19 pandemic using
district-level data from India.

Health inequality in India is deeply rooted.7 Recent inves-
tigations into health performance indicators have found a
sharp divide across gender, regions, and social and economic
groups.8–10 The disparity is more acute across geographical
features. In particular, hilly regions have poorer infrastruc-
ture and often lag behind the plain land in terms of income
and health.11 In the state of Manipur in India, for instance,
people residing in mountainous terrain are found to have
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significantly lower utilization of maternal health care com-
pared to those residing in valleys.12 A study on the estimate
of sectoral costs for health, education, and road infrastructure
revealed that costs in hilly areas are almost threefold com-
pared to the plains.13 Thus, altitude is likely to be an impor-
tant source of health inequalities in the Indian context,
especially against the backdrop of the COVID-19 pandemic.

The global evidence on the relationship between variation
in altitude and infection spread is mixed. Some studies note
that the severity of infection reduces at high altitude, while
others find no such association.14–16 The same holds true
for the relationship between altitude and mortality.15,17

There are multiple pathways through which higher-altitude
regions can experience systematically different infection
spread and fatality. First, studies show that epidemiological
factors, such as physiological adaptation to hypoxia, and
environmental factors, such as thinner atmosphere and
higher ultraviolet rays, negatively influence health out-
comes.18,19 However, high altitude may also reduce
COVID-19 susceptibility.14 One of the main pathophysiolog-
ical considerations is that high-altitude residents are often
exposed to chronic hypobaric hypoxia, which can lead to
an increase in tissue oxygen delivery and improve oxygen
utilization through genomic and non-genomic mecha-
nisms.20,21 Second, high-altitude areas are also characterized
by a number of sociodemographic factors that inhibit infec-
tion spread. For example, these regions are often remote,
and the difficulty in accessing their terrain limits mobility rel-
ative to plains. Remoteness and lower population density
may also facilitate social distancing that keeps COVID-19
cases at bay.

Nevertheless, because of remoteness and difficult terrain
in high-altitude regions, access to emergency health care
facilities and expansion of existing health infrastructure,
especially the availability of life-saving equipment such as
ventilators, might be more challenging. Similarly, due to its
rugged terrain, it is likely that testing and contact tracing
are arduous and hence lower in high-altitude areas.21 A com-
bination of these factors can have a countervailing influence
and raise both the rate of infection and fatalities in these
regions.

In this article, using district-level data for India, we study
the growth of infection and fatality in hilly areas during the
initial period after the outbreak, controlling for a range of
socioeconomic factors that may confound with the relation-
ship of interest. In particular, we study this relationship
over a period of about four months, which includes the two
months of publicly mandated, nationwide lockdown
(March 25 to May 31, 2020). This allows us to assess the
growth after unlocking (starting May 31, 2020) and consider
an equivalent two-month period for analysis (until July 26,
2020). This is pertinent because the implications of remote-
ness and difficulty in movement that characterize high-
altitude areas may get amplified during the universally
imposed lockdown. For example, restrictions on mobility

can have adverse effects in hilly regions in terms of access
to health care facilities. Also, it is important to note that
during the initial period after the outbreak, health facilities
needed critical health infrastructure to ensure lower mortal-
ity. This included equipment such as ventilators, Personal
Protective Equipment (PPE), and testing equipment, among
others, which were in short supply across India. Because of
the associated remoteness and restrictions in mobility, high-
altitude regions may have been additionally constrained in
this respect, as compared to plains, in ways that may have
adversely affected both the infection and fatality rates.
Such outcomes would also seem quite plausible in the
context of the existing evidence that finds health facilities
in hilly regions of India to be systematically poorly
resourced, even before the occurrence of the COVID-19
pandemic.22,23

Our article has multiple vital contributions to make. First,
and to the best of our knowledge, there are no studies in India
that document the differential spread of COVID-19 cases and
fatalities and the aggravated health inequalities across
varying altitudes. This is despite the fact that hilly regions
constitute a significant proportion of India’s total landmass,
with a large area positioned in the Himalayas, extending up
to 2500 kilometers in length and 250 to 400 kilometers in
breadth. In addition, areas classified as hill and mountain
zones are distributed across 23 out of 28 Indian states.24

The states with hilly regions include Uttarakhand,
Himachal Pradesh, erstwhile Jammu and Kashmir, West
Bengal, and some of the northeastern states, along with the
southern and western states of Tamil Nadu, Kerala,
Maharashtra, Goa, and Karnataka, among others. Thus, alti-
tude effects in India, if present, are likely to extend over a
large geographical habitat and would have significant impli-
cations for public health and pandemic response. Second, our
work provides evidence of differential implications of man-
datory lockdowns on spread and fatality from COVID-19
cases in hilly areas as against plains. Finally, the findings
provide important policy lessons for further COVID-19
waves and future pandemics.

Methods

Data
We use the Development Data Lab’s COVID-19 India data-
base to gather day-level data on COVID-19 cases and deaths
across districts. This data source has information on 684 of
the 741 total districts in India. We use data from March 25,
2020, to July 26, 2020. Importantly, a nationwide lockdown
was announced by the Government of India in four continu-
ous phases starting on March 25 and continuing until May
31. This limited movement of the entire population across
the country was a preventive measure against the pandemic.
Thereafter, more freedom was given to the respective state
governments to decide on further restrictions. For a fair
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representation of the entire duration, we consider data that
includes about two months of complete lockdown and two
months of unlocking of the economy. Researchers previously
have analyzed the lockdown policy in India with respect to
COVID-19 incidence.25

To calculate district-level minimum and maximum eleva-
tion across the country, a high-resolution Digital Elevation
Model has been used. More specifically, Shuttle Radar
Topographic Mission Digital Elevation Model 2000, with
90-meter ground resolution, has been employed to calculate
the zonal statistics on which relevant elevation measures are
based. For this, multiple datasets have been combined into a
single dataset to calculate zonal statistics using the Arc-GIS
software. This method has been used to assess the relation-
ship between altitude and mortality in India.26

To control for the influence of potential confounders, we
use a range of indicators that account for the socioeconomic,
demographic, and mobility characteristics in addition to
those related to administrative efficiency, mobility, and
hygiene. For this purpose, we use household information
provided in the NFHS-4 that is representative at the district
level. The survey was conducted in 2015-2016 by the
Ministry of Health and Family Welfare through the Indian
Institute of Population Science in Mumbai, India, and
included 640 districts from 29 states and seven union territo-
ries. Apart from socioeconomic and demographic character-
istics, the survey provides self-reported information on health
indicators, hygiene practice, and basic amenities.

We now provide a brief description of the controls and
motivation behind using these covariates in the analysis.
Because education can serve as an important determinant
affecting the spread of infection through awareness, we use
the share of households in the district with at least one
member with an educational attainment of higher secondary
or more. In addition, we control for the proportion of men
who read newspapers and watch television daily and the
proportion of households possessing mobile phones.
These variables are likely to be correlated with how
informed district residents are about the compliance
protocols for arresting transmission of COVID-19.
Furthermore, we control for penetration of cell phones
and for the number of short- and long-term migrants
from the districts. These factors account for access to
information on COVID-19 and potential infection spread
emerging from returning of migrants, respectively. This
also adjusts for the fact that even if migration is low in
terms of share of population, it may be high enough to
enable the rapid spatial spread of COVID-19 cases.

Evidence suggests higher vulnerability of the elderly to the
infection.27 Accordingly, we control for the proportion of
households in a district with at least one elderly member.
Studies have also indicated how urbanization is linked to
the COVID-19 spread,28 sowe also control for share of house-
holds residing in urban areas. Living conditions and ability to
isolate in these districts have been accounted for through two

variables: average number of rooms used for sleeping and the
share of families staying in owned houses. We also include
other explicit measures of income and wealth as they are
found to be related to health inequality. Since the publication
of the Black Report in 1980,29,30 studies have also associated
systematic differences in health outcomeswith social and eco-
nomic disparities such as income and wealth.6 Accordingly,
we account for the economic profile of the districts in two
ways. First, we take the average value of the standardized
wealth index that NFHS-4 calculates for each surveyed house-
hold through possession of a set of durable assets. In addition,
the proportion of households having a Below Poverty Line
card is also considered.

Administrative efficiency is likely to be another key corre-
late of disease transmission and has been controlled for
through three indicators: share of households with at least
one member having a bank or post office account; proportion
of households with all members possessing an Aadhar, a
unique, 12-digit identification number for every resident of
India; and average distance of the district from the state
capital, taken from Google Earth Pro. Apart from these vari-
ables, we control for mobility by taking into account the pro-
portion of surveyed men who have stayed outside their
residence for at least one month, as well as the total number
of flights entering the district between April and July 2020
that had been taken from the Airport Authority of India.
Both of these account for within-district variation in preva-
lence of migration and control for national and international
travelers, who are key predictors of the spread of the virus.

Given the importance of hygiene in the context of the
COVID-19 pandemic, we incorporate a set of related indica-
tors into our analysis. First, we include the share of house-
holds at the district level having no toilet facilities along
with the share with improved drinking water sources, as
per World Health Organization guidelines. In addition,
because studies have indicated how access to piped water and
the type of cooking fuel have a direct implication for the
health profile of household members, the share of households
with piped water within the house premise or the yard, along
with those using liquefied petroleum gas (LPG) as cooking
fuel, have been included in the regression.31,32 Further, we
also control for the proportion of households where any
members smoke inside the house and where soaps/detergents
were found in handwashing locations. In addition, we con-
trolled for district-level public health service using two indica-
tors: share of households with at least one member covered by
health insurance and share where members generally go to
public health centers when sick.

Research has indicated that health disparity is a structural
issue whereby the deprived population typically resides in
underserved areas with inadequate provision of health ser-
vices.33 To further account for availability of physical and
human health infrastructure, the number of hospitals per
10 000 households and doctors per 1 million households is
considered. This has been taken from the Development Data

Chakraborty et al. 457



Lab’s COVID-19 India database, which uses the Population
Census and the Socio Economic Caste Census for 2011 and
2012 to retrieve the information.34 We are able to map our
main variable of interest, as well as the set of control variables,
with information on COVID-19 cases and deaths for about
612 of the 719 (84%) districts from NFHS-4. Previously,
similar data has been used to examine the effects of caste-
based diversity on the infection spread in India.35

Empirical Models

We first estimate COVID-19 cases per 10 000 population
from the commencement of the lockdown on March 25,
2020, until July 26, 2020, by dividing this time span into
eight periods of about 15 days each. Note that the first four
periods correspond to the four nationwide lockdown
phases, with the next four representing the unlocking
phases. In particular, we estimate the following regression
equation through Ordinary Least Squares (OLS):

YPdst = C + β1.yds0 + β2.Dds(t−1) + β3Eds

+ β4(Eds ∗ t)+ β5Xd + πs + t + uds (1)

Here, YPdst denotes the number of cases per 10 000 popula-
tion reported in district d located in state s at the end of the
period t.yds0 is the logarithmic value of the number of
COVID-19 cases of infection that had been reported before
the announcement of the lockdown, and Ddst−1 is the loga-
rithmic value of the number of deaths reported due to the pan-
demic in the previous period (t − 1). The rationale behind
controlling for pre-lockdown cases is to account for emer-
gence of initial hotspots that may potentially be linked to
geospatial variables and the outcome of interest. In addition,
deaths in the previous period control for administrative
responses undertaken by local authorities to curtail the
growth in infection, which is likely to be more sensitive to
fatalities in the previous period. To ensure that districts
with no cases do not drop out selectively, leading to selection
bias, we add one to each of the variables before logarithmic
transformation.36 Eds takes the value of 1 if the mean the
lowest and higher elevation point within the district is 1000
meters or above and 0 otherwise. The vector of the covariates
at the district level is given by Xd . The state- and period-level
fixed-effect vectors that control for heterogeneities across
states and period of analysis are denoted by πs and t, while
uds is the error term. To assess the relationship between ele-
vation and the changes in infections over time, we examine
the coefficients, β4. The standard errors in this model have
been clustered at the district level.

To estimate the effects of elevation on the fatalities, we
estimate the following model:

DPdst = C + β1yds0 + β2YPdst−1 + β3Eds

+ β4(Eds ∗ t)+ β5Xd + πs + t + uds (2)

Here, Ddst represents number of deaths per 10 000 popula-
tion in district d located in state s at the end of the period
t and is taken to be a function of pre-lockdown reported
cases of infection as well as the number of cases per
10 000 population in the lagged period, t − 1. This
ensures that we normalize the growth of fatalities by the
growth of infection that occurred in the previous period,
especially as these are likely to be a critical determinant
for future fatalities. The association between elevation
and deaths over time is given by the vector of the coeffi-
cients, β4.

To get closer to causal effects of elevation on growth in
reported infection and fatalities over the eight periods, one
needs to account for the potential endogeneity emanating
from Omitted Variable Bias (OVB). We argue that reverse
causality is less of a concern. Because of the unanticipated
nature of the COVID-19-induced lockdown in India, the
chances of shifting residential locations based on altitude
with the outbreak would be highly unlikely. Studies in fact
have shown low prevalence of cross-district or even cross-
state migration in India.37,38 Even NFHS-4 data indicates
that about 86% of the sampled men reported having stayed
in the surveyed house for at least 10 years.

However, it is possible that the residents of regions
located at higher altitude are inherently different than
those in lower elevation zones. We have controlled for an
elaborate set of covariates that may capture some part of
this difference, as mentioned earlier, in addition to using
state-fixed effects to control for all the time-invariant charac-
teristics that may be common to the states and affect infec-
tion and death rates. Nevertheless, to avoid bias that may
crop up because of unobserved variables, we apply a
method which under certain assumptions account for this
possibility.39–41 Here, a possible range of β4 is derived
through two parameters: δ and Rmax. Rmax is the R-squared
value of a hypothetical regression that incorporates all the
observable and unobserved components and hence is the
maximum value of R-square it can achieve. δ is the extent
to which unobservables are dependent on observables. For
example, δ= 2 implies that the extent of unobservables
explaining the outcome variable is double of that explained
by the observables. While there can be various options to
compute the bound on Rmax, using data from a wide
sample of randomized experiments, it is proposed
Rmax = 1.3 ∗ R0, where R0 is the R-squared value of the
full model with observed control variables. δ can be
assumed to lie between [-1,1]. The argument is if δ goes
beyond 1 or falls below −1, the variation in the outcome
explained by unobservable(s) has to be higher than the com-
bined influence of all the observables put together to push
the effect size of the coefficient of the variable of interest
to zero. Accordingly, we check if |δ| for which the coeffi-
cient of interest turns 0 with Rmax = 1.3 ∗ R0 exceeds a
threshold of 1. A more detailed description on the method
is given in the appendix explanation 1S.

458 International Journal of Health Services 52(4)



Results

Descriptive Statistics and Preliminary Analysis
We first present the number of cases and deaths across each
of the eight periods of our analysis (Figure 1). We observe
that the total number of reported cases and deaths in each
period increased somewhat moderately in the first four
phases of the lockdown. As one would expect, the growth
in these variables increased after the unlocking was initiated.
A summary of period-wise cases and deaths per 10 000 of
population for the duration of analysis is provided in
Supplemental Material (Table 1S).

Summary statistics to show the number of cases and
deaths per 10 000 population across the eight periods sepa-
rately for districts with high and low average elevation are
provided in Figure 1S of the Supplemental material. This cat-
egorization has been done on the basis of average elevation
of a district being less than or greater than 1000 meters.
This roughly constitutes of 87% and 13% of the total districts
in our article, respectively. During the lockdown phase
(Periods 1 to 4), we observe that the growth in infection
and deaths was higher for the lower-altitude districts.

Digital Elevation Model
Next, we present a digital elevation model, which has been
combined with period-wise number of reported cases per

10 000 population to represent its distribution in relation to
altitude. Here, the landmass has been classified into seven
altitude zones, starting from areas with elevation below 150
meters to those with more than 5000 meters from mean sea
level. The data has been categorized into three groups that
include low (no reported cases), moderate (less than one
case per 10 000 population,) and high (one or more cases
per 10 000 population).

Figure 2 presents the period-wise elevation model with
the number of reported cases for Periods 1, 4, 5, and 8,
with numbers for other periods given in the Supplemental
material (maps for all periods are given in Supplemental
Material, Figure 2S). As one can observe, the Himalayan dis-
tricts, which include the northern (Himachal Pradesh and
Uttarakhand) and northeastern states (Sikkim, Arunachal
Pradesh, Manipur, Meghalaya, Nagaland, and Mizoram)
having an average elevation varying from 1000 meters to
4000 meters, registered lower infection rates across the
eight periods. On the other hand, districts located in low-
and mid-altitude areas (coastal plain, Indo-Gangetic plain,
central highlands, and Deccan plateau) are found to be
more susceptible to COVID-19 infection. Nevertheless,
some of the districts from the erstwhile state of Jammu and
Kashmir, which have an average elevation of more than
1000 meters, reported high infection rates.

Figure 3 presents the superimposition of the number of
deaths per 10 000 population over the elevation model over
the Periods 1, 4, 5, and 8 (maps for all periods are given in

Figure 1. All-India total cases and deaths across each of the eight periods of lockdown and unlocking (march 25 to July 26, 2020). Source:

COVID India Database.
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Supplemental Material, Figure 3S). Initially, the figures indi-
cate higher deaths per 10 000 population in some of the high-
elevation areas. However, across subsequent periods, it
becomes difficult to visually gauge this relationship as
higher deaths are also observed in some of the lowland
areas. This warrants the need to examine the relationship ana-
lytically through multivariate regression analysis that allows
us to obtain an average estimate of the association with
COVID-19 outcomes, after accounting for the possible
confounders.

Regressions
First, we run pooled OLS regression as outlined in equation
(1) to examine period-wise changes in reported infection rate

at the district level in hilly regions. The summary measures of
the control variables that have been used in the regression are
given in Table 1.

Figure 4 presents the relevant marginal effects after
accounting for the potential confounders, as discussed
earlier. Interestingly, we observe that the rates of infection
for the first three phases of the lockdown were significantly
lower, on average, for higher-altitude regions. The effect
size here varied from 81 to 94 lesser cases per 1 million pop-
ulation, on average, for the first three phases of the lockdown.
Starting from the fourth period, which corresponds to one
period before initiation of the unlocking, the gains in hilly
regions appear to die down. During the unlocking period,
we do not observe any significant gains in terms of a lower

number of cases in these regions. Importantly, we are able

Table 1. Summary Statistics.

N Mean

Mean If Average

Elevation <1,000 m

Mean If Average

Elevation ≥ 1,000 m

Distance between districts and state capital (100 km) 648 2.55 2.63 2.04*

Proportion of HHs with at least one member with higher secondary or

above education

616 0.24 0.24 0.25

Proportion of HHs with at least one elderly member (60 years or

above)

616 0.36 0.36 0.33*

Proportion of HHs with a bank/PO account 616 0.89 0.89 0.88

Proportion of HHs with members covered by health insurance 616 0.26 0.26 0.26

Proportion of HHs with Below Poverty Line cards 616 0.39 0.39 0.36

Proportion of HHs where members generally go to public health

centers when sick

616 0.53 0.49 0.80*

Proportion of HHs where all members have Aadhar card 616 0.44 0.44 0.41

Proportion of HHs with improved drinking water facilities 616 0.87 0.88 0.84*

Proportion of HHs with piped water inside the house or yard 616 0.65 0.63 0.72*

Proportion of HHs with no toilets 616 0.38 0.42 0.14*

Proportion of HHs which use LPG as a cooking fuel 616 0.36 0.36 0.37

Proportion of HHs where members wash their hands with soap after

defecation

616 0.61 0.59 0.70*

Standardized wealth index (0-1) 616 0.44 0.43 0.48

Average number of rooms used for sleeping 616 1.88 1.83 2.20*

Proportion of HHs where houses are owned 616 0.81 0.82 0.78*

Proportion of men who have been staying in their residence for at least

10 years

616 0.86 0.86 0.82*

Proportion of men who have stayed outside their residence for one

month or above

616 0.17 0.16 0.22*

No. of HH in the district (*1000) 648 362.62 401.91 109.27*

Population density per square km 625 1232.83 1285.06 811.99

No. of allopathic hospitals per 10 000 HHs 648 0.60 0.50 1.27*

No. of allopathic doctors per million HHs 648 409.19 339.56 858.16*

Total flights between April and July (in 00 s) 648 1.28 1.38 0.62

Proportion of HHs staying in urban areas 616 0.28 0.29 0.23*

Proportion of men who read newspapers 616 0.28 0.29 0.22*

Proportion of men who watch television daily 616 0.57 0.57 0.58

Proportion of households with mobile phone 616 0.90 0.89 0.92*

Estimated no. of men migrant who migrated for 6 months (million) 616 14.4 15.5 7.68*

Estimated no. of men migrant who migrated for 1 months (million) 616 28.6 31.2 12.9*

Note: Of the 641 districts for which information on cases and deaths is available, 554 (86%) have average altitude of <1000 meters,*p value < 0.05.
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to replicate these results using a continuous variable eleva-
tion measured by the mean of minimum and maximum ele-
vation (Supplemental Material, Figure 4S). To check for
any reporting errors, we also consider three-day and daily
rolling averages of COVID-19 cases for outcome, and our
findings remain statistically robust to these alternate specifi-
cations (Supplementary Table 2S). In addition, we check
whether these results are being driven by districts that consti-
tute the state capitals by validating our results for non-capital
districts. We are able to replicate in this case as well, and the
results can be provided on request.

We run similar regressions for the number of fatalities per
10 000 population as elucidated in equation (2). Figure 5 pre-
sents the associated marginal effects for districts with an ele-
vation of 1000 meters or more. Notably, we find that for each

of the four periods that correspond to the nationwide lock-
down in India, the rate of fatalities is found to be significantly
higher in hilly districts. We find statistically similar results
for regions with higher average elevation (Supplemental
Material, Figure 5S) as well as results using three-day
rolling and daily COVID-19-related deaths per 10 000
people as outcome variable (Supplementary Table 3S).

For an additional robustness check, we run pooled OLS
regressions taking the daily number of reported cases per
10 000 population at the district level and replicate our find-
ings. Instead of period dummies, as were taken in the earlier
model, we include daily dummies and assess the changes of
the coefficients of the relevant interaction term with the
dummy variable that captures hilly regions over the days
starting from March 25. The findings from Figures 6 and 7

Figure 2. Elevation and cases per 10 000 population (periods 1, 4, 5, and 8).
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that present the marginal effects from the regression indicate
similar results of average cases per 10 000 being lower in
high-altitude regions during the lockdown, but average
deaths per 10 000 being higher, ceteris paribus. Similar
daily figures using a continuous measure of average elevation
for reported cases and deaths per 10 000 population are given
in Supplemental Material, Figures 6S and 7S.

In this article, controlling for various confounding possi-
bilities, we attempt to isolate the average association
between COVID-19 infection and fatality rates with variation
in average altitude. For this, we control for a range of corre-
lates, as discussed previously. However, it is still plausible
that these results stem from OVB, which are correlated
with both the variable of interest and the outcome. As dis-
cussed in Section 3, we use a novel method that provides
consistent estimates of bias-adjusted treatment effects that
may stem from OVB.39,40 For periods where the coefficient

of interest was significant, modulus of δ statistic is found
to be well above unity (Table 2), suggesting that the variation
in outcome explained by the unobservables would have to be
well over that explained by all the correlates used in our anal-
ysis to push these effects to zero. Given the fact that we use
an extensive specification that accounts for a range of con-
founding possibilities and explains about half of the variation
in the outcomes of interest, it is likely that our results would
remain statistically significant.

It is possible that high-altitude regions may also have sys-
tematic and asymmetrically differential reporting of cases
and deaths that may influence the results we observe. A
recent article indicates that the likelihood of underreporting,
while being substantially high during the second wave (start-
ing from April 2021), was of limited concern during the first
wave, on which our study is based.42 Nevertheless, we con-
sider the possible channels and argue that our estimates are

Figure 3. Elevation and number of deaths per 10 000 population (periods 1, 4, 5, and 8).

462 International Journal of Health Services 52(4)



unlikely to biased because of underreporting. The first
channel might be differential testing in these regions,
which may also lead to a lower number of cases. In the
absence of district-level data on testing, we utilize the period-
wise, state-level number of tests conducted and incorporate
that in the main regression model as an additional control
variable. Please note that public health in India comes
under the state level, and state governments reserve the
power to promulgate laws on and allocate resources to it.
Therefore, it is likely that daily testing in a district would
be influenced by state-level policies. The results from both
sets of regressions indicate similar results: The growth rate
in COVID-19 cases is significantly lower in high-altitude
areas while growth in the death rate is significantly higher
(Supplementary Figures 8S and 9S). Please note that the
testing data is fully available during the period of analysis
for only 26 states and Union Territories and is partially avail-
able for six states and Union Territories. Hence, we do not
use it as our main specification and employ it as a robustness
check exercise.

Please note that as control variables in the regression, we
have accounted for the state of health infrastructure through

the number of allopathic hospitals and doctors in the district.
Also, we have controlled for the district-level dependence of
households on public health centers, which are often respon-
sible for the extent of testing. Furthermore, we have adjusted
for the level of awareness through the proportion of males
who watch television daily and read newspapers and share
of households possessing mobile phones, in addition to a
number of economic indicators. These variables can poten-
tially be correlated with underreporting of cases and deaths
and hence, to some extent, we account for it in the regression.
In addition, the bias-adjusted treatment effect model also
indicates these unobservables leading to underreporting are
unlikely to confound our estimates and hence lends credence
to our inferences. Nevertheless, these are proxy measures,
and the inability to account for the actual extent of district-
level underreporting because of paucity of data remains a
limitation of the study.

With this caveat, to sum up, we find that the growth of
infection had been significantly lower in the hilly areas as
compared to the lowlands during the lockdown period.
This could probably be because of better air quality, lower
economic activity, and lower mobility in these areas, which

Figure 4. Conditional marginal effects for districts with average elevation over 1000 meters 1000 m on rate of infection of COVID-19

cases (per 10 000 population) across four periods of lockdown and four periods of unlocking, until July 26, 2020 (OLS regression).

Note: 95% Confidence Intervals calculated by clustering standard errors at the district level are given along with the marginal effects. The dependent
variable is number of reported cases per 10 000 population. The period left of the red vertical line (Periods 1 to 4) denotes the lockdown period and
that toward the right is when the unlocking procedure was initiated.
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were amplified during the lockdown period. However, we
also observe these districts to experience significantly
higher fatalities during the lockdown period, which eased
after the unlocking procedure was initiated. While we are
unable to single out specific mechanisms behind this
finding, available evidence suggests that our results plausibly
hint at the poorly equipped health care facilities in the iso-
lated hilly regions of the country.43 At a time when most
of India experienced a shortfall in life-saving health infra-
structure such as ventilators and PPE kits, this problem
might have been even more acute for hilly regions as
against plains.

Because of potential supply chain disruptions in provision-
ing necessary health care equipment during the sudden declara-
tion of the lockdown, it is possible the number of deaths would
have risen in these regions, which are generally remote.
Importantly, during the time of the lockdown, mobility was
highly restricted, which makes inhabitants from hilly areas
more susceptible to fatalities. Post-lockdown, easing of mobility
restrictions and improvement in provisioning of scarce health
care infrastructure are possible reasons why growth in deaths
would converge with those in low-lying areas.

Policy Discussions

Our results suggest that geographical predictors such as alti-
tude can be a significant predictor of the disparate impacts of
health shocks such as COVID-19. In high-altitude areas,
potentially because of lower population density and remote-
ness, we find a temporary lowering of the infection spread. In
fact, the low infection rate in high-altitude areas could be a
possible reflection of the strengthening of the remoteness
effect via the mandatory lockdown imposed by the govern-
ment. The effect eroded once the mobility restrictions were
withdrawn. Plausibly, economic hardships during the lock-
down phases would have been higher in these regions that
often depend on tourism and trade for livelihoods. With
easing of the restrictions, the likelihood of violation of
COVID-19 compliance norms that included social distancing
would have been higher due to the intense economic needs.
Of note is the fact that, during this period, the return of migra-
tion workers from urban centers and metropolitan areas was
associated with higher infection growth.28 Given the fact that
the proportion of men staying outside their residence for one
month or longer is higher in hilly areas (Table 1), more

Figure 5. Conditional marginal effects for districts with average elevation over 1000 meters on deaths per 10 000 population from

COVID-19 across four periods of lockdown and four periods of unlocking, until July 26, 2020 (OLS regression). Note: 95% Confidence
Intervals calculated by clustering standard errors at the district level are given along with the marginal effects. The dependent variable is number
of reported deaths per 10 000 population. The period left of the red vertical line (Periods 1 to 4) denotes the lockdown period and that toward
the right is when the unlocking procedure was initiated.
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attention needs to be paid to framing guidelines that ensure
health surveillance of drifting workers.

The findings of higher COVID-19 fatality during the lock-
down periods in hilly regions potentially emphasize the lack
of timely access to health facilities and poor health infrastruc-
ture, especially the shortages of life-saving equipment such
as ventilators and PPEs in high-altitude regions.44 Access
to health care in high-altitude terrains is often constrained
due to the skewed distribution of health institutions and
poor transport conditions and could be a potential source of
unequal health outcomes. Studies have shown that the
average radial distance to reach the primary health center
in the hilly states is significantly higher than the national
average.45 Costly access to health care facilities is also
seen to result in a reduction of utilization of health services,
such as maternal and child health services, in hilly areas.46 In
addition, health sub-centers, which are the first point of
contact with the health system, are often reported to be
located in the outskirts of habitation to minimize the land
cost. Studies have also found health care centers in these
regions to be lacking in resources and equipment.23 In this
scenario, with sudden initiation of the lockdown, the shortage

of this equipment in hilly regions could have been systemati-
cally higher. This could have led to higher growth in mortal-
ity despite lower growth in reported cases during the
lockdown period. The findings call for prioritizing health
care facilities in hilly regions along with provisions for emer-
gency medical interventions while addressing the spatial
inequality for an expedited policy response in the future.

Importantly, in the larger context, this also calls for
immediate strengthening and revitalizing the existing
Hill Area Development Program (HADP), which has
been in the Designated Hill Areas operation since the
middle of the decade of 1970 after the initiation of the
Fifth Five-Year Plan. The basic objective of the program
has been socioeconomic development for residents of
hilly areas and living in harmony with ecological develop-
ment. Accordingly, the plans initiated under the HADP
have been aimed at promoting livelihoods through sustain-
able use of natural resources in the area. However, plans
for improving health care in these regions under the
aegis of the program have mostly registered poor perfor-
mance. Reports have also documented that health depart-
ments did not have significant participation in the

Figure 6. Coefficients of variables of interest from OLS regression for COVID-19 cases per 10 000 population for each day since initiation

of lockdown for higher-altitude districts with average altitude over 1000 meters (until end of July 26, 2020). Note: 95% Confidence Intervals
calculated by clustering standard errors at the district level are given along with the marginal effects. The dependent variable is number of reported
cases per 10 000 population. Vertical lines signify the end of each of the four phases of lockdown.
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preparation of the action plan for HADP.47 Our study
underscores the need for greater involvement of health
professionals in HADP and renewed emphasis on distribu-
tional aspects of health care, including policies that reduce
the cost of access to emergency services.

Conclusion

Assessing the spread of COVID-19 infections and deaths in hilly
regions is complex. Apart from epidemiological aspects, such as
higher exposure to chronic hypobaric hypoxia that can reduce
the susceptibility to the virus, other geographic and sociodemo-
graphic factors, including uneven terrain, remoteness, and lack
of health infrastructure, are pertinent factors connecting the
two. In this context, using high-frequency, district-level data
on reported cases and fatalities, we study these outcomes of
COVID-19 in hilly regions of India. The key findings include
lower growth in number of cases per 10 000 population on
average during the lockdown periods in hilly regions, the gains
of which wither away with the unlocking. Further, we also
find systematically higher fatalities during the lockdown in
these regions, which reduces only after unlocking.

For policy prescriptions, hilly regions need to better
equipped to “respond swiftly” to public health crises.48 Our
findings emphasize the need for medical interventions and
maintenance of adequate stocks of life-support devices that
includes ventilators and PPEs, among other equipment, in
these areas. This becomes particularly important in case of
subsequent waves of infection in India. We also argue for

Figure 7. Coefficients of variables of interest from OLS regression for COVID-19 deaths per 10 000 population for each day since initi-

ation of lockdown for higher-altitude districts with average altitude over 1000 meters (until end of July 26, 2020). Note: 95% Confidence
Intervals calculated by clustering standard errors at the district level is given along with the marginal effects. The dependent variable is number of
reported deaths per 10 000 population. Vertical lines signify the end of each of the four phases of lockdown.

Table 2. Accounting for Potential OVB for Higher Altitude

Districts (Average Altitude ≥ 1000 Meters (= 1)).

Period

δ For Cases Per
10 000 Population

δ For Deaths
Per 10 000

Population

1 (March 25–April 14, 2020) 20.39 −1.15
2 (April 15–May 3, 2020) 30.03 −1.51
3 (May 4-17, 2020) 14.49 −1.72
4 (May 18-31, 2020) 12.89 −1.36
5 (June 1-14, 2020) 0.67 −1.78
6 (June 15-28, 2020) 1.40 −2.26
7 (June 29–July 12, 2020) −0.63 −1.63
8 (July 13-26, 2020) 0.55 −17.54

The command psacalc in STATA 14 is used to generate these results.
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immediate strengthening and revitalizing of the existing
HADP. In particular, our findings underscore the need for
effective health care provisioning to deal with future pan-
demics and ensure better health support systems. Because
hilly regions are vulnerable to these events, our study pro-
vides a basis for further research that can use epidemiological
models to forecast COVID-19 spread and fatality differen-
tials in these areas. This would appear especially relevant
in the context of COVID-19’s ongoing viral evolution to
the emergence of new COVID-19 variants.

In addition, this article has multiple implications for
further research. First, due to paucity of data, we are
unable to pin down the exact mechanisms that can explain
our findings. It is possible that better air quality, lower mobil-
ity, and remoteness, among other factors that characterize
high-altitude areas, may have been influential in reducing
the spread of COVID-19 infection. If infection is contracted,
impediments in access to health infrastructure and poor con-
nectivity in hilly regions that raises the cost of delivery of
public services could have increased the fatality rate in
these areas. With availability of disaggregated data and
primary surveys, exploring these pathways can be one vital
area of future research. Second, further research in other con-
texts is required to establish external validity of our findings.
Existing research from Latin American countries such as
Bolivia, Peru, Ecuador, and Brazil indicates that people in
high-altitude regions are also less susceptible to COVID-19
infection, but find no evidence of differential fatality
rates.14,15 Future research directed toward the Global South
in Southeast Asia and Africa is necessary to understand the
implications of health infrastructure and connectivity on
spread and fatalities of pandemics in their hilly regions.
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