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INTRODUCTION 

The second wave of COVID19 in India is largely at-
tributed to laxity in the practice of COVID appropri-
ate behavior such as wearing masks and social dis-
tancing, opening up of societies to gatherings and 
emergence of Delta variant of the virus.1 As with 
most other Indian States, Gujarat also had two waves 
of COVID19 pandemic, with the first wave peaking 
between June-September 2020 and the second in 
March- May 2021. Three public health measures 
have been used in the control of COVID19 epidemic – 
testing, contact tracing and containment of cases, 
travel restrictions and lockdown, and vaccination. 

The Indian States are divided into Districts, which 
play a crucial role in the implementing these control 
measures. District level epidemic response for 
COVID19 has unique challenges. Challenges intrinsic 
to the administrative domain of a district include ef-
fective case detection, containment, contact tracing 
and vaccination within the district, coordinated by 
the district level health team. Growth rates of 
COVID19 cases and compartmental models can help 
in disease projection and planning. However, in or-
der to tackle challenges extrinsic to the district, such 
as intra and interstate import of cases, multilevel co-
ordination and involvement of multiple stakeholders 
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are required. Regional and temporal variations in the 
design, implementation and uptake of COVID19 regu-
lations can also pose a challenge to this coordination 
system. Hence the State and its Districts, as a team, 
need to be informed regarding their relative position 
in terms of risk due to intrinsic and extrinsic factors. 

In this study, we have aimed at creating a composite 
Hazard Index, based on intrinsic and extrinsic fac-
tors, that can be computed fortnightly using readily 
available parameters. Using this Hazard Index, the 
districts at higher risk of new cases can be ear-
marked beforehand to optimally implement various 
public health measures to combat COVID19. 

 

METHODOLOGY 

Study area: Gujarat State is located in Western 
coastal India (23˚13’N, 72˚41’E).2 It has a population 
of about 6.4 crores (2011 census) and a population 
density of 308 persons per sq.km.3 It is administra-
tively divided into 33 districts. It is surrounded by 
Indian states of Rajasthan in the Northeast, Madhya 
Pradesh in the East, Maharashtra in the South East 
and Dadra and Nagar Haveli and Daman and Diu in 
the South. Its North and Northwest borders are 
shared with Pakistan and to its West is the Arabian 
Sea. Gujarat has recorded above 8 lakh cases of 
COVID19 as of date, accounting for 2% of total cases 
recorded in India.4 

Methods: The hazard of new COVID19 cases in an 
area would primarily depend on population charac-
teristics (internal factors) within the area and cases 
that could be imported from elsewhere (external fac-
tors). Several internal characteristics, such as popu-
lation density, age distribution of the population, 
housing facilities, overcrowding, air quality index, 
current number of active cases and variants etc. were 
initially considered while designing the study, based 
on literature review.5–7 Similarly, external influences, 
like emergence of new variants, population cross 
border mobility, active cases in the rest of the coun-
try were also considered as influencers. After peer 
review, it was decided to construct a composite haz-
ard index based on factors, the data of which were 
available for all districts concerned – active cases of 
COVID and weekly growth rate within the district 
and neighboring districts, number of COVID19 sus-
ceptible people in the district and population density 
of the district.  

The map of 33 districts of Gujarat and 120 districts of 
neighboring States (52 districts of Madhya Pradesh, 
35 districts of Maharashtra and 33 districts of Raja-
sthan) was plotted in QGIS ver 3.10.8 The distance 
from centroid of each of the 33 districts to the re-
maining 32 districts of the State and 120 districts of 
neighboring States was estimated. Union territories 
were not considered, because their relatively smaller 
population. The number of active cases in each of 
these districts, as on 15th of each month, from Janu-
ary 2021 to July 2021 was collected from the aggre-

gated crowd sourced data.9 The weekly growth rate 
corresponding to these dates was also calculated 
from this data for all the 153 districts. The number of 
active cases within 200 km radius (A) from the cen-
troid of each of the 33 districts of Gujarat and corre-
sponding weekly growth rate (G) were determined 
separately for each district. The cutoff of 200 km was 
decided, since it ensured inclusion of at least two 
neighboring districts for each Gujarat district. The 
sum-product of active cases and corresponding 
weekly growth rate was calculated as ∑(A*G). 

The number of ‘Protected’ people in the 33 districts 
was estimated as the sum of vaccinated people and 
reported cumulative number of infected people (nat-
ural infection) as on 15th of each month from Janu-
ary- July 2021. It was noted that a certain proportion 
of ‘protected people’ could be missing, due to unre-
ported, unrecognized cases. Similarly, a certain pro-
portion of ‘protected people’ could be a duplication, 
due to the number of recovered patients receiving 
the vaccine. Nevertheless, number of vaccinated 
people, has largely exceeded the reported number of 
cumulative cases,4 to mask this error. The number of 
vulnerable people (V) was calculated as the differ-
ence between total population estimate of the dis-
trict and the estimate of ‘vaccinated’ people. 

The population densities (D) of the districts (persons 
per square kilometer) were obtained from census 
data.3 

The three factors, viz., ∑(A*G), V and D were trans-
formed individually using the following formula10, 
treating each month separately (Jan- July): 

X =
( )

  ……………………………………….…………... (1) 

Where Xt
n is the normalized value of the factor 

[∑(A*G), V and D], Xt is the factor value at time t 
(month) and mean (Xt) is the average of the factor 
values at time t within the sample. 

In order to determine the weights for each factor, the 
normalized values of the three factors were run 
through Principal Component Analysis using correla-
tion matrix approach using SPSS ver 23.11 Inputs 
were transformed values of the three factors, ana-
lyzed separately for each of the seven months. The 
resulting component coefficient score of each factor 
represents the weight (Wt) of each factor in the 
month (t). The weights were rescaled to 1 by divid-
ing each weight by the sum of weights of all districts 
for the month. These were applied to the trans-
formed values of the factors to obtain the Hazard 
score of each district (Formula 2).  

HI = ∑ W   . X  ………………………………………………… (2) 

Where, HIt is the Hazard Index of the district in 
month t, W    is the rescaled weight for the month t, 
and X  is the transformed values of the factor 
[∑(A*G), V and D] in month t, 

To make the Hazard scores comparable across the 
months, they were normalized using the formula: 
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HI =
  (  )

( )   (  )
 ………………..…………………… (3) 

Where HI  is the normalized Hazard Index, HIt is the 
Hazard Index of the district in the month t, min (HIt) 
and max (HIt) are the minimum and maximum values 
of Hazard Index among the 33 districts for month t. 

Thus, the normalized Hazard Index ranged between 
0 and 1, where proximity to 1 suggested higher haz-
ard of new cases of COVID than the rest of the dis-
tricts at the same time-period and proximity to 0 
suggested lower hazard. The districts were ranked 
accordingly, and comparative maps were prepared 
on Day 1 of each month. The results were correlated 
using Spearman Rank correlation with the reported 
number of active cases 15 days later (Day 15) in each 

district. 

The study was approved by the institutional review 
board. 

 

RESULTS 

The outputs of Principal Component analysis and re-
scaled weights of the factors derived from the analy-
sis are given in Table 1. 

The normalized Hazard Index is given in Table 2. The 
normalized Hazard Index was found to be positively 
and significantly correlated with number of active 
cases in the districts 15 days later when analyzed for 
the months separately.  

 

Table 1: PCA output of month wise data (original) 

Month → Jan 
2021 

Feb 
2021 

March 
2021 

April 
2021 

May 
2021 

June 
2021 

July 
2021 

Avg. 
weights 

Rescaled 
weights 

∑(A*G) 0.31 0.10 0.01 0.27 0.26 0.03 0.03 0.14 0.12 
Vulnerability 0.45 0.53 0.53 0.46 0.48 0.53 0.53 0.50 0.43 
Density 0.47 0.54 0.52 0.50 0.50 0.55 0.56 0.52 0.45 
Total        1.16 1.00 
 

Table 2: Normalized Hazard Index of districts of Gujarat (Red represents top one third districts, yel-
low the middle one third and blue represents the bottom one third districts in terms of Hazard Index, 
representing High, Moderate and Low Risk Districts for the particular month) (original table) 

Region District Jan-21 Feb-21 Mar-21 Apr-21 May-21 Jun-21 Jul-21 
South Gujarat Surat 1.00 1.00 1.00 1.00 1.00 1.00 1.00 

Valsad 0.28 0.30 0.39 0.33 0.28 0.63 0.80 
Navsari 0.26 0.24 0.28 0.24 0.25 0.59 0.75 
Bharuch 0.17 0.14 0.17 0.15 0.16 0.12 0.11 
Tapi 0.08 0.07 0.21 0.07 0.07 0.05 0.05 
Narmada 0.07 0.03 0.06 0.04 0.05 0.01 0.00 
Dang 0.00 0.06 0.34 0.01 0.00 0.37 0.52 

Central Gujarat Ahmedabad 0.98 0.97 0.92 0.96 0.95 0.89 0.88 
Vadodara 0.48 0.46 0.47 0.46 0.46 0.41 0.39 
Dahod 0.41 0.38 0.36 0.41 0.43 0.38 0.42 
Anand 0.36 0.33 0.31 0.33 0.36 0.32 0.32 
Kheda 0.34 0.31 0.30 0.34 0.36 0.31 0.32 
Panchmahal 0.26 0.23 0.21 0.26 0.27 0.22 0.23 
Mahisagar 0.20 0.17 0.15 0.20 0.21 0.15 0.15 
Chhota Udaipur 0.16 0.13 0.16 0.15 0.16 0.12 0.12 

North Gujarat Gandhinagar 0.33 0.30 0.28 0.32 0.34 0.27 0.27 
Banaskantha 0.29 0.26 0.25 0.29 0.31 0.28 0.33 
Mehsana 0.28 0.25 0.23 0.27 0.29 0.23 0.23 
Sabarkantha 0.16 0.12 0.11 0.15 0.18 0.11 0.11 
Aravalli 0.15 0.11 0.09 0.13 0.15 0.08 0.09 
Patan 0.11 0.08 0.08 0.10 0.13 0.09 0.10 

Saurashtra – Kutch Rajkot 0.34 0.32 0.30 0.32 0.34 0.30 0.31 
Bhavnagar 0.26 0.23 0.21 0.23 0.24 0.21 0.21 
Surendranagar 0.13 0.09 0.08 0.10 0.14 0.10 0.10 
Junagadh 0.13 0.11 0.10 0.11 0.13 0.12 0.12 
Amreli 0.12 0.10 0.08 0.10 0.11 0.09 0.10 
Gir Somnath 0.12 0.09 0.09 0.10 0.12 0.11 0.12 
Jamnagar 0.11 0.08 0.08 0.08 0.09 0.06 0.06 
Botad 0.09 0.05 0.03 0.06 0.07 0.03 0.03 
Morbi 0.08 0.05 0.04 0.06 0.09 0.05 0.06 
Kutch 0.08 0.05 0.05 0.06 0.07 0.06 0.08 
Porbandar 0.04 0.01 0.01 0.01 0.03 0.01 0.01 
Devbhumi Dwarka 0.03 0.00 0.00 0.00 0.02 0.00 0.00 

Spearman Correlation with absolute number  
of active cases 15 days later 

0.50 
(p=0.003) 

0.49 
(p=0.003) 

0.40 
(p=0.01) 

0.55 
(p=0.001) 

0.4 
(p=0.01) 

0.4 
(p=0.01) 

0.52 
(p=0.01) 
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   Fig 1a       Fig 1b 

              

   Fig 1c       Fig 1d 

              

   Fig 1e       Fig 1f 
 

 

 

 

 

Figure 1(a-g). Districts of Gujarat State, ranked by 
Hazard Index as High (red), Moderate (Yellow) and 
Low (Blue) risk of new cases (January-July 2021). 
Neighbouring States with active cases and weekly 
growth rates are shown in grayscale (original fig-
ures) 

   Fig 1g 
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However, the correlation was weak (Rs=0.2, p=0.00) 
when all the months were considered together. Thus, 
the Index is a relative measure of Hazard in the given 
month and does not compare the magnitude of cases 
every month. The districts ranked based on Hazard 
Index have been mapped in Figure 1. 

In South Gujarat region, Hazard Index was compara-
tively high throughout the study period in some dis-
tricts such as Surat and Valsad, while in Tapi, Nar-
mada and Dang districts the Hazard Index were 
comparatively low. In the Central Gujarat, through-
out the study period, the Index values were either 
comparatively high or moderate. In Saurashtra-
Kutch region of the State, most districts showed ei-
ther moderate or low risk. 

 

DISCUSSION 

To the best of our knowledge, this is the first of its 
kind study, where a composite hazard index has 
been developed including the active cases in the 
neighboring areas as a risk factor in a temporal man-
ner. Gujarat State, shares its borders with one of the 
worst affected States in the country – Maharashtra.4 
Gujarat State has a high share of migrant 
population12, especially from neighboring states of 
Maharashtra and Madhya Pradesh. In the presence of 
access to individual level data of confirmed cases of 
COVID19 from Gujarat and the neighboring states, 
spatial and spatiotemporal risk can be estimated us-
ing Kernel Density estimation.13 However, the cur-
rent study used aggregated data, defining spatiotem-
poral risk considering Districts as units. 

In this study, weights of three factors contributing to 
COVID19 risk were considered simultaneously – 
population density of the district, number of suscep-
tible population in the district and the active cases 
with their growth rate in the district and in a radius 
of 200km. High population density is known to be 
associated with high reproduction number in 
COVID19.14 On the other hand, the active cases and 
weekly growth rate in the district and neighboring 
districts have been considered as contributing fac-
tors, assuming the current conditions of community 
mobility to prevail. 

All the three above mentioned factors were found to 
have a positive loading over the component, thus 
confirming the hypothesis that these factors had a 
positive influence on the hazard. The weight of the 
factor sum-product of Active cases and Growth rate, 
∑(A*G), was found to differ over the months, nearly 
reaching zero during months of March, June and July. 
These months corresponded to the beginning and 
ending of second wave in the region, suggesting that 
in the beginning of a wave, the hazard of new cases 
was predominantly loaded over population vulnera-
bility and density. Similarly, when active cases were 
low in the neighboring districts, the hazard was 
again loaded over internal factors (vulnerability and 
density). It may be observed that the hazard index 

represents the relative comparison of risk between 
the districts for the given month, and does not com-
pare the magnitude of absolute cases between 
months. Thus, a lower Index in a given District would 
not mean absence of cases, but a comparatively low-
er number of cases than in other Districts. 

The risk of each District must be read in the context 
of each of the factors. Accordingly, specific control 
measures have to be intensified in specific districts. 
For instance, as of July 2021, districts in the South 
Gujarat border such as Valsad, Navsari, Dang and Su-
rat are at higher risk, due to their proximity to active 
cases in Maharashtra. Districts higher up along the 
border are also at high to moderate risk (Red/yellow 
category) except Narmada and Tapi. This could be 
because of the lower population density and a small-
er number of susceptible population in Narmada and 
Tapi. Dang District, despite having lower population 
density and susceptible population, is at high risk 
due to its proximity to active cases and being a trans-
it point for travelers. This warrants the need of step-
ping up surveillance among interstate travelers in 
these districts. In Central Gujarat, majority of the dis-
tricts are in high risk, because of their proximity to 
active cases within the region and high number of 
susceptible populations. Hence, effective contact 
tracing and containment measures should be 
strengthened in these regions. In North Gujarat, the 
districts are at moderate to high risk, due to their 
proximity to districts of Central Gujarat and presence 
of high number of susceptible populations. Here, 
surveillance among intrastate travelers has to be es-
tablished effectively. In West Gujarat or Saurashtra-
Kutch region, the districts are at moderate to low 
risk. These districts must strengthen their internal 
surveillance system to further reduce the number of 
active cases. Vaccination drive must be intensified in 
high-risk regions, followed by regions of moderate 
and low risk. 

The continued use of this Index would help in identi-
fying districts that require particular attention for 
public health strategy implementation. The parame-
ters have to be reviewed at regular intervals, de-
pending on the vaccine efficacy to circulating strains, 
arrival of susceptible population and travel re-
striction patterns. We suggest that these estimates 
be done yearly. Addition of other factors such as 
population mobility, age structure15, distribution of 
co-morbid population16 and other factors can be con-
sidered for a sub-district level analysis. 

 

LIMITATIONS 

Despite several other possible factors that can be 
added to the model, only three factors were consid-
ered because of non-availability of reliable longitudi-
nal data for these factors. As mentioned in discus-
sion, addition of these factors after capturing the 
large scale, longitudinal data might improve the 
model. 
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CONCLUSION 

The allocation of resources and designing public 
health strategies for control of COVID19 must be in-
formed by the risk that districts face in terms of pop-
ulation density, susceptible population and their 
proximity to active cases. Accordingly, different ap-
proaches, viz., travel restrictions and surveillance, in-
ternal active surveillance and containment and in-
tensifying vaccination will have to be enacted in dif-
ferent parts of the State. The Hazard Index given by 
this study provides a bird eye view of these factors, 
which helps in forecasting situations and multi-level 
decision making for control of COVID19. The use of 
Hazard Index can be expanded to other States as well 
as to a sub-district level. 
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