
INTRODUCTION
The World Health Organization (WHO) declared the COVID-
19 epidemic a “public health emergency of international 
concern” on 30 January 2020 (1), and then elevated COVID-19 
to pandemic status on 11 March 2020 (2). Over the period of 
many months it has spread from its epicentre Wuhan, Hubei 

thProvince, PRC to nearly every country on the planet (3). By 30  
July 2020, more than 16.5 million cases and nearly 650 000 
deaths had been reported to WHO across the world with India 
reporting a cumulative of over 1.5 million cases and an excess 
of 35000 deaths (4). COVID19 pandemic has become the worst 
pandemic after the Spanish Flu of 1918 (5).

In the absence of a vaccine or a curative drug, non-
pharmaceutical preventive interventions (social distancing, 
hand washing, cough etiquette, avoidance of mass gathering 
etc.) remains the mainstay of dealing with the pandemic (6). 
These measures while effective have an opportunity cost in the 
form of an economic downturn. Policy makers have to balance 
the public health benets and the economic cost of lockdowns 
and other social distancing measures. In other words, a 
balance between macroeconomic considerations and the 
pandemic situation along with others are taken into account to 
make decisions regarding the implementation of various 
norms of social distancing including lockdowns. (7–13)

Such decisions need to be evidence based, informed by data 
about the potential progression of the pandemic and its 
effects. Many state authorities, universities, national 
governments and researchers have been up to the task and we 
have witnessed the creation of data dashboards (14–19)  and 
the development of modelling techniques to characterise the 
current growth and make predictions into the future. 
(17,20,29–38,21,39–42,22–28)

These models are assumption-based and hence prone to 
errors, for example it is often difcult to account for the 

dynamic nature of R which varies with geographic location 0 

and time and also in response to and delity of the 
implementation of the non-pharmaceutical interventions. (43)

The Indian government was swift to respond to the pandemic 
declaration by WHO and on 24 March 2020, declared a 
nationwide lockdown for 21 days. The lockdown was placed 
when the number of conrmed positive coronavirus cases in 
India was 562 with only 9 deaths. On 14 April, the nationwide 

rd stlockdown was extended until 3  May. On 1  May, the lockdown 
was extended further by two weeks until 17 May. The 
Government categorised all the districts into three zones 
based on the spread of the virus—green, red and 
orange—with relaxations applied accordingly. On 17 May, the 
lockdown was further extended till 31 May by the National 
Disaster Management Authority (44). Observers stated that 
the lockdown had slowed the growth rate of the pandemic. 
(38,45–47)

stLockdown restrictions were lifted from 1  June, termed Unlock 
st1.0 and further from 1  July, termed Unlock 2.0 (48), with this 

ease of restrictions and increased mobility of people, India 
have witnessed a rapid increase in the number of cases and 
hence there is a need to characterise this growth and assess 
whether the pandemic situation in the different states of the 
country.

Therefore, to minimize the impact of information gaps while 
still meeting the need for timely, convenient, and accurate, yet 
easy to understand, risk assessments for COVID-19 pandemic 
at the state level, we aimed to develop a simple model using 
case reporting data for India to assess the pandemic situation 
in the various statesas of now versus as it was in the beginning 
of the pandemic by using a seeding time, doubling time model 
(STDT model).
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Data source and analysis
Daily case reporting data (dates and cumulative number of 
cases) was extracted from the Ministry of Health and Family 
welfare website (MoHFW) website (https:// www. mohfw. 
gov.in/) for the whole period of analysis (from the beginning of 
the pandemic until 03/08/2020), the data was transferred on to 
an Excel sheet for further analysis (Microsoft 365 version, 
Microsoft Corp., Redmond, Washington, USA)

The methodology is adopted from a study conducted by Zhou 
et al., we used data from all the states of India to construct the 
seeding time, doubling time model (STDT model). All the 
states were used to calculate the mean seeding time (ST) and 
the mean doubling time (DT) which were then used to assign 
the coordinates for the STDT model.

Components of the model
Two epidemiologic parameters – Seeding time (ST) and 
doubling time (DT) were calculated for each state at the 
beginning of the pandemic and for the month of July 2020. ST 
is the time interval, measured in days, between the date of the 
rst case report in a state (i.e., the index case) and the date on 
which the cumulative number of conrmed cases reached the 
seeding number (SN). SN is the total number of cases required 
to “hatch” an epidemic in the state. It can determine the 
original introduced risk at the beginning of an outbreak and it 
inuences DT. DT is the time interval, measured in days, 
required to double the total cumulative number of cases, and it 
can be an indicator of the effectiveness of control measures for 
and preceding the period for which it is calculated.

Determining the seeding number
Seeding number was determined rst, since the ST and DT 
both depended on it. It was done using the epidemiologic 
curves (plotted as time in days on the x-axis versus cumulative 
total number of cases on the y-axis) for all the states. They 
were assessed by the two authors who independently selected 
the date on which each epidemic curve appeared to “take-
off”. The cumulative number of cases reported up to the day 
before this “take-off” date was the seeding number (SN) for 
each state and with it the median SN for all the states was 
determined (Figure 1).

Setting mean seeding and doubling times
The mean ST and mean DT were used to draw the coordinate 
plane for the ST/DT Model and divide it into the four 
quadrants. Each state's ST was calculated as the time in days 
it took to reach the median SN (calculated previously). The 
overall mean ST was then calculated by using the ST of all 
states. Early epidemic stage DT for each state was calculated 
as the mean number of days required to double the number of 
cases from the SN to 2×SN, then to 4×SN, and then to 8×SN 
cases. The mean DT for each of these state's rst three 
doubling periods was then used to determine an overall mean 
DT.

The Model structure
The ST/DT Model is illustrated in (Fig.) ST increases along the 
x-axis while DT increases along the y-axis. Plotting lines that 
represent mean ST and mean DT creates four quadrants upon 
which states' epidemics can be plotted. The four quadrants 
indicate different levels of risk— short ST and DT indicate high 
risk (red) compared to the low risk indicated by long ST and 
long DT (green). In between these high and low risk states, are 
long ST and short DT, ascribed moderately high risk, and short 
ST and long DT, ascribed moderately low risk. Since DT is 
more important than ST to the future of epidemics already 
seeded, the long ST, short DT condition is given a higher risk 
label than short ST and long DT.

Validation of the model
The risk assessment of the states would change with time and 
with evolving conditions such as imposition of lockdown or 

other stricter social distancing measure or vice versa. While 
ST would remain unchanged, shortening or lengthening of DT 
should reect changed conditions, thereby allowing states, 
ideally, to move from high risk to moderately low risk or from 
moderately high risk to low risk.

To verify that the ST/DT Model can indeed detect changes and 
alter resulting risk assessment, later epidemic stage mean DT 
was calculated using DT of all the states for the month of July 
2020 using the exponential function inMS Excel. Later 
epidemic stage positioning of each country on the ST/DT 
Model coordinate plane was compared to earlier stage 
positioning.

The movement of the states in the various categories of risk 
assessment using the STDT model was compared to what was 
known about the epidemic and the response patterns in the 
states, in an attempt to validate the model.

RESULTS
Seeding number
All the 35states and union territorieswere included in the 
determination of median SN. The overall median SN was 
294cases (range: 9–3651). Hence, the SN used for the ST/ DT 
Model was set to 294 cases.

Mean seeding time and mean doubling time
Each individual state or union territory's ST was rst 
calculated, using SN set to 294 cases, as the time in days it 
took for them to accumulate 294 cases beginning from the 
date of the rst case. Each State or UT's DT was then 
calculated as the mean of its rst three DTs (i.e., time from SN 
cases to 2xSN, from 2xSN to 4xSN, and from 4xSN to 8xSN). 
Each state or UT's ST and DT were then plotted on the ST/DT 
Model's coordinate plane (Figure1). The overall mean of the 35 
state/UT's individual ST values was calculated to be 56 days 
(range: 22–122). So, for the ST/DT Model, mean ST was set to 
56 days as shown by the vertical line on the ST/DT Model. The 
overall mean of the individual mean DT values was calculated 
to be 10 days (range: 4.33–18.66). So, for the ST/DT Model, 
mean DT was set to 10 days as shown by the horizontal line on 
the ST/DT Model (Figure 1).

Changing risk assessment with time
The mean DT of all the states as calculated by the exponential 
function of the MS Excel for the month of July was 19.63 days 
which is statistically signicantly different than the mean DT 
of 10.11 days at the beginning of the pandemic ('p' value 
<0.05). Another ST/DT coordinate plane was made with this 
new DT (ST remained the same) (Figure 2). Hence, many 
states moved from Higher risk categories to lower risk 
categories which was in line with the application of social 
distancing and other non-pharmaceutical control measures. 
(Table 1)

Table 1 also shows that initially at the beginning of the 
pandemic there were 8 states in the High-risk category as per 
the STDT model; 10 in the moderately high-risk category; 10 in 
the moderately low risk category; and, 7 in the low risk 
category. In the month of July, the numbers in the various 
categories were 0, 1, 21 and 13 respectively. This shows that 
number of states and union territories in the higher risk 
categories (high risk and moderately high risk) have 
decreased and their number in the lower risk categories (Low 
risk and Moderately low risk) have increased.

DISCUSSION
At the beginning of the pandemic the mean seeding time for 
the pandemic was 55.85 days meaning that it took around 2 
months on an average for a state to have a full-blown 
epidemic situation. This made the vertical coordinate for the 
STDT model.
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In this phase the mean doubling time for the cases in each 
state (taken as the mean of the rst three doubling times) was 
a mere 10.11 days. It meant that the cases doubled every 10 
days. This made the horizontal coordinate of the STDT model.

There were 8 states which had a low seeding time and low 
doubling time than the mean, implying that they were at high 
risk of rapid rise of case. On the contrary states or Union 
territories that had a higher than mean seeding time and 
doubling time were at low risk for the spread of epidemic, 
there were 7 such states. Other states were either moderately 
high risk, n=10 (low DT and high ST) or moderately low risk, 
n=10 (high DT and low ST).

While the vertical coordinate for the STDT model remained the 
same (seeding number was unchanged) the horizontal 
coordinate was raised due to an increase in the mean 
doubling time. Because of this the risk categories shifted 
which was a reection of the relative success of the various 
non-pharmaceutical interventions like social distancing, 
staggered work pattern, wearing of mask, cough etiquette and 
the myriad of sanitisation practices.

In the month of July the number of states in high risk category 
was 0 and moderately high risk, moderately low risk and low 
risk categories had 1, 21 and 13 states or union territories.

CONCLUSION
The social distancing measures in India have been relatively 
successful as most states have shown a decline in doubling 
time as compared to the beginning. The same has been 
conrmed by a movement of the states to low or moderately 
low risk category of the STDT model.

ACKNOWLEDGMENT
We express sincere thanks to the Ministry of Health and  
Family  Welfare,  Govt.  of India, Ministry of Home  Affairs,  
Govt.  of India, World Health Organization  (WHO)  for  
updating  various  data  of  Covid-19  utilized  in  this  study  
and  also  we  attribute  special  thanks  to  Dr.  C.M.S.  Rawat, 
Principal  &  Dean,  VCSG  Govt.  Institute  of  Medical  
Science  and  Research,  Srinagar,  Uttarakhand  for  his  kind  
support  and  encouragement.

Tables and Figures

Figure 1 – ST/DT model in the beginning of the pandemic in 
India

Figure 2 – ST/DT model July 2020

Table 1 – Changing risk assessment of the states and UTs of 
India as per the STDT model from the beginning of the 
pandemic to the month of July 2020

REFERENCES
1.  Statement on the second meeting of the International Health Regulations 

(2005) Emergency Committee regarding the outbreak of novel coronavirus 
(2019-nCoV) [Internet]. [cited 2020 Aug 6]. Available from: https:// www. who. 
int/news-room/detail/30-01-2020-statement-on-the-second-meeting-of-the-
international-health-regulations-(2005)-emergency-committee-regarding-
the-outbreak-of-novel-coronavirus-(2019-ncov)

2.  Cucinotta D, Vanelli M. WHO declares COVID-19 a pandemic [Internet]. Vol. 
91, Acta Biomedica. Mattioli 1885; 2020 [cited 2020 Aug 6]. p. 157–60. 
Available from: https://pubmed.ncbi.nlm.nih.gov/32191675/

3.  Riou J, Althaus CL. Pattern of early human-to-human transmission of Wuhan 
2019 novel coronavirus (2019-nCoV), December 2019 to January 2020 
[Internet]. Vol. 25, Eurosurveillance. European Centre for Disease Prevention 
and Control (ECDC); 2020 [cited 2020 Aug 6]. Available from: 
https://pubmed.ncbi.nlm.nih.gov/32019669/

4.  Coronavirus Disease (COVID-19) Situation Reports [Internet]. [cited 2020 Aug 
6]. Available from: https://www.who.int/emergencies/diseases/novel-
coronavirus-2019/situation-reports

5.  Taubenberger JK, Morens DM. 1918 Inuenza: The mother of all pandemics 
[Internet]. Vol. 12, Emerging Infectious Diseases. Centers for Disease Control 
and Prevention (CDC); 2006 [cited 2020 Aug 6]. p. 15–22. Available from: 
/pmc/articles/PMC3291398/?report=abstract

6.  Flaxman S, Mishra S, Gandy A, Unwin HJT, Mellan TA, Coupland H, et al. 
Estimating the effects of non-pharmaceutical interventions on COVID-19 in 
Europe. Nature [Internet]. 2020 Jun 8 [cited 2020 Aug 6];1–5. Available from: 
https://doi.org/10.1038/s41586-020-2405-7

7.  The economic consequences of social distancing  The Berkeley Blog 
[Internet]. [cited 2020 Aug 6]. Available from: https:// blogs. berkeley. edu/ 
2020/03/10/the-economic-consequences-of-social-distancing/

8.  Social Distancing: What Will the Economic Fallout Be? | HEC Paris [Internet]. 
[cited 2020 Aug 6]. Available from: https:// www. hec. edu/ en/ knowledge/ 
instants/social-distancing-what-will-economic-fallout-be

9.  Nicola M, Alsa Z, Sohrabi C, Kerwan A, Al-Jabir A, Iosidis C, et al. The 
socio-economic implications of the coronavirus pandemic (COVID-19): A 
review [Internet]. Vol. 78, International Journal of Surgery. Elsevier Ltd; 2020 

Before After

High Risk (8) High Risk (0)

Haryana Low Risk (13)

Jammu and Kashmir Punjab

West Bengal Karnataka

Maharashtra Nagaland

Uttar Pradesh Bihar

Rajasthan Telangana

Telangana West Bengal

Punjab Rajasthan

Low Risk (7) Andhra Pradesh

Tripura Uttar Pradesh

Kerala Maharashtra

Goa Gujarat

Ladakh Tamil Nadu

Puducherry Madhya Pradesh

Mizoram Moderately High Risk (1)

Andaman and Nicobar Islands Tripura

Moderately High Risk (10) Moderately Low Risk (21)

Odisha Manipur

Dadar and Nagar Haveli Chandigarh

Chhattisgarh Mizoram

Uttarakhand D & N H

Manipur Sikkim

Meghalaya Arunachal Pradesh

Arunachal Pradesh Puducherry

Sikkim A & N

Himachal Pradesh Meghalaya

Chandigarh Ladakh

Moderately Low Risk (10) Goa

Madhya Pradesh Himachal Pradesh

Gujarat UK

Delhi Chhattisgarh

Andhra Pradesh Jharkhand

Tamil Nadu Odisha

Bihar Assam

Nagaland Haryana

Karnataka J & K

Assam Kerala

Jharkhand Delhi

46 X GJRA - GLOBAL JOURNAL FOR RESEARCH ANALYSIS

VOLUME - 9, ISSUE - 11, November - 2020 • PRINT ISSN No. 2277 - 8160 • DOI : 10.36106/gjra



[cited 2020 Aug 6]. p. 185–93. Available from: /pmc/ articles/ PMC7162753/ ? 
report=abstract

10.  Barrett C, Bisset K, Leidig J, Marathe A, Marathe M. Economic and social 
impact of inuenza mitigation strategies by demographic class. Epidemics 
[Internet]. 2011 Mar [cited 2020 Aug 6];3(1):19–31. Available from: 
/pmc/articles/PMC3039122/?report=abstract

11.  Fenichel EP. Economic considerations for social distancing and behavioral 
based policies during an epidemic. J Health Econ [Internet]. 2013 Mar [cited 
2020 Aug 6];32(2):440–51. Available from: /pmc/ articles/ PMC 3659402/ ? 
report=abstract

12.  Thunström L, Newbold SC, Finnoff D, Ashworth M, Shogren JF. The Benets 
and Costs of Using Social Distancing to Flatten the Curve for COVID-19. J 
Benet-Cost Anal [Internet]. 2020 Apr 28 [cited 2020 Aug 6];1–17. Available 
from: /pmc/articles/PMC7242774/?report=abstract

13.  Gopalan HS, Misra A. COVID-19 pandemic and challenges for socio-
economic issues, healthcare and National Health Programs in India 
[Internet]. Vol. 14, Diabetes and Metabolic Syndrome: Clinical Research and 
Reviews. Elsevier Ltd; 2020 [cited 2020 Aug 6]. p. 757–9. Available from: 
/pmc/articles/PMC7261093/?report=abstract

14.  WHO Coronavirus Disease (COVID-19) Dashboard | WHO Coronavirus 
Disease (COVID-19) Dashboard [Internet]. [cited 2020 Aug 6]. Available from: 
https://covid19.who.int/?gclid=EAIaIQobChMIl82H8fSF6wIVjDgrCh0JtA6wE
AAYASAAEgLURPD_BwE

15.  #IndiaFightsCorona COVID-19 in India, Corona Virus Tracker | mygov.in 
[Internet]. [cited 2020 Aug 6]. Available from: https://www.mygov.in/covid-19

16.  COVID-19 Data Dashboard - Overview | NHSN | CDC [Internet]. [cited 2020 
Aug 6]. Available from: https://www.cdc.gov/nhsn/covid19/report-overview. 
html

17.  Muniz-Rodriguez K, Chowell G, Cheung C-H, Jia D, Lai P-Y, Lee Y, et al. 
Doubling Time of the COVID-19 Epidemic by Chinese Province. medRxiv  
Prepr Serv Heal Sci [Internet]. 2020 Apr 24 [cited 2020 Aug 5];2020. 02.05. 
20020750. Available from: https:// doi.org/ 10.1101/ 2020. 02.05. 20020750

18.  COVID-19 Surveillance Dashboard [Internet]. [cited 2020 Aug 6]. Available 
from: https://nssac.bii.virginia.edu/covid-19/dashboard/

19.  COVID-19 Data Dashboard� :: Washington State Department of Health 
[Internet]. [cited 2020 Aug 6]. Available from: https:// www. doh. wa. gov/ 
Emergencies/NovelCoronavirusOutbreak2020COVID19/DataDashboard

20.  Jose A, Salim A, George N, Subhash S. COVID-19 IN INDIA: MODELLING, 
FORECASTING AND STATE-WISE COMPARISON. medRxiv [Internet]. 2020 
Jun 16 [cited 2020 Aug 5];2020.06.15.20131375. Available from: http:// medrxiv. 
org/content/early/2020/06/16/2020.06.15.20131375.abstract

21.  Zhou L, Liu JM, Dong XP, McGoogan JM, Wu ZY. COVID-19 seeding time and 
doubling time model: An early epidemic risk assessment tool. Infect Dis 
Poverty [Internet]. 2020 Jun 23 [cited 2020 Aug 5];9(1):76. Available from: 
https://idpjournal.biomedcentral.com/articles/10.1186/s40249-020-00685-4

22.  Musa SS, Zhao S, Wang MH, Habib AG, Mustapha UT, He D. Estimation of 
exponential growth rate and basic reproduction number of the coronavirus 
disease 2019 (COVID-19) in Africa. Infect Dis Poverty [Internet]. 2020 Jul 16 
[cited 2020 Aug 5];9(1):96. Available from: https:// idp journal. biomedcentral. 
com/articles/10.1186/s40249-020-00718-y

23.  Zhao S, Lin Q, Ran J, Musa SS, Yang G, Wang W, et al. Preliminary estimation 
of the basic reproduction number of novel coronavirus (2019-nCoV) in China, 
from 2019 to 2020: A data-driven analysis in the early phase of the outbreak. 
Int J Infect Dis [Internet]. 2020 Mar 1 [cited 2020 Aug 5];92:214–7. Available 
from: https://doi.org/10.1016/j.ijid.2020.01.050

24.  Ranjan R. COVID-19 Spread in India: Dynamics, Modeling, and Future 
Projections. medRxiv [Internet]. 2020 Jun 14 [cited 2020 Aug 5]; 2020.06.12. 
20129197. Available from: http:// medrxiv. org/ content/ early/ 2020/06/14/ 
2020.06.12.20129197.abstract

25.  Kucharski AJ, Russell TW, Diamond C, Liu Y, Edmunds J, Funk S, et al. Early 
dynamics of transmission and control of COVID-19: a mathematical 
modelling study. Lancet Infect Dis [Internet]. 2020 May 1 [cited 2020 Aug 
6];20(5):553–8. Available from: https://pubmed.ncbi.nlm.nih.gov/32171059/

26.  Anastassopoulou C, Russo L, Tsakris A, Siettos C. Data-based analysis, 
modelling and forecasting of the COVID-19 outbreak. PLoS One [Internet]. 
2020 [cited 2020 Aug 6];15(3). Available from: https:// pubmed. ncbi. nlm. nih. 
gov/32231374/

27.  Giordano G, Blanchini F, Bruno R, Colaneri P, Di Filippo A, Di Matteo A, et al. 
Modelling the COVID-19 epidemic and implementation of population-wide 
interventions in Italy. Nat Med [Internet]. 2020 Jun 1 [cited 2020 Aug 
6];26(6):855–60. Available from: https://pubmed.ncbi.nlm.nih.gov/32322102/

28.  Tuite AR, Fisman DN, Greer AL. Mathematical modelling of COVID-19 
transmission and mitigation strategies in the population of Ontario, Canada. 
CMAJ [Internet]. 2020 May 11 [cited 2020 Aug 6];192(19):E497–505. Available 
from: https://pubmed.ncbi.nlm.nih.gov/32269018/

29.  Shen CY. Logistic growth modelling of COVID-19 proliferation in China and 
its international implications. Int J Infect Dis [Internet]. 2020 Jul 1 [cited 2020 
Aug 6];96:582–9. Available from: https://pubmed.ncbi.nlm.nih.gov/32376306/

30.  Liu M, Ning J, Du Y, Cao J, Zhang D, Wang J, et al. Modelling the evolution 
trajectory of COVID-19 in Wuhan, China: experience and suggestions. Public 
Health [Internet]. 2020 Jun 1 [cited 2020 Aug 6];183:76–80. Available from: 
https://pubmed.ncbi.nlm.nih.gov/32442842/

31.  Maleki M, Mahmoudi MR, Wraith D, Pho KH. Time series modelling to forecast 
the conrmed and recovered cases of COVID-19. Travel Med Infect Dis 
[Internet]. 2020 [cited 2020 Aug 6]; Available from: https:// pubmed. ncbi. nlm. 
nih. gov/32405266/

32.  Clark A, Jit M, Warren-Gash C, Guthrie B, Wang HHX, Mercer SW, et al. 
Global, regional, and national estimates of the population at increased risk of 
severe COVID-19 due to underlying health conditions in 2020: a modelling 
study. Lancet Glob Heal [Internet]. 2020 Aug [cited 2020 Aug 6];8(8):e1003–17. 
Available from: https://pubmed.ncbi.nlm.nih.gov/32553130/

33.  Jia Z, Lu Z. Modelling COVID-19 transmission: from data to intervention 
[Internet]. Vol. 20, The Lancet Infectious Diseases. Lancet Publishing Group; 
2020 [cited 2020 Aug 6]. p. 757–8. Available from: https:// pubmed. ncbi. nlm. 
nih.gov/32246906/

34.  Zhuang Z, Zhao S, Lin Q, Cao P, Lou Y, Yang L, et al. Preliminary estimation of 
the novel coronavirus disease (COVID-19) cases in Iran: A modelling analysis 

based on overseas cases and air travel data. Int J Infect Dis [Internet]. 2020 
May 1 [cited 2020 Aug 6];94:29–31. Available from: https:// pubmed. ncbi. nlm. 
nih.gov/32171951/

35.  Duan X, Zhang X. ARIMA modelling and forecasting of irregularly patterned 
COVID-19 outbreaks using Japanese and South Korean data. Data Br 
[Internet]. 2020 Aug 1 [cited 2020 Aug 6];31. Available from: https:// pubmed. 
ncbi.nlm.nih.gov/32537480/

36.  Davies NG, Kucharski AJ, Eggo RM, Gimma A, Edmunds WJ, Jombart T, et al. 
Effects of non-pharmaceutical interventions on COVID-19 cases, deaths, and 
demand for hospital services in the UK: a modelling study. Lancet Public Heal 
[Internet]. 2020 Jul 1 [cited 2020 Aug 6];5(7). Available from: https:// pubmed. 
ncbi.nlm.nih.gov/32502389/

37.  Vasconcelos GL, Macêdo AMS, Ospina R, Almeida FAG, Duarte-Filho GC, 
Brum AA, et al. Modelling fatality curves of COVID-19 and the effectiveness of 
intervention strategies. PeerJ [Internet]. 2020 Jun 23 [cited 2020 Aug 
6];8:e9421. Available from: https://pubmed.ncbi.nlm.nih.gov/32612894/

38.  Ambikapathy B, Krishnamurthy K. Mathematical modelling to assess the 
impact of lockdown on COVID-19 transmission in India: Model development 
and validation. J Med Internet Res [Internet]. 2020 May 1 [cited 2020 Aug 
6];22(5). Available from: https://pubmed.ncbi.nlm.nih.gov/32365045/

39.  Kumar A, Rani P, Kumar R, Sharma V, Purohit SR. Data-driven modelling and 
prediction of COVID-19 infection in India and correlation analysis of the virus 
transmission with socio-economic factors. Diabetes Metab Syndr Clin Res 
Rev [Internet]. 2020 Sep 1 [cited 2020 Aug 6];14(5):1231–40. Available from: 
https://pubmed.ncbi.nlm.nih.gov/32683321/

40.  Chowdhury R, Heng K, Shawon MSR, Goh G, Okonofua D, Ochoa-Rosales C, 
et al. Dynamic interventions to control COVID-19 pandemic: a multivariate 
prediction modelling study comparing 16 worldwide countries. Eur J 
Epidemiol [Internet]. 2020 May 1 [cited 2020 Aug 6];35(5):389–99. Available 
from: https://pubmed.ncbi.nlm.nih.gov/32430840/

41.  Fernández-Recio J. Modelling the Evolution of COVID-19 in High-Incidence 
European Countries and Regions: Estimated Number of Infections and 
Impact of Past and Future Intervention Measures. J Clin Med [Internet]. 2020 
Jun 11 [cited 2020 Aug 6];9(6):1825. Available from: https:// pubmed. ncbi. nlm. 
nih. gov/32545264/

42.  Kasilingam D, Prabhakaran S. S, Dinesh Kumar R, Rajagopal V, Santhosh 
Kumar T, Soundararaj A. Exploring the Growth of COVID-19 Cases using 
Exponential Modelling Across 42 Countries and Predicting Signs of Early 
Containment using Machine Learning. Transbound Emerg Dis [Internet]. 
2020 Aug 4 [cited 2020 Aug 6];tbed.13764. Available from: https:// online 
library.wiley.com/doi/abs/10.1111/tbed.13764

43.  Bertozzi AL, Franco E, Mohler G, Short MB, Sledge D. The challenges of 
modeling and forecasting the spread of COVID-19. Proc Natl Acad Sci 
[Internet]. 2020 Jul 2 [cited 2020 Aug 5];117(29):202006520. Available from: 
https://www.pnas.org/content/117/29/16732

44.  NDMA Orders & Advisories - National Disaster Management Authority 
[Internet]. [cited 2020 Aug 6]. Available from: https://ndma.gov.in/en/media-
public-awareness/ndma-orders-advisories.html

45.  Ghosal S, Bhattacharyya R, Majumder M. Impact of complete lockdown on 
total infection and death rates: A hierarchical cluster analysis. Diabetes 
Metab Syndr Clin Res Rev [Internet]. 2020 Jul 1 [cited 2020 Aug 
6];14(4):707–11. Available from: https://pubmed.ncbi.nlm.nih.gov/32426062/

46.  Krishan K, Kanchan T. Lockdown is an effective “vaccine” against COVID-19: 
A message from India. J Infect Dev Ctries [Internet]. 2020 Jun 30 [cited 2020 
Aug 6];14(6):545–6. Available from: https:// pubmed. ncbi. nlm. nih. gov/ 32 68 
3342/

47.  Lahiri A, Jha SS, Bhattacharya S, Ray S, Chakraborty A. Effectiveness of 
preventive measures against COVID-19: A systematic review of In Silico 
modeling studies in indian context. Indian J Public Health [Internet]. 2020 Jun 
1 [cited 2020 Aug 6];64(Supplement):S156–67. Available from: https:// 
pubmed. ncbi.nlm.nih.gov/32496248/

48.  (No Title) [Internet]. [cited 2020 Aug 5]. Available from: https:// pib. gov. in/ 
PressReleasePage.aspx?PRID=1627965

  X 47GJRA - GLOBAL JOURNAL FOR RESEARCH ANALYSIS

VOLUME - 9, ISSUE - 11, November - 2020 • PRINT ISSN No. 2277 - 8160 • DOI : 10.36106/gjra


