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Mathematical modeling Medline, google scholar, MedRxiv, and BioRxiv were searched. Later, hand searching for the articles
COVID-19 and contactingknown modelers for unpublished models was resorted. The data from the included
India studies were extracted by the two investigators independently and checked by third researcher.

Results: Based on the literature search, 30 articles were included in this review. As narrative
synthesis, data from the studies were summarized in terms of assumptions, model used,
predictions, main recommendations, and findings. The Pearson’s correlation coefficient (r)
between predicted and actual values (n = 20) was 0.7 (p = 0.002) with R2 = 0.49. For Sus-
ceptible, Infected, Recovered (SIR) and its variant models (n = 16) ‘r’ was 0.65 (p = 0.02). The
correlation for long-term predictions could not be assessed due to paucity of information.
Conclusion: Review has shown the importance of assumptions and strong correlation be-
tween short-term projections but uncertainties for long-term predictions. Thus, short-term
predictions may be revised as more and more data become available. The assumptions too
need to expand and firm up as the pandemic evolves.
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Introduction

Outbreaks of infectious diseases encompassing entire nations
or civilizations are known to humankind since antiquity. Tolist
a few from the long list, biblical pharaonic plagues in Ancient
Egypt (1715 BC)", the ‘cocoliztli’ epidemics in Mesoamerican
native population during the 16th century,” bubonic plague in
Europe (1348), pandemic influenza (1918—1919) affecting
America, Europe, Asia, and Africa, less severe influenza pan-
demics in 1957 and 1963, Human Immuno-deficiency virus
(HIV) (1981), Severe acute respiratory syndrome (SARS) (2003),
pandemic HIN1 (2009), Middle East respiratory syndrome
(MERS) (2012), avian influenza (H7N9), and Ebola (2014—16).

The quest of scientists and researchers to predict the dy-
namics and progress of a novel epidemic/pandemic through
the population results in use of various techniques and ap-
proaches of mathematical modeling and in turn leads to a
plethora of models with varying assumptions and approaches.

The initial mathematical model credit goes to Bernoulli et
al. * who analyzed the mortality due to smallpox in England,
wherein he showed that inoculation against the virus would
increase the life expectancy at birth by approximately three
years.

Later, the foundations of mathematical modeling for in-
fectious diseases were established by Kermack et al.” The
early models classified the persons as susceptible, infected
(infectious), and recovered (SIR).° Further improvements saw
more complex compartmental models, utilization of age
structure, stochastic transmission models, and so on. Over the
years and with each epidemic/pandemic, newer approaches
and softwares including machine learning are being used for
mathematical modeling. The three main categories of infec-
tious disease models are as follows: statistical based; mathe-
matical/mechanistic state space; and empirical/machine
learning based.”

Mathematical models for infectious diseases and their sta-
tistical tools have become an integral part of the inputs for
planning control and mitigation measures. These models pro-
vide us opportunities to test various strategies in simulations
before applying them in populations or individuals.® Mathe-
matical modeling for infectious diseases uses many sources of
data and various assumptions. The predictions made by the
model's virtual world should be relevant to reality, and the
model needs to be as close to the reality in real world. Robust
predictions can never be expected from vague/incomplete/
wrong assumptions. Efforts toward simplification, approxi-
mation, idealization, and abstraction lead to all models as
partial descriptions of the mechanisms operating in reality.
Thus, robustness of each model needs to be assessed based on
whether its assumptions approximately correspond to reality
or not.

SARS-Cov-2, emerged on the horizon in late December 2019
when few local health authorities in China reported clusters of
patients with pneumonia of unknown cause. The surveillance
mechanism established during 2003 SARS outbreak helped in
identification of the pathogen (SARS-CoV-2).>™°

The SARS-CoV-2 infection has spread in 210 countries as of
24 April 2020 with 2,697,316 cases and 188,857 fatalities.’* In
India, the first case was reported on 30 January 2020, and the

numbers gradually increased till 03 March after which the per
day increase has been faster with current tally of 21,700
infected and 686 dead."”

The mathematical modeling of this evolving pandemic in
India has been attempted by a wide range of researchers from
the very beginning of cases in India. An initial analysis of
these models regarding India revealed large variations in
scope, assumptions, prediction on numbers, the course of the
pandemic in India, effect of various interventions, effect on
health care services, and so on.

The literature search did not reveal any review of available
models and thus, this study was conducted as a rapid review
of the mathematical models used for prediction of Coronavi-
rus disease (COVID-19) in India for narrative synthesis and to
assess correlation between predicted and actual value of cases
in India.

Materials and Methods

A review protocol was prepared and uploaded in Prospero for
registration (Registration ID - CRD42020180513). All articles on
mathematical models on the COVID-19 on India were
included in the study with predefined inclusion and exclusion
criteria. Because this review pertains to different types of
mathematical modeling, it did not fit into any types of present
guidelines available for systematic review, and thus it is being
titled as a rapid review, and narrative synthesis was con-
ducted as first objective. However, the Preferred Reporting
Items for Systematic Reviews and Meta-Analyses (PRISMA)
guidelines were followed to the extent possible.

Inclusion and exclusion criteria

To be included in this rapid review, eligible studies had to
meet the following criteria: (a) study of predictive modeling;
and (b) studies carried out only for India or as part of multi-
countries predictive model with India as one of the countries.
The studies that were not included in the rapid review were as
follows: (a) perspective studies without modeling; and (b)
studies or reviews without modeling. Studies published in
English were only included in the rapid review.

Literature search (search strategy)

A comprehensive two-step search strategy was formulated
and adopted. First, the literature searches through databases
(Medline, google scholar, MedRxiv and BioRxiv) were carried
out. All the articles submitted to these databases for COVID
were searched. The literature search was carried out till 10:00
AM on 22 April 2020 (IST). The search strategy for Medline
using Pubmed has been provided as Supplementary File No.1.
In second step, hand searching of the articles was carried out,
and known modelers were also contacted for unpublished
modeling of the Indian COVID data.

Data extraction

The data from the included studies were extracted on data
extraction form by the two investigators, (2) and (3) indepen-
dently. In case of the discordance in the data, the same was
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resolved with discussion involving the third senior researcher
(1). The extracted data were tabulated in the form of two ta-
bles. The data were extracted for the following variables: type
of mathematical models; software used; profession of mod-
elers; effect of lockdown studied or not; assumptions used,;
peak infected numbers; data and data sources. Main summary
measures were peak infection rate and predicted value for the
number of COVID cases. Because the data used for mathe-
matical modeling is based on the hard data acquired from
different sources, the predicted number may change in indi-
vidual study, based on mathematical models used and as-
sumptions taken. The data on peak infected infection if
feasible would be averaged out in models giving predictions
on full cycle on epidemics. In few studies, based on the
mathematical modeling, the predicted value was calculated if
not provided in the manuscript. Predicted values were plotted
against actual values of the same date of epidemic. The rela-
tionship between predicted and actual value was explored
using coefficient of determination. For the non-quantitative
variables, qualitative synthesis was attempted.

The statistical software StataCorp. 2013, Stata Statistical
Software: Release 13, College Station, TX: StataCorp LP was
used for statistical analysis. The p value of less than 0.05 was
taken as statistically significant.

Results

Based on the literature search, 30 studies were selected for
inclusion in the rapid review.*>*? The PRISMA chart is as
shown in Fig. 1. The study characteristics including variables

studied, lockdown effect, date of data collection, and peak
infected numbers are shown in Table 1.

The data extracted from 30 research articles showed that
the modeling on the data available in public domain started as
early as 21 March 2020."® The latest data used for modeling
was of 13 April 2020.*° Mathematical techniques used for
modeling were also varied. Types of models used have been
depicted in Fig. 2, which shows that most studies (17, 56%)
were published using SIR model or its variant. The assump-
tions made by different models regarding R, (R Naught), in-
fectious period, recovery time, serial interval, and so on, are
given in Table 2. Varied professionals have indulged in
modeling on data available in various public platform for
India, these included doctors or medical researchers (10, 34%),
mathematician/physicist/engineer (13, 45%), biostatistician (2,
7%), and others (4, 14%) similar to in horticulture, and so on.
Most common statistical software used was R (11, 37%) fol-
lowed by Python (6, 20%) and Matrix laboratory (MATLAB) (4,
13%). A total of 9 studies (30%) did not mention any software.

Few of the models provided only predictive models without
predicting the course of pandemic in India,'®*%?*%8 whereas
few others predicted the entire course with peak infected
values of pandemic in India.*****%%°

Of 30 mathematical models, 20 have predicted the number
of cases in future. Of these 20, four predictions were outliers
and hence were not plotted.'*”*?>*? The scatter diagram for
predicted and actual values at a particular timeline of sixteen
studies in model is shown in Fig. 3. The Pearson's correlation
coefficient for short-term predictions is 0.7 (p = 0.002), indi-
cating strong correlation and the coefficient of determination
(R?) is 0.49, signifying that 49% variation in actual data is being
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Fig. 1 — PRISMA chart.
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Table 1 — Study characteristics of mathematical modeling studies.

SNo Reference Characteristics and factors studied Last date of Peak infected numbers/predicted number
data collection

1. 3 ‘q’ metric - varying value of quarantine, 21 March 2020 364 million cases and 1.56 million deaths overall with peak by
infected population, peak numbers, age stratified ICU admissions, and fatality rate mid-July 2020 with q1 matrix

2 b Mathematical framework using exponential and sigmoid type function. Result of 13 April 2020 Values 10* and 10°, Peak of cases expected in end May/June,
different states using the mathematical framework respectively in different states

3 " Quarantine (hidden nodes) and effect of lockdown and relaxations. Lockdown in 29March 2020 197,200 cases after relaxation of 6 days after 15 days lockdown
multiple phases is studied

4 6 Rate of growth is different in different state. Effect of climate and population density was 10 April 2020 NA
studied

5 e Prediction of the number of deaths 26 March 2020 Projected death rate (n) is 211 and467 at the end of the 5th and

6th week from 26 March

6 8 Short-term forecasting for maximum cases and new cases 02 April 2020 12,500 cases on 20 April 2020

7 9 Present situation of India, theoretical aspects of R(0) 28 March 2020 Not mentioned

8 20 Long- and short-term effects of initial 21 days lockdown and study alternative 07 April 20 9181 cases on April 30
explanation for slower growth rate like temperature

9 2 Impact of social distancing measures - workplace non-attendance, school closure, 25 March 2020 167 million on 02 July 2020
lockdown—and their efficacy with duration was investigated

10 22 Parameters and indicators that quantify the growth and spread of diseases. Infected 07 April 2020 22,000 in last week of April. By July India will get over COVID-19
population, peak infected number of cases, were calculated

11 2 Predictions; RO; and Public health preparedness. 03 April 2020 2,49,635 cases and 18,739 deaths until the end of April
Reproduction number, Herd Immunity, Requirements for hospitalization and ICU,
cumulative cases

12 2 Peak date and total number of infections considering the lockdown 11April 2020 2.2 x 10°cases on 31 May 2020

13 2 Model fitting and predictions for number of cases for next two weeks. 30 March 2020 5300—6135 cases till 13 April 2020

14 26 Effect of social distancing, infected population, peak numbers, and peak date 31 March 2020 17,525,869 peak cases in third week of June

15 2 Estimated parameters such as R(0), infected population, peak numbers, mean serial 12 April 2020 Mid-July to early August 2020 with around 12.5% of population
interval, daily epidemic growth rate, doubling time, CFR will be infected

16 2 Effect of power-law behavior: transition from exponential regime to power law may act 7 April 2020 Not mentioned
as an indicator of flattening of curve

17 29 Estimation of new cases and effect of lockdown 01 April 2020 31 days to all population in unconstrained environment

18 0 Analysis of age and sex of COVID-19 cases, using SIR model range of contact rate and 04 April 2020 5583 to 13,785 active cases by 14 April 2020
public health intervention was assessed.

19 a Forecasting COVID-19 for number of new cases, deaths, and drop down in recovery rate =~ 28 March 2020 5200 or 6378 cases and 197 deaths by 29 April 2020

20 2 Predictions for COVID-19 outbreak in India. 30 March 2020 13,000 final cases by end of May
Modeled along with social distancing.
Peak infected number of cases

21 s Effect of lockdown, short-term predictions, effect of social distancing, effect of religious 08 April 2020 86,864 cases by 02 May 2020
event, identification of prominent clusters

22 24 Estimating the final epidemic size for COVID-19 08 April 2020 Range of final cases between 16,916 and 36,323

23 » COVID-19 case data of 5 countries, short-term forecasting, case fatality rate considering 04 April 2020 800 cases on 14 April
lockdown

24 * Effect of travel restriction and quarantine, delay in introduction of infection in India and 26 February 2020  46% of infected travelers would not be detected by thermal

estimated infected cases, percent reduction in hypothetical peak

screening at airport exit and entry

08¢
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Not mentioned

04 April 2020

Impact of lockdown, contact and non-contact transmissions on infection dynamics,

37

25

premature withdrawal of lockdown is likely to promote a rapid and sharper infection

peak, infected population, impact of lockdown duration on primary and secondary peak

dynamics

Not mentioned

09 April 2020

Impact of various parameters such as weather, vaccination (BCG), lockdown on COVID-

19.

38

26

2412 to 10,307 cases as on 14 April 2020

01 Apr 2020

Cases in 6 countries including 3 Indian states with power law exponent with future

39
predictions

27

1,59,939 infections instead of 5480 confirm cases on 08 April

2020

08 April 2020

Detection rate of SARS-CoV-2 infections based on data on age distribution, infection

fatality rates, reported death, and confirmed case

28

Entire population 1st week of July 2020

10 April 2020

Interpret existing data with respect to other countries and deviation trend due to

41
lockdown

29

50,00,000 cases in June 2020

03 April 2020

Risk assessment of COVID-19 pandemic in India and impact of lockdown

42

30

2,7%

B SIR/SEIR*

m EXP/GEOMETRIC
Linear Regression

M Logistic

Regression
m Arithmetic/Other

Fig. 2 — Type of mathematical modeling used for modeling
COVID-19, *SIR, susceptible, infectious, recovered; SEIR,
susceptible, exposed, infectious, recovered.

accounted for by the predicted value. The Pearson's correla-
tion between SIR or its variant models (total 12) was 0.65
(p = 0.02), indicating moderate to strong correlation.** For
other type of models' subgroup analysis could not be per-
formed due to less numbers of studies in subgroups.

Discussion

captured by these models.

SIR, susceptible, infected (infectious), and recovered;

In India, the first case was detected on 30 January 2020 and the
number of cases from 02 February 2020 to 01 March 2020
remained three. The cases are being regularly reported from
02 March onward. There was a sudden increase in number of
cases on 04 March 2020 due to various reasons, one of those
being change in testing policy.”® Thereafter, the data
regarding increase in testing, cases and deaths is consistent
and amenable to model. The earliest SEIR modeling was per-
formed on the data from 05 March 2020 to 23 March 2020."*
The majority were based on SIR or its modification, which
was first introduced by Kermack et al.” and since then is
popular for modeling of infectious diseases. All SIR (or its
modifications) have certain assumptions, many of which act
as model limitations. The commonest ones being fixed, ho-
mogenous population, random mixing, compartmentaliza-
tion, not catering to change in population dynamics and agent
characteristics during the epidemics. Although the approach
is flexible to cater for all the assumptions, it increases in
complexity and interpretation and moreover, many a times
data are not available on aforementioned assumptions.
Arithmetic, geometric, and exponential progressions are
other methods of prediction. Linear regression models also
include its variations such as Lasso and ridge regression.
Although they are easy to understand and good for short-term
predictions, their inherent properties preclude them from
being accurate for long-term predictions as is evident from
our review of these models.”’*® Even techniques such as
autoregression integrated moving average, used alone or in
combination with wavelet transformation may be improved
upon by use of repressor.”’** However, because they are based
on time series, any deviations from the past may not be
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Table 2 — Model, assumptions, data sources and software's used.

S No Reference

Model used

Assumptions/estimated

Data source

Software used

1.

10.
11.

12.

13.

14.

15.

16.

17.

13

16

18

19

20

21

22
23

24

25

26

27

28

29

SEIR (Susceptible, exposure, infectious and
recovered)
(Modified for effect of quarantine)

SIR, Social distancing matrix, Bayesian error
propagation analysis

Arithmetic Progression; Tree-based model
structure

Susceptible-Infectious-Quarantined-Recovered

(SIQR)

SIR model and tanh model
SIRD (susceptible, Infectious, recovered, death)
model and Sequential Bayesian method (SBM)

Exponential growth model

Multiple and linear regression analyses

Lasso regression

SIR model

Exponential fit models and polynomials
equations

Geometric progression

SIR model

SEIR (Modified for effect of social distancing)

Autoregression integrated moving average model
(ARIMA), SIR and Richard's model

Exponential model, logistic model,

SIR Model

SEIR & Regression model

N = 1375.98 million,

Incubation period = 5.1, Infectious period = 7,
RO = 2.28, Growth rate of the epidemic in

India = 1.15. Herd immunity may be achieved
when 55—65% of population infected

All cases to be symptomatic (less severe effect)
RO = 2.108

RO =19

One infective node infects another infective node
in 2.3 days, Recovery rate = 4 days.

RO = 1.55,

Epidemic doubling time = 4.10 days;
Incubation Period = 05 days; Infected to
quarantine ratio = 10.45

No assumptions regarding RO

RO = 1.42—1.85, Mean serial interval = 3.9 days,
Index case can infect 2.8 individuals, mean
recovery time = 14 + 5.3 days, doubling

time = 4.30 days.

RO = 2.56, herd immunity as 61%,

Serial Interval = 4.4 days

No assumptions regarding RO, Projected death
rate (n)is 211 and 467 at the end of the 5th and 6th
week, respectively w.e.f. 26 Mar 20. CFR = 1.650
No assumptions regarding RO

RO =26
NA

RO = 2.26, Rate of infection = 1.92 days. Recovery
time = 14 days

RO = 2.4—2.9. Median age of COVID-19

patients = 36 yrs. CFR = 3.8%,75.0% of the
deceased were also males

N = 133.92 crores

1/time incubation = 1/5

1/time infection = 1/7

RO =1.8 and 2.2

Studied as varying value of Rho (0—1) with 1 as no
intervention and 0 as complete lockdown.

No assumptions regarding RO

RO = 1.504
Initial doubling times = 4.8 days
RO = 2.02

Web site: World meters
MoHFW

Web site: World meters, population
pyramid sites
Web site: World meters, WHO

Web site: World meters,
WHO

MOHFW, census registrar
Web site: World meters

Web site:MoHFW, WHO,
covid19india.org

Website: covid19india.org and
WHO

Web site: MoHFW, covid19india.
org

Web site: MOHFW

Web site: World meters

Web site:
World meters
Website: covid19india.org

Web site: World meters
MoHFW

Web site: Johns Hopkins Corona
Virus Resource Center

Web site: John Hopkins University
Coronavirus Data Stream

Web site: John Hopkins University
Coronavirus Data Stream

MATLAB/Simulink Release 2018b,
MS Excel with Sim Voi

Python

Not mentioned

Not mentioned

R
R software and Package ggplot2

Not mentioned

Python 3.8.2 software&excel with
XL-STAT statistical software

Prophet Python

Not mentioned
Python

Not mentioned

Microsoft Office Excel 2007

Python

R
MATLAB

R

[4:1
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18.

19.

20.

21.

22.

23.

24,

25

26.

27.
28.

29.

30.

30

31

32

33

34

35

36

37
38

39
40

41

42

Exponential and polynomial regression modeling No Assumptions regarding RO

Exponential, logistic, SIR, generalized SEIR
(SEIQRDP) Model

Regression based predictive model

Hybrid model approach (ARIMA& Wavelet
transformation)

SEIR (modified for quarantine)

SEIR models

Linear regression correlation, Pearson's
correlation

SIR (susceptible, infected, recovered) model

Model proposed by Bommer and Vollmer

Logistic model
logistic model

SEIR Model

eSIR

Death rate = 3%

Doubling rate = 4.1-7.1 days
Infection ratio = 4%

DR (%) = 3.28

CFR = 2-3%

No assumptions regarding RO

No assumptions regarding RO
RO = 1.5 to 4.98

50% relative contribution of non-contact
transmission increases RO by 15—35%, a 150%
relative contribution can double it

No Assumptions regarding RO

No assumptions regarding RO

India's detection rate = 3.6% below the world
average of 6%. Maharashtra (1.8%)

No assumptions regarding RO

No Assumptions regarding RO

RO = 1.4 to 3.9.

Death rate = 1-3%

RO = 2 (no intervention)

RO = 1.5 Moderate intervention

Web site: MOHFW& John Hopkins
University Coronavirus Data
Stream

Web site: John Hopkins University
Coronavirus Data Stream

Web site: World meters
covid19india.org

Web site: World meters
ourworldindata.org/coronavirus
Web site: WHO, DG of Civil
aviation; Statistics' and reports
Web site: CDC COVID-19 report, 20,
WHO report, 2019

Web site: WHO site, Historical
Weather

Website: covid19india.org
Website: covid19india.org, ICMR

Web site: World meters, Wikipedia
Web site: covid19india.org,
Wikipedia

Web site: MOHFW, India

Website: Johns Hopkins University

MATLAB

R
R
Not mentioned

MATLAB R2016b package

R

Not mentioned
Not mentioned

R
R

Python and R-Programming
languages
R

SIR, susceptible, infected (infectious), and recovered; SEIR, susceptible, exposed, infectious, recovered.
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Fig. 3 — Predicted and actual value of number of total cases for COVID cases in India. #The number in box is reference

number of studies.

There is a huge variation among the models in the
numbers, which may be attributed to different assumptions
by the models and because of mathematical models predicted
for different time periods. Hence it was not possible to syn-
thesize the pooled results. It is extremely important to un-
derstand the assumptions in the models. Our review showed
that few of models did not explicitly mention their assump-
tions,'”?>?*° whereas some had too few' or too many'® as-
sumptions in the models. The review brings out another
interesting fact about the wide varying assumptions used for
modeling, for example, the value of R° varied from 1.4 to 4.98.
Such assumptions over wide range have implications on the
number of cases which the models predict. These assump-
tions reflect uncertainty about the disease especially in an
evolving pandemic.

The study found a fair correlation for short-term predictions,
thus emphasizing the need for corrections of predictive models
as more and more data become available. We opine that long-
term predictions may be difficult as predictive models are
based on parsimonious inputs for sake of better understanding,
which with assumptions may not simulate real life scenarios.
However, these short-term predictions are equally important
for the health planners, decision makers, and so on, for
arrangement of adequate resources to tackle epidemics.

Complex or hybrid models with explicit assumptions
encompassing important ones such as effect of non-
pharmacological interventions, age structure, interactions,
stochasticity, quarantine, isolation, socioeconomics etc, are
required especially in an evolving epidemic as unique as
COVD-19. Most of the models did not incorporate uncertain
data, which is an important paradigm of epidemiology.
However, this could be attributed to less data to use for the

models to begin with and is not a comment on the approach or
the methodology adopted.

Another important contribution of mathematical models is
the qualitative information generated by each model, which
provides a range of inputs to the planners at various levels.
This review has provided narrative synthesis of 30 models and
can be used by modelers, planners and researchers.

The rapid availability of models with a large number of
those being non-peer reviewed as well as well as availability to
the lay press and their own interpretation is fraught with the
danger of models getting into disrepute. We as researchers and
planners need to look beyond the straightforward answers
from the models (magnitude, numbers, mortality) and instead
use models to try to implement policies which may change the
predictions by various scenarios for the greater public good. In
addition, models should be interpreted in the context of the
entire system, such as including other medical conditions, so-
cial, economic, cultural and ethical considerations. It should be
taken as just one of the inputs for planning purposes.

One of the recent examples of widening the scope is to use
eight stages of infection: susceptible (S), infected (I), diagnosed
(D), ailing (A), recognized (R), threatened (T), healed (H), and
extinct (E), collectively termed SIDARTHE.** Now with more
data availability, the future models for India may also look at
further refinements using different approaches and tools for
better use of quantitative outputs of the models.

Because mathematical modeling involves equations and
predictions are made by solving them, there is little scope of
subjectivity. The risk of bias as seen in other epidemiological
studies may not be quantified. Hence it differs from other
rapid review in this aspect. Explicit assumptions and the basis
of the assumptions should be included in every predictive


https://doi.org/10.1016/j.mjafi.2020.06.001
https://doi.org/10.1016/j.mjafi.2020.06.001

MEDICAL JOURNAL ARMED FORCES INDIA 76 (2020) 377—386

385

modeling study. Owing to varied assumptions and mathe-
matical models, it becomes difficult to synthesize the results.
Another important limitation is to check for the quality of
studies of the mathematical modeling. The consensus may
evolve over period of time but as of now there is lack of scale
for quantifying quality of study in mathematical modeling.

Conclusion and recommendations

This review has clearly shown the importance of assumptions
and strong correlation between short-term projections but
uncertainties for long-term predictions. The results for long-
term predictions could not be synthesized as very few studies
have provided the same. The short-term predictions may be
revised as more and more data become available. The as-
sumptions too will expand and firm up as the pandemic
evolves because at the start of pandemic, data are sparse and
making correct assumptions is difficult. Models with more
realistic assumptions may be developed subsequently. There
is a case for state-specific models in our country owing to the
large variation in assumptions for each state.
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Supplementary data to this article can be found online at
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