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ABSTRACT

The emergence of the novel Coronavirus in China’s Wuhan city, in late 2019, led to unprecedented health
challenges globally. This COVID-19 outbreak prompted significant transformation and adaptation in healthcare
systems worldwide. The foundation for administrative responses came primarily from diverse modelling and
forecasting approaches that informed government interventions, including lockdowns and preventive strategies
such as physical distancing. This resulted in mathematical modelling gaining extraordinary prominence.
Epidemiological experts have demonstrated exceptional dedication while facing considerable uncertainty,
generating crucial understanding about SARS-CoV-2 transmission patterns to inform public health strategies.
The abundance of information, coupled with discrepancies among various mathematical modelling reports,
necessitates a thorough yet focused examination of COVID-19 mathematical modelling approaches to address
existing doubts. Limited literature exists examining mathematical modelling applications and their influence
during India's COVID-19 outbreak. Therefore, this analysis aims to examine various mathematical modelling
approaches employed in India during COVID-19, addressing underlying assumptions, their influence on policy
decisions, and inherent model constraints.
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INTRODUCTION
COVID-19 was first reported from China’s Wuhan
city in late 2019 and later spread worldwide. (1)

mathematical modelling informing strategic
decisions during each stage. (6)
Healthcare systems internationally underwent

Currently, confirmed COVID-19 cases exceed 778
million globally, with reported fatalities surpassing
seven million. (2) This represents the most severe
pandemic following the 1918 Influenza outbreak,
generating economic losses measured in trillions.
(3-5) The World Health Organisation declared
pandemic status on March 11, 2020, prompting
India's government to implement an initial 21-day
national lockdown spanning March 25 through April
14, 2020. (1) Subsequently, four additional
lockdown phases were implemented, with

significant innovation and reorganisation in the
pandemic response. (7-9) Additionally, scientists
and decision-makers sought answers regarding
probable disease progression, optimal intervention
strategies, and anticipated effectiveness. (10) Such
considerations incorporated potential economic
ramifications. (11,12) Various modelling and
forecasting methods generated the majority of
evidence supporting governmental containment
strategies, including lockdowns and physical
distancing protocols.
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Daniel Bernoulli conducted the initial documented
mathematical analysis of disease transmission in
1760. (13) Ronald Ross applied similar methods to
Malaria in 1910. (14) Kermack and McKendrick
established a foundational compartmental
framework in 1927. (15-17) Compartmental
modelling became the predominant approach for
COVID-19 analysis, addressing numerous questions
despite limited information about this novel
pathogen, including optimal non-pharmaceutical
interventions, epidemic incidence projections,
hospitalisation predictions, mortality forecasting,
and behavioural change assessment regarding
policy compliance. (13,18-20) Different models
fulfill distinct objectives, necessitating evaluation
based on their specific projections, underlying data,
and foundational assumptions. (21)

Critical questions emerge regarding model
reliability, their appropriate weight in policy
formulation, and actual performance outcomes.
The following sections explore these issues: I.
Overview of mathematical modelling approaches
applied to India's COVID-19 situation; |II.
Examination of assumptions and related factors; Ill.
Model influence on policy development; IV. Model
constraints and limitations

MATERIAL & METHODS

A thorough search of literature was conducted

using PubMed and Google Scholar platforms to

locate pertinent COVID-19 modelling research
specific to India. Our search employed these
keywords: "COVID-19" AND "Modelling" AND

"India".

Since "COVID-19" terminology originated with the

pandemic's emergence in late 2019, no temporal

limitations were imposed on searches.

Inclusion criteria comprised:

e Research employing  mathematical or
computational modelling for COVID-19
transmission,  effects, or intervention
approaches within India

e  English language publications

e Studies containing sufficient methodological
information regarding assumptions,
parameters, and policy applications

Exclusion criteria included:

e Research lacking India-specific information or
context

e Descriptive or narrative analyses without
modelling elements

e We employed Preferred Reporting ltems for
Systematic Reviews and Meta-Analysis
(PRISMA) checklist for data extraction. The

flowchart of data extraction is depicted in
figure 1.

RESULTS AND DISCUSSION

Section | - Overview of mathematical modelling
approaches applied to India's COVID-19 situation
Multiple mathematical modelling techniques were
employed to forecast India's COVID-19 trajectory.
Table 1 summarises key characteristics of these
approaches and Table 2 describes the mathematical
models in detail.

Ambikapathy et al. created a dynamic modelling
framework in May 2020, utilising infected
population data spanning February 19 through
March 18, 2020, as model inputs. Strong
correlations emerged between actual cases and
model predictions across 14 nations, with India
showing a 0.9858 correlation. Their model
examined outcomes under 4-day, 14-day, and 21-
day lockdown scenarios, indicating that 14 or 21-
day lockdowns would achieve substantially greater
case reductions compared to 4-day restrictions.
(22)

Figure 1: PRISMA flow diagram of data extraction

Records identified from Pubmed Records removed before
and Google scholar screening:

(n=557)

Duplicates (n =82)

Identification

Records Excluded (n = 433):
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on-English studies
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Screening

Full-text articles assessed Reports Excluded (n = 26):
(n=42) Insufficient methods (n = 18)

Narrative only (n = 8)

Total Studies Included (n = 16)

Included

In April 2020, Chatterjee et al. employed an
expanded version of the conventional SIR
framework from Kermack and McKendrick, termed
SEIQRD (incorporating Susceptible, Exposed,
Infected, Quarantined, Recovered, and Dead
compartments). Their analysis suggested that
prompt implementation of non-pharmaceutical
interventions could still control the epidemic,
projecting 241,974 (+33,735) cumulative infections,
10,214 (+1649) hospital admissions, 2121 (+334)
intensive care requirements, and 1081 (+169)
fatalities. Following rapid NPl deployment, actual
cases by May 25th totalled 144,950, considerably
below projections. (23)
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Table 1: Salient features of various mathematical models used during the COVID-19 Pandemic in India

Mehto AK, et al: Mathematical models and their Policy implications on...

SN Aim Author  Model Mon Year Place  Results
th
1 Projecting TB patient numbers co-infected Marimu  SEIR May 2020 Delhi Maximum SARS-CoV-2-TB co-infection anticipated on day 94
with SARS-CoV-2 experiencing severe thu et or day 138 (with intervention: 20,880 cases versus without
illness  throughout Delhi's COVID-19 al. intervention: 27,968 cases)
outbreak
2 Developing mathematical framework for Ambika  Dynamic model May 2020 India Lockdowns of 21 or 42 days demonstrate superior
forecasting India's epidemic trajectory and  pathy et effectiveness compared to 14-day restrictions
evaluating intervention effectiveness al.
across various scenarios
3 Quantifying epidemic scale, evaluating Chatterj SEIQRD model April 2020 India Unchecked epidemic progression in India could generate
healthcare system burden, analyzing eeetal. more than 364 million infections and 1.56 million fatalities,
specific NPl effectiveness on disease with the epidemic curve peaking during mid-July
progression
4 Determining susceptible weather Gupta Distribution model of April 2020 India US COVID-19 transmission notably occurs in regions with 4-6
parameter ranges, confirming findings etal. new cases as per the AH g/m3 AH values and case counts exceeding 10,000
across temporal periods and global and T
comparisons. Subsequently, forecasting
at-risk Indian states
5 Developing mathematical frameworks for Jose et Exponential-model, June 2020 India R? determination coefficient applied for optimal fit
case number forecasting and CFR al. Logistic-model, assessment; states categorised by CFR into quartile groups
calculation to evaluate pandemic intensity Gompertz-model, and
across states Bertalanffy-model
6 Implementing mathematical modelling for Kumar Bailey's model June 2020 India Linear regression evaluation of BMRRR for COVID-19 in India
public health policy formulation regarding et al. showed convergence to 100 during mid-September 2020,
India's COVID-19 management indicating equilibrium between infected and removed
patient numbers at that timepoint
7 Analysing COVID-19 expansion patterns Ranjan Two phenomenological: June 2020 India Without accurate infection count estimates, forecast
pre- and post-lockdown, providing etal. the exponential and precision remains constrained; however, most favourable
subsequent forecasts logistic, and two projections indicate persistent viral circulation extending
mechanistic:c SIR  and through September 2020
generalised SEIR model
8 Regional and nationwide COVID-19 The Time Series Model April 2020 India Projections indicate India reaching a maximum of 9.86 lakh
pandemic forecasting Times adapted to Indian data, active infections by September 3, 2020
Group and the SEIR model
and
Protiviti
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10

11

12

13

14

15

Evaluating NPl impacts (quarantine and
isolation measures) on epidemic outcomes
utilising empirical data through April 30,
2020, covering 17 Indian regions and
nationwide

Forecasting pandemic progression,
incorporating media influence and
resulting population behavioural
modifications across Kerala, Delhi,
Maharashtra, West Bengal, and
nationwide

Investigating whether international travel
restrictions could prevent or postpone
regional COVID-19 emergence, and
determining  the  extent  through
symptomatic patient isolation following
domestic transmission establishment

Calculating COVID-19
patterns across 84 nations

transmission

Insights gained from the initial 100-day
period of India's COVID-19 outbreak
Examining infection data across Indian
states (limited to states with adequate
predictive data) and generating 30-day
infection forecasts per state

Conducting near-term case projections;
determining peak active case numbers for
India and major affected states; assessing
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(private
firm)
Sarkar
etal.

Khajanc
hi et al.

Mandal
et al.

Rahman
dad et
al.

Editorial

Palash
Ghosh
et al.

Malavik
aetal.

SARIIgSg model

SEIRAH model

Susceptible-Exposed-
Infectious-Recovered
(SEIR)

Multi-country  modified
SEIR model

Review
Logistic, Exponential, and

Susceptible-Infectious-
Susceptible models

Logistic growth curve
model, SIR model, and
Time Interrupted

Regression model (TIR)

June

May

Marc

June

May

Augu
st

May

2020

2020

2020

2020

2020

2020

2020

India

India

India

World

India

India

India

Implementing contact reduction between susceptible and
infected persons via susceptible population quarantine
substantially decreases the basic reproduction coefficient

Media coverage effects on pandemic progression and
potential seasonal recurrence patterns

Detection and isolation of 50% of symptomatic cases within
72 hours post-symptom development. Under favourable
conditions (Ro=1.5, non-infectious asymptomatic cases),
these interventions decrease total incidence by 62%. Under
unfavourable conditions (Ro=4, asymptomatic infectivity at
50% of symptomatic), the anticipated reduction decreases to
2%

Projected 2.87 lakh daily COVID-19 infections in India by
2021

Mathematical frameworks inadequately capture infectious
disease biological dynamics

Analysis revealed 7 states (Maharashtra, MP, AP, UP, Delhi,
Gujarat, and West Bengal) classified as critical. From other
states, TN, Punjab, Bihar, and Rajasthan are categorised as
moderate, while Kerala, J&K, Karnataka, Haryana, and
Telangana are classified as controlled. Additionally, state-
specific numerical predictions from different models were
compiled. R? coefficients for logistic and exponential
frameworks exceeded 0.90, demonstrating satisfactory
model fit

Projected total cases for India: 58,912 (95% Cl: 57,960-
59,853) by May 8, 2020, with actual count reaching 59,695.
Framework projects 102,974 total cases (95% Cl: 101,987-
103,904) by May 22, 2020. SIR analysis indicates peak active
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three-week lockdown effectiveness
through various modelling approaches

cases of 57,449 on May 18, 2020. TIR demonstrates
approximately 149 fewer daily cases following lockdown
implementation, though statistically insignificant

Strong predictive performance observed for Maharashtra,
Rajasthan, TN, AP, and WB. Moderate prediction accuracy
achieved for Gujarat, Delhi, MP, UP, and Telangana, with
results reasonably approximating observed values

16  Analysing COVID-19 transmission across Behl et 2020 India
India's ten most affected states (as of April  al.

30, 2020)

Susceptible--infected-- Augu
removed (SIR) model st

Indian states at risk with anticipated AH between 4-6 g/m? across all 2020 months.
These forecasts proved inaccurate, as Maharashtra, Karnataka, and Andhra
Pradesh (AP) became India's three most affected states. (24)

Gupta et al. applied distribution analysis of emerging cases relative to absolute
humidity (AH) and temperature (T) parameters to determine susceptible AH
ranges. Most cases occurred in regions with AH values between 4 and 6 g/m3. The
authors applied the US model as representative of global patterns to categorise

Table 2: Description of various mathematical models used during the COVID-19 Pandemic in India

S. Modeling Short description Inputs needed Core equation of the model Main assumptions Validity during the

No. technique name pandemic

1 Dynamic model Data driven epidemic Case time series; Representative form: Past trend is informative for Reported high
(data driven growth model used to assumed growth C(t)=CO-exp(Jr(t)dt), with r(t) nearfuture;policy effectcan correlation between
lockdown compare lockdown dynamics; scenario  changing by policy phase be represented as change in  predicted and observed
scenario model) durations inputs for lockdown growth rate; reporting is cases (India correlation

duration/effect sufficiently stable 0.9858) for early data
window.

2 SEIQRD SEIR  type model Initial S,EI,Q,R,D; B,o,y; Example structure: Homogeneous mixing; fixed Their projections
adding quarantine quarantine/isolation dS/dt=-BSI/N; dE/dt=BSI/N-oE; clinical durations and rates; exceeded observed
and deaths rates; fatality rate di/dt=cE-(y+k+p)l; quarantine reduces onward cases after rapid NPIs

dQ/dt=kl-(ygq+unq)Q; transmission (actual 144,950 by May
dR/dt=yl+yqQ; dD/dt=pl+pqQ 25 Vs projected
241,974).

3 Weather based Statistical association Daily cases; absolute Conceptual form: New Cases ~ Weather is a key driver; Forecasts for high risk
distribution of new cases with humidity (AH); f(AH,T) with fitted relationships transfer from Indian states were
model (AHand T)  absolute humidity temperature (T); distribution/thresholds (paper USto India; otherdriversare reported as inaccurate.

and temperature thresholds/risk used AH 4-6 g/m® as secondary

4 Exponential
growth curve

Phenomenological
curve for cumulative
cases

classification rules

CO; growth rate r; time t;
(optionally) fitting
window

“susceptible” band)
C(t)=C0-e/(rt)

Constant growth rate over

fitted horizon; case
detection stable; no
saturation

In Jose et al
comparisons,

exponential fit
performed poorly (very

895
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S. Modeling Short description Inputs needed Core equation of the model Main assumptions Validity during the
No. technique name pandemic
low R? relative to other
curves).

5 Logistic growth Phenomenological CO; r; carrying capacity K;  dC/dt = rC(1-C/K) Epidemic saturates to fixed Used in multiple

curve curve with saturation timet K; parameters stable; no studies; short term
major regime changes forecasts could be
accurate (example:
Malavika near term fit).

6 Gompertz growth Asymmetric CO; r; K; time t dC/dt = rC:In(K/C) Saturation level K exists; In Jose et al, Gompertz

curve saturating growth growth  decelerates log showed high R? but still
curve proportionally; stable underpredicted when
reporting lockdown assumptions

did not hold.

7 Bertalanffy Growth modelusedas C(t); parameters a,b,m; dC/dt=a-C*m-b-C Power law growth term Highest R? in Jose et al

growth curve alternative saturating timet appropriate; parameters but underpredicted
curve stable; no sudden observed cases when
policy/variant shifts lockdown continuation

was assumed.

8 Bailey’s relative Uses relative removal Time series of infected Relative removal rate often Removal and transmission Paper reports it was
removal rate rate to infer epidemic and removed; regression expressed as v/B (removal over rates can be summarized by highly inaccurate:
model (BMRRR) “end” condition fit transmission), sometimes a stable ratio; observed predicted outbreak end

reported as percent BMRRR “removed” is reliable; past around mid September
trend continues 2020 despite
exponential growth

then.

9 SIR Basic mechanistic Initial S,,R; B,y; N dS/dt=-BSI/N; dI/dt=BSI/N-yl; Homogeneous mixing; Used widely; Malavika
transmission  model dR/dt=yl constant B,y; immunity after used SIR to estimate
without latent period recovery (at least short peak active cases (peak

term) and timing).

10 Generalized SEIR  SEIR extended with Same as SEIR plus extra Generic form: SEIR ODEs plus Model extensions capture Ranjan et al used it and
additional classes or compartments or time added compartments and additional processes; correctly  anticipated
time varying varying rates transition rates parameters identifiable; continued transmission
parameters stable mapping from through September

reported data to 2020.
compartments
Indian Journal of Community Health Volume 37 Issue 6 Nov — Dec 2025 896
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S. Modeling Short description Inputs needed Core equation of the model Main assumptions Validity during the

No. technique name pandemic

11  Polynomial Regression curve fit of Case counts; time index; y(t)=aO+alt+a2t"2+...+akt k Chosen degree is adequate; Same Times report

regression (as cases over time polynomial degree extrapolation behaves underestimated
used in Times reasonably; no major observed values on Sept
report) regime changes 3, 2020 (as reported).

12 ARIMA Time series model Case time series; orders ¢(B)(1-B)Ady_t=c+6(B)e_t Stationarity after Paper reports
with  autoregressive (p,d,q) differencing; residuals prediction error
and moving average approximately white noise; margins ranged roughly
terms after stable generating process -30% to +21% in one
differencing application.

13  SARIIgSq Compartment model |Initial S,AR,lIlq,Sq (as Generic structure: ODEs moving Quarantine and isolation Paper states it showed
focusing on defined by authors); S->Sq (quarantine), I->lq effectively reduce contacts; reducing contact via
quarantine of contact rates; (isolation), plus infection and compartments map to quarantine can
susceptibles and quarantine/isolation recovery flows observable data; substantially reduce Ro
isolation of infected rates parameters stable over (policy relevance rather

horizon than forecast
accuracy).

14  SEIRAH (media SEIR extension with Initial compartments; B; Generic form: SEIR plus Aand H Media changes contact rate; Paper reports it

influenced) asymptomatic and o; y; splits to A and H; compartments with transition compartment structure accurately predicted
hospitalized, media influence rates; often B(t) adjusted by captures reality; parameters the September surge.
including media effect parameters media/behavior term stable within wave
on behavior

15 SIS Susceptible infectious S,I; B,y; N dS/dt=-BSI/N +vyl; dlI/dt=BSI/N No lasting immunity; Used for state level
susceptible -l homogeneous mixing; classification and short
reinfection model constant rates term fitting (R? > 0.90

for logistic and
exponential fits
reported in  same
work).

16 Interrupted time Regression to Outcomeseriesy_t;time y_t=p0O+B1-t+p2:_t+B3:(t-TO):l_ Linear trends within  Paper reports about

series regression estimate level or trend; intervention t+e_t segments; no concurrent 149 fewer daily cases
(TIR) slope change after indicator; post shocks; errors well behaved  after lockdown,
intervention intervention trend statistically
insignificant.
897 © 2025 Indian Journal of Community Health
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S. Modeling Short description Inputs needed Core equation of the model Main assumptions Validity during the

No. technique name pandemic

17  Modified SEIR SEIR adjusted for Case time series; SEIR core with time varying B(t); Intervention effects can be Described as providing
plus Al (Yang etal) interventions with Al intervention effect Alcomponent learns B(t) orcase captured in B(t); training immediate insights for

based prediction parameters; model trajectory from features data represent future; early policy formation
training features reporting stable (performance metrics
not detailed in this

review).

18 SUTRA Compartment Initial S,UT,R; Key relation used in SUTRA: Compartments match Paper states outputs

approach using parameter(s) relating dV/dt = (p/t_s)(1-V) where V is observable testing closely aligned with
Susceptible, transitions; testing and transformed variable; and y = dynamics; parameters observed results across
Undetected, Tested removal dynamics y0-exp(V) transferable across phases; India, Italy, USA.
positive, Removed reporting and testing policy

stable enough

19 Phase based Compartment model Population by phase; Generic compartment ODEs Transmissibility can be Used to argue control
deterministic with phase transmissibility per with B = PB_phase(t), often segmented into phases; possible even with 80%
compartmental dependent phase; compliance level  piecewise by lockdown phase compliance parameter compliance (review
model  (Krishna transmissibility and captures  policy effect; does not quantify
MV) lockdown compliance within phase rates constant  forecast error).

20 Seven Seven disease status |Initial sizes in 7 Generic ODE system across 7 Physical distancing scales Reported reductions in
compartment compartments, used compartments; contact compartments with contact effective contacts; burden and peak
deterministic to  test physical rates; distancing terms scaled by compliance compartment  definitions prevalence when
model (Biswas et distancing compliance compliance parameter ¢ adequate; parameters compliance increased
al) effects stable to 0.77 (policy

oriented).

21 Time dependent SEIRexpansionadding Initial S,E,ALLH,C,R,D; Generic extension: SEIR core Clinical pathways can be Review highlights
SEAIHCRD asymptomatic, time varying B(t); clinical plus flows into H and C and D; parameterized; time varying usefulness for

hospitalized, critical, transition rates; hospital for example dH/dt=nl-(6+a)H; transmission captures hospitalization,
deceased with time length of stay dC/dt = aH - (6c+uc)C; dD/dt = policy; hospital data map to mortality, and bed

dependence

pll+pcC

compartments

requirement estimation

(not presented as
forecast accuracy
claim).
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Jose et al. evaluated four pandemic growth models
for India: Logistic, Gompertz, Bertalanffy, and
Exponential frameworks, using determination
coefficients (R?) of 0.9976, 0.9989, 0.9990, and
0.1605, respectively, indicating the Exponential
model's inferior predictive capacity. The Bertalanffy
model (highest R?) projected 291,847 cases by June
20, 2020. The researchers acknowledged their
predictions  assumed  continued lockdown
conditions with maintained pandemic control
measures. However, actual cases reached 411,727,
substantially exceeding model predictions. (25)
Kumar et al. applied Bailey's framework using
Linear Regression Analysis of Bailey's Relative
Removal Rate (BMRRR), suggesting India's COVID-
19 outbreak would conclude around mid-
September. This projection proved highly
inaccurate given the exponential case growth
observed during that timeframe. (26)

Ranjan et al. implemented two model categories:
phenomenological approaches (exponential and
logistic) and mechanistic frameworks (SIR and
generalised SEIR). Their analysis correctly
anticipated continued viral transmission
throughout September 2020. (27)

Marimuthu et al. applied SEIR modelling to project
SARS-CoV-2-TB co-infection cases in Delhi. Their
framework predicted 20,880 Covid-infected TB
cases at the epidemic apex with interventions (day
138, August 2, 2020) and 27,968 cases without
interventions (day 94, June 18, 2020). Actual total
cases on these dates were 1,804,702 and 381,091,
respectively. Without available data on actual
SARS-CoV-2-TB co-infections, model validation
remains impossible. (28)

The Times Fact India Outbreak Report utilised a
Time Series Framework, incorporating data from
other COVID-19-affected nations, alongside two
polynomial regression approaches adapted for
India and SEIR modelling. Their projection of
986,000 peak active cases on September 3rd
underestimated by approximately 300,000, as
actual cases reached 3,933,124 on that date. (29)
Sarkar et al. implemented the SARIIqSq framework
to evaluate NPI effects (Quarantine and Isolation)
using data through April 30, 2020, across 17 Indian
provinces and nationally. They demonstrated that
reducing contact between susceptible and infected
individuals through quarantine measures could
substantially decrease Ro. (30)

Khajanchi et al. forecasted pandemic trajectories
incorporating media influence and resulting
behavioural modifications in India, particularly
focusing on Kerala. Their SEIRAH framework
indicated concerning upward trends in COVID-19
cases across all four provinces and nationally during
May 2020, accurately predicting the September

899

surge. Their analysis also suggested potential
seasonal COVID-19 patterns. (31)

Mandal et al. employed SEIR modelling, assuming
symptomatic quarantine would detect and isolate
50% of symptomatic cases within three days of
symptom onset. Under favourable conditions
(Ro=1.5, non-infectious asymptomatic cases), these
interventions could decrease cumulative incidence
by 62%. Under unfavourable conditions (Ro=4,
asymptomatic cases who were considered 50% as
infectious as symptomatic), the estimated effect
decreased to 2%. (32)

Rahmandad et al. utilised multi-national modified
SEIR modelling, forecasting 287,000 daily COVID-19
cases in India by late 2021. Such extended
projections naturally depend heavily on numerous
additional variables. (33)

In an editorial analysis, Bhatia et al. concluded that
modelling study estimates depend entirely on
model validity and data assumption accuracy. (34)
COVID-19 pandemic models clearly contained
biases and relied on various assumptions. (35)
Palash et al. employed logistic, exponential, and SIR
frameworks, identifying seven states [Maharashtra,
Madhya Pradesh (MP), AP, Uttar Pradesh (UP),
Delhi, Gujarat, and West Bengal (WB)] in critical
condition. Their logistic and exponential models
achieved R? values exceeding 0.90, demonstrating
satisfactory fit quality. (36)

Malavika et al. applied logistic growth curves for
near-term forecasting and SIR frameworks for peak
active case and timing predictions. They projected
58,912 cumulative cases (95% Cl: 57,960-59,853) by
May 8, 2020, while actual cases numbered 59,695.
Their model anticipated 102,974 cumulative cases
(95% Cl: 101,987-103,904) by May 22, 2020,
proving remarkably accurate. (37)

Behl et al. applied SEIR and ARIMA frameworks to
forecast cases through April 30th. Prediction error
margins for ten Indian states [Maharashtra, Tamil
Nadu (TN), AP, WB, Gujarat, MP, Telangana, UP,
Rajasthan, and Delhi] varied between -30% and
21%. (38)

Section Il - Examination of assumptions and
related factors: During the proliferation of
mathematical COVID-19 forecasting models, critical
evaluation of underlying assumptions becomes
essential.The Reproduction number (Ro), a crucial
model parameter, varied dramatically across
studies from 1.5 to 6.18. (27,28) Such broad Ro
ranges significantly affect case projections.
Notably, one analysis examined contrasting
scenarios using optimistic (Ro=1.5) versus
pessimistic (Ro=4) parameters, while another
investigation compared four distinct mathematical
forecasting approaches. (25,32) Although most
models focused on active case estimation, mortality

© 2025 Indian Journal of Community Health
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rates warrant comparable attention when assessing
pandemic impacts.

Most analyses concentrated on India-specific
dynamics, though one investigation employed
multi-national modified SEIR modelling. (33)
Underreporting represents a crucial factor in
COVID-19 forecasting accuracy. (39)

These investigations predominantly occurred
during early pandemic stages. Several incorporated
lockdown effects (22,25,27,28,30) while others
excluded them. (19,23,32,40) No models addressed
super-spreader event impacts. (41)

Certain frameworks, including Chatterjee et al.,
assumed Indian susceptibility and infection rates
matched those in other affected nations. (23)
India's approximately 1.3 billion population creates
substantial population density, requiring
consideration in model assumption development.
The models reviewed tended to fail for two linked
reasons: unstable inputs and structural mismatch
to how the pandemic evolved. A first problem was
parameter uncertainty and weak observability early
on. The paper notes wide variation in key
parameters, including Ro values spanning roughly
1.5 to 6.18, which makes projections extremely
sensitive to the scenario chosen. In addition,
underreporting is identified as a crucial factor
affecting forecast accuracy. Models calibrated to
reported cases were therefore indirectly calibrating
to testing capacity, reporting lags, and surveillance
practices, all of which evolved. This was
compounded by the fact that many analyses were
built on short early time windows, where model fit
can appear strong but can degrade quickly once
testing and reporting practices were augmented
and the epidemic moved into new phases.

A second problem was the limited ability to
represent behavioural adaptation and time-varying
interventions in a mechanistic way. The paper
highlights that some studies underpredicted
because they implicitly assumed sustained
lockdown conditions, whereas real-world
transmission conditions changed as restrictions and
adherence evolved. More broadly, the review
points out missing or simplified drivers that
dominated short-term dynamics, including the
absence of super-spreader events and insufficient
attention to mobility restrictions and changing
mobility patterns, even in phase-based approaches.
It also notes that transmission-related parameters
were frequently kept constant “for simplification,”
despite  their dependence on  changing
epidemiological conditions, socioeconomic context,
and control measures. Finally, the review flags
variant emergence as a key source of forecast
failure, citing how models could not anticipate the
variant-driven second-wave surge in India. Taken

together, these issues imply that many early models
were better interpreted as scenario tools than as
point forecasts.

Section Il - Model influence on policy
development: Various approaches were deployed
to limit viral spread while balancing economic and
health impacts. Extended forecasts from these
frameworks frequently prove inadequate due to
assumptions that inadequately reflect actual
conditions. Short-term predictions become crucial
for enabling rapid policy responses. (42)

Yang et al. employed modified SEIR compartmental
modelling to forecast epidemic peaks regarding
magnitude and timing. Their work provided
immediate insights supporting early pandemic
policy formation. (43)

The SUTRA framework (incorporating susceptible,
undetected, tested positive, and removed
categories) was utilised for COVID-19 progression
forecasting. Model outputs are closely aligned with
observed results. Analysis covered three nations
with distinctive progression patterns: (i) India,
displaying a gradual increase followed by a
comparable decline in active cases; (ii) Italy,
experiencing multiple active case peaks; and (iii) the
USA showing irregular patterns. (44)

A deterministic compartmental framework
projected cumulative outbreak magnitude during
the pandemic, suggesting disease control is
achievable even with 80% lockdown compliance.
This supported strict lockdown enforcement
recommendations for disease management. (45)
Another deterministic compartmental approach
categorised populations into seven exclusive
compartments according to disease status. This
framework indicated that epidemic burden and
maximum prevalence could decrease from 100% to
13% and 37.77% to 0.28%, respectively, through
increasing physical distancing compliance to 0.77.
This informed prevention strategies, reducing
contact between asymptomatic infected and
susceptible populations. (46)

The time-dependent SEAIHCRD framework,
expanding SEIR modelling, incorporated additional
compartments for asymptomatic infectious,
hospitalised, critical, and deceased populations.
This proved valuable for calculating critical metrics,
including daily hospitalisation, mortality rates, and
standard/ICU bed requirements during peak
infection periods. (47)

Researchers at the Indian Institute of Science,
Bangalore, employed mathematical modelling
predicting approximately 404,000 fatalities as of
June 11, 2020, assuming existing patterns persisted.
The pandemic mortality count had already
exceeded 200,000 in India. Daily infections
surpassed 300,000 for 15 consecutive days, pushing
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cumulative cases beyond 21 million. Specialists
attributed India's second wave surge to the
emergence which mathematical models could not
anticipate. (48)

A government-sponsored "supermodel" was
created, segmenting the initial wave into six phases
with four parameters each, totalling 24 parameters.
Despite parameter adjustment enabling data
fitting, it failed to accurately forecast pandemic
progression. (49)

Section IV - Model constraints and limitations:
Numerous mathematical frameworks incorporating
numerical simulation, data validation, and
statistical methods have emerged, each with
specific limitations:

Population movement restrictions and altered
personnel mobility patterns were overlooked in
mathematical representations of phase-dependent
Coronavirus transmissibility. Without repository
data on initial coronavirus occurrence, an assumed
starting value of 1/100,000 was utilised.

These analyses predominantly employed SIER
frameworks, emphasising direct person-to-person
transmission. However, indirect environmental-to-
human transmission remains highly plausible.
Transmission parameters are commonly fixed as
constants for simplification, though they fluctuate
based on epidemiological and socioeconomic
factors and outbreak control measures.

Economic  pandemic  consequences remain
unaddressed.  Integrated  epidemic-economic
modelling would enhance utility for governmental
and public health strategic planning and policy
formulation.

CONCLUSION & RECOMMENDATION

Epidemiological experts have demonstrated
exceptional productivity despite substantial
uncertainty, generating valuable SARS-CoV-2
transmission insights for public health guidance.
Mathematical frameworks constitute essential
tools for formulating and assessing public health
measures, requiring straightforward interpretation.
Enhanced model validity might incorporate
supplementary  parameters, including non-
pharmacological intervention impacts, case
importation/exportation, unreported cases,
baseline mortality, mortality projections, and
similar factors. Our findings suggest model outputs
should be considered provisional rather than
definitive, necessitating consultation of multiple
information sources before public health decisions.

LIMITATION OF THE STUDY

This analysis was restricted to PubMed and Google
Scholar databases, potentially excluding pertinent

901

research from other repositories, including Scopus,
Web of Science, or regional publications outside
these platforms. Fixed search terminology might
have overlooked investigations using alternative
language such as "simulation", "forecasting", or
"transmission  dynamics"  without explicitly
including "modelling".

RELEVANCE OF THE STUDY

Considering the substantial consequences of public
health policy determinations and resulting resource
distribution, thorough evaluation of decision inputs
remains  essential before validation and
implementation. This investigation emphasises this
principle regarding statistical modelling methods,
their indiscriminate application, and associated
advocacy within public health practice.
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