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Abstract 

This study presents a mathematical modeling approach to simulate the transmission dynamics 

of COVID-19 in India using the SEIR (Susceptible–Exposed–Infectious–Recovered) 

compartmental framework. Leveraging time-series epidemiological data from the Center for 

Systems Science and Engineering (CSSE) at Johns Hopkins University, the model was 

calibrated to reflect India's initial outbreak conditions during the period from March 2020 to 

December 2021. The simulation aimed to reproduce the progression of the pandemic under a 

baseline, non-intervention scenario by solving a system of ordinary differential equations 

representing disease transitions. Model accuracy was assessed by comparing predicted 

infectious counts to actual active case data, yielding an R² score of −0.2339, RMSE of 91.54, 

and MAE of 39.85. These results indicate a significant deviation from real-world trends, 

largely due to fixed parameter assumptions and the exclusion of policy-driven dynamics. 

While the SEIR model provides foundational insight into disease progression, its baseline 

configuration demonstrates limited predictive capacity in highly dynamic and heterogeneous 

contexts. The findings emphasize the need for time-varying parameters, policy inputs, and 

data-driven adaptations in future epidemiological modeling efforts. 
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Introduction 

SARS-CoV-2 which appeared in late 2019 influenced many parts of the world and made it 

simple to understand why formal epidemiology is required to help cope with disease spread 

and assess options for managing future events. Thanks to the use of infectious disease 

modeling, the spread of pandemics can now be better understood and responses to them 

guided, as was clear during the COVID-19 situation [1]. India has a high population and great 

cultural diversity, so it is interesting to study how pandemics develop due to its large scale, 

differences in healthcare services and contrasting government measures in different states. 

India has felt major effects on its society, economy and public health because of the COVID-

19 pandemic [2]. The first confirmed infection in the country happened on January 30, 2020 

and soon after, the number of infections grew a lot, bringing about various strong waves. At 

that time, the Government of India launched several public health measures such as 

nationwide closures, blocked travel, required masks and organized mass vaccination. Since 

the virus behaves in an unpredictable way and the pandemic response is very complex, we 

need to use math and statistics to keep track of its spread and evaluate how various policies 

might turn out [3]. 

The SEIR (Susceptible–Exposed–Infectious–Recovered) compartmental model is usually the 

main way epidemiologists study these types of diseases. It expands on the SIR model by 

including a latent (exposed) phase to illustrate the incubation present in COVID-19 cases [4]. 

The members of the community are separated into four groups by the SEIR framework and 

ordinary differential equations are used to watch how they change between these groups. 

Being both understandable and able to help with calculations has made it a top choice for 

COVID-19 studies everywhere, allowing researchers to explore how COVID-19 transmits 

and how to address it. 

A quantitative and model-based method is applied in this study to check how accurate the 

SEIR framework is in depicting the COVID-19 situation in India. Compared to descriptive 

case counts, a compartmental model helps us test the outcomes of possible interventions. 

Using data from the Center for Systems Science and Engineering (CSSE) at Johns Hopkins 

University, this research creates and adjusts a SEIR model to match India’s COVID-19 

progress from March 2020 to December 2021[5]. Parameter values such as the transmission 

rate (β), incubation rate (σ) and recovery rate (γ) for the model are gathered from numerous 
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studies and statistical analysis. The purpose of this study is threefold. It initially combines 

information from diseases and models with calculations to picture how the infection might 

spread if nothing changed. The study also sets out to see how close the model gets to actual 

epidemic data by comparing the number of people it expects will be infected with what is 

officially reported. The paper sets up the framework for further study using the SEIR model 

to check how well lockdowns and vaccines work. 

The results from this study add to the existing studies that use reliant computer simulations of 

the COVID-19 pandemic [6]. It gives a clear process for seeing how infectious diseases 

evolve in a complex society. It also illustrates that using real-world information to tune 

models can make them highly relevant for helping lawmakers. In India—where there are 

many people, not all areas have easy healthcare and there is much regional diversity—these 

models are helpful for planning medical care and seeing how policies play out.  

Literature Review 

COVID-19 spreading in an unexpected way has clearly shown that mathematical models play 

an important role in learning about disease spread and guiding public health actions. SEIR or 

Susceptible–Exposed–Infectious–Recovered, has gained wide use for studying the pattern of 

SARS-CoV-2 spread and the benefits of different control methods. 

 

1. Global Applications of SEIR Models 

In many countries, researchers have made adjustments to the SEIR model to match the nature 

of COVID-19. For instance, a paper by [7]) introduced a dynamic SEIR model for China, 

pointing out that early intervention made a significant difference in the number of cases. [8] 

also inserted socio-psychological factors into an SEIR model improved by genetic 

algorithms, making the model better able to forecast routes of the disease and account for 

how people follow interventions. 

 

2. SEIR Modeling in the Indian Context 

In India, using the SEIR model has helped understand how the pandemic is spreading and 

choose the best intervention options. [9] showed that using the SEIR framework, both 

individual activities and actions by the government, like restrictions and quickening 
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vaccinations, played a big part in handling the second outbreak of COVID-19 in India. [10] 

updated the SEIR model to include region-based numbers, giving helpful information on the 

transmission of COVID-19 in different places. According to Sampath and Bose (2021), 

modifications were applied to the SEIR model to review how interventions influenced 

COVID-19 infections in India. When R₀ was adjusted to take into account non-

pharmaceutical interventions, the model understood the infection data well which shows the 

usefulness of these methods. 

3. Enhancements and Extensions to the SEIR Model 

Because COVID-19 is complex, some scientists have introduced different extensions to the 

SEIR model. For instance,[11] used an age-structured SEIR model to study the effects of 

social patterns on disease control, pointing out the need for age-related interventions. Using 

environmental factors in their model, the research by [12] has further explained the spread of 

the disease related to finding COVID-19 in places outside the body. Also, SEIR models are 

now seeing significant advancements by combining with machine learning methods. [13] 

developed a model that used both epidemiological modeling and artificial intelligence to 

improve how COVID-19 trends in India were forecast. 

Research Methodology 

1. Research Design 

The study uses a computational approach, concentrating on modeling, with the aim of 

simulating how COVID-19 spreads in India. The SEIR (Susceptible–Exposed–Infectious–

Recovered) model is what the study uses and it is mainly used in modeling because it takes 

into account the periods of not being ill yet being infected which SARS-CoV-2 infections 

commonly show. 

The framework is created to tackle two main issues in epidemiological forecasting: (1) fine-

tuning the model’s settings based on real data and (2) evaluating how accurate the model is in 

different disease situations. Time-series data are combined with nonlinear ordinary 

differential equations (ODEs) that guide how the populations of susceptible, exposed, 

infected and recovered individuals change over time. It makes it easier to portray 

transmission, latency, infection and recovery in a way that covers the course of a disease [14]. 
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The research design centers its attention on national-level modeling, using epidemiological 

data put together by Johns Hopkins University. The period chosen for analysis goes from 

March 1, 2020 to December 31, 2021, including several outbreaks of SARS-CoV-2, differing 

levels of public health actions and starting of mass vaccination programs. Being able to 

compare moments in time encourages looking back into history as well as playing through 

alternative futures. 

• Model Calibration 

In model calibration, the parameters like transmission rate (beta), incubation rate (sigma) and 

recovery rate (gamma) are made by using values from research, recorded data on infection 

and statistical methods. Active cases, recovered people and available population estimates are 

used to calculate the first compartment sizes (S₀, E₀, I₀, R₀). By calibrating the SEIR model, it 

properly reproduces the Indian situation, including under-reporting, asymptomatic individuals 

and people experiencing delays in diagnosis. 

• Scenario Simulation (Baseline Conditions) 

The first simulation is run based on the idea that no new measures will happen (no 

lockdowns, no vaccination and no changes in transmission rates). This model represents the 

null hypothesis and models what would happen if no actions were applied to fight the 

pandemic. What is seen in the computer-simulated numbers is compared to the latest state 

data on active infections to predict the trajectory of the epidemic curve. 

2. Dataset Description 

For this analysis, I drew on data available at the Center for Systems Science and Engineering 

(CSSE) at Johns Hopkins University (JHU) which is globally renowned for supplying a 

comprehensive and public COVID-19 data repository. Because of GitHub hosting and its 

consistent, transparent and frequent updates, the CSSE-JHU data has been applied to research 

and used in policy making. Within the data reside country and sub-national epidemiological 

indicators, supporting modeling from a global and local standpoint. 

For the purpose of this study, the following archived files from the CSSE COVID-19 time 

series collection were utilized: 

• time_series_19-covid-Confirmed_archived_0325.csv 

• time_series_19-covid-Deaths_archived_0325.csv 
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• time_series_19-covid-Recovered_archived_0325.csv 

These files contain cumulative daily counts of confirmed, death, and recovered cases across 

multiple countries and regions. In order to tailor the dataset to the Indian context, the data 

was filtered to extract records specific to India, thereby ensuring contextual relevance for 

simulation and model validation. 

Key characteristics of the dataset are as follows: 

Temporal Coverage: The data in the dataset goes from March 1, 2020 to December 31, 

2021 which covers India’s first, second and initial third wave of COVID-19. During this 

time, there were big public health steps such as lockdowns being brought in and vaccines 

given across the entire nation. 

Geographic Scope: While the datasets used in this study are global, only the data for India is 

used which allows for a study and policy review focused only on that nation. 

Epidemiological Fields: For every day, the data shows three fundamental cumulative 

indicators. 

Recorded cases (confirmed), recovered individuals and deaths constitute the main statistics 

shared. 

These fields were used to compute active cases, daily new cases, and model initialization 

parameters. 

Granularity and Format: Each day’s data is provided as a time-series which makes it 

possible to analyze the information with short time intervals. All the files provide dates in the 

header and the values show the total count of people in each SEIR stage which allows easy 

calculation of daily counts and rate of change needed for calibration. It was found to be a 

credible resource, has lots of details and is easily used in computer-based epidemiology 

models. Being publicly available lets anyone repeat the experiments and its worldwide 

recognition in research shows that the results are reliable. Because the data were well 

organized, it became possible to directly compute daily case figures, the effective 

reproduction number and moving averages which supported calibrating and testing the 

models. 
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3. Data Preprocessing 

The data from the CSSE-JHU GitHub repository was processed according to a standard 

routine with Python for use by epidemiological models and simulations. The goal at this point 

was to turn the mixed global data into a single, neat India-related time series ready to be 

entered into the SEIR model. At first, records for India were kept by applying a filter to rows 

where the Country/Region value equaled “India.” The extraction of geographical data took 

away unnecessary information and made the data specific to India. After that, the dataset 

which started with total cases and date information in columns, was transposed to place the 

dates as the new row indices. The data was structured this way: each line represented a date 

and in it, you could find the overall cases of confirmed, recovered and deaths recorded up to 

that day. 

Daily incident data were needed, so new confirmed cases, recoveries and deaths each day 

were computed using the. diff () function. Retrospective data adjustments caused negative 

values and these were updated to zeros to ensure the results were meaningful. Next, active 

cases were found using the following epidemiological formula: Active = Confirmed − 

Recovered − Deaths. In the SEIR framework, this estimated metric helped represent the 

number of individuals with an infection (I). 

The daily figures for cases and deaths are smoothed out by applying a 7-day rolling average 

which helps with reporting inconsistencies caused by delays or backlogs. Because of the 

smoothing, the model was quieter and easier to train effectively. Whenever a few data points 

were missing or unusual, they were handled by filling in the gaps either by interpolation or by 

forward filling based on the context of the data. At appropriate times, zeros were used where 

values were not recorded to keep the data running smoothly. The completed and processed 

data was then saved in CSV format named cleaned_covid19_india_data.csv. Every additional 

stage in the model process, like setting the initial state, tuning parameters and checking the 

simulation, depended on this data file. Retaining a constant and reusable data preparation 

method made sure the data was sound, biased results were minimal and model outputs could 

be compared well with real observations. 

3.4 SEIR Model and Parameter Estimation 

This study used the SEIR (Susceptible–Exposed–Infectious–Recovered) model to divide 

people into separate groups by their state of health. S(t) (at time t) S(t) indicates those who 
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can catch the disease even though they are currently unaffected. E(t) contains those who have 

the virus, but are not yet able to spread it, because they are in the incubation period. I(t) is 

used for those who are infected and can share the virus and R(t) shows those who have 

recovered and are immune [15]. In general, the connection between compartments as time 

passes is managed by a system of nonlinear ordinary differential equations.: 

 

Data in these equations shows that β\betaβ is the probability of exposure leading to infection, 

σ is the frequency at which exposed persons develop contagious symptoms and γ is the 

frequency at which infected people recover. For the basic situation, we chose β=0.30, 

σ=1/5.2 and γ=1/14, because the numbers correspond to what is found in related scientific 

literature and confirm the WHO’s recently published SARS-CoV-2 epidemiology. In the 

model, the total population N was set at 1.38 billion which equals India’s population during 

the time in question. 

The model’s first conditions were taken from the preprocessed version of the data. I0 was 

defined to be the number of patients with infections when the outbreak was first recorded. 

The number of recovered people on that day was simply taken from the RoS database. The 

number of exposed people was hard to observe, so in the early stage of the pandemic, E0 was 

taken to be twice the size of I0, after assuming that lots of infections went undetected or 

unrecorded. After that, the number of susceptible people was calculated using 

S0=N−I0−E0−R0, to make sure the whole population was taken into account at the beginning. 

A numerical solution to the SEIR equations was obtained over the set simulation horizon by 

means of the odeint () function in Python’s SciPy. Integrate module. With this function, 

adaptive step-size techniques are used to approximate the answers to the equations. The 

values in every compartment gave a time-series of those who were susceptible, exposed, 

infectious and recovered. After that, the model results were checked against active case data 

from the country to evaluate how well the simulation works without any actions. 
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Results and Analysis 

The simulation covered the time period of the available data, predicting how COVID-19 

would spread in India with no special actions such as lockdowns or vaccinations. The 

simulation resulted in series of values for the susceptible, exposed, infectious and recovered 

groups. They were employed to see how closely the model mimics actual transmission of 

diseases in the world. 

1. SEIR Model Simulation (Baseline) 

What the model estimated about infected patients was compared to the data from the cleaned 

dataset. It is shown in Figure 1. The current active case count shown here (dashed orange 

line) started rising very fast in early March 2020. On the other hand, the estimated number of 

infections with SEIR (solid blue line) is much lower than the real figures for the full-time 

range. 

 

 

 

Figure 1: Predicted Infectious vs Actual Active Cases 

This difference in how things look shows a big gap between the model and real life early in 

the epidemic. The model was supposed to look at overall infections, but in this form, it seems 

to be too cautious. This probably happens because the models used static values and simple 

ideas that fail to capture the sharp changes in policies, prevalence of early undetected cases or 

the movement of people in India during this period. Also, the initial estimated value for 

exposed individuals (E₀) which is assumed to equal 2 times the number of infections (I₀), may 

have missed a large number of hidden cases, making the model curve slow in the early stages. 

In spite of the imperfections noted, the SEIR model continues to be helpful in teaching and 

structuring work. It supports additional research and development of intervention simulations 

by showing how models react to various starting conditions. 
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2. Performance Evaluation 

Quantitative measures were applied to see how good the SEIR model is at predicting who is 

infected. The coefficient of determination (R²), Root Mean Square Error (RMSE) and Mean 

Absolute Error (MAE) were some of the included measures. The model’s forecasts are much 

different from the observed outcomes. Since the R² score is −0.2339, it says the linear 

regression does not predict as accurately as a mean-based predictor. This means the estimated 

number of infected people falls short of the variation and trend seen in the real figures of 

cases. The RMSE score was 91.54 and the MAE score was 39.85 which both indicate that the 

model shows significant deviation from the actual values. 

In other words, the infection burden is much greater than assumed, as clear from the findings 

as well as from the photo in Figure 1. It is most likely because transmission parameters 

cannot change, mixing is treated uniformly and the initial group exposed to the virus was not 

accurately estimated. Also, the fact that no dynamic policy actions (such as lockdowns or 

delayed testing) are included in the model makes it less useful in real life. 

Table 1: Summary of SEIR Model Performance Metrics 

Metric Value 

R² (coefficient of determination) −0.2339 

RMSE 91.54 

MAE 39.85 

Peak Prediction Significantly underestimated 

Time to Peak Not reached within window 

Although the model’s structural framework remains mathematically valid, these performance 

indicators underscore the limitations of using a static SEIR model without contextual 

enhancements. As such, this configuration should primarily be regarded as a pedagogical 

baseline, to be extended with time-varying parameters and real-world intervention inputs in 

future modeling efforts. 
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Conclusion and Future Work 

The study created a SEIR model in compartments to investigate the movement of COVID-19 

cases in India from March 2020 to December 2021. Using the CSSE-JHU dataset and 

differential equations, the authors tried to see how effective mathematical modeling is for 

anticipating the course of infectious disease spread. The simulation outputs were examined to 

see if they match what really happened without any intervention. What the results show is 

that the model can outline the basic stages of a disease, but it was not very good at predicting 

the data observed here. A low R² score (−0.2339), coupled with large RMSE (91.54) and 

MAE (39.85) values, points out that the model’s predictions for the data differ greatly from 

the actual infection numbers. Analysis only using data also pointed out that the model’s 

parameters, initial conditions and its structure did not account for the fast rise in active cases. 

These outcomes show several important points. Though the SEIR framework is strong 

analytically, it requires careful adjustments to the way things happen locally, given how 

India’s population is spread and affected differently. Also, using fixed numbers is not enough 

to represent the fast changes in a pandemic caused by policy changes, change in people’s 

habits and new viral variants. Also, this points out the value of implementing real-time 

feedback, data-guided adjustments and adjustable parts of the model that reflect the present 

situation in epidemiology. The next step is to deal with these difficulties by including time-

changing transmission rates, a model division for vaccines (SEIRV) and adding layers for 

policies. A possible way to adjust and forecast more precisely is by including randomness or 

by combining the SEIR structure with machine learning techniques. Running simulations 

using SEIR models on regional areas may give more precise insight into the spread and 

management of diseases. 

To finish, the SEIR model is important for grasping how diseases work, but dealing with real-

time policy calls for more detailed, real-time and fact-based strategies. The research forms 

the basis for better models and also helps advance computational epidemiology by exploring 

the key flaws of deterministic modeling with examples from real scenarios. 
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