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As of April 7th, 2020, approximately 1,337,749 cases of 
coronavirus disease 2019 (COVID-19) have been confirmed 
worldwide, with nearly 74,169 deaths occurred. It is critical 
to understand the epidemiological features and transmission 
dynamics of the COVID-19 outbreaks. Compartments 
models are the most widely used mathematical models to 
describe the dynamics of infectious diseases. As an example, 
a susceptible(S)-exposed(E)-infected(I)-removed(R) (SEIR) 
model can be used to modelling the process of an individual 
experiencing the infection course from susceptible to 
exposed, then infected and finally recovered or dead. 
Traditional SEIR model assumes a closed system (no 
individuals move in or out), and each individual transmits to 
one of the other states at a fixed rate. However, traditional 
SEIR model may get challenged when be used to model 
the epidemic of COVID-9 in China. The size of the overall 
population in each province of China is not fixed as January 
of 2020 is the “Chunyun” period, with an estimation of 
around 3 billions trips (1). Mobility information should 
be included in the model to reflect the impact of Chunyun 
on the populations of susceptible and exposed individuals. 
Meanwhile, Chinese government has taken intensive 
interventional policies to control the spread of COVID-19, 
which definitely changed the transmission dynamics. 

SEIR and its extension

Recently, Yang et al. reported a modified SEIR model of the 

epidemics trend of COVID-19 in China under public health 
interventions (2). To account for the mitigation during 
the Chunyun, they included several additional parameters 
in the SEIR model. Their modification made the sizes 
of compartments S and E now related to the number of 
susceptible and exposed individuals moving in and out of the 
system. Transportation information between Wuhan and 
other provinces was retrieved from Baidu qianxi index. The 
idea of including additional parameters based on multiple 
sources of information to reflect the distinct feature of the 
spread of COVID-19 had been adopted by many studies. 
Wu et al. also reported a modified SEIR model using 
data from Dec 31, 2019 to Jan 28, 2020. In addition to 
domestic transportations, they also used air transportation 
information from Official Aviation Guide (OAG), thus 
made it possible to make predictions on the global scale (3).  
Kucharski et al. fitted a stochastic transmission dynamic 
model to multiple publicly available datasets on cases in 
Wuhan and internationally exported cases from Wuhan (4). 
Chinazzi et al. used a Global Epidemic and Mobility Model 
(GLEAM), an individual-based, stochastic, and spatial 
epidemic model, to model the international spread of the 
COVID-19 out-break by emulating the flow of travelers 
among over 3,200 sub-populations using real transportation 
data (5) .

Pan et al. described the distinct patterns of the effective 
reproduction numbers at the different stages, characterized 
by different degrees of interventions, of the epidemic in 
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Wuhan (6). Yang et al. also included an additional parameter 
r(t) (not the effective regeneration number), which denotes 
the number of contacts for each individual per day. The 
authors used r(t)=15, 3, and 10, for the days before January 
23rd (no intervention), between January 23 and March 1st 
(fully controls) and after March 1st (mild controls). The 
inclusion of r(t) made it possible to introduce the effect of 
interventional and control policies, including travelling and 
public gathering restrictions. Wei et al. further proposed 
a SEIR+CAQ model which integrated information on the 
mechanisms of transmission, profiles of infections and 
quarantine policies (7). 

Limitations and applications of dynamic model

Indeed, given the intensive interventional policies, the quick 
evolution of the virus, the dynamic capacity of diagnosis and 
treatments, as well as the understanding of the COVID-19 
itself, it is almost impossible to precisely predict the future 
epidemics, especially in a long period. As an example, on 
February 5th, 2020, the National Health Commission 
of the People’s Republic of China announced the release 
of the tentative fifth revised edition of the Diagnosis and 
Treatment Plan for COVID-19 which dramatically changed 
the curve of confirmed COVID-19 cases in China. It is 
not possible for any model to predict the exact date of the 
release, let alone that some studies only used data before 
January 23rd 2020. Although including more parameters 
may in theory increase the performance of a predictive 
model, it is almost impossible to have a stable solution at 
the early stage of an outbreak with very limited information. 

As George E. P. Box, a famous statistician, said “all 
models are wrong, but some are useful”. The value of dynamic 
models, however, lies in the early warning of infectious 
disease outbreaks, the decision supporting before the 
implementation of prevention and control measures, and 
the evaluation of the effects of public health intervention 
after the outbreak. Yang et al. estimated that the effect of 
initiating the interventions five days after the actual time 
would increase the number of cases exponentially to 173,372 
cases on March 4, 2020. Our estimation based on SEIR 
showed that the policies constraining public transportations 
reduced 85% of infections (8). 

Causal inference and policy evaluation

However, we propose that it is important to notice that 

when declaring some intervention is the “cause” of the 
reduction of COVID-19 cases, it should be stated in 
a “causal” language. That is, what would have been if 
this intervention had not been performed? A common 
framework of policy evaluation is the “counter factual”, 
in which the causal intervention effect is defined as the 
difference between the epidemics in the real world, 
compared to the epidemics had no interventions been 
performed, maybe contrary to the fact. Of course, it is 
impossible as in the real world the interventions are either 
performed or not. Thus when making policies evaluation, 
the scientists should bear in mind that whether conditions 
are “exchangeable” for the epidemics with or without the 
intervention. It is recommended that the sensitivity analysis 
should be applied to assess the robustness of the evaluation. 
Scientists should also carefully evaluate whether the data 
collected is sufficient to make a causal policy evaluation. 

Besides,  given that  the interventions from the 
government is a combination of various policies and 
methods, it is almost impossible to evaluate a single method, 
such as the “lockdown” of Wuhan city, the recommendation 
of wearing mask, or the restriction of public transportation, 
keeping social distance, building mobile cabin hospital, 
etc.. As an example, the “lockdown” of Wuhan city not 
only prevented transportations from or into the city, 
but also raised the awareness of the people in the whole 
country against the virus. Peoples stayed at home, reduced 
unnecessary gathering, washed hands more frequently 
than before. These behaviors also made the curve of the 
epidemic flatter than that had no public health “level 1” 
emergency response been taken. One possible solution for 
the evaluation of individual policy or intervention is to use 
an agent based simulation of infectious disease (9,10). 

Machine learning in epidemic prediction

With the rapid improvement on computational capacity, 
machine learning methods have been widely used in 
medical research. The authors used long short term 
memory (LSTM) model, an improvement of recurrent 
neural network (RNN), to predict the number of new cases. 
The RNN and LSTM models had been widely used in the 
natural language processing to predict the future elements 
in a word or a sentence given the previous elements. As 
most of the machine learning methods are data-driven, 
it is important use an independent sample to validate the 
present model. The authors used the 2003 SARS data as the 
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training set, and COVID-19 as the testing set. Their results 
showed a remarkable agreement between the actual number 
of cases and the results. Hu et al. developed the modified 
auto-encoder (MAE), an artificial intelligence (AI) based 
method, for real time forecasting the number of the new 
and cumulative confirmed cases and deaths of COVID-19 
under various intervention scenarios in more than 100 
countries (11). While we believe that there will be more 
and more AI ML based methods applied in the analysis of 
COVID-19, it should be noted that the ML base methods 
only relax the assumptions for the form of traditional 
dynamic models. In agreement with Zhong’s opinions, we 
believe that the integration of deep learning, web scraping, 
and other big data technologies will hopefully improve the 
precision of COVID-19 predictions (12). However, policy 
evaluation based on ML analysis still need the scientists to 
understand what the estimand is and whether the data can 
answer a causal question.

To summary, it is important to evaluate the policies 
that Chinese government had taken at the end stage of 
the outbreak of COVID-19 in China. As both dynamic 
modelling and machine learning based methods have their 
merits, these methods should be adapted so as to reflect the 
effect of interventions. Ideas of causal inference should also 
be included when these methods are applied to decision 
making and policy evaluations.
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