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Epidemic Intervention Evaluation based on Dynamic Systems 
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Research Background and Significance

Fig. The number of variants found in the world by April 19, 2022.

Research aim: To assess the effects of different interventions in the context of viral
mutation and multi-variant coexistence.

Achievement: 

• Zhan C, Zheng Y, Shao L, Chen G, Zhang H. (2023). Modeling the spread dynamics of multiple-variant coronavirus disease under public health interventions: A general framework. Information Sciences, 628, 469-487. (JCR Q1) 

Fig. The cumulative confirmed cases and recorded variants around the world.
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Motivation: Multiple-variants coexistence; Viral mutation; Different interventions.



Methods: framework
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1. Proposed a single-virus dynamics model based on the COVID-19 pandemic.

2. Constructed the mechanism for variant mutation and vaccination.

3. Extended the single-virus dynamics model to multi-variant.

4. Estimated the impact of intervention measures.



Methods: Epidemiological model
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Fig. Flow chart of epidemic model.

Proposed a single-virus dynamics model 

based on the COVID-19 pandemic.



Methods: Variant mutation and vaccination simulation
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Variant mutation Vaccination

A mutation occurs when the number of infections reaches a threshold.

One variant will likely mutate multiple times to generate different 

new variants.

If a variant is confirmed as a "dangerous variant", then a vaccine will be 

developed against it.

In the early stages of the production of a new vaccine, the vaccine 

supplies are always insufficient.



Methods: Intervention simulation

9

Fig. Factors can be varied by intervention measures in the framework.

Different parameters correspond to different interventions, and changing them can 

simulate changes in intervention intensity.



Experimental Results
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Enhancing social restriction Increase vaccine acceptation rate

Combined intervention strategy 1 Combined intervention strategy 3

Single 

intervention

Combined 

intervention

Interventions were performed on 

the 500th day after the outbreak.



Experimental Results

11

Criterion

For single intervention, strictly restricting social contact and enhancing the vaccine acceptance rate

yield the most optimal intervention for eradicating the pandemic.

Combined interventions are highly effective in containing or even eradicating the pandemic.



Conclusion
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• We proposed a novel epidemiological framework for simulating the emergence of 

realistic COVID-19 virus mutations and the transmission of multiple variants with 

human interventions.

• In scenarios with single interventions, strictly restricting social contact and enhancing 

the vaccine acceptance rate are the optimal interventions to contain and eradicate 

epidemics when considering the occurrence of virus mutations and multiple variants 

coexistence. 

• By combining several intervention strategies, results show that the combined 

interventions are highly effective in containing or even eradicating the pandemic. 

• Without any intervention, multiple variants can lead to multiple outbreaks.
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Research Background and Significance

Fig. Contact network with susceptible, infected, and recovered individuals.

Research aim: Predict the dynamic change in the number of COVID-19 infections based 
on the epidemic model and the intercity human migration network.

Achievement: 

• Zhan C, Zheng Y, Lai Z, Hao T, Li B. Identifying epidemic spreading dynamics of COVID-19 by pseudocoevolutionary simulated annealing optimizers[J]. Neural Computing and Applications, 2020: 1-14. (JCR Q2)

Fig. Contact network with 3 sub-networks (cities).
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Motivation: Migration of individuals between intercity; A lot of unknown parameters are 
hard to determine.



Methods: SEIR-Migration

𝜇 𝜇 𝜇 𝜇

Fig. Intercity travel network of main cities in China on February 10, 2020 with 367 cities.

Fig. Susceptible-Exposed-Infected-Recovered model (SEIR).

Susceptible (S), exposed (E), infected (I), and recovered/removed (R).

Mathematical definition of SEIR:

Migration matrix based on Baidu migration data:

16



Methods: SEIR-Migration

Mathematical definition of SEIR-Migration:

Each equation represents one type of individual transmission.

17



Methods: Pesudocevoluionary simulated annealing optimizers
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1. Tune all the 5𝐾+3 parameters in the main procedure.

Then, the root mean square percentage error (RMSPE) to

measure the difference between the real infection and the

estimated infection.

2. The estimated infected individuals generated by this

extended SEIR-migration model.

3. Find the index of the 𝑀1 largest RMSPE and only tune

the parameter sets of the corresponding cities.

4. Randomly select 𝑀2 cities and adjust their parameters to

avoid the parameters of some cities that have not been

adjusted.



Experimental Results

Fig. Estimated historical data and prediction of the number of infected individuals for next 150 days.
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The proposed model can estimate the daily number of infected, exposed, and recovered 

individuals in all 367 cities.



Conclusion

20

• We integrate daily intercity migration data and traditional SEIR model to 

develop an extended SEIR model.

• A novel pseudocoevolutionary simulated annealing algorithm is proposed and 

have a best performance by comparing the estimation result with simulated 

annealing, particle swarm optimization, and pattern search algorithms.

• The migration control may extremely effective in controlling the spread of the 

epidemic.
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the Hybrid Machine Learning Model
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Achievement: 

• Zhan C, Zheng Y, Zhang H, Wen Q. Random-Forest-Bagging Broad Learning System with Applications for COVID-19 Pandemic[J]. IEEE Internet of Things Journal, 2021. (JCR Q1)

• Lin J, Tan M, Zheng Y, Wu K, Zhan C. "Detection Capability Prediction Based on Broad Learning System During The COVID-19 Pandemic." 2021 16th international conference on intelligent systems and knowledge engineering (ISKE). IEEE, 2021. (EI)

Research Background and Significance

Fig. The cumulative confirmed cases in the world up to Sep 2020. Fig. The daily confirmed cases and tests over the world up to Sep 30, 2020.

Research aim: Predicting the dynamic change in the number of COVID-19 infections and 
the number of nucleic acid tests worldwide.
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Motivation:

The daily COVID-19 cases in different areas are highly volatile and variable; Epidemic cases 
are affected by multiple factors 



Methods: Broad Learning Systems (BLS), Bagging

Fig. Structure of BLS. Fig. Structure of Bagging.
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1. The broad learning system employs incremental learning, expanding neural nodes and

updating network weights as needed, without stacking layers.

2. Bagging is the ensemble learning method that is commonly used to reduce variance

within a noisy data set.



Methods: Random Forest-Bagging-BLS (RF-Bagging-BLS)

Fig. Structure of RF-Bagging-BLS.
25

The Random Forest model and ensemble learning-bagging are adopted to enhance 

the performance of BLS for the prediction of the spread of COVID-19.



Experimental Results
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Fig. Distribution of correlation coefficients 

between features and output.

Tab. Selected features in the classical models

For comparison, the correlation analysis was used in feature selection for other classical models.

Establish data set on the COVID-19 pandemic in 184 countries and 1241 areas from Dec 

2019 to Sep 2020.

Tab. Feature after feature engineering



Experimental Results

Fig. Predictive results of different areas.

(a) New Mexico

(b) North Dakota
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Tab. Prediction result of 𝑦(𝑡 + 𝑛)

Experimental results show that the proposed RF-Bagging-BLS 

achieve the best value among all the comparison algorithms.

We also test CNN, LSTM, and GRU based on our data set. 

However, these methods are easily overfitting.



Experimental Results

Tab. Predictive result of 𝑦(𝑡 + 𝑛)
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Tab. Predictive result of 𝑙𝑜𝑔10 𝑦(𝑡 + 𝑛)

Previous work:

In some cases, data-driven methods

perform well when the output data are

close to a uniform or normal distribution.

However, the predictive value with a

uniform or normal distribution does not

help in improving the predictive

performance in this study.



Conclusion
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• We collect and unified one comprehensive data set, including the epidemic spread data, 

geographic information, economic information, population, and COVID-19 testing 

information of 184 countries and 1241 areas.

• A hybrid machine learning model of RF-Bagging-BLS is developed for predicting the 

COVID-19 trend in different countries, which showed promising performance in timely 

short-term forecasts without the requirement of epidemiological models.

• The predictive value with a uniform or normal distribution does not help in improving 

the predictive performance in the COVID-19 infection prediction.
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Achievement: 

• Zheng Y, Zhen Q, Tan M, Hu H, Zhan C. “COVID-19’s impact on the Box office: Machine Learning and Difference-in-Difference.” 2021 16th international conference on intelligent systems and knowledge engineering (ISKE). IEEE, 2021. (EI)

• Wu S, Hu H, Zheng Y, Zhen Q, Zhang S, Zhan C. "The impact of COVID-19 on online games: Machine learning and Difference-In-Difference." CCF Conference on Computer Supported Cooperative Work and Social Computing. Springer, Singapore, 2021. (EI)

Research Background and Significance

Fig. Global heat map of COVID-19 stringency index, February 20, 2022.

Research aim: Quantifying the impact of the COVID-19 pandemic on movies and online
games, and building the prediction models of box office and online player’s numbers.
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Motivation: The impact of the epidemic on the entertainment industry was unknown; no
prediction tool for online game stream



Mathematical definition of regression analysis of DID:

Calculation of intervention effect coefficient 𝛽3:

Methods: difference-in-difference (DID) model
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Fig. difference-in-difference model
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Quantified the impact of the pandemic on daily box office and online players by the 

difference-in-difference method.



COVID-19

features

Box office

features

Time

features

Experiments 2: The prediction of the cumulative 

global box office based on the dataset that added 

the COVID-19 features.

Experiments 1: The prediction of the cumulative 

global box office based on the dataset that does 

not join the COVID-19 features.

Prediction Framework

Feature engineering Machine learning predictive modeling

Explored the impact of epidemic features on predictive modelling.
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Experimental Results

Fig. Parallel trend test result.

Tab. Prediction result of experiment without epidemic features.

Tab. Quantitative result.
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Tab. Prediction result of experiment with epidemic features.



Conclusion
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• Established a research dataset including the information of movies, popular games, 

and COVID-19.

• Developed the Difference-in-Difference method to quantify the impact of the 

COVID-19 pandemic on the daily global box office and online game players. The 

results show that the pandemic has a negative effect on both box office and online 

game platforms.

• Used machine learning, ensemble learning, and deep learning to build a predicted 

model of daily global box office and online players. And explored the impact of the 

pandemic and human mobility on prediction models.
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Association of Human Mobility and Weather on 

Mosquito Activity based on Statistical Model
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Research Background and Significance

Achievement: 

• Zheng Y, Yue K, Wong, Eric W M, Yuan, H Y. Association between meteorological factors and human mobility with mosquito activity risk in Hong Kong. medRxiv (2024). (Submitted to journal) 39

Research aim: Assess the influence of human mobility and weather on the abundance of 
mosquito (Aedes albopictus).

Motivation:

Human activities overlap with mosquito activities; human mobility and weather lag influences 
the abundance of mosquitoes is still unknown

Fig. Mosquito-Borne-Diseases and transmission of Dengue Fever.



Methods: Framework

40
Fig. Research framework. 

Human mobility indices and weather conditions together with Aedes albopictus abundance and extensiveness 

were obtained. Distributed lag non-linear models with mixed-effects models were used to explore their 

influence in Hong Kong.



Methods: Framework and DLNM

Let 𝜆𝑡 be the mosquito number per 1000 traps at month 𝑡.

𝜆𝑡 ∼ 𝑁𝐵 𝑢𝑡 , 𝜅

The regression model to predict mosquito abundance was:

log 𝜆𝑡 = 𝛽 + 𝛾 + 𝑆 + 𝑓.𝑤 𝑇𝑡 , 𝑙1 + 𝑓.𝑤 𝑅𝑡 , 𝑙2 +𝑚𝑖𝑡 + 𝛼

where 𝑓.𝑤 𝑅𝑡 , 𝑙1 and 𝑓.𝑤 𝑇𝑡 , 𝑙2 represent the nonlinear exposure-lag functions of total rainfall 𝑅𝑡 from

0 to 𝑙1 months and mean temperature 𝑇𝑡 from 0 to 𝑙2 months in 𝑡𝑡ℎ month, respectively; 𝑆 is the area

random effect; 𝛾 is the monthly random effect; 𝛽 is the yearly random effect; 𝛼 is the intercept; and 𝑚𝑡 is

the human mobility index in one category (e.g. residential areas, workplaces, or parks) at 𝑡𝑡ℎ month.
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Experimental Results: Data set
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Data period: from April 2020 to August 2022.

Daily data; 53 mosquito monitoring traps; 13 weather stations.

Fig. The monthly change in mosquito abundance and its predictors in Hong Kong. (A) 

Mosquito abundance; (B) Total rainfall; (C) Human mobility; (D) Mean temperature. 



Experimental Results: Prediction results and impact of mobility
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Model Model formula WAIC MSE in 

LOOCV 

Model A1 𝛽 + 𝛾 + 𝑆 + 𝛼 741.12 — 

Model A2 𝛽 + 𝛾 + 𝑆 + 𝑓.𝑤(𝑅𝑡 , 6) + 𝛼 727.31 — 

Model A 𝛽 + 𝛾 + 𝑆 + 𝑓.𝑤(𝑅𝑡 , 6) + 𝑓.𝑤(𝑇𝑡 , 2) + 𝛼 681.60 0.63 

Model A-Mp 𝛽 + 𝛾 + 𝑆 + 𝑓.𝑤(𝑅𝑡 , 6) + 𝑓.𝑤(𝑇𝑡 , 2) +𝑚𝑝 + 𝛼 677.92 0.65 

Model A-Mw 𝛽 + 𝛾 + 𝑆 + 𝑓.𝑤(𝑅𝑡 , 6) + 𝑓.𝑤(𝑇𝑡 , 2) +𝑚𝑤 + 𝛼 658.89 0.46 

Model A-Mr 𝛽 + 𝛾 + 𝑆 + 𝑓.𝑤(𝑅𝑡 , 6) + 𝑓.𝑤(𝑇𝑡 , 2) +𝑚𝑟 + 𝛼 651.87 0.37 

Model A-Mr1 𝛽 + 𝛾 + 𝑆 + 𝑓.𝑤(𝑅𝑡 , 5) + 𝑓.𝑤(𝑇𝑡 , 2) +𝑚𝑟 + 𝛼 666.57 — 

Model A-Mr2 𝛽 + 𝛾 + 𝑆 + 𝑓.𝑤(𝑅𝑡 , 4) + 𝑓.𝑤(𝑇𝑡 , 2) +𝑚𝑟 + 𝛼 668.37 — 

Model A-Mr3 𝛽 + 𝛾 + 𝑆 + 𝑓.𝑤(𝑅𝑡 , 3) + 𝑓.𝑤(𝑇𝑡 , 2) +𝑚𝑟 + 𝛼 664.26 — 

Model A-Mr4 𝛽 + 𝛾 + 𝑆 + 𝑓.𝑤(𝑅𝑡 , 2) + 𝑓.𝑤(𝑇𝑡 , 2) +𝑚𝑟 + 𝛼 671.56 — 

Model A-Mr5 𝛽 + 𝛾 + 𝑆 + 𝑓.𝑤(𝑅𝑡 , 1) + 𝑓.𝑤(𝑇𝑡 , 2) +𝑚𝑟 + 𝛼 669.79 — 

Model A-Mr6 𝛽 + 𝛾 + 𝑆 + 𝑓.𝑤(𝑅𝑡 , 6) + 𝑓.𝑤(𝑇𝑡 , 1) +𝑚𝑟 + 𝛼 653.22 — 
 1 

Model Variable Coefficient (95% CI) 

Model A-Mp 𝑚𝑝  0.0122 (-0.0007, 0.0253) 

Model A-Mr 𝑚𝑟  -0.0753 (-0.1182, -0.0332) 

 Model A-Mw  𝑚𝑤  0.0305 (0.0119, 0.0496) 
 1 Fig. Comparison of observed and predicted results using the best model for mosquito abundance.

Tab. Comparison of candidate models for mosquito abundance. 

Tab. Mobility coefficient in different prediction models.

• The prediction model performs the best when incorporating human mobility in residential.

• The reduction in the residential index correlated with a rise in mosquito abundance.

• If human mobility (i.e. residential) returned to normal in 2022, the risk of mosquito activity would increase 

significantly (more than 80%) during the peak. 



Experimental Results: Effects of weather
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Fig. Effects of total rainfall and mean temperature on mosquito extensiveness using the best model.

Total rainfall:

Heavy rainfall conditions (>500 mm) within 3

months were associated with a higher risk of

mosquito activity. On the other hand, low

rainfall (<50 mm) was associated with a higher

risk with a longer lag of about 4.5 months.

Mean temperature:

Temperature was positively associated with

mosquito activity until exceeding a threshold.



Conclusion
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• Human mobility is a critical factor in mosquito prediction, which helps to improve the 

performance of abundance and extensiveness prediction.

• Heavy rainfall and low rainfall both have a positive association with mosquito activity 

in long lag (>3 months later). Temperature was positively associated with mosquito activity 

until exceeding a threshold.

• Social distancing measures may be an important intervention to change mosquito 

abundance and extensiveness.



Thank you!
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