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Abstract

Objectives: This study aimed to estimate the variation in disease burden associated with air pollutants and other respiratory
viruses during the COVID-19 pandemic.

Methods: We adopted a machine learning approach to calculate the excess mortality attributable to air pollutants and influ-
enza, during the pre-pandemic and pandemic period.

Results: In the first 2 years of the COVID-19 pandemic, there were 8762 (95% confidence interval, 7503-9993), and 12,496
(11,718-13,332) excess all-cause deaths in Hong Kong. These figures correspond to 117.4 and 167.9 per 100,000 population,
and 12.6% and 8.5% of total deaths in 2020 and 2021, respectively. Compared to the period before the pandemic, excess
deaths from all-causes, cardiovascular and respiratory diseases, pneumonia and influenza attributable to influenza A
and B significantly decreased in all age groups. However, excess deaths associated with ozone increased in all age-disease
categories, while the relative change of nitrogen dioxide (NO,) and particular matters less than 10 ym (PM,,) associated
burden showed a varied pattern.

Conclusions: A notable shift in disease burden attributable to influenza and air pollutants was observed in the pandemic
period, suggesting that both direct and indirect impacts shall be considered when assessing the global and regional burden
of the COVID-19 pandemic.
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Introduction

As of 10 March 2024, the World Health Organization
(WHO) reported that the COVID-19 pandemic has caused
775 million infections and 7 million deaths worldwide."
Prior to the availability of vaccines in early 2021, global
health authorities adopted various strategies to curb the
spread of the virus. Mainland China and the Hong Kong
Special Administrative Region, which implemented a
Zero-COVID policy to eradicate community outbreaks,
enforced stringent public health and social measures.
These included strict border control, mandatory quarantine
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for incoming travelers, and the promotion of social distan-
cing through work-from-home policies and school clo-
sures.” Mask mandates were also enforced from July
2020.% As a result, Hong Kong recorded a relatively low
number of COVID-19 cases and a low mortality rate in
the first year of the pandemic, with only 148 deaths in 2020.°

The COVID-19 outbreak has significantly interfered the
seasonal patterns of other respiratory viruses. Influenza
activity, for instance, has remained low in many regions
or countries since 2020, largely due to enhanced personal
hygiene and social distancing measures.” The 2019-2020
winter influenza season in Hong Kong was remarkably
shorter than previous seasons,8 which likely resulted in a
significant reduction in disease burden attributable to the
influenza virus. Prior to the pandemic, the WHO estimated
that seasonal influenza was associated with 3 to 5 million
cases globally and 290,000 to 650,000 respiratory deaths
annually.” In Hong Kong, our previous studies estimated
that influenza resulted in approximately one thousand
annual deaths and tens of thousands of hospitalizations.'%!!
Most influenza-associated deaths occurred in people with
chronic diseases and the elderly, who were also at higher
risks of severe infections and deaths from COVID-19.
Hence, the displacement of mortality or morbidity of sus-
ceptible populations by COVID-19 might have offset the
disease burden caused by influenza. Similarly, improved
air quality has been reported during the pandemic, likely
due to social distancing and reduced economic activities.'?
While the direct effects of these containment measures on
COVID-19 have been intensively e:\/aluated,3’13 few
studies have investigated their indirect effects on the
disease burden of other respiratory viruses and air pollution.
A few studies estimated excess all-cause mortality in the
pandemic across countries.'* However, most just calculated
the difference between observed deaths and seasonal base-
line based on simple time-series models, few have consid-
ered other factors such as air pollution, temperature, and
influenza in their models.

Previous ecological studies on the disease burden asso-
ciated with influenza have often used time-series modeling
approaches such as quasi-Poisson regression or linear
regression models.'>'® These models share a common
approach to calculating excess mortality. Initially, a model
is fitted to the observed data and seasonal baselines are esti-
mated from the model under the assumption that virus
proxies are zero. The disease burden is then quantified by
excess mortality, calculated as the difference between the
observed data and the predicted baseline data. However,
the selection of regression models and virus proxies
remains a topic of debate. For example, the quasi-Poisson
model with a log-link function has been used for weekly
counts of all-cause and cause-specific mortality, but it has
faced criticism for assuming a log-linear relationship
between virus proxies and outcomes. The Gaussian linear
model, which assumes a linear relationship between virus

proxies and outcome variables, often yields negative effect
estimates for virus proxies. These time-series models
incorporate covariates such as seasonal trends, temperature,
humidity, and proxies for influenza virus activities.'>"”

In this study, we used a machine learning modeling strat-
egy, eXtreme Gradient Boosting (XGBoost), to estimate the
disease burden attributable to influenza and environmental
factors. The XGBoost model offers the flexibility of asses-
sing the marginal effect of each variable and minimizes
overfitting through regularization penalties, bootstrapping
of samples and cross-validation. This model has been
applied to various research topics, including prediction
models for disease incidence and prognosis, as well as the
mortality burden of air pollution.'®2° We also compared
the XGBoost model estimates with those from the general
additive model (GAM) with a Gaussian link function,
which has been used in previous studies on the disease
burden of influenza.'>*!

Method

Data

We obtained individual death records from 2014 to 2021 in
Hong Kong from the Census and Statistics Department of
the Hong Kong Special Administrative Region, China.
These records were then aggregated to weekly death counts
based on the International Classification of Diseases, Tenth
Revision (ICD-10). As in our previous studies,'®!! we con-
sidered the following categories: all-cause (ICD-10 codes
A00-Z99), cardiovascular and respiratory diseases (CRD,
ICD-10 codes 100-199&J00-J99), and pneumonia and influ-
enza (P&I, ICD-10 codes J10-J18). We further divided
weekly death counts into six age groups: 0—19, 20-39, 40—
64, 65-84, and 85+ years. These age groups were selected
to be consistent with our previous research on influenza
disease burden.'® Population data of these age groups were
obtained from the Census and Statistics Department of
Hong Kong. Weekly age-specific population size was calcu-
lated from annual mid-year age-specific population using a
LOESS smooth function. Influenza surveillance data and
weekly COVID-19 death counts were retrieved from the
Centre for Health Protection. Meteorological data, including
daily temperature and relative humidity, were downloaded
from the Hong Kong Observatory website. Air pollution
data, including hourly concentrations of particular matter
less than 10 pm in diameter (PM ), ozone (O3) and nitrogen
dioxide (NO,), were retrieved from the 18 General and
Roadside Air Quality Monitoring Stations of the
Environmental Protection Department.

Statistical models

Model development. We first trained the XGBoost models
on weekly death data by age groups. Weekly proportions




Liu et al.

of specimens testing positive for influenza type A (subtype
HINI1 and H3N2) or type B were added to the models as
proxy variables for influenza. The models also included
weekly averages of mean, maximum, and minimum tem-
perature, weekly average relative humidity, and weekly
average concentration of PM;, O; and NO,. Other covari-
ates in the models were week and year dummies to adjust
for seasonal and annual trends. Weekly age-specific popu-
lation was used as an offset in the model to adjust for popu-
lation size.

Before fitting the models, weekly COVID-19 deaths
were subtracted from weekly mortality data. We first
trained the XGBoost model by repeatedly fitting models
to the pre-pandemic data (2014-2019). We assumed differ-
ent learning rates and maximum tree depth during the val-
idation process with a fivefold cross-validation to prevent
overfitting. The training procedure of the XGBoost
models was conducted separately on all-cause mortality
and cause-specific mortality by different age groups. The
model parameters and number of boosted trees were
decided based on the log-likelihood.

We also adopted a classical time-series modeling
approach, the GAM model with a Gaussian link function,
which has been used in previous studies on the disease
burden of influenza and air pollution. We fit the GAM
models to all-cause mortality and cause-specific mortality,
with adjustment for overfitting.”> The best-fit GAM
model was selected after fivefold cross-validation. Cubic
splines were applied to covariates like week number,
average temperature, and relative humidity with 10 knots
each. Similar to the XGBoost model, the GAM models
also added weekly age-specific population size as an
offset to adjust for age structure change over time.

Estimation of mortality burden. The mortality burden during
the pre-pandemic and pandemic period was assessed using
the following measurements: (1) Overall excess mortality
in the pandemic: this was calculated as the difference
between the observed death counts in 2020-2021 and
the predicted counts from the XGBoost and GAM
models using the observed data of covariates (meteoro-
logical data, air pollutants, and influenza). (2) Excess mor-
tality associated with influenza: We first estimated the
influenza baseline mortality by setting the influenza
proxy variable in 2020-2021 to zero (i.e. assuming no
influenza virus activity) in the models. The difference
between the observed death counts in 2020-2021 and
the influenza baseline mortality was the excess mortality
specifically attributable to influenza. (3) Excess mortality
associated with air pollution: Using PM;, as an
example, we first estimated the PM;, baseline mortality
by setting the PM;qy variable in 2020-2021 to its
minimum value during the pre-pandemic period (9.7 pg/
rn3) and subtracted this baseline data from the observed
data to calculate excess mortality specifically attributable

to PM,q. A similar calculation was repeated for NO, and
O; (minimum values 23.8 and 13.8 ug/m’, respectively).
Considering the potential delay in mortality effects, we
also calculated the lag effects up to 14 days prior for
each influenza proxy and air pollutant. The 95% confi-
dence interval (CI) for each estimate was calculated
using bootstrapping for 10,000 times.

All data analysis was conducted using the “H20” and
“xgboost” packages in R software (version 4.1.0) (R
Foundation for Statistical Computing, Vienna, Austria).
The R codes are publicly accessible at https:/github.com/
yanglinpolyu/covid-excess-mortality.

Results

Mortality burden during the pre-pandemic and
pandemic period

Figure 1 shows a comparison of weekly mortality rates spe-
cific to different age groups during the pre-pandemic
(2014-2019) and pandemic period (2020-2021).
Mortality rates for all categories increased in the age
groups of 20-39, 40-64, and 85+ during the pandemic
compared to the pre-pandemic period. The numbers of all-
cause deaths showed a sudden drop from February to April
2020, but gradually increased thereafter, peaking in early
2021 (Figure 2). Influenza nearly disappeared during
these two years, with a small peak of influenza type B in
winter 2020 only (Figure S1). Air pollutants generally
remained at a relatively low level during the pandemic,
with a sudden drop in early 2020 (except Os), and gradually
returned to pre-pandemic levels thereafter.

Overall excess mortality during the pandemic

Both the XGBoost and GAM models fitted well to the
weekly data of all-cause mortality counts from 2014 to
2019 (Figure 2). The XGBoost models outperformed the
GAM models in terms of Model goodness-of-fit and predic-
tion accuracy (Table S1). Given its capability of handling
non-linear relationships and multicollinearity of predictors
(Figure S2), we adopted the XGBoost models for main ana-
lysis and reported the estimates from these models here-
after. The greatest increase in excess mortality was
observed in the 65-84 and 85 + age groups, with little to
no significant increase in children and adolescents
(Figure 2). A similar change in excess mortality was
found in CRD, but not in P&I (Figures S3 and S4). There
was a significant increase in all-cause excess mortality in
Hong Kong during the first 2 years of the COVID-19 pan-
demic, with an estimate of 8762 (95% CI, 7503-9993), and
12,496 (95% CI, 11,718-13,332) in 2020 and 2021,
respectively (Table 1). These correspond to 117.4 and
167.9 per 100,000 population, 12.6% and 8.5% of total
deaths in these years. The highest rate of excess mortality
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Figure 1. Weekly all-cause and cause-specific mortality by age group, during the pre- and pandemic period. CRD, cardiovascular and
respiratory diseases; P&I, pneumonia and influenza.
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Figure 2. Observed and fitted weekly all-cause mortality data by age groups. The XGBoost (blue line) and GAM models (red line) were
developed from the training data from 2014 to 2019 and used to predict the data in 2020 and 2021. XGBoost: eXtreme Gradient Boosting;
GAM: general additive model.

was found in those aged 65-84 years, with the excess rate  Excess mortality associated with influenza

estimates of 1263.4 and 1797.1 per 100,000 population,  Dyring 2014-2019, influenza A (HIN1 and H3N2) resulted
respectively (Table 1). in more deaths than influenza B in children and adolescents,
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but fewer in older adults (Figure 3). A similar pattern was
observed in CRD and P&I, except for more P&I deaths
associated with influenza A in the 85 + group (Figures S5
and S6). Annual excess mortality rates attributable to influ-
enza A and B dramatically decreased in all age groups
during the pandemic period, compared to the pre-pandemic
period (Figure 4). The largest decrease (87% reduction from
pre-pandemic estimates) was observed in excess mortality
associated with PM;, in the 0-19 group, and the highest
increase (273.47 times higher) was observed in influenza

B-associated deaths in the 854 group. Similarly, annual
rates of CRD and P&I excess mortality attributable to influ-
enza A and B dramatically decreased in all age groups
during the pandemic (Figures S7 and S8).

Excess mortality associated with air pollution

During the pre-pandemic period, annual all-cause excess
mortality associated with NO, and PM, showed a decreas-
ing trend across years in all age groups, while O5 estimates
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Figure 3. Annual all-cause mortality associated with influenza A subtype HiN1 (red bar), H3N2 (orange bar), influenza B (pink bar), 05
(blue bar), NO, (green bar), and PM,, (light green bar). The estimates were derived from the XGBoost model. XGBoost: eXtreme Gradient

Boosting.
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slightly increased (Figure 3). Annual all-cause excess mor-
tality rates attributable to air pollutants decreased in all age
groups during the pandemic period, with a few exceptions
including Oj estimates in the all age group (Figure 4).
The estimates of CRD and P&I excess mortality rates attrib-
utable to all air pollutants had a similar pattern (Figures S7
and S8).

We also conducted a sensitivity analysis by incorporat-
ing data on air pollutants and influenza proxies from up
to 14 days before (Figure S9). The model estimates are gen-
erally similar to the main results. Compared to the XGBoost
models, the estimates from the GAM models were more
conservative than those from showing negative values in
several age-disease categories. However, the overall
trends of relative change remained consistent between the
two models (Table S2).

Discussion

In this study, we observed a significant rise in all-cause,
CRD and P&I mortality during the pandemic in Hong
Kong. The XGBoost model estimated excess mortality at
21,258, 10,229, and 5110, while the GAM model esti-
mated it at 15,431, 8426, and 2666, respectively. These
numbers are significantly higher than the 13 COVID-19
deaths reported during the same period. As expected,
older age groups (65-84 and 85+ years) had a greater
increase than younger age groups. Interestingly, the
annual all-cause excess mortality rates attributable to
both influenza and three common air pollutants decreased
in all age groups during the pandemic compared to the pre-
pandemic period, with the exception of a slight increase in

all-cause excess mortality rates associated with Os.
Although we included time, temperature, relatively
humidity, respiratory viruses, and air pollution as covari-
ates in the models, there were likely other unadjusted
factors contributing to the increased mortality burden.
We hypothesize that changes in health-seeking behavior
could be one potential reason, with people possibly delay-
ing diagnosis and treatment due to fears of contracting
COVID-19 in healthcare facilities. This is supported by
reports of a significant decrease in overall hospitalizations
in Hong Kong in 2020, with a corresponding decrease in
in-hospital mortality and an increase in out-of-hospital
mortality.?

Most previous studies on excess mortality only consid-
ered time and seasonal trends in predicting baseline
deaths, and some even produced negative estimates.>*
This highlights the difficulty in assessing the true impact
of the pandemic. Our study is one of the first to conduct a
comprehensive investigation into the relative change in
disease burden associated with different factors, including
influenza and air pollutants. It is not surprising to observe
a dramatic drop in all-cause excess mortality rates attribut-
able to both influenza A and influenza B during the pan-
demic. This is likely due to enhanced personal hygiene
and social distancing measures, which have been reported
to have nearly eliminated other respiratory pathogens
during the COVID-19 pandemic in many countries and
regions.”>?® Additionally, the uptake rates of seasonal
influenza vaccination increased in the Hong Kong popula-
tion, particularly among children aged 6 months to 6
years, with rates increasing from 19.2% in 2016/17
season to 47.4% in 2019/20 season.”’
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Previous studies have investigated changes in air pollu-
tants during lockdowns. In China, it was found that NO,
and CO concentrations decreased during the lockdown
period, while O3 increased. Based on these three air pollu-
tants, the lockdown policy prevented certain all-cause
deaths.”® A global study involving air quality stations
from 34 countries estimated that a net total of 49,900
excess deaths were avoided during lockdowns due to
reduced emission of NO,, O3 and PM,s. In China, the
PM, s-related avoided excess mortality was 19,600.%°
However, studies in England and Australia found no asso-
ciation between air pollution and excess mortality when
comparing the pre-pandemic and pandemic periods,”® and
the change in air quality during the COVID-19 lockdown
had a negligible impact on calculated health outcomes.”'
Whether the reduction in air pollution during the lockdown
has an effect on total mortality remains a question, but
studies have found that air quality is the most important
factor in the context of enabling an increase in
COVID-19 case load.*> A review by Becchetti et al.
(2021) found a strong association between long-term air
pollution exposure and COVID-19 deaths.** In our study,
we found that the annual all-cause, CRD, and P&I excess
deaths attributed to NO, and PM;, decreased during the
pandemic in Hong Kong based on our XGBoost model,
while the excess deaths attributed to O; increased slightly,
similar to the study in China.”® We also observed an
increase in the excess deaths attributed to O3 in the pre-
pandemic period. In addition to the excess deaths attributed
to air pollutants, we found a significant decrease in the
annual all-cause, CRD, and P&I excess deaths attributed
to both influenza type A and type B. Although the predicted
all-cause weekly mortality counts for each age group during
the pandemic period were lower than those in the pre-
pandemic period due to the decrease in excess deaths attrib-
uted to major air pollutants and influenza proxies (with the
exception of excess deaths attributed to Os), there was a sig-
nificant amount of all-cause and CRD excess mortality
counts for most age groups based on both prediction
methods after deducting the weekly COVID-19 deaths.

Few studies have simultaneously assessed the disease
burden of influenza and air pollutants, primarily due to
the multicollinearity between these variables (Figure S2).
This challenge is effectively managed by our XGBoost
models, which utilize decision trees and regularization tech-
niques to deal with non-linear relationships. While accur-
ately determining the disease burden from influenza and
air pollution is challenging, our calculated excess mortality
for the period before the pandemic aligns well with findings
from earlier research. For instance, a study conducted in
China in 2017 estimated around 4200 deaths (with a
range of 3300-5100) in Hong Kong was due to air pollu-
tion.>* Another study estimated around 3000 deaths in
Hong Kong in 2013 were attributable to air pollutants.
Regarding the burden from influenza, estimates from

previous studies using GAM models suggested between
500 and 1000 excess deaths from influenza A and B in
Hong Kong between 1998 and 2009.'*'*> These numbers
are within the range of our XGBoost model estimates,
which suggest between 4500 and 5000 excess deaths
from 2014 to 2019 due to these factors (Figure 3). Taken
together, these findings support the reliability of the
XGBoost models in providing estimates for the disease
burden from air pollutants and influenza.

There are some limitations in this study. First, we only
retrieved meteorological data, air pollution data, and influ-
enza data. We did not include any demographic informa-
tion. Second, we chose the GAM model with a Gaussian
link function, which may have negative effect estimates
of influenza, making it difficult to compare the influenza
and air pollution-associated mortality burden calculated
with different models. Finally, further research should be
conducted to explore the possible reasons for excess mortal-
ity in Hong Kong during the pandemic period.

Conclusion

Using advanced machine learning approaches, we esti-
mated a significant decrease in disease burden associated
with influenza and air pollutants in a region with minimal
COVID-19 cases in the first 2 years of the pandemic,
while the overall mortality burden during the pandemic
period increased compared to the pre-pandemic period.
Our findings suggest that comprehensive assessments of
the global and regional burden associated with the
COVID-19 pandemic should consider its direct and indirect
impacts.
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